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Abstract--The average density of randomly placed dots was modulated according to a spatial sinusoid
and estimates were made of the signal/noise ratio (d’) of the sensory representation of the pattern from
subjects’ responses. This was compared with the signal/noise ratio of the targets, and the results are
expressed as the efficiency (F) with which the statistical information in the targets is utilized. For
single-barred gratings F can reach 50% and it decreases as the number of bars increases. For manybarred gratings d’ is an accelerating function of modulation depth. These results can be partly interpreted in terms of a model using “and” and “or” operations to match the image with a caricature of the
expected pattern that the subject holds in his mind.

target is increased. For single bars & increases
linearly with modulation depth, representing constant
efficiency, but for multiple bars there is an accelerating non-linearity; efficiency is poor for weak stimuli
and increases for greater depths of modulation. We
call this an “efficiency threshold”, and think it is of
interest in connection with the use of logical operations in the detection of composite targets.

INTRODUCTION

The question how human subjects detect grating patterns formed by the sinusoidal modulation of the
average density of randomly placed dots arose from
our previous work. One of ‘us (van Meeteren, 1978)
had given reasons for believing that the detection of
such patterns is limited by the signal/noise ratio of the
targets, while the other (Barlow, 1978) had developed
the method of expressing how well such tasks are
METHODS
performed in terms of the absolute efficiency with
which the available statistical information is utilized. Equipment
The use of patterns made of bright dots may offer a
Arrays of random dots were generated by a PDP 11
means of by-passing the limits imposed by early steps
computer and displayed on a GT44 display. Figure 1
in the visual pathway; provided that the dots are re- gives examples of targets of the type we normally
liably signalled by these early stages, performance at used. The sequence of targets for display was consuch tasks should depend upon attributes of more trolled by the computer, which also accumulated the’
central mechanisms. Sinusoidal gratings are of par- subject’s responses and performed appropriate calcuticular interest because it has been suggested that the lations on them. In many cases it saved observing
visual image is in some way decomposed into bands
time to generate the displays and file them on disks
of different spatial frequencies (Campbell and Robson,
prior to the experiment, then to recall and display
1968; Robson, 1980; Sakitt and Barlow, 1981). Even them during the experiment; the minimum time for
without such specific ideas to test, knowledge of what recall, display, and response was about 5 sec. The
targets can be separated efficiently from the noise of a RND function of DEC’s “BASIC” was usually
random dot pattern should help us to understand the employed to determine X and Y co-ordinates for a
process of pattern recognition.
dot. This forms the third (C) of three random
Our results show high efficiency (about 500/ for numbers from the previous two (A and B) by the
single bars of sinusoidal gratings, slightly lower following operations, expressed in BASIC.
figures for gratings of 4 or 5 bars, and a rapid decline
with more bars. We have data suggesting that the loss
C = (6 * B - INT(6 * B)) - (9 * A - INT(9 * A))
of efficiency involves a random element in the reC = C - INT(C)
sponse of the subject to a pattern rather than resulting solely from a consistent but incorrect way of The RND function gives displays with obvious reguassessing it. Our results also show an interesting
lar structure when the iterative loop forming dots has
change in performance as the number of bars in the three RND calls, and the plotting of a point with the
co-ordinates of the first two is conditional on the
* Present address: Institute for Perception TNO, Kamp- value of the third. This regularity only occurred unintentionally in one among our many programs. Conweg 5, Soesterberg, The Netherlands.
765

766

A. VANMEETERENand H. B. BARLOW

trol runs have been done with co-ordinates determined by a hardware random number generator, and
these patterns are usually indistinguishable visually
from those generated by software. Care has to be
taken that the delay in presenting a picture is not
correlated with a parameter to be discriminated, for
serious errors can then result from unknowing use of
the delay as a cue.
The GT44 display gives a bright image of good
contrast but rather long persistence (>O.l set). We
customarily surrounded the display area with a white
screen illuminated at about 10cd/m2 to match ap
proximately the average luminance of the random dot
display.
The dot displays were intended to be as nearly as
possible completely random, the sole constraint being
average dot density. Such a display of dots would
have Poisson characteristics, so that if the display
contained Tidots on average, the numbers in a sample
of displays would have variance equal to this average:
k’(n) = is. To achieve an approximation to this, the
number of dots selected for an individ~l display was
n + R(3n)*, where n is the mean number and R is a
pseudo-random number uniformly distributed in the
range t_ 1.
To achieve sinusoidal m~ulation
of average dot
density a selected proportion of dots were displaced
by one half cycle. The probability of shifting a particular dot was zero if sin fx was positive and was
otherwise - m sinfx, where m is the required contrast
and 2rt/f is the grating period. The modulation m
corresponds to the normal definition of contrast
as (Max - Min)/(Max + Min), where Max and
Min here refer to average density of dots per unit
area.
Our normal viewing distance was 2.8.5m. At this
distance 217 steps of the 10 bit D/A converters of the
display subtended 1 degree at the subject’s eye.
Subjects

The authors were the main subjects; both have
20/20 vision after correction at the 2.85 m viewing
distance. A third subject (P.H.M.) made additional
observations. He initially had no experience of psychophysical methods and was unfamiliar with the
objectives of these experiments, but as he acquired
experience his results rapidly became consistent and
conformed with the other two.
Psychophysical

methods

Contrast thresholds were determined by a random
double staircase technique. Values of d’ were obtained
by several methods, The following “two-point”
method (Barlow, 1962) is a variant of the “Yes-No”
technique but is not restricted to di~r~inatio~
at
threshold levels. The targets belonged to one of two
populations, and the trial started with a number of
presentations, usually 6, first from one population,
then the other, the aim being to familiarize the subject
with the properties of the two popdations. The sub-

jects knew well the nature of the experiment and what
parameters were being varied, so six presentations
were usually sufficient for familiarization, though in
some experiments this phase was prolonged as long as
the subject felt was desirable. Following familiarization the experiment proper started; 100 “unknowns”
selected with probability f from each of the two populations were presented, and the subject had to assign
each unknown to one of the two populations. Errors
were signalled, so he was continually reminded of the
characteristics of the two populations. From the proportion correctly classified in each population d’r was
obtained from Elliot’s tables (Swets, 1964) or the
equivalent calculation.
Frequency-of-seeing curves were obtained by selecting 5 values of modulation, and running through
them in random order. Usually this was done in runs
of 100, using 20 of each intensity. Sometimes the
intensity values were selected on the basis of a
threshold obtained by another method such as a random double staircase.
The subject signalled “seen” and “not-seen” in the
customary way, but he was also encouraged to give a
third signal (“maybe”) for those he was dubious
about. In a run using No, Maybe and Yes responses
two frequency~f-ping
curves were generated, and
their parameters were calculated from a Probit analysis programme based on Finney’s (1947) iterative
method.
We have also used a two-interval forced~hoi~
procedure, and made some comparisons between the
results from different psychophysical procedures.
THEORY

For the two-point method the theory of ideal performance is fairly simple because the task facing the
subject is that of making the best statistical decision
about the population
from which a particular
received target was drawn. This is a familiar statistical
problem and the theory of ideal performance of a
two-point discrimination will therefore be considered
first.
Neyman and Pearson (1933) showed that in many
important cases the fewest errors would result from a
decision based on the likelihood ratio, that is the ratio
of the probability of receiving the particular target if
it had been drawn from one population to the probability if it had been drawn from the other. Woodward and Davies (1952) and Peterson et al. (1954)
applied this to signal detection problems, but there
are alternative strategies which are discussed by Van
Metre and Middleton (1954). As these authors emphasize, one has to know rather exactly what purpose is
to be served by the decision before one can decide
what is the true optimum method,
The psychophysical task is to decide whether a
sample pattern comes from a population where the
dot density is modulated at one amplitude ml, or one
where the modulation is m2. It is assumed that the

Fig. 1. Sinewave gratings formed by modulating average dot density. Two different modulation depths
are shown here for two different numbers of lines.
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phases of the sinusoidal modulation are known, so an
energy detector would not be optimal. The procedure
for ~lculating ideal performance by the ~keliho~
ratio method is, in outline, as follows. Since the
targets are sinusoidal gratings formed by modulating
average dot density, only one coordinate (x) need be
considered. This assumes a finite number of values,
and the density at position x in the target is expressed
as the number a(x), or average number Z(x), of dots
with that value of x coordinate. The probabilities of
obtaining the observed values of a(x) are calculated
for the known modulation depth of each population;
the product of these probabilities is the overall probability on each hypothesis, and the ratio of these overall probabilities is the likelihood ratio sought. Using
the log of the likelihood ratio as a decision variable
one can calculate the signal/noise ratio, d;, that is
attainable using this optimum method.
The counts are-Poisson distributed, hence for each
value of x :
A,(x~‘“’
P[A(x)] =- A(x), expC-Ai(x)],
(1)
is the probability of A(x) dots on the hy~thesis of the
first population.* The probability of the whole set of
counts on the hypothesis that the pattern was from
the first population is:

The statistics of A(x) we transferred by equation (2)
into the statistics of the decision variable S. To calculate the signal-to-noise ratio in terms of S one needs
to know the difference between the mean values of S
for the patterns from each population, and also the
standard deviation of S. We have not found a general
way to simplify the ~l~lations
for all values of m,
and mz. However, in most of our experiments m2 was
zero, which simplifies equation (2) considerably. With
m2 = 0 and changing to integral notation we may
write:
S =

s, =
3, =

(2)

l Notation:
V and IS have their usual meaning of variance and standard deviation. Means of statistical variables
are denoted by bars.
ii = average number of dots in the whole target; r =
number of sampling intervals over the whole target; dx =
width of sampling interval; a(x) = sampled dot density at
position x; A(x) = a(x).dx = sampled number of dots at
position x in interval dx; al(x) = a(1 + m, sinfx) = average dot density at position x in sample from first population; Q(X) = o(l + m2 sinfx) = average dot density at position x in sample from second ~puIation; St, S2 = value
of decision variable for sample target from first and second
population; d” = experimentally determined value of d’;
d; = calculated value of d’ for the best possible means of
discriminating two populations of targets; F = (dE/&,f2=
the etbciency of utilization of the statistical information in
the targets; a measure of the degree to which the signaI/
noise ratio in the targets is preserved when making decisions based on the internal representation of the target
patterns; kE = apparent signal-to-noise ratio in frequency
of seeing experiment; kt = calculated signal-to-noise ratio
for best possible reconstruction of frequency of seeing;
m, = threshold modulation in frequency of seeing experiment; m = running modulation in frequency of seeing experiment.

+ ml sinfx)dx,

s

a(1 + ml sinfx)log(l

(3)

f

f m, sinfx)dx

a log(1 + m, sinfx)dx

V(W = f a(1 + ml sinfx)log2(1 $
V62)

=;A(x)-log(;:~:~;)

a(x)log(l

the inte~ation being made over the whole pattern.
Since a(x) is drawn from two populations S will have a
broader distribution, approximately a superposition of
two normal distributions with means Si and Ss and
variances V(S,) and V(S,), for which we may write:

----edI---MM.
A similar relation is found for the hypothesis that
the pattern was from the second population. As a
decision variable the log of the likelihood ratio is
taken and this is:
A,(x)
S = c A(x)+log r
A,(x)

s

=

s

(4)

(5)
m, sinfxfdx

a log’( 1 + m, sin fi) dx.

(6)

(7)

Equations (6) and (7) follow from the theorem that the
variance of a statistical quantity is equal to the sum
of the variances of the terms which make it up. Since
the distributions are poisson the variance of a (x) is
equal to the mean, which is also substituted in
equations (6) and (7).
The decision problem formalized by equations (4),
(5), (6) and (7) only satisfies the conditions for which d
is defined (gaussian distributions of equal variance)
for small values of the modulation depth m,. The
variances’of S, and S2 are then approximately equal
and one may also replace log(1 + ml sinfi) by
ml sin fx. The decision function then takes the form of
the cross-correlation of the received signal with the
expected signal, and the ideal value of &, is:

3,

-s,

d;=F-----I
V(sp

f

am: sin2 fx dx
112

am: sin' fx dx

In our experiments the pattern always contained an
integral number of cycieS, so that:

J

c

asin2fxdx

= 9.
L

A.
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Thus :

The experimentally determined values of d’ are, on
average, lower than the optimal values, and we express
this in terms of the efficiency F of utilization of the
statistical sample (see Fisher, 1925; Tanner and
Birdsall, 1958; Barlow, 1979); inefficient utilization
makes performance worse, as if the decision had to be
based on a sample reduced in number by a factor F.
This factor is given by:
(9)
The approximation of equation (8) for small values of
m1 becomes seriously inaccurate for modulations
above 0.3. Moreover, the definition of d’ is not valid
anymore, since the variances V(S,) and V(S,) are
different. However, for reasons that will become clear
when we describe our results we will calculate a pseudo
d(Pwith regard to the variance V(S,):
d*=-.

3, -

s,

gp = ml.

Fig. 2. The factor G according to equation (12) plotted as
a function of modulation depth m,. For a detector based
upon cross-correlation the signal-to-noise ratio is proportioned to ,,jq. where ii is the total number of dots in the
pattern. For the ideal likelihood estimator the signal-tonoise ratio is improved by a factor I/$? relative to the
cross-correlator. This is because the cross-correlator does
not account for the multiplicative
nature of the
Poisson-noise.

(10)

v(s,p2

By substitution of equations
equation (10) we find:

ml

(4), (5) and (6) in

(11)

g,
\i

where m, is the threshold modulation for 50%
detection and orn is the apparent standard deviation
of the modulation noise. For the ideal detector S
[according to equation (3)] is the decision function,
where we have to substitute m, for m,, i.e. choosing
m,as the working point. Thus we may write for k,:

where

G=

“S

(1 + m, sinfi)log’(l

1
2

sinfx log(1 + m, sinfx) dx
[I

04)

+ m, sinfx)dx
’ (12)

for an integral number of cycles. G was numerically
evaluated as a function of m, and is rendered in
Fig 2.
It should be clear that dP is not claimed to be an
estimate of d,. However, since V(S,) is smaller than
V(S,) we are sure that no reconstruction of d’ from
correct and false positives in experiments with an ideal
detector can be greater on average than &r.
The same decision function of equation (3) can be
used in order to compare ideal and real frequency-ofseeing curves. In the probit analysis of the experimental results it is assumed that subjects make
decisions according to a normally distributed decision
function. As a consequence a frequency-of-seeing curve
P(m)is fitted to the data, identical to the cumulative
normal probability:

Here we have assumed that the variance of S is
approximately constant over a certain interval of
modulation depths around m,.For S,,,, S, and V(S)
similar expressions hold as the ones in equations (4)
and (6). Substitution of these expressions in equation
(14) leads to:

-iiJ

k, = (m - m,)’ E,

(15)

where G is the same function of m, as was introdu~
in equation (12). It should be remembered that G could
not be used to estimate d’-values for larger modulation
depths. Here, however, we are allowed to interpret k,
according to equation (15) as a correct estimate of kf
around the working point m,.
Considering k as a signal-to-noise ratio similar to
d’ we now may write, analogous to equation (Q), for
the efficiency F of the reai detector compared with
the ideal:

P(m)=

(16)
with
Note that two values of a, are obtained when two
criteria are employed for a frequency-of-seeing curve,
yielding two estimates of F.
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RESULTS

Effects of window size, the number of cycles within the
window, and dot density
Sinusoidal gratings are particularly useful if one
wants to study spatial integration, because they allow
independent control of the size of their detail, that is
the period of the grating, and the size of the area over
which they extend, that is the window size. In a series
of frequency-of-seeing measurements we have investigated how efficiency is related to window size, the
number of cycles within the window, and dot density,
but it should be emphasized that this is a preliminary
exploration of the parameter space so defined.
Figure 3 (top) shows estimates of threshold modulation as a function of spatial frequency for three different window sizes and two subjects. The thresholds
were based on 5 determinations of the frequency-ofseeing curve, each with 100 trials and five modulation
depths, using the higher criterion ryes”, or definitely
seen). In Fig. 3 (bottom) these points havebeen replotted
as a function of the number of cycles in the window.
It will be seen that sensitivity is highest with a single
bar; Green et al. (1959) using a different method
found greatest sensitivity with 4 cycles, which will be
discussed later. In Fig. 4 the efficiency was calculated
for the ordinate using expression (16), and for the
abscissa spatial frequency has again been replaced by
the number of cycles of the grating visible in the window. The error interval represents f SE and is
rather large due partly to the fact that F is derived
from the square of the slope of the frequency-of-seeing
curve. However it is plausible to conclude that the
efficiency, first, is never higher than 50% in the
conditions of these measurements, and second, decreases monotonically when the number of cycles is
raised.
Note that plotting the number of cycles instead of
spatial frequency has reduced the separation of the
results for the different window sizes. This suggests
that the number of cycles is the primary parameter
here, rather than spatial frequency. Figure 4 illustrates
that the data for the three field sizes coincide within
the limits of accuracy when plotted against number of
cycles, except for an additional reduction of efficiency
for 10 cycles in a 0.28” x 0.28” window; here the spatial frequency is 35 c/deg and we almost certainly run
into the resolution limit of the eye’s optics.
The data of Figs 3 and 4 refer to the higher criterion applied in the no-maybe-yes rating method.
Measured at the lower criterion the efficiency (according to equation 16) proved to be somewhat lower, the
difference becoming greater as the number of cycles
was raised. This effect is more clearly established by
d’-measurements with forced-choice and two-point
methods and is discussed later.
The effect of dot-density was investigated for one
field size (0.8” x 0.8”) and three different numbers of
cycles, again using the higher criterion of frequencyof-seeing curves. The results in terms of efficiency

according to equation (16) are presented in Fig. 5 for
three observers. No values of efficiency higher than
about Soo/, were obtained. Efficiency was approximately independent of dot-density, with an indication
that it may decrease at both ends of the range of
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Fig. 3. Contrast sensitivity of two subjects plotted as a
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thresholds were determined by probit analysis (Finney,
1947) of frequency-of-seeing curves obtained with 5 modulation depths and a total of 100 trials at each depth.
Measurements made with pictures containing gO0 dots on
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other. These lower points show the results for a grating of 4 cycles’in a window of 0.8” x 0.8” with 800
dots on the average. There is evidence suggesting a
threshold in efficiency, in the sense that d’ remains
low until the modulation depth exceeds a critical
value, and then increases rapidly. It is apparently impossible or extremely difficult to discriminate between
low modulation depths and zero modulation depth.
For comparison d’ was also measured for the detectability of small differences between two modulation depths, both differing from zero. The upper
points in Fig. 6 show data for discrimination between
a grating with modulation depths 0.30 and 0.25, 0.30
and 0.20 and so on as shown on the scale of m at top.
It turns out that discriminations of small differences
of modulation depth are by no means impossible or
extremely difficult at these higher modulations. The
problem is located near zero-modulation and suggests
the existence of a real threshold for the efficient
extraction of information.
It should be remarked that a small effect of this
type is predicted by equation (11). However, as shown
‘Oc

number of cycles

Fig. 4. Efficiency for detecting sine-wave gratings for three
different field sizes as a function of the number of lines
within the field. Efficiencies were derived from the slopes of
the same frequency-of-seeing curves mentioned in the subscript of Fig. 3. Error bars represent double SD.

dot-densities investigated. As in Fig. 4, there is little
difference in efficiency between 1 and 5 cycles, but for
15 cycles the efficiency is much lower. Unfortunately
dot numbers higher than 2500 could not be used
because the update rate of the display then dropped
below the flicker-fusion frequency.
Evidence

for

an efficiency

threshold

The slopes of the frequency-of-seeing curves
obtained with the yes criterion turned out to be
steeper than the slopes for the lower, maybe, criterion.
Some steepening is expected because the modulation
threshold increased with the criterion and hence G
decreased, but the difference was greater than this,
especially for gratings with many cycles. Apparently
the statistical efficiency is higher at the higher criterion, and it was thought advisable to investigate this
further by d’-measurements as a function of modulation depth because the decision-task is better
defined in &-measurements.
Figure 6 shows the results of measurements with
the two-interval forced-choice method. Each data
point in Fig. 6 is based upon 100 presentations of
pairs of pictures separated by a short interval in time.
For the lower sets of points one picture of each pair
had modulation depth m, whereas it was zero in the
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numbers of cycles within the field, and three observers.
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Fig. 6. Detectability d’ of the difference in modulation
depth of two gratings, presented pair-wise in a two-interval
forced choice experiment. The 0.8” x 0.8” field contained 4
cycles of the gratings modulated in a total of 800 dots.
Modulation depths 0.05, 0.10, 0.15, 0.20 and 0.30 are compared with zero-modulation (solid points, lower curve,
lower abscissa scale), and with modulation depth 0.30
(open points, upper curve, upper scale). Results for two
observers.

in Fig.
depths
firmed
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2, G is practically equal to 1.00 for modulation
up to 0.3, and a quantitative
analysis conthat for an ideal detector the gap between
and lower curve in Fig. 6 would be negligible.

A series of d’-measurements was made next to find
how this efficiency threshold depends on the number
of cycles and window size; the method is based on the
experiment shown in Fig. 6 and the results are shown
in Fig. 7. Each data point is based upon two or three
measurements of d’ at different modulation depths
chosen in order to give S-values between 0.3 and 1.7.
The measurements were made with the two-point
method using 100 picture presentations, 50 on average with modulation depth m, and 50 with zero
modulation. A linear regression line was fitted to the
data representing d’ vs ml and the point of intersection m0 of this line with the m-axis was thus estimated
and defined as the efficiency threshold. As Fig. 7
shows, the efficiency threshold increases with the
number of cycles and seems to be independent of window size. Note that according to equation (9) the
slope of this regression line provides an alternative
estimate of the value of the efficiency factor F, if we
may disregard for the moment, that the theory of
equation (9) requires modification in order to account
for the efficiency threshold phenomenon just mentioned. The values of F found in this way proved to
be in good agreement with those estimated by the
frequency-of-seeing curve measurements described
above.
Comparison of di$erent methods
SO far the results of the frequency-of-seeing
measurements with two criteria and the d’-measure-

V.R. 21,6-n

ments with the two-point method confirm each other.
They lead to the same values of the efficiency factor F,
and the efficiency threshold established by the d’measurements has its counter-part in the slope of the
frequency-&seeing curve being shallower at the lower
criterion than at the higher criterion. It was attractive
to compare these results with contrast thresholds determined by a random double staircase technique.
The results from the three methods are shown in
Fig. 8. Here we have plotted, first, the average value
of the modulation depths for the two criteria derived
from the frequency-of-seeing measurements, second,
the modulation depth corresponding with d = 1.0,
and third, the contrast threshold resulting from the
double-staircase
technique.
Plotted against the
number of cycles the three curves run nicely parallel,
which demonstrates that the methods produce results
that are coherent. The vertical differences between the
contrast sensitivities for the three methods presumably result from the different criteria employed. In
fact the lower criterion of the frequency-of-seeing
measurements nearly coincided with the d’ = 1 criterion of the two-point method, whereas the doublestaircase criterion is just in between the two criteria of
the frequency-of-seeing experiments and the criterion
for the upper criterion of the frequency-of-seeing
curves correspond to d’ = 2.3 approx.
Reproducibility of responses to identical pictures

Any mechanism for discriminating the gratings that
used a fixed program would always take the same
decision when presented with the same picture. This
could be true for an imperfect discriminator with efficiency below looo/, as well as for an ideal one, but an
imperfect mechanism would allow room for a random
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Fig. 7. Efficiency threshold modulation m,, as a function of
the number of cycles in two different field sizes containing
800 dots on the average. Results for two observers. Detectability d’ was barely greater than zero for modulation
depths below mc; this was determined by the intersection
with the abscissa of a linear regression line fitted to points
giving d’ values between 0.3 and 1.7 in plots like those
shown by the solid points in Fig. 6.

A. VANMETERENand H. B. BARKIW

774

oo!$-_,
1

1

2

( ,

1 (,,,I

5
number

1

IO

20

,

ation of these pictures the number of dots in the
target area, n,, was recorded. The set of 100 pictures
was presented 5 times for a fr~uency-of-ping
experiment in which only “yes” and “no” answers were
allowed. For complete coherence of responses each
picture should give rise to either 5 no-responses, or 5
yes-responses. Moreover, for the ideal detector there
should be an abrupt change from no-responses to yesresponses at a certain value of n,. Figure 9 shows how
both statements are falsified for the human observer.
Here we have plotted the percentages of pictures
giving rise to 0, 1, 2, 3, 4 and 5 yes-responses against
the number of dots in the target area. There is no
abrupt change from coherent no-responses to coherent yes-responses, and there are many mixed responses. Similar results were found with a second
observer.
The mixed responses can be interpreted as noise
introduced by the observer and an attempt was made
to estimate its amount as foflows. We suppose that
the effect of the noise is to cause variable responses to
pictures which really have the same number of central
dots. as shown in Fig. 9. We therefore took a set of
such results and removed the variability by converting to “yes” all the responses to those pictures for
which the subject had in fact said “yes” on a majority
of occasions (i.e. 3/S, 4/S or $6 of the presentations).
The remainder were all converted to “no”. fn this
way a “noise-corrected” frequency-of-seeing curve was
generated and it could be compared with the proper,
uncorrected, one. The slopes of these curves corresponded to standard deviations of 5.9 f 1.0 before
correction and 4.5 f 0.7 afterwards, suggesting that
the observer noise eliminated had contributed a standard deviation of 3.8 rf: 1.7. Thus in the present case
the human observer is injecting noise, but the part
eliminated by the conversion technique described
above only accounts for about half of the total variability. Clearly this is only a preliminary result, but we

, ]+j

50

of cycles

Fig. 8. Comparison of thresholds obtained by three different psychophysical methods. Average thresholds of two observers and two field sizes (4’ x 4’ and 0.8” x 0.8’), plotted
against the number of cycles within the field (average
number of dots 800). Closed circles represent the mean
value of the low and high criterion modulation depths
found in the no-maybe-yes frequency-of-seeing measurements. Open circles represent the random double staircase
adjustment of the threshold modulation. Pluses represent
the modulation depth for which d’ = 1.0 according to the
two-point measurements.

element in processing the image and making a decision. In this case the same answers would not
necessarily be given on successive presentations of
identicai pictures. One of the advantages of computer
generated random dot pictures, especially if they are
stored, is the ease of repeated presentation, so that
one may easily investigate how well successive human
responses agree with each other.
We did a preliminary study of this point using as a
task the detection of extra dots in a centred square
target area of 0.8” x 0.8” upon a background of
4” x 4”. The average dot density of the background
was always 32 dots in 0.8” x 0.8”. A set of 100 pictures was generated, 20 at each of 5 values for the
number of extra dots in the target area. During gener-
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f‘.,. .,I 4:?alvsis of reproducibility of responses to 5 repeated presentations of identical pictures. The data
ret& to the Ample task of detecting extra dots in a 0.8” x 0.8” square target upon a 4” x 4’ background
with uniform dot density. The percentages of pictures giving rise to 0, I,2 or 3,4 and 5 yes-responses are
plotted here for one observer against the actual number of dots in the target area. The response is not
always the same for a given number of dots, and this is the case even when responses to repeated
presentations of the same picture are analyzed.
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mention it because the repeatability of computer
generated noise seems to offer intriguing possibilities
for analysis of observer errors. Further experiments
on observer noise using a different technique are described elsewhere (Burgess and Barlow, 1981).
DISCUSSION

The approach we have used and the results that
have been presented bear on the problem of how the
human brain performs the simple pattern recognition
tasks that are involved in finding gratings in random
dot patterns. Nothing has been said so far about the
subjective experience of the subjects, but all of the
observers in the experiment would agree that, when
trying to detect faint gratings of the type shown in
Fig. 1, one holds in one’s mind some kind of image of
what one is to detect. We shall return to consider a
model of how such an image or caricature may be
utilized, but will first consider in the light of our evidence a view about early pattern recognition that is
perhaps the dominant one at the moment.
Frequency band-pass jiltering

This view suggests that a first step in pattern recognition is performed by arrays of nerve cells with fixed
and predetermined types of selectivity. The concept of
arrays of neurones with different trigger features arose
in connection with the stereotyped forms of pattern
recognition involved in the feeding responses of frogs
(Barlow, 1953, 1980; Letvin et al., 1959), but the most
relevant forms of selectivity for the present problem
are those of neurones in the visual cortex (Hubel and
Wiesel, 1962). These cells are selective for the orientation, size, contrast, and direction of movement of
edges and bars of light. Optimum performance can
only be obtained by a detector whose selectivity
matches that of the pattern to be detected; if it does
not match, the detector will either fail to collect all
the signal, or it will collect an unnecessary amount of
noise. Hence one expects the brain to perform efficiently when presented with patterns, such as barshaped targets, for which it has matching detectors,
less efficiently in other cases. No evidence for improved efficiency at detecting bar-shaped changes of
dot density was found in a previous study (Barlow,
1978), but the cortical “bar detectors” have been reinterpreted recently as elements performing some form
of local frequency analysis on the image (Robson,
1980; Movshon et al., 1978; Sakitt and Barlow, 1980).
One of the present objects was to see if the sinusoidal
modulation of dot density was detected with unusually high efficiency. As shown in Figs 4 and 5, the
figure of 50% is reached, but only for gratings possessing 5 bars or less. Local frequency analysis would
require detectors matched to many bars if they were
highly frequency-selective, few bars if they were unselective. If, as postulated, they respond over about an
octave, they would be matched to less than five bars,
so the decline in efficiency we find with many bars is
not in conflict. However one would not expect to&d

that the optimum performance is with only a single
bar, as we do. Hoekstra et al. (1974) found that contrast thresholds for sine wave gratings were lowered
by expanding the window size, and hence the number
of ,cycles, and this has been confirmed by others.
Using our methods we would surely find a similar
effect of window size if we kept dot-density constant,
but this would be attributable to the increased total
number of dots in the available sample not to higher
efficiency in using them.
Green et al. (1959) found a minimum for detecting
the orientation of square-wave modulated random
dot gratings when the window (approx. 4” x 4”) containing 4 cycles. Our result does not agree with this,
probably because ours was a detection task, whereas
they required their subjects to report on the orientation. They compared performance with an ideal statistical calculation, but their subjects performance
seems to have been at a very low level of efficiency
compared with ours.
The maintenance of high efficiency for gratings with
only one or two bars does not fit in well with the idea
of band-pass channels, but a limitation of our technique must be pointed out. We use patterns made up
of easily visible bright dots because we think that
performance is then limited, not by the visibility of
the dots themselves, but by their random arrangement
obscuring the pattern to be detected. We gain confidence in the success of this ploy from the fact that
there is no decline in contrast sensitivity at low frequencies (Fig. 3), for this decline is normally attributed to lateral inhibition in the retina and lateral
geniculate. Under our conditions this might make the
dots appear dimmer, but it should not prevent the
detection of low frequency modulations of density
provided the individual dots are visible. In other
words, our results seem to support the idea that suppression of low spatial frequencies is a peripheral
effect, probably of lateral inhibition. Anyhow, the
effect does not show up in our dot-image experiments,
where we may assume we have bypassed the limitations of peripheral processing. However, it should be
remarked that in normal contrast sensitivity functions
low frequency suppression occurs in conditions where
the contrast sensitivity is somewhat higher than in
our experiments with limited dot densities. It is clear
that our technique fails at high dot densities because
the dots cease to be separately visible if they are
crowded close together. Thus, our results do not exclude the possibility of band-pass phenomena in central processing in all conceivable conditions. However, if there are spatial frequency channels performing central filtering, these seem to be inoperative in
our dot-image experiments, and this lack of general
operation remains to be explained.
Prior knowledge,
threshold.

caricatures,

and

the

eficiency

One reason for the visual system not being ideal in
detecting patterns is likely to be the difficulty of feed-

716

A. VANMEETEREN
and H. B. BARLOW

I ,,I
I
1
2
5 10 20
number of cycles
I10

0°’

1

50

Fig. 10. Comparison of efficiency F as a function of the
number of cycles with prediction according to a model in
which the individual bars were detected with a criterion
giving a high false-positive rate, and combined with the
“AND” requirement that all bars be detected (see text).
Average results of two observers and two field sizes.

ing prior information into the observer’s memory and
retaining it there so that he knows exactly what he
should look for in the patterns presented. The method
assumes the subject has this knowledge, but it is more
plausible to suppose that he retains a mere caricature
of the pattern against which he matches what he sees.
Furthermore it seems likely that these caricatures are
made up of sub-elements rather than being unit-concepts. Thus a grating is made up of bars, and to see a
grating covering the whole area of the pattern one
might expect to require, at the least, evidence of bars
at several positions in the irregular array of dots. An
example may clarify the way such a requirement for
fitting a caricature might differ from an ideal detector.
Consider the problem of detecting a square wave
grating with 5 periods, and let us suppose that an
excess of 30 dots in the bright bars is required by the
ideal detector for reliable detection. For the ideal detector these excess dots could occur anywhere in the
bright bars, and might, for instance, all occur in one
of them. This would be the correct strategy for this
particular task, but it seems likely that a human observer would require that the excess dots approximately match his caricature of a grating. The dots
would thus have to be rather evenly distributed over
the expected positions of the bars. The idea of an OR
requirement in sensory thresholds is familiar from the
notion of probability summation, but this match
against a caricature involves logical AND requirements: there must be an excess here, AND here, AND
here, etc. Such AND requirements are firmly supported by the phenomenon of the efficiency threshold
with its dependence on the number of lines, and also
by the decay of efficiency when the number of lines is
increased.
To show this quantitatively one particular ANDmodel was simulated by a computer program. In this
program sub-decisions were first made for each cycle
of the grating using a very low criterion that allowed
35% false alarms. The AND requirement was then

imposed and the grating was considered to be present
only if all sub-decisions were positive. The detection
of the individual cycles was supposed to occur with
an efficiency of SO%, because efficiencies higher than
50% have never been found. The results of this simulation are shown in Figs 10 and 11 together with the
experimental data of the human observers.
The prediction of the decay of efficiency is satisfactory. However this is not strong evidence because the
AND-model is certainly not the only one that would
explain this decay. It seems that any model in which
primary decisions are made about sub-areas of the
pattern would yield a similar result, even if these decisions about sub-areas are combined by an OR requirement and positive responses are given if only one
cycle is detected.
On the other hand, the AND requirement predicts
a threshold for the efficient extraction of information
which is dependent on the number of cycles, as is
shown in Fig. 11. It will be seen that the model’s
requirement of a Yes for every cycle exaggerates the
rise of efficiency threshold compared with what is
found experimentally, and clearly much remains to be
done. However we think that the existence of an efficiency threshold strongly suggests some form of AND
requirement and this in turn implies the partitioning
of targets into elements at an earlier level.
An alternative explanation for what we call the efficiency threshold might be provided by stimulus
uncertainty (Nachmias and Kocher, 1970). It is postulated that the subject either does not know what to
expect with very weak signals, or cannot utilize such
knowledge even if it has been explained and he has
been given every chance to form the caricatures we
speak of. For discriminating between stronger signals
this uncertainty is removed, because even the weaker
of them displays the pattern upon which the discrimination is to be performed. We cannot completely exclude this explanation, though attempts to improve
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Fig. I I. Comparison of the “threshold” modulation me as
a function of the number of cycles with prediction according to the AND-model (see Fig. 10 and text). The interrupted curve represents the AND-model. The dotted curve
represents the small amount of “threshold”-behaviour,
inherent to the likelihood evaluation according to equation
(11).
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prior knowledge of the stimulus did not improve performance, and we cannot see why stimulus uncertainty, or its effects, should increase with the number
of bars of the grating displayed.
The analysis of the reproducibility of responses to
identical pictures might provide further evidence for
partitioned processing. The present results already
show that the deficiency of human observers is not
only caused by random errors or noise, but also
results from inefficient or non-ideal strategies. It was
the general impression of the subjects that they used
incidental picture details such as the clusterings of
dots or conspicuous empty spaces. Strategies like this
might also explain the occurrence of observer noise,
for it is possible that different details would catch the
attention of the observer in different presentations of
the same pictures. Recent measurements
using
another method emphasize the importance of observer noise in reducing efficiency (Burgess and Barlow, 1980).
To summarize, our results tell us that about half
the available statistical information is used in detecting gratings with 4 or 5 bars or less, that some of the
lost efficiency is caused by an irregular or random
component in subjects’ responses, and they suggest
that the first step in the detection of multibarred gratings is a decision about the elements of which it is
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