PERGAMON

Available online at www.sciencedirect.com
sclzncs@mnsc-m

Vision Research 43 (2003) 2125-2132

Vision
Research

www.elsevier.com/locate/visres

Sampling efficiency and internal noise for motion
detection, discrimination, and summation

William A. Simpson **, Helle K. Falkenberg °, Velitchko Manahilov °

# SMART-DRDC Toronto, 1133 Sheppard Avenue West, P.O. Box 2000, Toronto, Ont., Canada M3M 3B9
® Vision Sciences Department, Glasgow Caledonian University, Cowcaddens Road, Glasgow G4 0BA, UK

Received 2 December 2002

Abstract

By comparing real observers to an ideal observer, previous studies have found that the detection of static patterns is limited by
internal noise and by imperfect sampling efficiency. We developed and applied ideal observer models for the detection, discrimi-
nation, and summation of oppositely drifting gratings in Gaussian white noise. The three tasks share a common source of internal
noise. The sampling efficiencies were on the order of 1-2% except for much lower efficiency in direction discrimination for faster
moving gratings. The efficiency of direction discrimination relative to detection systematically declines as the speed is increased from
1 to 6 Hz. These results suggest that observers use mismatched filters tuned to slow speeds regardless of the signal speed. Human
visual motion sensing appears to use distorted representations of the incoming signals, and this distortion is a major limitation to

visual performance.
© 2003 Elsevier Ltd. All rights reserved.
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1. Introduction

Important insights into the limits of visual detection
of simple patterns have been gained by comparing the
performance of human observers to that of an ideal
observer who extracts all the information from the
stimuli. Previous studies on the detection of stationary
gratings have shown that there are two distinct limiting
factors (Burgess, Wagner, Jennings, & Barlow, 1981;
Legge, Kersten, & Burgess, 1987; Pelli, 1990; Pelli &
Farrell, 1999). Firstly, humans behave as though their
visual systems add extra noise to the stimuli. Secondly,
they waste the energy in the delivered stimulus—they
have low sampling efficiency. Ideal observers cross-cor-
relate the signal they expect to receive with the noisy
delivered stimulus. This is a template-matching proce-
dure. One source of low sampling efficiency would be the
use of a template that poorly matches the signal.

The aim of this paper is to develop and apply ideal
observer models for three classical motion tasks: detec-
tion of a drifting grating, discrimination of the direction
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of oppositely drifting gratings, and detection of the sum
of two gratings drifting in opposite directions. Previous
studies have used noiseless displays (Dobkins & Teller,
1996; Levinson & Sekuler, 1975; Stromeyer, Madsen,
Klein, & Zeevi, 1978; Thiele, Dobkins, & Albright, 2000;
Watson, Thompson, Murphy, & Nachmias, 1980). By
adding Gaussian white noise we can measure the inter-
nal noise and sampling efficiency.

The ideal observer will detect a drifting grating by
cross-correlating the noisy stimulus with a template of
the signal. For example if the task is to detect a grating
drifting upwards at 1 Hz, the ideal observer will use the
spatiotemporal template shown in the upper right corner
of Fig. 1. Previous psychophysical evidence (Burr, Ross,
& Morrone, 1986; Reisbeck & Gegenfurtner, 1999;
Simpson & Manahilov, 2001; Watson & Turano, 1995)
points to the existence of such oriented or inseparable
spatiotemporal filters in the visual system, and some V1
simple cells are known to behave in this way (DeAngelis,
Ohzawa, & Freeman, 1993a, 1993b; Hamilton, Albr-
echt, & Geisler, 1989; McLean & Palmer, 1989, 1994;
McLean, Raab, & Palmer, 1994; Reid, Victor, &
Shapley, 1997). As we will show in detail in the next
section, the ideal observer’s performance in the simple
detection task depends only on the energy of the signal


mail to: william.simpson@drdc-rddc.gc.ca

2126 W.A. Simpson et al. | Vision Research 43 (2003) 2125-2132

1Hz

Time

6 Hz

Space

Fig. 1. Space-time plots of Gaussian-windowed horizontal gratings
drifting at 1 and 6 Hz. The space axis represents vertical position and
so the left panels show downwards motion and the right panels show
upwards motion. The 1 Hz Gabors have similar orientations in space—
time and have a correlation of 0.77; the 6 Hz Gabors are normal to
each other and have a correlation of zero.

and on the noise level. We will measure the noise added
internally by human observers and we will measure their
sampling efficiency.

For direction discrimination the ideal observer uses a
pair of oriented spatiotemporal filters tuned to the two
opposite directions of motion to be discriminated (Fig.
1). If the filter corresponding to upwards motion pro-
duces the larger cross-correlation with the stimulus, then
the observer will decide that upwards motion had been
presented, and otherwise the observer will decide that
downwards motion had been presented. For simple de-
tection, performance depends only on signal energy and
the noise level; in direction discrimination the perfor-
mance also depends on how similar the two signals
being discriminated are. In Fig. 1 space—time diagrams
of upwards and downwards drifting Gabors are shown.
In a space-time diagram, slowly moving gratings are
close to vertical and quickly moving gratings are angled
away from vertical. The top pair of gratings move at 1
Hz and are almost vertical in space-time. These two
spatiotemporal patterns are highly similar. The simi-
larity is measured by the correlation p, which equals
0.77 for these signals. As one might expect, the ideal
observer has a hard time discriminating such similar
signals. On the other hand, such similar signals are easily
summed since the performance of the ideal observer for
the summation task also depends on p. The bottom pair
of gratings in Fig. 1 move at 6 Hz. The spatiotemporal
patterns are almost at right angles to one another, sig-
nifying a correlation close to zero. These signals will be
easy to discriminate but their sum will be hard to detect.
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Fig. 2. Energy thresholds as a function of noise spectral density for an
ideal observer in detection of a drifting grating (squares), discrimina-
tion of motion direction (triangles), and summation of a pair of op-
positely drifting gratings (circles). For a speed of 1 Hz, the signals are
highly correlated, making discrimination hard and summation easy. At
6 Hz, the signals are uncorrelated, making discrimination much easier
and summation somewhat harder.

Fig. 2 shows how the ideal observer’s energy thresh-
olds depend on the external noise level and on the cor-
relation between the signals. The energy thresholds for
simple detection (squares) rise linearly with the external
noise level, and the slope of this line does not change
with the signal speed. Thus the reader may use the
simple detection function in Fig. 2 as a baseline to see
the effect of speed on summation and discrimination.
Now consider summation (circles). As the speed in-
creases from 1 to 6 Hz, the slope of the summation curve
increases. The increased slope means that summation is
poorer at higher frequencies. The reason for this, as we
saw in Fig. 1, is that the faster moving gratings drifting
in opposite directions have a low cross-correlation—
they are dissimilar and thus sum poorly. The pattern is
reversed for direction discrimination (triangles): the
slope of the function is dramatically reduced as the
speed rises from 1 to 6 Hz. The discrimination function
pivots from lying above the detection function to lying
below it. The faster moving gratings are highly dissim-
ilar and thus are readily discriminated. The overall
pattern for the ideal observer is that when the speed is
increased discrimination becomes better and summation
becomes poorer. If humans behave like an ideal ob-
server, we expect their data to conform to this pattern.
We will manipulate the speeds of the signals to see how
human performance differs from that of an ideal cross-
correlator.
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2. Ideal observers

In the experiments we will discuss there are three
signals delivered to the observer: s, is a blank having
zero contrast, s; is an upwards drifting Gabor patch,
and s, is a downwards drifting Gabor. These signals are
hidden by added Gaussian white noise with zero mean
and power spectral density N,. In the three experiments
the signals are presented in different ways.

2.1. Detection of drifting grating

On each trial the observer receives either sy or s; and
the observer must decide which signal was delivered.
The ideal observer cross-correlates the received noisy
waveform with a representation of the drifting grating
(Fig. 1). The observer’s performance (Whalen, 1971,
pp. 156-163) is

J:Vﬂmrﬂﬁ®®w
N, ’

The blank has a contrast of zero and obviously has
no energy, and the grating has energy
E, = [[[ stdxdydr. Thus

s B
N,

If the signal were the downwards drifting Gabor s, then
we would substitute E, for E|. Previous experiments
have suggested that real observers differ from the ideal
in that they add internal noise with power spectral
density N; and have subunity sampling efficiency k. This
gives

| kB
N.+N;

In our experiments we will be measuring the energy
detection threshold E,, which is the energy required to
give a performance of d’ = 1. Therefore
N, + N

Et = eT . (1)
If we increase the external noise power spectral density
we expect the energy threshold to increase linearly. The
slope is 1/k, revealing the sampling efficiency; the x-
intercept is —N;, revealing the internal noise.

2.2. Direction discrimination of oppositely drifting grat-
ings

The observer receives one of the two oppositely
drifting gratings s; or s, embedded in Gaussian white
noise. The task is to decide which signal was delivered.
The optimal way to make the decision is by cross-cor-
relating the noisy delivered stimuli with the two signals;

whichever signal produces the larger cross-correlation is
the one judged to be present. The performance is

szmm—mwmwa
Ne

If we expand the numerator we have

///(s% + 53 — 25157) dxdydt.

We have defined E| and E, previously as the integrated
squared contrast of the signals. Whalen defines the
correlation between the signals p as

2 [[[ s1s2dxdyds

p E +E> )

so substituting £, E,, and p we have

. \/El + B> — plEy + Ey)
N,

Since the energies of the drifting gratings are equal in
our experiments let us replace £, and £, with the symbol
E, giving

2E(1 - p)

d =
N

For a nonideal observer we add internal noise and
subunity sampling efficiency,

J - 2kE(1 — p)
Ne+Ni '

In terms of threshold (at &' = 1) we have

Ne + N
E‘_zk(l—p)' 2)
Again the energy threshold is predicted to be a linear
function of the noise level. The slope depends both on
the similarity of the two signals being discriminated and
on the sampling efficiency. The x-intercept reveals the
internal noise.

2.3. Detection of sum of oppositely drifting gratings

The observer receives either the blank signal s, or the
sum of the two oppositely drifting gratings s; + s, em-
bedded in noise. The performance of a cross-correlator
is

d = \/fff([Sl + 5] — So)dedydt

Ne

_ \/fff(sl +5,)" dxdydt
N, )

Substituting £ and p we have
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g 2E(1+ ,0)'
Ne

For the nonideal observer,

4 2kE(1 + p)
N+

and in terms of threshold we have
N, + N
Ei=—7—7—.
' 2k(1 + p)
The energy threshold is predicted to rise linearly with the
noise level. The slope depends both on the similarity of

the two superimposed signals and on the sampling effi-
ciency. The x-intercept reveals the internal noise.

3)

3. Methods

Stimuli were generated by a computer and presented
on a CRT monitor (liyama Vision Master Pro 450,
640x480 pixels) at a viewing distance of 100 cm. The
RGB outputs were combined electronically (Pelli &
Zhang, 1991) and an optimum linearized palette of 256
luminances (out of 4096) was used. The stimuli were
drifting or flickering horizontal sinewave gratings win-
dowed by a spatiotemporal Gaussian (Gabor patch).
The drift speed was either 1 or 6 Hz (up or down) in the
first experiment; several temporal frequencies were used
in the second experiment. The spatial frequencies used
were generally in the range of 1-2 c/deg because it is
known that the motion system is more sensitive to lower
spatial frequencies. Watson and Turano (1995) found a
plateau in sensitivity to drifting gratings having spatial
frequencies between 2 and 4 c/deg. In the first experi-
ment (data shown in Fig. 3) the spatial frequency was 1
c/deg. In the second phase of the first experiment (data
shown in Fig. 4) the spatial frequency was 2 c/deg for
HF and KF but 8 c/deg for WS. The higher spatial
frequency was used for WS to allow us to see if the
pattern of results changed with higher spatial frequen-
cies preferred by putative “sustained” channels. The
same spatial frequencies were used for the second ex-
periment (data shown in Fig. 5) where we examined a
range of temporal frequencies.

The duration and diameter of the Gabor patch (de-
fined as 5 standard deviations of the Gaussian window)
were 333 ms and 5 deg respectively. A grey area 16.8 deg
wide and 12.6 deg high at the mean luminance of 30 cd/
m? surrounded the Gabor patch. A central fixation
mark was always provided. The stimuli were constructed
as movies consisting of 20 frames. The refresh rate of the
monitor was 120 Hz; each movie frame was displayed
for two screen refreshes. In the first experiment dynamic
Gaussian white noise was added to the stimulus. This
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Fig. 3. Threshold energy for detecting an upwards drifting grating
(squares), for discriminating an upwards from a downwards drifting
grating (triangles), and for detecting the sum of an upwards and
downwards drifting grating (circles) plotted as a function of the power
spectral density of the added Gaussian white noise. Each point is the
mean of 4 threshold measurements for observer KF and 3 for HF;
standard errors are shown. The data are for a 1 c/deg Gabor drifting at
the speeds shown. The lines are least squares fits of a nonideal cross-
correlator model with a source of internal noise common to all the
tasks but different sampling efficiencies for each task.

noise was generated by a multiply-with-carry genera-
tor (Marsaglia, 1994) in combination with the polar
method; it was clipped at +2.5 standard deviations.

In the detection experiment the observer decided if an
upwards drifting Gabor or a blank was presented. In the
discrimination experiment the observer decided whether
an upwards or a downwards drifting Gabor had been
presented. In the summation experiment the observer
decided whether the sum of upwards and downwards
drifting gratings (counterphase flickering grating) or a
blank had been presented. The different conditions were
run in random order. The contrast on each trial was
placed according to a staircase procedure (Levitt, 1971).
The thresholds were calculated by fitting the nonideal
observer psychometric functions to the data by the
method of maximum likelihood. The nonideal observer
psychometric functions have been presented here in
terms of d’. In terms of proportion “yes” judgements,
the psychometric function is a cumulative normal dis-
tribution whose slope is related to ¢’ and whose side-
ways shift is related to the criterion.

In the first experiment each plotted threshold is the
mean of 4 blocks of 60 trials (for subject HF in Fig. 3 the
plotted threshold is the mean of 3 blocks). In the second
experiment 3 blocks of trials were used. For the sum-
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Fig. 4. Threshold energy for detecting an upwards drifting grating
(squares), for discriminating an upwards from a downwards drifting
grating (triangles), and for detecting the sum of an upwards and
downwards drifting grating (circles) plotted as a function of the power
spectral density of the added Gaussian white noise. Each point is the
mean of 4 threshold measurements; standard errors are shown. The
spatial frequency was 2 c/deg for HF and KF and 8 c/deg for WS;
the drift speeds were 1 and 6 Hz. The lines are least squares fits of a
nonideal cross-correlator model with a source of internal noise com-
mon to all the tasks but different sampling efficiencies for each task.

mation experiment the threshold we report is that of one
of the two drifting components (Thiele et al., 2000;
Watson et al., 1980). The energies and cross-correlations
of the stimuli were calculated numerically using the ac-
tual stimulus sequences.

4. Results and discussion

In the first experiment we varied the external noise
level and measured the threshold energy for detecting an
upwards drifting grating, for discriminating upwards
from downwards drifting gratings, and for detecting the
sum of oppositely drifting gratings. Fig. 3 shows the
energy threshold as a function of external noise level for
two observers. The spatial frequency was 1 c/deg and the
temporal frequency was 1 Hz for KF and 6 Hz for HF.
For each of the three tasks we predicted that the data
should fall on a line, and that is the pattern shown in
Fig. 3.
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Fig. 5. The sampling efficiency of summation (top) and discrimination
(bottom) relative to simple detection plotted as a function of temporal
frequency for observers WS (triangles) and HF (circles). In both tasks
the relative efficiency declines as speed increases. This may be due to
the use of mismatched filters tuned to slow speeds.

Each of the lines in Fig. 3 can be fitted with its own
slope and x-intercept according to Egs. (1)-(3) and
thereby give us estimates of internal noise and sampling
efficiency in the three tasks. Let us first consider the
internal noise or x-intercept. We tested whether the in-
ternal noise level differed between the three tasks by
comparing the fit of a full model with three x-intercepts
to a model having a single x-intercept.

It appears from Fig. 3 that the lines describing the
thresholds for each task radiate from a common x-in-
tercept. We performed a likelihood ratio test to see
whether the different tasks had statistically different x-
intercepts or whether a common x-intercept model fit
just as well. A likelihood ratio test (Faraway, 2000, pp.
19-24) found no statistical difference in the fits (HF:
F(21,23) =0.029,p = 0.97; KF: F(30,32) = 0.048,p =
0.95) and so we conclude that there is a source of in-
ternal noise that is common to all tasks. For HF this
noise (with standard error) has a power spectral density
0f 0.04 +0.02 ps deg?; for KF it is 0.13+0.03 ps deg®. As
can be seen from Fig. 3, the common internal noise
model with lines radiating from a single x-intercept de-
scribes the data well.

It is quite apparent in Fig. 3 that the lines for detec-
tion, discrimination, and summation have differing
slopes. The slopes do not translate directly into sampling
efficiencies because the ideal observer’s performance in
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discrimination and summation depends on the correla-
tion between the signals. Therefore although the slopes
of the discrimination curves for KF and HF look simi-
lar, since KF was given slow signals her efficiency (with
standard error) is 0.0105 = 0.0002 whereas HF, who was
given faster signals, has an efficiency of only
0.0029 £0.0002. For summation the efficiencies are
0.018 £0.007 and 0.015%0.003 for KF and HF respec-
tively. For simple detection the efficiencies are
0.021 £0.003 and 0.0104 = 0.0008. These efficiencies for
detection of a drifting grating are on a par with those
found by Eckstein, Whiting, and Thomas (1996). From
these results it appears that sampling efficiencies for the
three tasks are around 1-2% with the exception of dis-
crimination which may have a very low efficiency for
high speeds. For both observers direction discrimination
is performed with the lowest efficiency.

Let us now compare the overall pattern of results
shown by our real observers in Fig. 3 to those of an ideal
observer (Fig. 2). For the ideal observer, changing the
speed from 1 to 6 Hz should have pivoted the discrim-
ination curve down below the detection curve, and that
did not happen for real observers. In discrimination HF
acted as though the correlation between the signals was
much higher than it truly was.

The pattern of results in Fig. 3 does not appear very
different for observers HF and KF even though they
viewed signal pairs with highly different correlations. We
examined this result more closely by giving each of three
observers the three tasks at two signal speeds. Fig. 4
shows the results for observers HF and KF who viewed
a 2 c/deg Gabor that drifted at 1 and 6 Hz; WS viewed
an 8 c¢/deg Gabor. It is clear that a marked change in
signal correlation (0 vs 0.77) had little effect on the
pattern of results: the 6 Hz data are very similar to the 1
Hz data. When performing direction discrimination of 6
Hz patterns, observers behaved as though the Gabors
were much more similar than they truly were.

The fitted lines in each plot in Fig. 4 radiate from a
common x-intercept —N;. In each case there was no
statistical difference between the common intercept
model and one that included separate intercepts for each
task. Thus there is a common source of internal noise
for simple detection, direction discrimination, and de-
tection of the sum of oppositely moving gratings. For all
observers the magnitude of the internal noise was re-
duced as speed increased from 1 to 6 Hz: for HF the
noise declined from 0.13 to 0.04 ps deg?, for KF the
decline was from 0.20 to 0.13 us deg?, and for WS it
declined from 0.18 to 0.07 ps deg?.

The sampling efficiencies are near 1-2% for all ob-
servers and tasks except for discrimination at 6 Hz. For
1 Hz, the efficiencies for discrimination, summation and
detection are: 0.011, 0.013, 0.023 (HF); 0.014, 0.012,
0.012 (KF); 0.022, 0.022, 0.03 (WS). For 6 Hz the effi-
ciencies are: 0.002, 0.012, 0.012 (HF); 0.004, 0.025, 0.012

(KF); 0.003, 0.019, 0.016 (WS). Note how the discrimi-
nation efficiency is lowered by about a factor of 5 as the
temporal frequency increases from 1 to 6 Hz. This may
seem strange when viewing Fig. 4 because the slopes of
the discrimination curves for 1 and 6 Hz are about the
same. That is precisely the point: for an ideal observer
the 6 Hz curve’s slope would be dramatically shallower
than it is for the real observers (see Fig. 2) and the low
sampling efficiency reflects this. Human observers act as
though the 6 Hz speed was about the same as 1 Hz.

Why do human observers have such low efficiency in
discriminating direction? One possibility is that they use
mismatched filters. For example, if they do the 6 Hz
discrimination task using spatiotemporal filters tuned to
motion at 1 Hz, they will have low efficiency. Perhaps
humans can only access filters tuned to low speeds when
discriminating direction. If this explanation is correct,
then sampling efficiency should systematically decline as
the stimulus speed gets faster.

In a second experiment we varied temporal frequency
in an effort to see how sampling efficiency varies with
speed. We have already seen that the internal noise level
is constant across the three tasks at a given speed.
Therefore we were able to measure the relative efficiency
of discrimination and summation by measuring the en-
ergy thresholds for noiseless displays. If we use the no-
tation E, to represent the energy threshold for the
detection of the upwards drifting grating and E; to
represent the threshold for detecting the sum of two
oppositely drifting gratings, the threshold ratio

E, N.+N (2k(1+p) ks
- =21 +p)2
( Nt V. SR

u

E ky

can be used to give the ratio of the sampling efficiencies
for the two tasks. For a given pair of signals their cor-
relation p is known. The relative efficiency of summation
is

B K
2(1+p)Ey k'
If E4 represents the threshold for discriminating direc-

tion, we can obtain the efficiency of discrimination rel-
ative to detection as

E u kd

2A-p)Es k' ©)

4)

The top panel of Fig. 5 plots the efficiency of sum-
mation relative to simple detection of a drifting grating
as a function of temporal frequency for both observers.
The overall tendency is for the relative efficiency to de-
cline as speed increases, although there is a bump of
better efficiency at 2 Hz. The same general picture
emerges for discrimination in the bottom panel of Fig. 5.
The way in which summation and discrimination effi-
ciency both decline with temporal frequency is consis-
tent with the idea that humans have better efficiency for
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these tasks at low speeds because they use a pair of
templates tuned to low speeds in opposite directions.
Such a template pair has a high correlation which would
result in good summation and poor discrimination.

In summation and direction discrimination humans
act as though the stimuli are slower than they truly are.
Such perceptual slowing has been previously observed
for low contrast signals like ours (Stone & Thompson,
1992; Thompson, 1982). The perceptual distortion seems
to be associated with motion, because previous experi-
ments with static Gabors found summation to be well
explained by the cross-correlation between the signals
(Manabhilov & Simpson, 2001).

5. Conclusions

We compared human performance in the detection,
discrimination, and summation of moving gratings to
that of an ideal observer. Humans act like an inefficient
cross-correlator who adds noise to the stimuli and who
wastes a large part of the stimulus energy (Burgess,
1990; Pelli & Farrell, 1999). The data show the presence
of a source of internal noise that is common to all three
tasks. This noise could be common to all tasks because it
occurs early (prior to cross-correlation between stimulus
and template for example) or late (due to criterion
variability).

Although our analysis which partitions the observers’
overall efficiency into sampling efficiency and internal
noise is traditional (Bennett, Sekuler, & Ozin, 1999;
Burgess & Barlow, 1983; Burgess et al., 1981; Gegen-
furtner & Kiper, 1992; Gold, Bennett, & Sekuler, 1999;
Kersten, Hess, & Plant, 1988; Nagaraja, 1964; Pardhan,
Gilchrist, Elliot, & Beh, 1996), the idea that internal
noise can be measured from the threshold-vs-external-
noise functions of the type shown in Figs. 2-4 has re-
cently come into question. Kontsevich, Chen, and Tyler
(2002) for example emphasize that the “internal noise”
as measured in our paradigm depends on both the in-
ternal noise level and on transducer nonlinearity. We
agree that the interpretation of the measured internal
noise is not simple. This problem has long been recog-
nized in our tradition (Legge et al., 1987).

In direction discrimination human sampling efficiency
declined markedly at higher speeds. This low efficiency
was caused by the observers acting as though the signals
were much more correlated than they truly were. This
distortion of the signal cross-correlation appears to be
caused by the observers using templates of the drifting
Gabors that have slower speeds than the actual signals.
It not clear what the neural basis of this would be,
however. V1 cells function as linear spatiotemporal
filters of the required type but these filters are tuned to
a wide range of speeds, not just low speeds (Foster,
Gaska, Nagler, & Pollen, 1985).

The spatiotemporal distortion introduced by the
human visual system may be an inherent flaw, perhaps
due to the action of nonlinear units such as V1 complex
cells or MT cells. On the other hand, the spatiotemporal
distortion may serve some useful purpose in tasks more
complex than detection and discrimination of drifting
and flickering Gabor patches.
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