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Why do things look as they do?

(Kurt Koffka, Principles of Gestalt Psychology, 1935)





A picture is worth a thousand words …



Why ?



Human pattern detection: Central, “generic” representation













Inverse optics

Laws of physics “generate” 2D images on 
our retinae from 3D scenes
(forward optics / rendering)

In visual perception we want to infer the 
3D scene from the 2D retinal images:
inverse optics — the holy grail !

But: Inverse optics is mathematically 
impossible.

light source
(e.g. sun light)

object reflectance

amount of light
entering the eye
is a product of 
light source intensity 
and object reflectance



Our senses are not simply physical measurement devices.

To perceive implies that we first measure the physical 
stimulus and then infer what distal cause in the world may 
have been responsible.

Perceptual systems transform physical “stuff” into useful 
“things”—a structuring of the world.

Hermann von Helmholtz first postulated this insight 1867 in 
his Handbuch der physiologischen Optik as unconscious 
inference (“der unbewusste Schluss”).

(So-called) visual “illusions” frequently demonstrate the 
incredible power of our visual system to infer the distal 
cause from the proximal stimulus on the retinae.

Visual perception as inference

Ludwig Knaus, Bildnis Hermann 
von Helmholtz, 1881.



Diego Velázquez, “Venus vor dem Spiegel.”



Yves Tanguy, “Inde!nite Divisibility”
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The advent of modern spatial vision

• Detectability of periodic patterns can be 
predicted from their Fourier spectrum.
(Campbell & Robson, 1968)
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APPLICATION OF FOURIER ANALYSIS TO THE VISIBILITY
OF GRATINGS

BY F. W. CAMPBELL AND J. G. ROBSON
From the Physiological Laboratory, University of Cambridge

(Received 10 November 1967)

SUMMARY

1. The contrast thresholds of a variety of grating patterns have been
measured over a wide range of spatial frequencies.

2. Contrast thresholds for the detection of gratings whose luminance
profiles are sine, square, rectangular or saw-tooth waves can be simply
related using Fourier theory.

3. Over a wide range of spatial frequencies the contrast threshold of a
grating is determined only by the amplitude of the fundamental Fourier
component of its wave form.

4. Gratings of complex wave form cannot be distinguished from sine-
wave gratings until their contrast has been raised to a level at which the
higher harmonic components reach their independent threshold.

5. These findings can be explained by the existence within the nervous
system of linearly operating independent mechanisms selectively sensitive
to limited ranges of spatial frequencies.

INTRODUCTION

Our ability to perceive the details of a visual scene is determined by the
relative size and contrast of the detail present. This is clearly demon-
strated when the scene is an extended grating pattern whose luminance
perpendicular to the bars is modulated sinusoidally about a fixed mean
level (sine-wave grating: Fig. 1). In this case the threshold contrast*
necessary for perception of the bars is found to be a function of the spatial
frequency of the grating. The reciprocal of the threshold contrast is the
' contrast sensitivity' and the variation of the sensitivity over a range of
spatial frequencies is described by the 'contrast-sensitivity function'.
The first measurement of the contrast-sensitivity function of the human

visual system was reported by Schade in 1956. Schade interpreted his
* In this work we follow Michelson (1927), who defined the contrast of a grating as the

maximum luminance minus the minimum luminance divided by twice the mean luminance,
as illustrated in Fig. 1.



The advent of modern spatial vision

• Detectability of periodic patterns can be 
predicted from their Fourier spectrum.
(Campbell & Robson, 1968)

• Detection of compound patterns with sufficiently 
different spatial frequency is independent of 
local phase (“summation experiments”).
(Graham & Nachmias, 1971)
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DETECTION OF GRATING PATTERNS CONTAINING TWO 
SPATIAL FREQUENCIES: A COMPARISON OF SINGLE- 

CHANNEL AND MULTIPLE-CHANNELS MODELS 

NORMA GRAHAM and JACOB NACHMIAS 
Department of Psychology, University of Pennsylvania, Philadelphia, Pennsylvania 19104, U.S.A. 

(Received 28 March 1970; in r e v is e d form 29 June 1970) 

INTRODUCTION 

A NEURAL network in which there is excitatory and inhibitory interaction among neighboring 
units has been proposed as a model of human pattern vision and used, with some success, to 
explain such phenomena as the appearance of Mach bands and contrast sensitivity with 
periodic patterns (B&&Y, 1960 and RATLWF, 1965, for example). The network’s response is 
a two-dimensional transformation of the stimulus luminance pattern and is assumed to 
correspond to the perceived appearance of the pattern. A model of this kind implies that 
pattern vision is a function of a single neural network, and hence a single transfomation of 
the stimulus pattern. For this reason we will call it a single-chunnel model. A single-channel 
model of some kind underlies all attempts to characterize spatial interactions in human 
vision by a single modulation transfer function, or equivalently, a single spread function. 

Recently CAMPBELL and ROBSON (1968) have suggested a multiple-channels model of 
pattern vision. This model assumes that many channels simultaneously process the stimulus 
and that each channel is selectively sensitive to a different narrow range of spatial frequencies. 
Very roughly, being sensitive to a narrow range of spatial frequencies means responding 
best to a particular size of element in the pattern; a more precise definition of spatial 
frequency is given below. 

The study reported here compares the predictions of single- and multiple-channels 
models to results from a psychophysical pattern-detection experiment. The patterns were 
gratings in.which the luminance along any vertical line is constant and the luminance in the 
horizontal direction varies according to some periodic function. Figure 1 shows two examples 
of such gratings, along with the functions relating luminance to horizontal distance in each 
of the two gratings. In the left example, the function is a sinusoid added to a constant 
luminance (the mean luminance). In the right example, the function is the sum of two 
sinusoids added to a constant luminance. For gratings such as these, spatial frequency is 
easily defined: the spatial frequencies contained in a pattern are the frequencies (cycles/ 
unit distance) of the sinusoids that compose the function relating luminance to horizontal 
distance. Thus, in the left pattern of Figure 1, there is one spatial frequency. In the right 
pattern of Fig. 1, there are two spatial frequencies whose ratio is 3: 1. (The choice of this 
ratio of frequencies will be discussed later.) The amount of a component sinusoid at a 
particular frequency will be expressed by its contrast, where contrast is defined as one half 

1 This work was supported by Grant EY-00302 from the National Eye Institute. National Institutes of 
Health. The first author was supported by an NSF Graduate Traineeship. Her present address is Rockefeller 
University, New York, N.Y. 10021, U.S.A. 
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The advent of modern spatial vision

• Detectability of periodic patterns can be 
predicted from their Fourier spectrum.
(Campbell & Robson, 1968)

• Detection of compound patterns with sufficiently 
different spatial frequency is independent of 
local phase (“summation experiments”).
(Graham & Nachmias, 1971)

• Adaptation is spatial frequency and orientation 
selective.
(Blakemore & Campbell, 1969)
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ON THE EXISTENCE
OF NEURONES IN THE HUMAN VISUAL SYSTEM

SELECTIVELY SENSITIVE TO THE ORIENTATION AND
SIZE OF RETINAL IMAGES

By C. BLAKEMORE AND F. W. CAMPBELL
From the Physiological Laboratory, University of Cambridge,

Cambridge, England

(Received 19 February 1969)

SUMMARY

1. It was found that an occipital evoked potential can be elicited in the
human by moving a grating pattern without changing the mean light flux
entering the eye. Prolonged viewing of a high contrast grating reduces the
amplitude of the potential evoked by a low contrast grating.

2. This adaptation to a grating was studied psychophysically by deter-
mining the contrast threshold before and after adaptation. There is a
temporary fivefold rise in contrast threshold after exposure to a high
contrast grating of the same orientation and spatial frequency.

3. By determining the rise of threshold over a range of spatial frequency
for a number of adapting frequencies it was found that the threshold
elevation is limited to a spectrum of frequencies with a bandwidth of just
over an octave at half amplitude, centred on the adapting frequency.

4. The amplitude of the effect and its bandwidth are very similar for
adapting spatial frequencies between 3 c/deg. and 14 c/deg. At higher
frequencies the bandwidth is slightly narrower. For lower adapting
frequencies the peak of the effect stays at 3 c/deg.

5. These and other findings suggest that the human visual system may
possess neurones selectively sensitive to spatial frequency and size. The
orientational selectivity and the interocular transfer of the adaptation
effect implicate the visual cortex as the site of these neurones.

6. This neural system may play an essential preliminary role in the
recognition of complex images and generalization for magnification.



The advent of modern spatial vision

• Detectability of periodic patterns can be 
predicted from their Fourier spectrum.
(Campbell & Robson, 1968)

• Detection of compound patterns with sufficiently 
different spatial frequency is independent of 
local phase (“summation experiments”).
(Graham & Nachmias, 1971)

• Adaptation is spatial frequency and orientation 
selective.
(Blakemore & Campbell, 1969)

• Contrast discrimination can be predicted from a 
nonlinear transducer function.
(Foley & Legge, 1981)
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CONTRAST DETECTION AND NEAR-THRESHOLD 
DISCRIMINATION IN HUMAN VISION 

JOHN M. FOLEY and GORDON E. LEGGE 
University of Catifornia. Santa Barbara. CA 93106. U.S.A. and University of Minnesota. 

Minnea~lis, MN 554.55, U.S.A. 

(Recked 6 Nocember 1979; in recisedform 21 October 1980) 

Ahstmct-Forced-choice psychometric functions were determined for the detection of sinewave gratings 
and contrast discrimination of near-threshold gratings at spatial frequencies of 0.5, 2 and 8cideg. 
Detection psychometric functions all had the same S-shaped form. Discrimination functions were almost 
linear except at the upper end, Roth sets of data can be described well by a detection model with a 
positively accelerating relation between contrast and mean decision variable and a differencing decision 
rule. Results of a paired comparisons experiment were consistent with the model and indicate that 
decision variable variance is nearly constant over the range of contrasts used in these experiments. The 
implications of these results for several models of contrast detection and discrimination are considered. 

This study is concerned with the detection of sine- 
wave luminance patterns and the discrimination of 
near-threshold patterns which differ only in contrast. 
Nachmias and Sansbury (1974) showed that forced- 
choice psychometric functions for contrast detection 
and contrast discrimination are markedly different in 
form and that discrimination thresholds near the de- 
tection threshofd are substantially lower than detec- 
tion thresholds. This is sometimes referred to as the 
pedestal effect or facilitation. Nachmias and Sansbury 
also showed that both functions are reasonably well 
described by a simple detection model emptoying a 
differmcing decision rule. In the context of this model 
the results imply that the relation between contrast 
and the magnitude of the decision variable is charac- 
terized by a positively accelerating nonlin~rity.* 
Other results consistent with this hypothesis have 
been obtained by Stromeyer and Klein (1974). Sans- 
bury (1977) and Van Meeteren (1978). 

The present study examines contrast detection and 
discrimination more thoroughly. both empirically and 
theoretically. We used three spatial frequencies and 
determined eight points on each psychometric func- 
tion. In addition to the detection and discrimination 
paradigms. we also employed a paired-comparison 
procedure. Each of the paradigms involved a two- 
alternative temporal forced-choice paradigm. In each 
case the task was the same. Observers indicated which 
of the two intervals contained the higher contrast. 
The paradigms differed only in the selection of the 
contrasts to be discriminated. In the detection para- 
digm one interval contained zero contrast and the 

*This function is sometimes referred to as the overall 
transducer function (Nachmias. 1972). This term is avoided 
here because it leads to confusion between this function 
and theoretical interpretations of it, specifically. the non- 
linear transducer models. 

other contained one of a set of eight contrasts. fn the 
discrimination paradigm one interval contained a con- 
stant, near-threshold contrast (pedestal) and the other 
contained this contrast plus an increment. In the 
paired com~ri~ns pur~~rn a pair of unequal con- 
trasts was selected randomly from a set of four near- 
threshold values, including zero. The results of these 
experiments are compared with the expectations 
inferred from several models of contrast detection and 
discrimination. 

METHOD 

Apparatus 

Vertical sine-wave gratings were generated on a 
CRT display by Z-axis modulation using the method 
of Campbell and Green (3965). The display, designed 
and constructed at the Physiological Laboratory, 
Cambridge, had a P31 phosphor. The constant mean 
luminance was 170cd/m2. In the experiments to be 
reported, all stimuli were within the range in which 
display contrast was linearly relate-d to Z-axis voltage. 

Luminance modulation was horizontally restricted 
to a region symmetrical about the center of the 
screen. The remainder of the screen was maintained at 
the constant mean luminance level without modu- 
lation. This mode of presentation was produced by 
passing the Z-axis signal through an electronic switch. 
The onset and period of switch closure were con- 
trolled by logic pulses that corresponded to that part 
of the display sweep for which luminance modulation 
was desired. The Z-axis sincwave input was derived 
from a function generator. input voltage and duration 
were controlled by a DEC PDP-8 computer. The cir- 
cuitry is discussed in more detail in Legge (1979). 
During each observation interval. the computer 
generated a signal that was converted by a D/A con- 
verter into a DC voltage proportional to the.desired 
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The advent of modern spatial vision

• Detectability of periodic patterns can be 
predicted from their Fourier spectrum.
(Campbell & Robson, 1968)

• Detection of compound patterns with sufficiently 
different spatial frequency is independent of 
local phase (“summation experiments”).
(Graham & Nachmias, 1971)

• Adaptation is spatial frequency and orientation 
selective.
(Blakemore & Campbell, 1969)

• Contrast discrimination can be predicted from a 
nonlinear transducer function.
(Foley & Legge, 1981)

• Replicated literally hundreds of times, 
constituting perhaps the most successful and 
robust body of knowledge about human visual 
behaviour.
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THE DETECTION OF GRATINGS IN NARROW-BAND
VISUAL NOISE*

BY BARBARA E. CARTER AND G. BRUCE HENNINGt
From the Defence Re8earch E8tablishment Toronto,

Downaview, Canada

(Received 24 May 1971)

SUPMARY

1. The delectability of sinusoidal gratings comprised of either one or
many cycles was measured in veiling luminances the spatial frequencies
of which were either narrow- or broad-band.

2. In narrow-band noise, the single-cycle grating was detected with
approximately 0-6 log units less contrast than the many-cycle grating.
On the other hand when both broad-band and narrow-band noise were
present, there was no measurable difference in the delectability of the
two types of grating.

3. The results are interpreted as supporting the hypothesis of Campbell
& Robson (1968) that spatially varying luminance patterns are processed
by mechanisms selectively sensitive to limited ranges ofspatial frequencies.

INTRODUCTION

Campbell & Robson (1968), Blakemore & Campbell (1969) and Sachs,
Nachmias & Robson (1971) have suggested that the behaviour of the eye
in detecting or discriminating among spatial patterns can be described
as that of a series of broadly tuned filters sensitive to approximately an
octave band of spatial frequencies. The similarity between Helmholtz's
theory of frequency representation in the auditory system and the Camp-
bell & Robson model of visual spatial frequency analysis leads readily to
the consideration of visual analogues of the many auditory experiments
bearing on the frequency selectivity of the ear (Campbell, Nachmias &
Jukes, 1970; Graham & Nachmias, 1971; Kulikowski, 1969). The experi-
ment reported here is analogous to some auditory experiments of Wight-
man & Leshowitz (1970) and Leshowitz & Wightman (1971), and the results,
readily predicted from Campbell & Robson's hypothesis, support the
suggestion that in representing visual spatial frequencies the behaviour

* D.R.E.T. Paper No. 789.
t Present address: MRC-APU, 15 Chaucer Rd., Cambridge.



Detection, summation and adaptation experiments are consistent with …

“These findings can be explained by the existence 
within the nervous system of linearly operating 
independent mechanisms selectively sensitive to 
limited ranges of spatial frequency.” (Campbell & 
Robson 1968, p. 551)

Striking similarity between Helmholtz’s theory of 
frequency representation in the auditory system 
and Campbell & Robson’s model of visual spatial 
frequency analysis.
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APPLICATION OF FOURIER ANALYSIS TO THE VISIBILITY
OF GRATINGS

BY F. W. CAMPBELL AND J. G. ROBSON
From the Physiological Laboratory, University of Cambridge

(Received 10 November 1967)

SUMMARY

1. The contrast thresholds of a variety of grating patterns have been
measured over a wide range of spatial frequencies.

2. Contrast thresholds for the detection of gratings whose luminance
profiles are sine, square, rectangular or saw-tooth waves can be simply
related using Fourier theory.

3. Over a wide range of spatial frequencies the contrast threshold of a
grating is determined only by the amplitude of the fundamental Fourier
component of its wave form.

4. Gratings of complex wave form cannot be distinguished from sine-
wave gratings until their contrast has been raised to a level at which the
higher harmonic components reach their independent threshold.

5. These findings can be explained by the existence within the nervous
system of linearly operating independent mechanisms selectively sensitive
to limited ranges of spatial frequencies.

INTRODUCTION

Our ability to perceive the details of a visual scene is determined by the
relative size and contrast of the detail present. This is clearly demon-
strated when the scene is an extended grating pattern whose luminance
perpendicular to the bars is modulated sinusoidally about a fixed mean
level (sine-wave grating: Fig. 1). In this case the threshold contrast*
necessary for perception of the bars is found to be a function of the spatial
frequency of the grating. The reciprocal of the threshold contrast is the
' contrast sensitivity' and the variation of the sensitivity over a range of
spatial frequencies is described by the 'contrast-sensitivity function'.
The first measurement of the contrast-sensitivity function of the human

visual system was reported by Schade in 1956. Schade interpreted his
* In this work we follow Michelson (1927), who defined the contrast of a grating as the

maximum luminance minus the minimum luminance divided by twice the mean luminance,
as illustrated in Fig. 1.



Standard multi-channel early spatial vision model

adapted from: 
Wandell, B.A. (1995). Vision.

t1(x) = x�+⇥

t(x) = t1(x)
t2(x)

N1 � N(0, �2t(x)2�)

N2 � N(0, �2)

�
÷ + +

t2(x) = � + x�

Encoding Stage Decoding Stage



Importance of a Human Visual System (HVS) model

Knowledge about the HVS allows advanced image processing, video processing and 
computer vision:

“A human visual system model (HVS model) is used by image processing, video processing 
and computer vision experts to deal with biological and psychological processes that are 
not yet fully understood. Such a model is used to simplify the behaviours of what is a very 
complex system. As our knowledge of the true visual system improves, the model is 
updated.
It is common to think of "taking advantage" of the HVS model to produce desired effects. 
Examples of taking advantage of an HVS model include colour television. Originally it was 
thought that colour television required too high a bandwidth for the then available 
technology. Then it was noticed that the colour resolution of the HVS was much lower than 
the brightness resolution; this allowed colour to be squeezed into the signal by chroma 
subsampling. Another example is image compression, like JPEG.”

(from http://en.wikipedia.org/wiki/Human_visual_system_model)



Evidence for the standard early spatial vision model

(1) Detection and discrimination of simple (periodic) patterns can be predicted from the 
Fourier amplitude spectrum of the stimuli (Campbell & Robson, 1968).

(2) Detection of compound gratings is consistent with independent, narrowly-tuned 
elements (“channels”) and, perhaps, weak probability summation (Graham & 
Nachmias, 1971).

(3) Adaptation studies, too, are considered to be consistent with the narrowly-tuned, 
independent, multi-channel model  (Blakemore & Campbell, 1969).

(4) Almost “perfect” prediction of contrast discrimination behaviour given a within-
channel non-linear transducer estimated from the data (Foley & Legge, 1981).

• Individual experiments are consistent with the notion of linear, independent channels, 
but few systematic attempts have been made to fit several experiments together: 
Parameters of fits to individual experiments are not promising, however.

• Almost exclusively modelling concentrated on the encoding — filters, non-linear 
transducers, noise sources — but very little on the decoding stage (Minkowski norm).



Standard functional model of V1 simple cells

Figure 2. A. The standard functional model of V1 neurons consists of three canonical neural 
computations, i.e., a linear filtering stage followed by broadband divisive inhibition and response 
exponentiation. The variability in neural recordings is attributed to a stochastic spike-generation 
process in this model, although this does not accurately reflect the underlying biophysics (action 
potentials are highly reliable events, the noise is in the synapses). The linear filter shown is a log-
Gabor receptive field. B. V1 neurons have several nonlinear response properties that are well 
described by this model. The bottom left figure illustrates neuronal log-Gaussian shaped spatial 
frequency tuning. Stimulus S1 drives the neuron vigorously, S2 fails to elicit a response. The plot 
on the righthand side illustrates responses to stimuli composed by weighted summation of S1 and 
S2. The neuron’s firing is modified by the presence of S2 through gain-control.
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Figure 2. A. The standard functional model of V1 neurons consists of three canonical neural 
computations, i.e., a linear filtering stage followed by broadband divisive inhibition and response 
exponentiation. The variability in neural recordings is attributed to a stochastic spike-generation 
process in this model, although this does not accurately reflect the underlying biophysics (action 
potentials are highly reliable events, the noise is in the synapses). The linear filter shown is a log-
Gabor receptive field. B. V1 neurons have several nonlinear response properties that are well 
described by this model. The bottom left figure illustrates neuronal log-Gaussian shaped spatial 
frequency tuning. Stimulus S1 drives the neuron vigorously, S2 fails to elicit a response. The plot 
on the righthand side illustrates responses to stimuli composed by weighted summation of S1 and 
S2. The neuron’s firing is modified by the presence of S2 through gain-control.
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Neural population model of human pattern detection

Figure 5. The neural population model of pattern detection. Visual information is analyzed by a 
population of units tuned to the stimulus dimension of interest, in this case spatial frequency. As 
in the standard functional model of V1 neurons, linear filtering is followed by divisive inhibition 
and response-exponentiation (not shown). Unit responses are corrupted by weakly correlated 
multiplicative noise (not shown) and read-out by a linear maximum likelihood decoder that 
makes some simplifying assumptions about the structure of the full population response 
distribution.
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Encoding

Nonlinearities 

Decoding 

Running head: A NEURAL POPULATION MODEL FOR VISUAL PATTERN DETECTION
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Neurophysiologically plausible population-code model

Units contrast response functions taken from available neurophysiological data

Units’ variances proportional to mean response.

Variance of pool of correlated units calculated using formula by Shadlen & Newsome.

Effects of adaptation on single-cells (tonic hyperpolarization) taken from:

Properties of contrast-gain control taken from:

Linear population decoding rule:
Mean responsiveness weighted by reliability of increase (inverse of variance).

Albrecht, D. G., Geisler, W. S., Frazor, R. A., & Crane, A. M. (2002). Visual cortex neurons of Monkeys and Cats: Temporal dynamics of 
the contrast response function. Journal of Neurophysiology, 88, 888-913.
Geisler, W. S., & Albrecht, D. G. (1997). Visual cortex neurons in monkeys and cats: Detection, discrimination, and identi!cation. Visual 
Neuroscience, 14(5), 897-919.

Shadlen, M. N., & Newsome, W. T. (1998). The variable discharge of cortical neurons: Implications for connectivity, 
computation and information coding. Journal of Neuroscience, 18(10), 3870-3896.

Albrecht, et al.. (2002); Geisler, W. S., & Albrecht, D. G. (1997)
Vogels, R., Spileers, W., & Orban, G. (1989). The response variability of striate cortical neurons in the behaving monkey. Experimental 
Brain Research, 77, 432-436.

Carandini, M., Ferster, D. (1997). A tonic hyperpolarization underlying contrast adaptation in cat visual cortex. Science, 276, 949-952.

Carandini, M., Heeger, D. J., & Movshon, J. A. (1997). Linearity and normalization in simple cells of the macaque primary visual cortex. 
Journal of Neuroscience, 17(21), 8621–8644.
Heeger, D.J. (1992). Normalization of cell responses in cat striate cortex. Visual Neuroscience, 9, 181-197.



Table 2
Parameters used in the neural population model

Symbol Value Comments

θc [0.1, 66] Minimal and maximal preferred spatial frequency, expressed in c/deg

ϕl 0.28 Bandwidth at half height for rising part of the tuning function, expressed in octaves

ϕh 0.91 Bandwidth at half height for falling part of the tuning function, expressed in octaves

r0 r0 ~ N(5, 1) Spontaneous firing rate, sampled from normal distribution, expressed in imp/sec

rmax rmax ~ N(50, 5) Maximal neural firing, sampled from normal distribution, expressed in imp/sec

n n ~ N(2, 0.2) Response exponent, sampled from normal distribution

k 1.5 Fano factor

ρij [0.05, 0.15] Minimal and maximal noise correlation between sensory units

α 0.0008 Serves to scale neural contrast sensitivity

β -2.14 Gives contrast sensitivity function its bandpass shape

γ 2.44 Controls the location of the peak of the contrast sensitivity function

ρ 10 Range of uniformly distributed membrane potential noise, expressed in mV

τ -50 Spike threshold, expressed in mV

φ 50 Scaling constant relating membrane potential to spike rate

δ -5.5; -3.67 Controls the strength of neural adaptation for adequately stimulated neurons

ε 0.23; 0.46 Controls the strength of neural adaptation for weakly stimulated neurons

Note: Values of the free parameters, obtained through fitting the behavioral data, are printed in bold. For the 
parameters that control neural adaptation strength, two values are given. The first is for Blakemore and Campbell 
(1969), the second for the newly reported adaptation experiment performed by the authors.

Running head: A NEURAL POPULATION MODEL FOR VISUAL PATTERN DETECTION
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3 Parameters to fit the human CSF

Detection of sinusoidal gratings

Figure 7. Detection of sinusoidal gratings of varying spatial frequency  and contrast. The left 
panel illustrates the fit of the NPM to the contrast sensitivity function measurements of Campbell 
and Robson (1968). Sensitivity, i.e., the inverse of the 75% correct threshold in a 2AFC detection 
task is plotted against spatial frequency for observer FWC (black) and JGR (white). The thick 
black line shows the model prediction, the grey surround its 95% confidence interval. This 
convention will be adopted in all figures to follow. The middle panel shows psychometric 
functions of the NPM for three spatial frequencies. Consistent with human data (not shown), the 
slope of the psychometric function does not depend on absolute visibility. The right panel shows 
a psychometric function of the NPM and a human observer in a different coordinate system—
observer WWL in Legge (1978), Figure 7; data replotted from Pelli (1985). Performance is now 
expressed in d’, and contrast in c’. Error bars denote the 95% confidence interval.
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Compound grating detection (Graham & Nachmias, 1971)

Figure 8. Encoding of stimuli composed of two disparate spatial frequencies in the NPM. The 
upper row illustrates example component stimuli and the resulting compound grating introduced 
by Graham and Nachmias (1971). Spatial frequency  tuning of the linear filter of the NPM units 
is shown for one preferred stimulus value in the middle panel. The average population response 
to each of these stimuli is plotted in the bottom panel.
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Figure 9. Detection of stimuli composed of two disparate frequencies. The detection threshold of 
several compound gratings is plotted relative to the threshold for each component measured in 
isolation. Black symbols are used for observer AG, white for observer RG. The thick black line 
and grey  surround show the fit of the NPM and its 95% confidence interval. We replicated the 
summation experiment performed by Graham and Nachmias (1971) using a slightly different 
methodology that allowed us to estimate the 68 % confidence intervals on the threshold ratios 
(see Appendix).

0.0 0.5 1.0

0.0

0.5

1.0

Threshold ratio f

Th
re

sh
ol

d 
ra

tio
 3

f

Running head: A NEURAL POPULATION MODEL FOR VISUAL PATTERN DETECTION

79

2 Parameters to control the width of s.f. tuning

�l

�h



Square-wave detection (Campbell & Robson, 1968)

Figure 10. Detection of square wave gratings. The lower left  panel illustrates the average 
population response to a sine and square wave grating of low and high frequency, respectively. 
The high frequency stimuli drive the same units, but the different power of their fundamental 
harmonic leads the square wave to be a more effective stimulus. The low frequency square wave 
on the other hand drives many more units than its sinusoidal counter part. The broadband nature 
of this response is exploited by the maximum likelihood decoder and results in superior square 
wave detectability, shown in the righthand panel. Square wave sensitivity  is plotted against 
spatial frequency for observer FWC (black) and JGR (white). The thick black line shows the fit 
of the NPM, the grey surround its 95% confidence interval. The dotted line replots the NPM’s 
sinusoidal contrast sensitivity function from Figure 7 and serves as reference.
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Simple model of cellular adaptation
(Carandini & Ferster, 1997)

Figure 11. A simple model of cellular adaptation mechanisms. The upper panel shows the 
baseline contrast response function for a sensory  unit in the NPM. The middle panel illustrates 
the assumed underlying membrane potential distribution, whereby the mean is denoted by the 
full black line, uniformly distributed noise by the grey  surround and the spike threshold by the 
dotted line. Adaptation produces a downward shift of the membrane potential. This is shown for 
two hyperpolarization strengths (dashed lines, only the means are shown). The corresponding 
post-adaptation contrast response functions are plotted in the bottom panel. Note that the contrast 
response function undergoes both a downward and rightward shift. This latter effect  may 
dominate.
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Effects of adaptation on sine-wave detection (Blakemore & Campbell, 1969)

Figure 12. The mixed behavioral effects of pattern adaptation. The left panel illustrates how 
adaptation to a high-contrast 7.1 c/deg grating affects stimulus detectability. Threshold ratios are 
plotted against stimulus frequency. White symbols refer to observer FWC (data replotted from 
Blakemore and Campbell, 1969); the thick black line shows the model prediction, the grey 
surround its 95% confidence interval. The middle panel illustrates the effects of adapting to a 
low-contrast 4 c/deg adapting stimulus. Data are combined across three observers. Error bars 
indicate the 68% confidence interval. Experimental methods are provided in the Appendix. The 
right panel shows how adapter effectiveness (i.e., for each sensory  unit, the relative response 
strength elicited by the adapting stimulus) is related to hyperpolarization in the NPM for both 
data-sets.
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Effect of adaptation modeled as tonic hyperpolarization.
Carandini & Ferster, D. (1997). Science, 276, 949-952. 
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2 Parameters to control the tonic hyperpolarization
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SPATIAL FREQUENCY UNCERTAINTY EFFECTS IN THE 
DETECTION OF SINUSOIDAL GRATINGS 

ELIZABETH T. DAVIS* and NORMA GRAHAM 

Department of Psychology, Columbia University, New York, NY tOO27, U.S.A 

(Received 17 March 1980) 

Ah&met--A sinusoidal grating is less detectable when it is randomly intermixed in a block of trials with 
gratings of other spatial frequencies than when it is the only grating presented in a block of trials. This 
spatial-frequency uncertainty effect is expected if observers have attentional control over multiple 
spatial-frequency channels. When intermixed blocks contain a preponderance of one spatial frequency, 
the primary, the uncertainty effect is smaller for frequencies near the primary than for frequencies further 
away. Both the tuning of the un~rtainty effect and the analysis of sequential conditional probabiliti~ 
suggest that observers can employ different attention strategies. 

INTRODUCTION 

According to prevalent theories of information pro- 
cessing in the human visual system, the spatial fre- 
quencies composing a particular stimulus are detected 
and transmitted by multiple channels; each channel is 
maximally sensitive to a different spatial frequency 
and responds only to a restricted range of frequencies 
(Graham, 198Oa, b, reviews the psychophysical evi- 
dence for s~tial-frequency channels) If multiple 
spatial-frequency channels exist and if an bbserver has 
attentional control over these channels, one might 
expect to find an uncertainty effect; that is, a sinusoi- 
dal grating would be less detectable when an observer 
is uncertain about his spatial frequency than when he 
is certain about it. Such spatial-frequency uncertainty 
effects have been reported (Graham et al., 1978; Mar- 
tens and Blake, 1980; Sekuler and Tynan, 1978). 

Attention strategies, as we are using the term, de- 
scribe how the observer selectively monitors (not 
necessarily consciously) the outputs of different sen- 
sory channels. Three different attention strategies 
which might produce an uncertainty effect are investi- 
gated here. These strategies are analogous to the audi- 
tory psychophysical models (Green and Swets, 1966). 
Two are single-bid and the third is a multiple-by 
attention strategy. 

The technique used here is similar to the probe 
technique used in auditory psychophysics (Greenberg 
and Iarkin, 1968; MacMillan and Schwartz, 1975). 
The detectability of a sinusoidal grating when it was 
the only stimulus presented on each trial (and thus, 
the observer was certain about the spatial frequency) 
was compared to its detectability when one of several 
sinusoidal gratings was randomfy presented on each 
trial (and thus, the observer was uncertain about the 
spatial frequency). In each intermixed block of trials, 

*Present address: Department of Psychology, New 
York University, 6 Washington Place, New York, NY 
10003, U.S.A. 

one spatial frequency was called the primary fre- 
quency and was usually presented on a majority of 
the trials; a number of secondary frequencies of other 
spatial frequencies were randomly presented on the 
remaining trials. In order to investigate the spatial- 
frequency tuning of the uncertainty effect, the primary 
spatial frequency was varied as well as the proportion 
of trials on which it was presented. We also examined 
the trial-to-trial sequential conditional probabilities 
to determine whether attentional control over mul- 
tiple spatial-frequency channels was an adequate 
explanation of the results and, if it was, to determine 
which attention strategy was used in each condition. 

METHODS 

Stimuli 

The stimuli were vertically oriented sinusoidal grat- 
ings. The primary spatial frequency was 1.5, 4.0 or 
10.0 c/deg. Six secondary spatial frequencies, equally 
spaced on a logarithmic frequency scale, were ordi- 
narily used, three higher and three lower than the 
primary frequency. The secondary spatial frequencies 
were the following: 0.375, 0.60, 1.0, 2.5, 4.0 and 
6.0 c/deg for the 1.5 c/deg primary; 1.0, 1.5, 2.5, 6.5, 
10.0 and 16.0 c/deg for the 4.0 cJdeg primary; and 2.5, 
4.0, 6.5, 14.0, 20.0 and 26.OcJdeg for the lO.OcJdeg 
primary. 

Details of the stimuli. The vertically-oriented sinu- 
soidal gratings were produced on the face of a Tektro- 
nix 5103N oscilloscope by a conventional Z-axis 
modulation technique (Campbell and Green, 1965). 
The P31 phosphor produces a desaturated green hue. 
A 31.75 cm diameter annular surround of approxi- 
mately the same hue framed the scope. Both had a 
mean luminance of 1.9 ft-L. All contrasts used in these 
experiments were within the linear range of equip- 
ment operation. 

The viewing distance was usually 14Scm {at which 
distance the stimulus subtended 4” vertically and 
5.25” horizontally) but was 72.5 cm for a primary 
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Uncertainty about spatial frequency, spatial
position, or contrast of visual patterns

ELIZABETH T. DAVIS, PATRICIA KRAMER, and NORMA GRAHAM
Columbia University, New York, New York

Prevalent theories of pattern vision postulate mechanisms selectively sensitive to spatial fre-
quency and position but not to contrast. Decreased performance in the detection of visual stim-
uli was found when the observer was uncertain about the spatial frequency or spatial position of
a patch of sinueoidal grating but not when he was uncertain about contrast. The uncertainty ef-
fects were consistent with multiple-band models in which the observer is able to monitor per-
fectly all relevant mechanisms. Performance deteriorates when the observer must monitor more
mechanisms, because these mechanisms are noisy and give rise to false alarms. This consis-
tency is further evidence that the spatial-frequency and spatial-position mechanisms are noisy,
a conclusion previously suggested by the "probability summation" demonstrated in the thresh-
olds for compound stimuli. Somewhat paradoxically, the Quick pooling model, which quanti-
tatively accounts for the amount of probability summation in pattern thresholds, predicts no
effects of uncertainty. It cannot, therefore, be strictly correct.

Current theories of pattern vision assume the exis-
tence of mechanisms (often called channels) selec-
tively sensitive to different spatial frequencies and
also of mechanisms selectively sensitive to different
spatial positions. A possible physiological substrate
for a spatial-frequency channel is an array of neurons
having receptive fields all of the same size and ori-
entation but located at different positions within the
visual field. A possible physiological substrate for a
mechanism sensitive to a particular spatial position is
the set of receptive fields located at that position.
(See Graham, 1981, for a review.)

A particular quantitative version of this theory has
been extremely successful in predicting the thresholds
for a wide variety of patterns (e.g., Bergen, Wilson,
& Cowan, 1979; Graham, 1977; Graham, Robson, &
Nachmias, 1978; Mostafavi & Sakrison, 1976; Quick,
Mullins, & Reichert, 1978; Robson & Graham, 1981;
Watson, 1982; Wilson & Bergen, 1979). Although a
name for this model has not become standard, we
will call it the Quick pooling model since its current
use in vision originates with Quick (1974) and it is
much quicker to use than alternative models.

The Quick pooling model, as derived from as-
sumptions of independent variability in the responses
of each of the multiple mechanisms, is the pure form
of a high-threshold model in which the possibility of
a false alarm in any mechanism is actually zero.

This research was partially supported by NSF Grant BNS-76-
18839 to Norma Graham. We wish to thank Terry Schile for being
such a helpful observer and research assistant. We are grateful to
Jacob Nachmias and Bill Friedman for useful comments on an
earlier draft of this manuscript. Requests for reprints should be
sent to Norma Graham, Department of Psychology, Columbia
University, New York, New York 10027.

High-threshold models (e.g., Green & Weber, 1980)
predict no effect of uncertainty. Uncertainty effects,
however, have been reported for the spatial fre-
quency of sinusoidal gratings (e.g., Davis & Graham,
1981; Graham, Robson, & Nachmias, 1978) and for
spatial position of aperiodic visual targets (e.g.,
Cohn & Lasley, 1974; Pelli, 1981; Posner, 1978;
Posner, Snyder, & Davidson, 1980).

The failure of the Quick pooling model to predict
uncertainty effects seemed unimportant when the in-
terpretations of experimental results depended on
differences that were substantially larger than the un-
certainty effects. Now, however, as the field has be-
come more refined, the interpretation of experimen-
tal results is affected by uncertainty effects. (See, for
example, the difference between the results in
Graham & Nachmias, 1971, and those in Graham,
Robson, & Nachmias, 1978.) Gaining a better under-
standing of these uncertainty effects, therefore, is
critical for further development of these models of
pattern vision. This study addresses several issues in
the hope of contributing to such an understanding.

(1) Although the Quick pooling model does not
predict uncertainty effects, other models assuming
multiple mechanisms do (Ball & Sekuler, 1980;
Creelman, 1960; Green & Swets, 1966; Green &
Weber, 1980). These models are commonly called
single-band and multiple-band models and are de-
scribed further in the results section.

To determine whether single-band or multiple-
band models (or perhaps neither) could explain the
effects of uncertainty about spatial frequency, the
detectability of several widely separated spatial fre-
quencies was measured under conditions of both un-
certainty and certainty using a temporal two-alternative

20 Copyright 1983 Psychonomic Society, Inc.



Detection of multiple equally-probable sine-waves (Davis et al., 1983)

Figure 13. Detection of multiple equally  probable signals. The upper row illustrates stimulus 
probability  in one signal-known-exactly experiment and three uncertainty experiments. In the 
NPM, these signal probabilities give rise to different read-out strategies employed by the 
decoder. Weights averaged across all 100 model instantiations are plotted in the middle row. The 
predicted loss in performance, together with data obtained from human observers is shown in the 
lower row (from left  to right: TS, PK and TS, data replotted from Davis, Kramer & Graham, 
1983). Error bars reflect the 68% confidence interval.
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Detection of multiple sine-waves of varying probability
 (Davis, 1981; Davis & Graham, 1981)

Figure 14. Detection of multiple signals of varying probability. Plot  conventions are the same as 
in Figure 13. The data are from TS, ED, ED (replotted from Davis, 1981) and TS (replotted from 
Davis & Graham, 1981), respectively.
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Summary

Neural population-code model of human pattern detection based on units with properties 
drawn from available cat and monkey neurophysiological data predicts human behaviour in 
classic psychophysical experiments:
i.  bandpass-shape of the CSF (3 free parameters)
ii.  compound detection (2 free parameters)
iii.  periodic pattern detection (square vs. sine etc.; zero free parameters)
iv.  adaptation effects (2 free parameters)
v.  uncertainty effects (zero free parameters)

Model reconciles non-linear neurophysiology with linear-appearing psychophysical behaviour.

Key ingredients:
• broadly tuned divisive inhibition
• variance of units proportional to response
• non-zero spontaneous activity
• decision-statistic based on weighted sum of pooled responses
• weights are proportional to unit’s mean responsiveness divided by variance

Decoding stage as important as Encoding stage.
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Discussion

Perceptual psychology & neuroscience
Thus far perceptual learning largely attributed to changes in the encoding stage 
(“hardware”). But: Perceptual learning may be, at least in part, the fine-tuning of the 
decoder

In our model the decoding stages needs to know about task characteristics and cell 
properties:
i. Reason for explicit feedback in much of psychophysics?
ii. Implications for perceptual learning?
iii. Possible explanation why there is often very little transfer?
iv. How fast can decoding rules be acquired?
v. How complex can decoding rules become?

Image and video processing
Decoding rules task dependent even for simple patterns—implications for the applied HVS 
model?
Image quality metrics?
Visual Heuristics—remember: shadows in Tanguy—need to know which image (video) 
aspects “trigger” the percepts.



A Neural Population Model for Visual Pattern Detection

Robbe L. T. Goris
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Felix A. Wichmann
Eberhard Karls Universität Tübingen and Bernstein Center for Computational Neuroscience Tübingen and Max Planck Institute for

Intelligent Systems, Tübingen, Germany

Pattern detection is the bedrock of modern vision science. Nearly half a century ago, psychophysi-
cists advocated a quantitative theoretical framework that connected visual pattern detection with its
neurophysiological underpinnings. In this theory, neurons in primary visual cortex constitute linear
and independent visual channels whose output is linked to choice behavior in detection tasks via
simple read-out mechanisms. This model has proven remarkably successful in accounting for
threshold vision. It is fundamentally at odds, however, with current knowledge about the neuro-
physiological underpinnings of pattern vision. In addition, the principles put forward in the model
fail to generalize to suprathreshold vision or perceptual tasks other than detection. We propose an
alternative theory of detection in which perceptual decisions develop from maximum-likelihood
decoding of a neurophysiologically inspired model of population activity in primary visual cortex.
We demonstrate that this theory explains a broad range of classic detection results. With a single set
of parameters, our model can account for several summation, adaptation, and uncertainty effects,
thereby offering a new theoretical interpretation for the vast psychophysical literature on pattern
detection.

Keywords: !!!

Visual pattern detection experiments measure the minimal
contrast required to reliably discriminate a stimulus from a
blank. In the late 1960s and early 1970s, psychophysicists
studying pattern detection pioneered a theory of visual process-
ing that revolutionized our understanding of the computations
performed by the early stages of the visual system. Within the
framework of linear systems analysis, John Robson, Fergus
Campbell, Jacob Nachmias, Norma Graham, and many others
sought to connect psychophysical measurements of visual be-
havior with the sensory coding performed by single cells in
visual cortex. The success of this endeavor inspired countless

psychophysicists, physiologists, and computer vision scientists
and is arguably the bedrock of modern vision science. But as the
field moved forward, several weak spots of the early theoretical
framework have come to light. The connection with the neural
underpinnings of pattern vision turned out to be looser than
anticipated, and the principles put forward in the theory to link
neural activity to perceptual judgments failed to generalize to
perceptual tasks other than detection.

Despite the early successes, visual pattern detection is currently
in an unenviable position. On the one hand, it is considered solved
and therefore not studied actively anymore. On the other hand,
detection is often assumed to be a unique behavioral paradigm
with limited relevance for suprathreshold vision or sensory infor-
mation processing in general. This article rejects both notions and
makes an effort to integrate the vast psychophysical literature on
pattern detection into contemporary neuroscience. To this end, we
examine how well a selection of classic detection phenomena (see
Table 1) can be explained in an observer model that is tightly
connected to current insights in visual neuroscience. Built on the
early theory, visual detection is described in an information pro-
cessing framework with an explicit encoding and decoding stage.
The nonlinear encoding stage gives rise to a fragmentary and noisy
stimulus representation that serves as input to a linear decoder that
aims to maximize task performance without having detailed
knowledge of the full sensory population response distribution. We
analyze predictions of this model for summation, adaptation, and
uncertainty effects in visual pattern detection and show that it
explains a broad range of behavioral results using a single set of
parameters.
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