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Abstract For animals to carry out a wide range of detection,
recognition and navigation tasks, visual motion signals are
crucial. The encoding of motion information has therefore,
attracted much attention in the experimental and computa-
tional study of brain function. Two main alternative mech-
anisms have been proposed on the basis of behavioural and
physiological experiments. On one hand, correlation-type
and motion energy detectors are simple and efficient in the
design of their basic mechanism but are tuned to temporal
frequency rather than to speed. On other hand, gradient-type
motion detectors directly represent an estimate of speed, but
may require more demanding processing mechanisms. We
demonstrate here how the temporal frequency dependence
observed for sine-wave gratings can disappear for less con-
strained stimuli, to be replaced by responses reflecting speed
for stimuli like square waves when a phase-sensitive detec-
tion mechanism is employed. We conclude from these obser-
vations that temporal frequency tuning is not necessarily a
limitation for motion vision based on correlation detectors,
and more generally demonstrate in view of the typical Fou-
rier composition of natural scenes, that correlation detectors
operating in such environments can encode image speed. In
the context of our results, we discuss the implications of the
loss of phase sensitivity inherent in using a linear system
approach to describe neural processing.
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1 Introduction

Living and moving in an environment that can be chang-
ing rapidly and that is populated by moving objects, for all
animals including humans, motion vision is of critical impor-
tance for survival. The basic mechanisms underlying neural
motion processing have been studied extensively for many
decades. Correlation- or ‘Reichardt’-detectors are thought to
be the fundamental units of motion detection and have been
shown to be consistent with many aspects of both insect and
human motion vision (Borst and Egelhaaf 1989; Reichardt
1961; Reichardt and Poggio 1976; Zanker 1994, 1996). Such
Elementary Motion Detectors (EMDs) compute a spatiotem-
poral correlation between the input intensities at two separate
locations, which involves a nonlinear interaction in the form
of a multiplication between one input and the temporally
filtered version of the other input. The outputs of two such
anti-symmetric units are subtracted, producing a direction-
ally selective motion response given by Eq. 1. When com-
pared with some alternative low-level motion detectors such
as gradient models (Fennema and Thompson 1979), a char-
acteristic ‘signature’ of the EMD is its tuning to the temporal
frequency of moving sine-wave gratings, rather than to their
speed (shown in Fig. 4f). When using a sine-wave grating
moving at constant speed as stimulus for an EMD, the detec-
tor output is modulated by varying the spatial frequency of
the grating. The maximum response of EMDs is, therefore,
observed at different speeds for different spatial frequen-
cies, and speed estimates are confounded with spatial fre-
quency and contrast. On other hand, gradient detectors return
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veridical estimates of speed, largely independent of pattern
structure and contrast.

This ‘temporal frequency tuning’ signature of EMDs has
often been regarded as a fundamental limitation of correla-
tion type motion detectors (Borst 2007; Borst and Egelhaaf
1989; Johnston et al. 1992; Van Santen and Sperling 1985),
because in many aspects of perception and motor control,
the critical variable is the speed of surfaces and objects.
Sine-wave gratings are most helpful when visual systems
are analytically considered as general Fourier analysers in
a linear system approach, as often used to understand visual
processing (Watson and Ahumada 1985). Whilst Fourier
theory greatly simplifies the consideration of input–output
transformations, it requires that the process under consider-
ation—in this case motion detection—can be fully described
by the convolution of linear filters (Bracewell 1986). Motion
detection, however, necessarily requires a nonlinear interac-
tion between locations and instances in time in order to dis-
criminate opposite directions of motion (Poggio and Reichardt
1973). This essential nonlinearity excludes a linear system
approach from comprehensively describing directionally selec-
tive motion detection. A further fundamental limitation of a
linear system approach is its inherent spatial phase invariance
that would render a detector insensitive to phase relationships
between the Fourier harmonics of broadband composite
stimuli. A quasi-linear analytical treatment of the EMD has
previously been carried out using correlation detectors with
a structure given in Fig. 1b (Reichardt and Varjú 1959; Varjú
1959). Such a consideration requires a time averaging (given
by S in Fig. 1b) of the half unit outputs following the mul-
tiplication stage. This critical time averaging step produces
the phase-invariant output which allows system inputs to be
decomposed into their Fourier components and mathemati-
cally considered in a linear system approach. Reichardt and
others showed that any system with a second order nonlin-
earity, such as the EMD, behaves linearly with respect to
different frequency components and obeys the superposi-
tion principle. Critically, this holds when the time-average
of their responses is considered, and it is shown that the
time-averaged responses for a Fourier composite stimulus is
equal to the sum of responses to the individual components
(Grzywacz and Koch 1987; Reichardt 1987; Varjú 1959).

The cost of using the linear systems approach for EMDs
is a loss of phase sensitivity. This loss of phase-sensitivity
is demonstrated in Fig. 2, where the local response output
map of the phase sensitive 2DMD model that is used in the
present work (Fig. 1a) is compared to that of a time averaging
EMD (Fig. 1b) for a translating square wave grating used as
input. The motion responses in the latter case are continuous
in space and time and have lower amplitudes in the case
of the time averaging detectors (Fig. 2c) as the stronger re-
sponses which appear around the edges of the phase-sensitive
detectors (Fig. 2b) are effectively pooled over space and time

Fig. 1 A Schematic illustration of the operators of the 2DMD motion
detector model used for the simulations in this work is shown along-
side the classic EMD proposed by Reichardt and Varju. a The 2DMD
(Zanker 1996) showing two inputs I1 and I2 which are temporally low
pass filtered with a single linear filter τ before a multiplication (×) on
each side. The outputs of the two halves are subtracted from each other
(−). b The EMD proposed by Reichardt and Varju has two inputs I1
and I2 which are temporally low pass filtered with both a shorter time
constant (H ) and a longer time constant τ . Following a multiplication
stage (×), the outputs of each channel are time averaged by the operator
S before a subtraction (−) of the outputs of each half of the detector

by the time averaging process. It has been demonstrated
that this mean response shows the property of superposition
(Götz 1975; Varjú 1959; Varjú and Reichardt 1967) and there-
fore the average output of such a detector does not depend
upon the relative phases of the spatial Fourier components of
an input. This is often generalised as an assumption that the
properties of biological motion detectors can be derived from
the linear system approach, because there is a simple approx-
imately linear spatiotemporal integration of local phase-sen-
sitive responses.

However, the relative phase of frequency components in
compound patterns critically determines the appearance of
the pattern, for example, for square as compared to trian-
gular wave gratings. As can be seen in Fig. 2b, the local
EMD response, if sampled sufficiently fine, varies with the
phase of the periodic pattern. Previous work has shown that a
phase-sensitive representation of the motion of sine waves is
encoded within motion tuned neurons, for example, simple
cells in mammalian visual cortex or H and V cells in flies
(Borst and Egelhaaf 1989). EMD implementations often
involve band-pass filtering of the input images to minimise
spatial aliasing, though EMDs themselves show inherent
band-pass filtering (Borst and Egelhaaf 1989). We will dem-
onstrate here that this band-pass filtering in combination with
the essential multiplicative nonlinearity, causes the EMD out-
put for broadband stimuli to depend critically on the spatial
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Fig. 2 The input and output of correlation type detectors presented
with moving square wave gratings shown in a space-time representa-
tion. a A square wave input moving in a rightward direction appears
as an oriented grating in space-time. b A phase-sensitive motion detec-
tor with high frequency sensitivity shows strong responses around the
edges of square wave stimuli and zero responses away from the edges.
The colour saturation is related to the strength of the response. c A time
averaging EMD with high frequency sensitivity loses phase sensitivity
and shows low amplitude responses across all space

phase relationships between the different harmonics of the
stimulus, with maximum local outputs around impulses or
edges, where there is a phase-locking of harmonics. We will
then show that these phase-sensitive local responses when
integrated nonlinearly, by applying a threshold to responses
before spatial averaging, result in a non-linear system which
shows speed tuning.

It has been suggested that the problem of temporal fre-
quency tuning can be avoided by using multiple spatial and
temporal channels to compute velocity with energy mod-
els (Adelson and Bergen 1986) or with correlation detectors
(Zanker and Braddick 1999). It has also been shown that
speed tuning can be achieved for EMDs by adjusting the
balance properties of the opponency stage of the detectors
(Zanker et al. 1999), which, however, would have a detrimen-
tal effect on the signal to noise ratio for direction discrimina-
tion. Though these elaborations allow the EMD to be used to
obtain speed-sensitive responses, there has also been some
evidence that a simple EMD may show some useful speed-
tuning properties. It has been demonstrated that the response
from a single EMD channels can be used as speed estimators
for moving natural scene images (Dror et al. 2001) and this

was thought to be related to the broadband spatial frequency
composition of natural images. This result demonstrates that
the ‘temporal frequency tuning’ signature of EMDs is only
meaningful in the context of pure sine waves as spatially
broadband patterns will generate a wide range of temporal
frequencies at any given speed. A similar observation has
also been made in the recordings of the responses of HS cells
of hoverflies presented with moving natural images, where
spiking outputs were seen to be dependent on image speeds
(Straw et al. 2008). We will expand the idea that the spatial
structure of certain broadband moving images, like natural
scenes, allow an EMD to provide speed estimates and demon-
strate, with the use of simple artificial grating stimuli which
combine Fourier components, that basic EMDs are indeed
a good tool for encoding speed for a wide range of stim-
uli. Phase-locked Fourier components, such as are present in
contours, are crucial within natural scenes to generate this
property. Broadband periodic patterns will lead to distinct
temporal frequency spectra when moved at different speeds,
which enables a comparison of speed tuning of an EMD
with its tuning to (the fundamental) temporal frequency of
the same stimulus.

2 Moving objects: analytical treatment

The most simple example to demonstrate how broadband
stimuli allow an EMD to encode speed is to look at the
response of an isolated moving object. The limiting case
could be understood as a moving impulse described by a
delta function δ(x) (with δ(x) being zero for all values of x
apart from x = 0), moving along the spatial dimension x (see
Fig. 3b). A pulse travelling at constant speed v = �x/�t
would require a time interval �t = t2 − t1 to cross a distance
�x from x1 to x2. For a basic EMD, which multiplies the
first input at location x1 (after temporal filtering with a pure
time delay τ instead of a low pass filter, I (t − τ)) with the
second input at location x2, I (t −�t), and then subtracts the
product of a mirror-symmetrical combination, the detector
output R(t) is given by:

R(t) = I (t − τ) × I (t − �t) − I (t) × I (t − �t − τ). (1)

Using the delta function δ(x) as EMD input (and its sin-
gularity passing input x1 at t0 = 0), and an input separation
of �ϕ = x2 − x1 leading to �t = �ϕ/v, the EMD response
is turned into:

R(t) = δ(t − τ) × δ(t − �ϕ/v) − δ(t)

×δ(t − �ϕ/v − τ). (2)

The products of delta functions in Eq. 2 can only be
non-zero, if the argument for each of the factors is zero; i.e.
a positive response is exclusively generated for
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t − τ = 0 = t − �ϕ/v, or v = �ϕ/τ, (3)

and a negative response is exclusively generated for

t = 0 = t − �ϕ/v − τ, or v = −�ϕ/τ. (4)

Such a basic correlation detector with a delay as tempo-
ral filter therefore would have an output only for a single
(positive or negative) speed v = ±�ϕ/τ .

Realistic implementations of the EMD use spatial input
filters with an impulse response function, SF(x − x0), and
low-pass temporal filters rather than a pure delay, with TF(t−
t0) expressing the amplitude of the filter response to an
impulse as function of time. Following the sifting theorem
(Bracewell 1986) for such linear filtering we can replace the
delta functions with the temporal response functions of the
linear filter combinations preceding the multiplication. Fol-
lowing such a substitution, the moving delta function leads
to a time course after the spatial input filter of SF(t) in the
left and SF(t −�ϕ/v) in the right input element of the EMD,
and Eq. 2 can be re-written as:

R(t) = SF(t) ∗ T F(t) × SF(t − �ϕ/v)

−SF(t) × SF(t − �ϕ/v) ∗ T F(t). (5)

Whatever the shape and spread of the filter functions may
be, following the multiplication, any nonzero output will be
restricted to moments when the filtered impulse leads to a
spatial response different from zero in the input lines and
coincide in such a way that the shift through the temporal
filter matches the time of travel between the two input ele-
ments so as to create an overlap between the two positive
response regions. The amount of overlap between the two
filtered input functions (the spatially filtered function being
one and both spatially and temporally filtered function being
the other), and, therefore, the overall response amplitude is a
function of velocity v. For a given motion direction, i.e. one
of the two additive terms in Eq. 5, the maximum response is
achieved at the velocity, which generates a phase shift bet-
ween the two input time courses, that corresponds to the peak
in the temporal filter impulse response function. For stimulus
singularities (i.e. isolated and local objects), we, therefore,
expect the realistic EMD to generate a graded response with
respect to stimulus speed and a maximum response for a
match between the travel duration from one input to the next
and the maximum temporal offset of the combined spatial
and temporal filtering function before the nonlinear interac-
tion. Whether a singularity can be considered isolated in a
similar way to the delta function depends on its proximity to
nearby singularities relative to the sampling distance �ϕ of
the EMD.

3 Compound patterns: simulations

Whereas it is straightforward to show how speed tuning can
be achieved by an EMD for moving singularities, complex
patterns are less easy to treat analytically, because their com-
ponents interact in the nonlinear steps of motion processing.
We first consider a single impulse expressed as a Fourier
harmonic function (Bracewell 1986) in Eq. 6.

∂(x) = x=+ λ
2

x=− λ
2

[ ∞∑
a=1

cos

(
2πax

λ f

)]
(6)

In Eq. 6, we consider a harmonic function of fundamental
wavelength λ f . The index a takes integer values and as it
approaches infinity, the function approximates a single
impulse. The position x = 0 represents a phase-locked point
where the cosine (0) = 1, for all the harmonics and there-
fore is δ (0) tends to infinity. Within the range −λ f /2 <

x < +λ f /2, x = 0 represents the only position where
the phase-locking and hence the singularity can occur. Any
similar a harmonic singularity should show speed-tuning
properties at the position of phase-lock as described by Eq. 5.
If the stimulus is periodic, then we can extend the observa-
tion and suggest that if λ f is large enough so that consecutive
impulses can be treated separately and do not interact with
each other, local speed tuning should be observed. Periodic
impulse functions are, however, not a good representation
of the natural visual scenes for which eyes should be well
adapted to successfully operate. Impulses are broadband with
approximately equal energy across all the spatial frequencies
as shown in Eq. 6. We, therefore, consider two other periodic
grating stimulus types, square waves and triangular waves,
both of which have harmonics whose amplitude decreases
for higher spatial frequencies.

Sq(x) = A
∞∑

a=1

⎛
⎝ sin

(
2π
λ f

x(2a − 1)
)

(2a − 1)

⎞
⎠ (7)

T r(x) = A
∞∑

a=1

(−1)a−1

⎛
⎝ sin

(
2π
λ f

x(2a − 1)
)

(2a − 1)2

⎞
⎠ (8)

In the case of the square wave gratings, Eq. 7 shows that
we get phase-locking only at the function zero crossing, when
x = 0 or x = nλ f , i.e. where sine (x) = 0. With the triangu-
lar wave gratings, due to the change of the sign in alternate
harmonics, we get phase-locking at the odd-numbered max-
ima and minima of the harmonics. The phase-locked posi-
tions for all three stimulus types have one thing in common:
they are somewhat locally emphasised in luminance ampli-
tude relative to their surroundings following band-pass fil-
tering, though to different extents, as shown in Fig. 3b–d.
We therefore ask whether appropriately band-pass filtered
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Fig. 3 The effect of spatial bandpass filtering on various inputs with
convolutions implemented using a computer program described in the
text. a A high frequency difference of Gaussian band-pass filtering
Kernel. b A delta function δ(x) with an amplitude of one unit and,
right, the result of applying band-pass filtering to it. c A square wave

grating and, right, the result of applying band-pass filtering showing
identified edges. d A triangular wave grating and, right, the result of
band-pass filtering showing low amplitude responses at the max and
minima. The graphs are shown on the same scale, with initial inputs
scaled to 1
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square and triangular wave gratings can show speed tuning
as demonstrated for the impulse function.

We investigate speed-encoding properties for such pat-
terns by means of computer simulations. Moving square and
triangular wave gratings (see Fig. 3c, d) are useful to com-
pare to sine waves, because they allow us to investigate the
influence of (the fundamental) spatial frequency on EMD
responses with respect to the interaction of the additional
harmonic components. In the simulations, we used a one-
dimensional array of EMDs, which is a reduced version of
the 2DMD model (Zanker 1996), written in Visual C++ and
run on a single core windows PC. The simulation inputs
were 256 pixel luminance gratings (sine, square or trian-
gular waves) with an 8-bit luminance range moving over
256 frames. The speed of these gratings was varied between
0.25 pixels/frame and 10 pixels/frame and the wavelength
λ f (indicating the fundamental frequency) varied between
16 pixels (10 cycles/image) and 96 pixels (2 cycles/image).
The model has two main parameters �ϕ—the spatial param-
eter and τ—the temporal parameter, as used in Eqs. 3 and 4,
which are investigated in these simulations. From 192 by 256
local motion responses (after exclusion of a boundary zone
in which spatial filtering leads to undefined results) we derive
an estimate of motion output by taking the mean of the local
responses after applying a threshold. The responses obtained
have higher values than would be achieved by applying a
time averaging. For the square wave gratings, nonzero lo-
cal responses which occur around the edges contribute most
to this estimate (see Fig. 2b), whereas for triangular waves
the local responses are more spread out in space. The model
output is therefore a reflection of the motion responses at
the positions of phase-locking. The outputs returned by the
model before any scaling or normalisation is shown in brack-
ets for the different parameters in both Figs. 4 and 5. The plots
shown are all normalised to their own maximum for visual-
isation and easy comparison of the position of the optima.

For the square wave gratings, studied in a first set of simu-
lations, we found that when the fundamental wavelength λ f

is much larger than the sampling distance �ϕ of the EMD
(Fig. 4a, b), the EMD response has an optimum at a single
preferred grating speed which is largely independent of λ f .
When the sampling distance �ϕ gets close to one quarter
of the fundamental wavelength (λ f /4), a shift of the output
towards temporal frequency dependence was found as seen
in Fig. 4c and d, where tuning curves are seen to shift to
higher speed optima with increasing λ f . This can be related
to the analytical observations expressed by Eqs. 2–5, in that
the speed dependence is found only where the EMD channel
detects the motion of isolated objects. When the fundamen-
tal wavelength λ f is large compared to the sampling distance
�ϕ, the EMD response is a function of the velocity, whereas
it is a function of the temporal frequency (similar to the re-
sponse to pure sine waves, c.f. Fig. 4f) for small values of λ f .

The 2DMD model used for these simulations includes a
filtering of the input images with band-pass filters that are
matched to the sampling distance, which is reasonable to
assume for human vision, but was not part of the original
correlation detector; however, this will not introduce addi-
tional features, because EMDs are inherently band-pass fil-
tered (Borst and Egelhaaf 1989), and the same pattern of
localised responses is produced by an insect-type input fil-
tering with a spatial low-pass filter. This spatial filtering of
the input means that when detectors tuned to high spatial fre-
quencies (�ϕ = 2 to 4 pix) are presented with moving sine
waves as an input with the tested range of wavelengths (λ f =
48 to 96 pix), they have very weak responses. Square wave
gratings with the same fundamental frequency on other hand,
evoke responses in the high-frequency channels because they
contain higher frequency harmonics (see in Fig. 4a, b). The
high-frequency channels respond locally at the zero crossings
of the fundamental frequency of the input square wave (see
right hand panel of Fig. 3c). This local phase dependence
could not be exploited in a linear systems approach where
the time averaging causes the EMD to return a uniform low
amplitude response across space. This local phase sensitivity
is a result of the local interaction between the different har-
monics, specifically near the point of phase-locking in Eqs.
6 and 7.

In a second set of simulations with drifting triangular wave
gratings, we tested whether the phase-locking that appears in
triangular wave gratings also leads to speed-tuning proper-
ties. Four fundamental wavelengths λ f were used, each for
a range of speeds and �ϕ. The triangular wave gratings, like
the square waves, are a broadband stimulus composed of infi-
nite harmonics. A major difference between the two stimu-
lus types is that the triangular waves have a phase-locking
between harmonics at both the maxima and minima of the
fundamental, whereas the square waves have a phase-locking
at the zero-crossings of the fundamental (compare the right
panels of Fig. 3c with d). For the same range of grating and
simulation parameters, the tuning curves for triangular waves
do not peak at the same position and show much less overlap,
indicating that in contrast to square waves, λ f does interfere
with the motion detector responses (see Fig. 5a–d). It is nota-
ble that the amplitudes of the un-normalised output signals
from the simulations (shown in brackets in Figs. 4, 5) in the
case of the triangular waves are at least an order of magni-
tude smaller than those of the square waves, resulting in a
lower signal to noise ratio and therefore less reliable signals.
The high-frequency condition, λ f = 16 is not shown for
triangular wave grating simulations because here response
outputs decrease to the lower limit of EMD sensitivity. In
summary, triangular waves do not generate the speed-tuned
responses which were consistently observed when small �ϕ

are used with square waves (cf. Fig. 4a, b). It appears that the
zero crossing phase-locking in square gratings, resulting in
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Fig. 4 Normalised EMD responses for single square wave gratings
moving over the range of speeds, 0.25–10 pix/frame. The relative ampli-
tudes of the maximum EMD responses before the normalisation which
represent the raw model outputs are given in the brackets. Each curve
is normalised to its own maximum value to use the full range as we are
looking at the relative tuning of each curve. The fundamental spatial fre-
quencies (indicated by different colours of the response curves) range
from λ0 = 16 pix (12 cycles/image) to λ0 = 96 pix (4 cycles/image).
Responses are simulated over a range of sampling distances (�ϕ). (a)
�ϕ = 2 pixels—overlapping response curves with peaks at the same

position for the range of wavelengths (λ f ), hence speed tuning—except
at λ f = 16 which is shifted right. (b) �ϕ = 4 pixels—largely overlap-
ping response curves, hence speed tuning. (c) �ϕ = 8 pixels—individ-
ual response curves for different λ f , hence temporal frequency tuning.
(d) �ϕ = 16 pixels—individual response curves differ for different λ f ,
hence temporal frequency tuning. (e) Simulations over a range of values
of τ show that the optimum of the speed-tuned response for �ϕ = 2
can be shifted. (f) An idealised pattern of responses for sine-waves,
illustrating temporal frequency tuning for comparison
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Fig. 5 EMD normalised responses for single triangular wave gratings
moving over the range of speeds, 0.25 to 10 pix/frame. The fundamen-
tal spatial frequencies range from λ f = 48 (8 cycles/image) to λ f =
96 (4 cycles/image). Responses are simulated over a set of sampling
distances (�ϕ). a �ϕ = 2 pixels, b �ϕ = 4 pixels, c �ϕ = 8 pixels

and d �ϕ = 16 pixels—all showing response curves for the different
λ f which tend to have little overlap and separate peaks, hence neither
temporal frequency or speed tuning is clearly observed. Conventions as
in Fig. 4

pattern edges, is critical for enabling reliable speed encod-
ing by local EMDs. In the square wave grating stimuli, the
pattern edges are typically flanked on either side by regions of
unchanging luminance in which high-frequency EMD chan-
nels would not return any local motion responses, making
the edge effectively an isolated object. In triangular wave
gratings, the luminance gradients mean the maxima and min-
ima may not be reliably detected as isolated objects, which
were shown in Sect. 2 to be the key to eliciting speed-tuned
responses.

It should be noted that the rising and falling slopes from
the optimum of the speed-tuning curves for each channel in
Fig. 4 create an ambiguity when attempting to recover speed
from the speed-tuned high-frequency channel responses.
A slow speed which lies on the rising limb returns the same
response as a fast speed which lies on the falling limb. The
speed measurement can be easily disambiguated, however,

by using just two spatial channels if both have responses
which show speed tuning and not temporal frequency tun-
ing. Using such a comparison of signals between two differ-
ent channels can also help to disambiguate pattern contrast
which strongly modulates EMD responses in all channels.
A solution for the disambiguating of pattern contrast, how-
ever, is not sought in this paper as it is not critical for the key
question of speed versus temporal frequency tuning, and we
only make a suggestion that this could easily be achieved by
combining multiple channels.

4 Discussion

EMDs of the correlation type are characteristically believed
to be tuned to temporal frequency, which is often regarded
as a disadvantage when image speed is relevant, for instance
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in controlling forward speed, measuring travel distance, or
estimating the velocity of moving objects (Srinivasan et al.
1991). This property is indeed observed for patterns with a
narrow spatial frequency spectrum, in particular sine waves
which have been used to critically test the mechanisms under-
lying motion detection (Götz 1964). We suggest here that
the pattern dependence of the EMD leading to temporal fre-
quency tuning for sine waves does not need to be a problem
for a class of other input patterns that contain sufficiently
isolated discontinuities. Without adding complexity to the
motion detector model itself, speed can be encoded if we
consider such image singularities. Some common proper-
ties of natural scene stimuli in which humans are known to
perceive speed can be incorporated into simple experimen-
tal tests with artificial stimuli. When we view real objects in
a visual scene, they typically have broadband Fourier spec-
tra and phase-locked spectral components that correspond to
sharp image boundaries.

We showed analytically how isolated objects in a visual
scene result in a local motion response that is tuned to the
speed of the object. The simulations carried out using square
wave gratings confirmed that such a speed-tuned response
could be maintained as long as the edges were far enough
from each other to be effectively seen by the detector as
isolated objects. The speed tuning demonstrated for square
waves is not seen for triangular wave gratings in simulations
over the same parameter range as they do not have a phase
structure that generates clearly isolated luminance disconti-
nuities, characterised by edges.

Whenever such a singularity is sufficiently far from nearby
edges, Eq. 5 can be generalised for any stimuli, including non-
periodic stimuli, with sparse local luminance discontinuities
(edges or pulses) if we consider the average spacing between
luminance discontinuities to be a distance d. When such
discontinuities are approximating the condition of isolated
points, similar to those treated in the analytical section, the
harmonic frequency components are phase-locked like at
grating edges. Fine-grain EMDs will, therefore, only respond
at these regions of phase locking where edges are consid-
ered as isolated relative to the spatial separation of EMDs.
The general condition for speed-tuned responses for two-
dimensional stimuli is therefore determined by the relation
between average distance between discontinuities, d, and
sampling distance, �ϕ so that when d is substantially larger
than �ϕ EMD responses show speed tuning. For speed sen-
sitivity in natural scenes, it is therefore required that images
are broadband and motion signals are sufficiently sparse such
that points of phase locking do not interact with each other
during motion detection and result in isolated contours. Nat-
ural scenes are broadband, with a typical spatial frequency
spectrum that approximately reduces in amplitude inversely
with the spatial frequency (1/f), the same as that of square
wave gratings, and containing a range of object contours and

edges, defined by zero-crossing phase locking, both in the
luminance and colour domains (Ruderman 1997). Whether
these points are sampled sufficiently sparsely by the motion
system depends on the pre-filtering mechanisms within the
visual system, not only in terms of spatial tuning but also the
frequency-specific gain as well as the operation of any nonlin-
earities like thresholding. Though the synthetic gratings we
use cannot fully capture the spectral complexity of natural
scenes, we believe the inferences we make about the impor-
tance of regions of phase-locking apply to natural scenes.

We have shown that the motion detection process under-
lying the perception of speed may be achieved by correlation-
type detectors without any changes to their architecture.
Instead, the requirement for broadband stimuli with phase-
locked properties appears to be sufficient for computing the
speed of visual stimuli. This behaviour of EMDs is
consistent with the temporal frequency dependence in per-
ception observed when drifting sine waves are used as stim-
uli in both psychophysical and physiological studies (Borst
and Egelhaaf 1989). It is interesting to note that physiolog-
ical studies with stimuli containing edges have been found
to show predominantly speed-tuned responses of units
(Perrone and Thiele 2001; Priebe et al. 2003, 2006) consis-
tent with the neuronal implementation of a correlation-type
of EMD in the early visual cortex. We suggest, therefore,
that pattern dependence might well be a negligible problem
for EMDs under natural operating conditions. The simplic-
ity of the EMD together with its robust performance suggests
that it may be a rather versatile fundamental unit of motion
detection in biological organisms. Without any further elab-
oration, while exploiting its local spatial-phase sensitivity,
and without making any assumptions about the process of
time averaging to produce a continuous response, the sim-
ple cell like properties of the 2DMD response may be more
valuable than initially thought, especially with the addition
of nonlinear integration steps which maintain a sensitivity to
stimulus phase. The EMD may well be the fundamental unit
of biological motion detection offering broad functionality,
and the advantage that alternative low level motion detection
schemes (Fennema and Thompson 1979; Limb and Murphy
1975) offer with direct speed estimates may not be as sub-
stantial as previously suggested.

The inherent and substantial contrast dependence of
EMD outputs, as well as the influence of adaptation on any
motion detector with a sustained input have not been
addressed here, but so far remains a confound in obtain-
ing veridical velocity estimates from correlation type detec-
tors. Although some contrast dependence is seen in the speed
perception of human observers (Stone and Thompson 1992),
the addition of a gain control mechanism would improve the
reliability of speed estimates dramatically. Because the use of
multiple channels of EMDs operating at different spatial and
temporal scales in vertebrates (Grzywacz and Yuille 1990;
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Heeger 1987) may easily help both to limit the effect of con-
trast on speed perception as well as to extend the dynamic
range of the speed-tuned response of detectors, we feel that
this open question could find a simple answer without the
need for any radical changes to the basic model. Therefore,
we would advocate correlation-type motion detection as a
simple, robust and versatile solution to central and omnipres-
ent problems of visual information processing and equally
would like to warn against fast generalisations based on lin-
ear system approaches which can be rather problematic in
neurosciences.
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