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Abstract

The visual system is concerned with the perception of objects in a dynamic world.
A significant fact about natural time-varying images is that they do not change ran-
domly over space-time; instead image intensities at different times and/or spatial
positions are highly correlated. We measured the spatiotemporal correlation func-
tion — equivalently the power spectrum — of natural images and we find that it is
non-separable, i.e., coupled in space and time, and exhibits a very interesting scaling
behaviour. This behaviour is shown to be related to the motion in the images and the
power spectrum is naturally separable into a spatial term and a velocity term. The
same kind of spatiotemporal coupling and scaling exists in visual sensitivity measured
in physiological and psychophysical experiments. By assuming that the visual system
is optimized to process information of natural images, a quantitative relationship can
be derived between the power spectrum of natural images and the visual sensitivity,
This reveals some interesting aspects of motion vision.



Statistics of natural time-varying images

Interest in properties of time-varying images dates back to the early days of devel-
opment of the television (Kretzmer 1952). The statistical properties of static images
have been studied for many years (Burton and Moorhead 1987; Field 1987; Tolhurst
et al. 1992; Hancock et al. 1992; Ruderman and Bialek 1994). The statistical prop-
erties of time-varying images, on the other hand, has been studied more carefully
in recent years (Dong and Atick 1995a). We will briefly summarize the results first
and later on will verify our assertion that the power spectrum is dominated by image
motion and then will further relate the power spectrum to motion vision.

We collected many samples of natural time-varying images from recordings of
a moving camera and analyzed their spatial-temporal statistics. We measured the
spatiotemporal correlation function — or the power spectrum — for an ensemble of
more than a thousand segments of motion pictures, and we find significant regularities.
Figure 1 illustrates the spatial and temporal scaling behaviour found in natural images
(adapted from Dong and Atick 1995a). It shows that the natural time-varying images
do not change randomly over space-time; instead, image intensities at different times
and/or spatial positions are highly correlated. Had natural scenes been random in
space and time, 7.e., white noise, we would have gotten a flat power spectrum in
both domains, i.e. the power lines would lie horizontally. The measurement indicates
otherwise; natural scenes have more power at low frequencies and this power decreases
as spatial and/or temporal frequency increases. For a given temporal frequency, the
data shows that the power spectrum decreases roughly as a reciprocal power of spatial
frequency: .

R~ Fa (1)

Similarly, for a given spatial frequency, the power spectrum decreases roughly as a
reciprocal power of temporal frequency:

1

R~ ol (2)

Both the a and b are positive numbers. In Figure 1, on left, 1/f* and 1/f, and on

right, 1/w? and 1/w are plotted for reference; in the double log plot, they are straight
lines.

A straight forward inspection of Figure 1 shows that the power spectrum cannot

be separated into pure spatial and pure temporal parts, space and time are coupled

in a non-trivial way. A more careful examination of the power spectrum showed that

spatial and temporal power spectra of natural images are intertwined in a special way
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Figure 1: Measured spatial and temporal power spectra of natural time-varying images. In
(A) the temporal frequency increases from 1.4, 2.3, 3.8, 6, to 10 Hz as we go from the highest
to the lowest curve, while in (B) the spatial frequency increases from 0.3, 0.5, 0.8, 1.3, to
2.1 cycle/degree as we go from the highest to the lowest curve. Also shown are the lines

representing the power-laws 1/f2, 1/f (A) and 1/w?, 1/w (B), for reference.
related to relative motions of objects and observer. To see this we have replotted the
power spectrum in Figure 2A as a function of spatial frequency f but for fixed w/ f
ratio. One can see clearly that the curves for different w/ f ratios are just a horizontal
shift from each other and all of them follow a very precise power law, i.e., a straight

line in log-log plot:
1

fm+1' (3)

In fact, if we multiply the spectrum by a power of f, i.e. if we plot f™ ™ R(f,w) as
a function of w/f then all curves coincide very well, as shown in Figure 2B, which

means that

R(f.w) = fjﬂF(w/f). (4)

This exhibits a very interesting scaling behaviour in which the power spectrum is
non-separable, i.e., coupled in space and time; but is separable into two functions of
the spatial frequency f and the ratio of the temporal and spatial frequencies w/f,

respectively.

Spatiotemporal inseparability and motion of visual scene

The special property shown in Figure 2 and equation (4) tells a lot about the origin
of the spatiotemporal power spectrum. Assuming that the dominant contribution to
the spatiotemporal variability in the signal is relative motion, one can derive that

R(f.w) = §Rs<f>P<w/f> (5)

in which R,(f) is the spatial power spectrum of the static objects and P(v) is the
probability distribution of one-dimensional image velocity v due to the relative motion
of the objects to the observer (Dong and Atick 1995a).
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Figure 2: Scaling behaviour of spatiotemporal power spectrum. (A) the power spectrum
is plotted for three velocities — ratios of temporal and spatial frequencies — (0.8, 2.3, 7)

degree/second. (B) the power spectrum is replotted as a function of w/f after multiplication
by f™*1 — all the data points fall on a single curve. The solid curve is the velocity distribution
P(v) multiplied by the constant C; (see equation (7)).
By measuring the static power spectrum for this collection of images (frames

treated as snapshots), we find

C
Ry(f)= . (6)
f
with m = 2.3 for some constant C; — this is precisely the same m that we get

from Figure 2. The measured static power spectrum is shown in Figure 3A, which is
in general agreement with other earlier measurements on static images (Burton and
Moorhead 1987, Field 1987, Ruderman and Bialek 1994). In most of the measure-

ments, m ~ 2. Substituting equation (6) into (5), we arrive at

R(f,w) = =2 P(w/f) (7)

o f’m—l—l

This indicates that all the data points R(f,w)f™"!/C, should fall on a curve which
has a direct physical interpretation: the velocity density distribution of the images.
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Figure 3: Spatial power spectrum and velocity distribution. (A) Measured spatial power
spectrum of snap shot images. It shows that Rs(f) ~ 1/f™ is a good approximation to
the spectrum (the solid line). In our measurement m = 2.3. (B) Measured velocity density

distribution P(v). For reference, the 1/v2 is plotted (the solide line).
To verify the above claim, we measured the velocity distribution of the same

collection of images by calculating the optical flow fields between frames using the



following method: for a small area of image in one frame, find its translated one
in the next frame (i.e., the one with the least-square-difference) thus get the large

movement in number of pixels, then calculate the sub-pixel small movements by

ol (z,y) ol (x,y) ol (x,y)

Y o vy ot (8)
The one-dimensional velocity density distribution is calculated by accumulating over
all possible spatial and temporal locations (for references to similar methods, e.g.,
Jain and Jain 1981 and Horn et al 1981). The measured P(v) is shown in Figure 3B.
It is interesting to see that in certain regime P(v) ~ 1/v*, confirming some similar
velocity distributions proposed earlier (Van Hateren 1993, Dong and Atick 1995a).
The P(v) curve multiplied by the constant Cy is plotted with R(f,w)f™"! in
Figure 2B (m and Cy are determined from the static power spectrum). It confirms
the equation (7).

Visual sensitivities to moving stimuli

Given the measured spatiotemporal power spectrum, it is not difficult to predict the
filter which is optimized for transmitting information from nature scenes. Do the mea-
surements of visual systems’ responses to moving stimuli agree with the theoretical
prediction?

We have derived earlier (Dong and Atick 1995b) that the optimal coding requires
decorrelation when the signal-to-noise ratio is high and requires smoothing where
noise is significant. We derived the following relationship for the visual sensitivity K
and the power spectrum R in the presence of noise power N:

1 1
h= VR(1+N/R)? ©)

This relationship is compared with experimental data from both cat and human. In
those experiments, the stimuli are gratings of spatial frequency f moving at velocity
v (which is also characterized as changing at temporal frequency w = fv).

As shown in the previous section, the spatiotemporal power spectrum of natural
images has a special form which is not separable in space and time but separable in
space and velocity, i.e., equation (7) can be rewritten as the product of two functions
which only depend on the spatial frequency f and the velocity v = w/ f, respectively:

R(f.0) = fffilP(v) (10)

4



Assuming white noise power NV, the equation (9) and (10) predict: for any fixed spatial
frequency f, the contrast sensitivity K only depends on the velocity v; and for any
fixed velocity v, the contrast sensitivity K only depends on the spatial frequency f.

In general the P(v) is not a simple power-law function. But there is a regime of
interest the P(v) approximates a universal power-law ~ 1/v? (see Figure 3B). Includ-
ed in this regime is the region of low spatial and intermediate temporal frequencies,
which is where the experiments on the LGN temporal tuning properties are done (see
references in Dong and Atick 1995b). It is easy to show that our theoretical prediction

}(@0,w<__!figz_?7 (11)
(1 + U2Cf>5

in which Cy only depends on f and is a constant for the contrast sensitivity curve

in this case is

of different velocities. This is verified with experimental data from cat LGN (Troy
1983a) where single cell recordings were made for contrast sensitivity to a grating of
fixed spatial frequency moving at various velocities (Figure 4A). It is clear that the

agreement is very good.

A 100 T T B

f=1/20 v=3%s v=0.15°/s

fe
i
E
£ 10}
%
g
£
g
5
&}
0.2 2 20 0.1 1 10
Velocity v (degree/second) Spatial Frequency f (cycle/degree)

Figure 4: Comparison between predicted contrast sensitivity and experimental data. (A)
Predicted contrast sensitivity curve for different velocity (solid curve) and cat physiological
data (diamond symbols and error bars from twenty-seven X LGN cells of nine cats measured
by Troy 1983a). (B) Predicted spatiotemporal contrast sensitivity curves (solid curves) and
human psychophysical data, triangle symbols and square symbols are measured by Kelly (1979)
for two velocities — w/ f ratios (0.15, 3) degree/second.

Similarly, for fixed velocity v, the theory predicts (assuming m ~ 2):

fC,

(s et -

K(f) ~

b

in which C, only depends on v and is a constant for a contrast sensitivity curve of
spatial frequency. Not only so, for different velocity v, the curves in the log-log plot
are only parallel shifts from each other along the spatial frequency axis. Again, as
shown in Figure 4B, the theory agrees with experimental data (Kelly 1979) very well.



In fact, except at very high and very low spatial or temporal frequencies, the entire
spatiotemporal contrast sensitivity surface can be represented by one curve over a
single variable which is the spatial frequency scaled by velocity density distribution
function (Dong 1997).

Discussion

We should point out that while our predictions show that, in general, the human
visual sensitivity is strongly space-time coupled, we do predict a regime where de-
coupling is a good approximation. This is based on the fact that in certain regime
the velocity density distribution approximates a universal power-law ~ 1/v? thus the
power spectrum of natural images is separable into spatial and temporal parts. In a
previous work we have used this decoupling to model response properties of cat LGN
cells and where we have shown that these can be accounted for by the theoretical pre-
diction based on the power spectrum in that regime (Dong and Atick 1995b). The cat
LGN data used in current paper were generated from moving gratings and different
from the data we modeled earlier which were generated from temporal modulation
of receptive field centers. The striking agreements in both cases give very strong
support of the theory that the visual system is optimized to process spatiotemporal
information of natural images.

In general, the spatial and temporal parts of R(f, w) are not separable and hence
receptive fields of neurons cannot be fully characterized in space independently of
time. The scaling behaviour that we illustrated suggests a natural way for dealing with
this coupling. More precisely, it suggests that a better way to examine spatiotemporal
tuning data from real visual system is to plot the data not as a function of f and w
separately but as a function of w/f. This is a natural representation for motion vision.
In this representation we expect that vision will exhibit more universal behaviour
as we have shown for the human psychophisical data. We should point out that
this scaling behaviour is expected to break down for very high temporal and spatial
frequency where the effect of the temporal and spatial modulation function of the eye
(Campbell and Gubisch 1966, Schnapf and Baylor 1987) cannot be ignored. Also this
scaling behaviour might not show up in single cell since in real visual system cells
could have different spatiotemporal receptive fields, for example there are different
cell types and even same type of cells could tune to different spatial frequencies in
LGN (Troy 1983b). So an ecological theory of relating natural image properties with
visual processes need to make distinctions about single cells and ensembles (Atick



1992) and different type of cell ensembles can participate in overall efficient coding
(Van Essen and Anderson 1990, Li 1992, Eckert and Buchsbaum 1993).

Finally, we want to comment on the asymptotic behaviours of our measured pow-
er spectrum. While the detailed form of the function F'(w/f) depends on the image
velocity distribution P(v) which in turn depends on the distributions of motion veloc-
ities and spatial distances of visual objects relative to observer, there is an interesting
asymptotic regime where the form of P(v) is ~ 1/v?. This gives rise to the asymptotic
behaviour at relative low spatial frequency and relative high temporal frequency:

1

R(f,w) ~ Frig? (13)

On the other end of this, i.e., relative high spatial frequency and relative low temporal

frequency:
1
R(f,w) ~ ot (14)

In general, from equation (10), whenever P(v) can be approximated as ~ 1/v°, the

power spectrum can be approximated as

1
R(f,w) ~ Frrimaga (15)

Our measured power spectrum does not include a regime of

1

Yy
fmw2

R(f,w)

(16)

with m > 2, such as what was observed by Eckert etc 1992. On the other hand,
another simple relationship is implied in the coupled spatiotemporal behavior: when
temporal power spectrum is measured for a single spatial point (Van Hateren 1997)
which moves randomly across static image, it is not difficult to show that

1

wm—l

R(w) ~

(17)

in which the temporal power index is simply the spatial power index minus one. This
behavior can also be derived by integrating the spatiotemporal power spectrum over
all spatial frequencies. For more discussion about the origins of scaling in natural
images see Ruderman 1997.
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