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Abstract

This paper presents a model of motion perception that
utilizes the output of motion-sensitive spatiotemporal fil-
ters. The power spectrum of a moving texture occupies
a tilted plane in the spatiotemporal-frequency domain.
The model uses 3-D (space-time) Gabor filters to sample
this power spectrum. By combining the outputs of sev-
eral such filters, the model estimates the velocity of the
moving texture — without first computing component (or
normal) velocity. A parallel implementation of the model
encodes velocity as the peak in a distribution of velocity-
sensitive units. For a fixed 3-D rigid-body motion, depth
values parameterize a line through image-velocity space.
The model estimates depth by finding the peak in the dis-
tribution of velocity-sensitive units lying along this line.
In this way, depth and velocity are simultaneously ex-
tracted.

1 Introduction

Image motion may be used to estimate both the motion of ob-
jects in 3-space and 3-D structure/depth. Motion information
may also be utilized for percepetual organization, since regions
that move in a “coherent” fashion may correspond to meaningful
segments of the world around us.

Optical flow, a 2-D velocity vector for each small region of
the visual field, is one representation of image motion. To com-
pute a velocity vector locally for each region of an image, there
must be motion information, i.e., changes in intensity over time,
everywhere in the visual field. Depth may be recovered from im-
age motion given priot knowledge of the 3-D rigid-body motion
parameters. A dense depth map is recoverable only if there is
motion information throughout the visual field.

Without texture, a perfectly smooth surface yields an image
sequence in which most local regions do not change cver time.
But in a highly textured world (e.g., natural outdoor scenes
with trees and grass), there is motion information throughout
the visual field. This paper addresses the issues of extracting
velocity and depth for each region of the visual field by taking
advantage of the abundance of motion information in highly
textured image scquences.

Most machine vision efforts that try to extract information
from image motion utilize just two frames from an image se-
quence — either matching features from one frame to the next
[1] or computing the change in intensity between successive
frames along the image gradient direction [2]. In a highly tex-
tured world neither of these approaches seems appropriate, since
there may be too many features for matching to be successful
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Figure 1: (from Adeclson and Bergen [5]) Spatiotemporal Ori-
entation. (a) a vertical bar translating to the right (b) the
space-time cube for a vertical bar moving to the right. (c) an
z — t slice through the space-time cube.

and the image gradient direction may vary randomly from point
to point.

There have recently been several approaches to motion mea-
surement based on spatiotemporal filtering [3,4,5,6,7] that uti-
lize a large number of frames sampled closely together in time.
These papers describe families of motion sensitive mechanisms
cach of which is selective for motion in different directions.

In the next section, I describe a family of motion-sensitive
Gabor filters. The mathematics of motion in the spatiotemporal-
frequency domain, discussed in Section 3, is used in Section 4 to
derive a model for extracting image velocity from the outputs
of these filters. Section 5 presents a parallel implementation
of the model that operates as a collection of velocity-sensitive
mechanisms. Scction 6 discusses how depth is encoded by these
velocity-sensitive mechanisms given prior knowledge of the 3-D
rigid-body motion parameters. Section 7 discusses the model’s
outputs for strongly oriented patterns that suffer from the aper-
ture problem and suggests some future directions for this re-
search.

2 Motion-Sensitive Filters

The concept of orientation in space-time is well explained by
Adelson and Bergen [5]. Figure | shows the space-time cube for
a vertical bar moving to the right. The slope of the edges in an
r — ¢t slice through this cube equals the horizontal component of
the bar’s velocity. The most successful technique for estimating
edge orientation has been based on linear systems theory, e.g.,
as depicted in Figure 1{c) convolution with linear filters.

A 1-D Gabor filter [8] is simply a sine wave multiplied by a
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Figure 2: The power spectra of the 12 motion-sensitive, Ga-
bor-energy filters are positioned in pairs on a cube in the spa-
tiotemporal-frequency domain.

Gaussian window:
Gabor(t) = G(t) sin(wt + to) (1)

where G(t) is a Gaussian. The power spectrum of a sine wave,
sin(wt), is a pair of impulses located at w and ~w in the fre-
quency domain. The power spectrum of a Gaussian is itself a
Gaussian (i.e., it is a lowpass filter). Since multiplication in the
space (or time) domain is equivalent to convolution in the fre-
quency domain, the power spectrum of a Gabor filter is a pair
of Gaussians centered at w and —w in the frequency domain,
i.e., it is an oriented bandpass filter. Thus, a Gabor function is
localized in a Gaussian window in the space (or time) domain,
and it is localized in a pair of Gaussian windows in the frequency
domain.
Similarly, an example of a 3-D Gabor filter is

Gabory(7,y,t) = G(z,y,t)sin{wee @ + wyey + wint)  (2)

where G(x,y,t) is a 3-1) Gaussian. This function looks like a
stack of plates with small plates on the top and bottom of the
stack and the largest plate in the middle of the stack. The
stack can be tilted in any orientation in space-time. The power
spectrum of Equation (2) is a pair of 3-D Gaussians.

The model uses a family of Gabor-energy filters, each of
which is the squared sum of the response of a sine- and cosine-
phase Gabor filter, giving an output that is invariant to the
phase of the signal. The presenet implementation uses 12 fil-
ters, each tuned to the same range of spatial frequencies but to
different spatiotemporal orientations. Their power spectra are
positioned in pairs on a cube in the spatiotemporal-frequency
domain (Figure 2): four of them are at the eight corners of the
cube, two at the centers of the four gides, and six at the mid-
points of the twelve edges. For example, the filter that is most.
sensitive to down-left motion has the following power spectrim:

G{wz — wo, Wy = wo, wt — wo) + G(we + wo, wy + wo,wp +wp) (3)

where G(wz,wy, wt) is a 3-D Gaussian, wy, wy, and w; are spatial
and temporal frequencies, and wp specifies the tuning frequency
at which the fiiter achieves its peak output. Gabor filters can
be built from separable components, thereby greatly increasing
the efficiency of the computations.
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3 Motion in the Frequency Domain

Now let us review some properties of image motion, first pre-
sented by Watson and Ahumada [3,4], that are evident in the
spatictemporal-frequency domain. [ shall begin by describing
1-D motion in terms of spatial and temporal frequencies, and
observe that the power spectrum of a moving 1-D signal occu-
pies a line in the frequency domain. Analogously, the power
spectrum of a translating 2-D texture occupies a tilted plane in
the frequency domain.

3.1 One-dimensional Motion.

The spatial frequency of a moving sine wave is expressed in cy-
cles per unit of distance (e.g., cycles per pixel), and its temporal
frequency is expressed in cycles per unit of time (e.g., cycles per
frame). Velocity which is distance over time or pixels per frame,
equals the temporal frequency divided by the spatial frequency:

U= u,'f/wz (4)

Now consider a 1-D signal, moving with a given velocity ¥,
that has many spatial-frequency components. Each such com-
ponent w, has a temporal frequency of wy, = w,¥, while each
spatial-frequency component 2w, has twice the temporal fre-
quency wy, = 2w,0. In fact, the temporal frequency of this
moving signal, as a function of its spatial frequency, is a straight
line passing through the origin, where the slope of the line is &.

3.2 Two-Dimensional Motion

Analogously, 2-D patterns (textures) translating in the image
plane occupy a plane in the spatiotemporal-frequency domain:

W = uw, + vwy (5)

where @ = (u,v) is the velocity of the pattern. For example,
a region of a translating random-dot field or a translating field
of normally distributed intensity values fills a plane in the fre-
quency domain uniformly, i.e., the power of such an image se-
quence is a constant within that plane and zero outside of it (a
dot or impulse, and a normally distributed random texture have
equal power at all spatial frequencies). Because the motion of a
small region of an image is approximated by translation in the
image plane, the velocity of such a region may be computed in
the Fourier domain by finding the plane in which all the power
resides. The motion-sensitive spatiotemporal Gabor filters in-
troduced earlier are an efficient way of “sampling” these power
spectra (image a plane passing through the center of Figure 2).

4 Motion Energy to Extract Image Flow

Spatiotemporal bandpass filters like Gabor energy filters and
those filters discussed in previous papers [4,5,7] are not velocity-
selective mechanisms, but rather are tuned to particular spa-
tiotemporal frequencies. Consider, for example, two sine grat-
ings with the same velocity but different spatial frequencies
(i.e., they have proportionately different temporal frequencies as
well). A spatiotemporal bandpass filter will respond differently
to these two signals even though they have the same velocity.
Motion-energy fiters were first presented by Adelson and
Bergen [5]. Watson and Ahumada [3,4] first explained that a
moving texture occupies a tilted plane in the frequency domain.



This section combines these two concepts and derives a tech-
nigue that uses a family of motion-energy filters to extract ve-
locity. The role of the filters is to sample the power spectrum of
the moving texture. By combining the outputs of several filters,
the model estimates the slope of the plane (i.e., the velocity of
the moving texture) directly from the motion energies without
first computing component (or normal) velocity.

4.1 Extracting Image Flow

First, I derive cquations for Gabor energy resulting from mo-
tion of random textures or random-dot fields. Based on these
equations, I then formulate a least-squares estimate of velocity.

Parseval’s theorem states that the integral of squared values
over the spatial domain is proportional to the integral of the
squared Fourier components over the {requency domain. Convo-
tution with a bandpass filter results in a signal that is restricted
to a limited range of frequencies. Therefore, the integral of the
square of the convolved signal is proportional to the integral of
the power within the original signal over this range of frequen-
cies.

The power spectrum of a normally distributed random tex-
ture (or random-dot field) fills a plane in the spatiotemporal-
frequency domain uniformly (Equation 5). The power spectrum
of a Gabor filter is a 3-D Gaussian. By Parseval’s theorem Ga-
bor energy, in response to a moving random texture, is propor-
tional to the integral of the product of a Gaussian and a plane.
For example, the formula for the response of the Gabor-energy
filter most sensitive to down-left motion is derived by substitut-
ing Equation (5) for w; in Equation (3), and integrating over
the frequency domain:

2]&/00 F e~r[(/.u;'hm)2+(w,—~wn)+(w;+vw,—wg)2]dw dw (6)
“OQ‘I o0 y y

where k is a scale factor and ¢ depends on the bandwidth of the
{ilter. This integral evaluates to

t (U, v, k)e—fg(um)(u?'+|)2+2uv——2u—-2£'+1) (7)
where
2kn
ti(u, v, k) = e 8
1w k) N T (&)
2
cwh
t Y = e 0
2(1, ) u? + 02+ 1 ()

Similar equations can be derived for all twelve Gabor-cnergy
filters, thus yielding a system of twelve equations in the three
unknowns (u, v, k). The factor t;(1,v, k) appears in each of
these twelve equations. We can eliminate it by dividing cach
equation by the sum of all twelve of them resulting in a system
of equations that depend only on v and v. These equations pre-
dict the output of Gabor energy filters due to local translation.
The predicted energies are exact for a pattern with a flat power
spectrum (e.g., random-dot or random-noise fields).

Now let us formulate the “best” choice for u and v as a least-
squares estimate for this nonlinear system of equations. Let O}
(s =1 to-12) be the twelve observed Gabor energies. Let

'
O; = 9

=50 (10)

Also, let R;(u,v) be the twelve predicted energies as in Equation
7. The least-squares estimate of ¥ = (u,v) minimizes

12
F(u,v) = Z[o,-- Ri(u,v)}? (11)

=1

There are standard numerical methods for estimating ¢ = (u,v)
to minimize Equation (11), e.g., the Gauss-Newton gradient-
descent method. In Section 5, I describe a parallel approach for
finding this minimum.

Since the system of equations is overconstrained (12 equa-
tions in two unknowns), the residuals [O;— R;{u, v)] may be used
to compute a confidence index for the solution. 1 am investigat-
ing the possibility of using, as potential confidence indices, the
sum of the squares of the residuals, the variance of the residuals
divided by their mean, as well as the sharpness/width/curvature
of the minima. Computations that use the flow vectors as in-
puts, e.g., for estimating 3-D structure and motion, could weight
each vector according to its confidence.

In summary, an algorithm for extracting image flow proceeds
as follows:

1. Convolve each image in the image sequence with a center-
surround filter to remove the dc and lowest spatial fre-
quencies.

2. Compute motion energy as the squared sum of the sine-
and cosine-phase Gabor filters.

. Smooth the resulting motion energies and divide each by
the sum of all twelve.

w

4. Find the best choice of ¥ and v to minimize Equation
(11), e.g., by employing the Gauss-Newton method or the
parallel approach presented in Section 6.

4.2 Results

The system of equations discussed above are precisely correct
only for images with a flat power spectrum, but the model has
been succesfully tested for a variety of computer-generated and
natural images.

Figure 4 shows the flow ficld extracted from a random-dot
image sequence of a sphere rotating about an axis through its
center, in front of a stationary background.

Figure 6 shows the flow field extracted from a computer-
generated image sequence flying through Yosemite valley. Each
frame of the sequence was generated by mapping an aerial pho-
tograph onto a digital-terrain map (alititude map}). The ob-
server is moving toward the rightward horizon. The clouds in
the background were generated with fractals (sce recent SIG-
GRAPH conference proceedings) and move to the right while
changing their shape over time.

One way to test the accuracy of the flow field is to use it to
compensate for the image motion by shifting each local region
of each image in the sequence opposite to the extracted flow.
This should result in a new image sequence that is motionless,
i.e., the intensity at each pixel should not change over time.
Figure 6(d) shows the variance in the intensity at each pixel after
compensating for the image motion in this way. The variance is
very small for most of the landscape region indicating that the
extracted flow field is quite accurate. Most of the high variance
regions can be attributed to occlusions — more of the landscape
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comes into view over tine thereby changing the grey levels. The
extracted Aow field is erroneous in two regions: (1) the cloud
motion is blurred over the landscape near the horizon; (2) some
of the flow vectors near the bottom of the image are incorrect
probably due to temporal aliasing and /or the aperture problem.
The clouds change their shape over time while moving right-
ward. Compensating for the extracted rightward flow yields
staticnary clouds that still change their shape over time result-
ing in the high variance at the top of 6(d). The procedure of
estimating image flow and then compensating for it has allowed
us to scparate the cloud region from the rigidly moving land-
scape. A fractal-based model for the recognition of nonrigid,
turbulent flows is presented by Heeger and Pentland [9].

5 A Parallel Implementation

The last step in the above algorithm is to find the minimum of
a two-parameter function. One way to locate this minimum is
to evaluate the function in parallel at a number of points (say,
on a fived square grid), and pick the smallest result. In the
context of the model, each point on the grid corresponds to a
velacity. Thus, evaluating the function for a particular point on
the grid gives an output that is velocity-sensitive. Local image
velocity may be encoded as the minimum in the distribution of
the outputs of a number of such velocity-sensitive units, each
tuned to a different . The units tuned to velocities close to the
true velocity will have relatively small outputs (small error),
while those tuned to velocities that deviate substantially from
the true velacity will have large outputs (large error).

For a fixed velocity, the predicted motion energies from the
system of equations discussed above (e.g., Equation 7) are fixed
constants — denote them by a;. Thus, we may rewrite Equation
(11) for a fixed ¥ as

12
FJ‘ = Z [(), = u';_,-i", {|2)
=1
where 175 is the response of a single velocity-sensitive unit and
w;; are constant weights, each corresponding to one of the mo-
tion energies for a partienlar velocity. A mechanism that com-
putes a velocity-tuned output from the motion-energy measure-
ments performs the following simple operations:

1. Divides each motion energy by the sum or average of all
twelve motion energies,

2. Subtracts a constant from each of the results of Step (1).
3. Sums the squares of the results of Step (2).

An example of the outputs of these velocity-tuned units is
shown in Figure 3(a) that displays a map of velacity space, with
each point corresponding to a different velocity — for example,
# = (0,0) is at the center of each image, & = (2,2) at the
top-right corner. The brightness at each point is the output of
a velocity-sensitive unit tuned to that velocity, therefore, the
minimum in the distribution of responses corresponds to the
velocity extracted by the model.

6 Motion Energy to Recover Depth

This section presents a technique for recovering a dense depth
map from the velocity-sentive units discussed above given prior
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Figure 3: (a) velocity-sensitive units responding to a moving
random-dot field. The minimum in the distribution of responses
corresponds to the velocity extracted by the model. (b) ve-
locity-sensitive units responding to a single moving sinusoidal
grating; the aperture problem is evident as there is a trough of
minima.

knowledge of the 3-D rigid-body motion parameters. There are
a number of situations in which we have prior estimates of these
parameters — for example, they may have been estimated from
sparse image motion data or from other sensors, e.g., a mo-
bile robot equipped with an inertial guidance system moving
through a static environment.

First, 1 show that for a fixed 3-D rigid-body motion, depth
values parameterize a line through image-velocity space. Each
point on the surface of a rigidly moving surface patch has an
associated velocity vector, V= (V2,Vy, V,), given by

V=0xR+T (13)

where 1 = {wz,wy,w:) are the rotational components of the
rigid motion, T = (tz,ty,t:) are the translational components
of the rigid motion, and i = [, y. z(r, y)] is the 3-D position of
each point on the rigidly moving surface [10].

Under orthographic projection, image velocity, ¥ = (u,v) =
(V2.Vy). Thus, we may rewrite Fquation 13 as

U = wyz—uwy+t; (14)
U o= =wyrduw,r+1, (15)

For fixed (1, T, r, and y this is the parametric form of the
equation of a line -— changing z corresponds to sliding along
this line,

Now, | explain how to recover depth from the collection of
velocity-sensitive units presented in the preceding section. Since
depth parameterizes a line through velocity space, the local
depth estimate corresponds to the minimum in the distribution
of the outputs of those veloeity-sensitive units that lie along this
line. We need only locate the minimum along this line.

Formally, we substitute Equations 14 and 15 for « and v in
Fquation 11 giving

F'(z) = Flu(z),v(2)]
12
= Y [0i = Ri(u(z), v(2))]? (16)
i=1

and pick z that minimizes F'(z). In this way, depth and velocity
are simultaneously extracted from motion energy.

A depth map recovered from the random-dot sphere se-
quence discussed above is shown in Figure 5. The technique
may be extended to perspective projection by approximating
with locally orthographic projection.



7 The Aperture Problem

An oriented pattern, such as a two-dimensional sine grating or
an extended step edge suffers from what has been called the
aperture problem (for example, see Hildreth [11]): there is not
enough information in the image sequence to disambiguate the
true motion of the pattern. At best, we may extract only one
of the two velocity components, as there is one extra degree of
freedom. In the spatiotemporal-frequency domain, the power
spectrum of such an image sequence is restricted to a line, and
the many planes that contain the line correspond to the possible
velocities. Normal flow, defined as the component of motion in
the direction of the image gradient, is the slope of that line.

Figure 3(h) shows the outputs of velocity-sensitive units for
a moving sinusoidal grating. The aperture problem is evident as
there is a trough of minima. Preliminary investigation indicates
that the velocity extracted by the mode! defaults to normal flow
for such strongly oriented patterns. Depth may be recovered
even for local regions that suffer from the aperture problem —
though the velocity-sensitive units output a trough of minima,
there will be a single minimum along a line passing across the
trough. Future research will study how the velocity and depth
estimates vary for patterns that are more and more strongly
oriented.

8 Summary

This paper presents a model for extracting velocity and depth
at each location in the visual field by taking advantage of the
abundance of motion information in highly textured image se-
quences. The power spectrum of a moving texture occupies a
tilted plane in the spatiotemporal-frequency domain. The model
uses 3-D (space-time) Gabor filters to sample this power spec.
trum and estimate the slope of the plane (i.e., the velocity of the
moving texture) without first computing component velocity. A
parallel implementation of the model encodes velocity as the
peak in a distribution of velocity-sensitive units. For a fixed 3-
D rigid-body motion, depth values parameterize a line through
image-velocity space. The model estimates depth by finding the
peak in the distribution of velocity-sensitive units lying along
this line. In this way, depth and velocity are simultaneously
extracted from motion energy.
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Figure 4: A rotating random-dot sphere. (a) one frame from i
s the image sequence. (b
:.;t.téa:il ﬂow_ ﬁ;ld. (c) ext:la.cted flow — the brightness of each vector ig we;éhtgsebjg 3.
nfidenc i i
i [:) .m ex computed from the residuals of the least squares. (d) difference between

Figure 5: (a) Actual depth map. (b) Recovered depth map. (c) Absolute value of the
difference between (a) and (b).
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Figure 6: (a) one frame of an image sequence flying through Yosemite valley. (b)
extracted flow field. (c) the variance of image intensity over time at each pixel of the
original image sequence. (d) variance after compensating for the image motion.
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