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Abstract

We present a new method to find motion planes in energ
based and spatio-temporal derivative optical flow. Because|
our method makes few assumptions about the motion mode
and the number of motions present in the sampling window,
we are able to recover simple single motion as well as com-,
plex distributions involving transparency and occlusions. We
also discuss the effects of spectral overlapping in the case o
energy-based methods and present some results on synthetic
and natural sequences. Figure 1: Warping artifacts in the frequency domain: when
motion is not exactly one pixel per framieft: less than one pixel,
right: more than one pixel) warping artifacts begin to appear.

1. Introduction

When computing optical flow involving occlusions or transsynstant motion.
parency, local motion is often ambiguous and needs to be re-

solved in a larger window or globally as an energy minimizg- .y PR
tion problem. The method presented in this paper was de\?é1-2' Spatio-temporal derivative planes

oped to preserve information in the form of distributions ctPatio-temporal derivatives plotted in 3D will also lie on the
local motions and provides a way to estimate ambiguity. TIi8mMe plane if they represent the same motion. This can eas-
information can then be used to resolve the system globailly.Pe seen from the constant brightness constraint which de-
The method resolves planes that pass through the origin #F8Pes a plane where the normal is the motion in the spatial
3D sampled space. Such planes occur naturally in energy Again:

spatio-temporal derivative methods.
(Vg, vy, vy) - VI =0

1.1. Energy motion planes Each sample draws a line in the derivative space. Two

Energy based motion estimation approaches rely on the p ﬁmple§ ormore are ngcessar)lll to ?‘Or:\()e tEe p:jlane. Alssumlng
ciple that a linear motion of textures will draw oriented line atmotion is constantina small neighborhood, samples may

in time. These lines, in turn, form planes that intersect at {& taken inside a window. They could also be taken at differ-
origin in the sequence’s spectrum. Energy based motion gt scales, thu_s, the spatio-tempor al derlvanve filters would
timation is effective for egomotion [5] but can also be usdlf "tuned” to different frequencies in the image texture.

for optical flow where Gabor-like filters are used to Iocalli Lo
estimate frequencies [4]. .3. Existing work

Parametrizing energy motion planes is not trivial. In thEraditional implementations make assumptions about the
frequency domain, low frequencies are close to the origimymber or type of motions present in the sampling window.
giving little information about the orientation of the planéieeger [4] assumes a single motion plane that can be solved
while high frequencies give accurate information but are semalytically using gabor filters. Chest al. [2] makes no as-
sitive to noise. In addition, when motion is high, spectrglmption as far as the number of motions is concerned, but
overlapping occurs and the signal appear to “wrap arounttieé method is sensitive to noise and under-sampling artifacts.
(fig.1). Mann and Langer [5] support various motion speeds but the

The quality if the motion distribution recovered dependsientation has to be the same for all. Pingault [6] makes
mainly on the support of the filters used (usually determinad a priori estimate for the number of motions and uses 3D
by the window size in the spatial domain) and the resporgaussians and expectation maximization (EM) to model the
to the spatial textures, the resolution in time and wether timetion planes. Extra planes are then discaragubsteriori
assumption that motion is constant over time is true or nasing thresholding. Our method is most similar to &fual.
Taking more samples in time provides higher accuracy (¢52] which takes responses of conic filters to map precisely
pecially for high motion) but may break the assumption ¢fie planes in a sphericé, ¢) space. The main advantage



of our method is that we do not need to find the number of Where F' is the 3D Fourier or derivative samples. Only
motions by clustering the non-zero values near &hexis, half the sphere needs to be processed, and rays may be cast
and counting the clusters and model the spherical signal haKway inside since the energy is even-symmetric. All mo-
ing EM to recover the orientation of the plane corresponditign planes pass through the origin, therefore we expect each
to each cluster. Instead, we propose integrate energy alplape to appear a line on the surface of the sphere (fig.3).
rings and generate a motion distribution where a simple vot-The projection step is not necessary for the derivative ap-
ing scheme can then be used to identify the dominant npzeach. The spatio-temporal derivatives already describe a
tions. This removes the need for the iterative EM and, baie in 3D that goes through the origin. Therefore, instead of
cause we do not make the assumptions that the motion distasting rays, we can project the derivative lines on the surface
bution is gaussian, we obtain a distribution that can be marfethe sphere directly.

complex and allows a motion that is not purely translational.

2. Pre-Filtering 5 ¥
1

In energy based methods, if the filter used does not natur "

have a limited support, the image should be filtered to prev

discontinuities on the edges. For example, in a window

Fourier transform we multiply the signal in our window b

asine:I'(z) = I(z)sin (22%) + 1. While several authors

sizeg

use a gaussian filter, we find that it tends to blur the spectrum
(see fig.2). If this step is neglected, the shap borders will
interfere with the motion analysis: they will be considered as
non-moving discontinuities with full range spectrum and will

add an artificial plane at= 0.

Non Filtered Linear Filter

Figure 3: Projection of the energy on the surface of a sphere:
thetop row shows the sequence of a square that moves to the right
at a speed ofl, 0) along with thdog-energy of its 3D Fourier trans-
form. The black hole in the center is a result of the high pass filter.
Rays are then cast from the center of the cube and projected onto
the surface of a spherBottom left: projection on an actual sphere.
Bottom right: unwrapped®, ¢) texture map.

0.5 pixel/frame
—_—

4. Integration

Gaussian Fier (0=0.16) Cosine Filter The motion distribution is found by integrating rings around
the sphere. We define an axig, v,1 — vu? 4+ v2) on the
Figure 2: Effect of various filters on energy: neglecting spatio- Surface of the sphere and find a pgigtperpendicular to this
temporal filtering or using the wrong image filter generates artifa@xIS:
in frequency space.

po={( (Vu?+v%—1)cos(arctan 2),

The next step consists in attenuating the low frequencies (Vu? +v? — 1) sin(arctan =),
using a high-pass filter. This filter will get rid of the DC com- Vu? + v?)

ponent as well as frequencies that provide little information
about the motion and tend to interfere with the rest of the prg
cess. A typical standard deviation for this filter is 20% of the
nyquist frequency.

_We use quaternions to rotatg around the axis integrate
along the ring:

27
Pu,v) = / S(Rotg - po)do
0

3. Projection o , o ,
Again, in practice, because the signal is even-symmetric,

The projection remaps the energy of the sequence onto ¢h one hemisphere needs to be computed and rings can be

surface of a sphere. This step is similar to [12] except that jfnited to 180° instead of360°.

stead of using conic filters, it simply projects by casting rays The result is a gauss map(u,v) that gives the re-

along the normals of the sphere thus integrating the spectrigfidnse of each motion plane oriented with a normal

F onto the surfacé: (u,v,v/1—u% —v2). To enhance this map, its minimum
value is substracted from all other responses. This mini-
No,p = (sin 6 cos ¢, sin ¢, cos 6 cos ¢) mum value corresponds to white noise in the original signal
and low frequencies that contributed to several or all orien-
S(N) = /F(7'N)d7” tations (thus, giving no relevant information about motion).



The gauss map can be represented as a planar map, as sheawme diffused on the surface of the sphere during the pro-
in fig.4. jection step.

6. Conclusions

We presented a simple yet robust method to find multiple mo-
° tion planes for energy-based motion estimation. The method
makes no assumption about the number or the type of mo-
tion in the sampled window and is robust to the spatial and
temporal aliasing. We showed that the maximum response
in the motion distribution map corresponds to the plane of
the dominant motion, thereby making the method suitable for
simple motion estimation. In addition, it is possible to per-
. ) ) ) form further analysis on the local maxima to learn and take
Figure 4: Integration of rings around the sphere: we define a 1, 4ccount other motions present in the sampling window.
normal (z, y, z) with coordinates(z, y, /1 — a2 —y2) and inte- ' pananding on the resolution of the motion density map, an
grate the energy on the ring that is perpendicieiddle: the gauss ;.0 entation of this method takes a fraction of a second
map where each point is the responses of a motion pRight: the L . L
equivalent planar map where we find the actual coordinates of {Recompute and 'One could easily imagine further qptlmlza-
motion: the marked maximum corresponds to the vettdri?7, 0) tlon_s Whe_re the rings are evaluated from coarse to fine over a
region of interest.
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Figure 5: All results used 81 x 31 x 9 window and an energy approach. The resolutionS(, ¢) and of the density map (u, v)

were64 x 32 and64 x 64 respectively.a: Two images of noise with motiofil, 0) and(—1, 0) added together . The two motions are
recovered (one maximum &t.004, 0) and another one gt-0.992, 0)). b: A black rectangle on a white background moving/&t0)

pixels per frame. The high motion creates severe aliasing along the temporal axis. Yet, motion is f@ut@ &j. For such a sequence,

a better approach would be to first subsample the image - reducing the speed and thus the aliasing, but we wanted to show how aliasing
affects our methodc: Motion with parallax. The window chosen contains multiple motions going to the right (the camera translates to

the left and trees of different depth move at different speeds). In the rightmost image, the parallax appears as stretch along the x axis.
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