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Figure 6. Hierarchical image decomposition: the original images are decomposed in a
hierarchical set of frequency channels prior to optic flow estimation.

are the normalized principal directions of
maximum and minimum curvature. d,
denotes the displacements obtained by
the minimization of S(x, d) in the Lapla-
cian pyramid (usually, three levels are
used). At the coarsest level, where the
largest motion is assumed to be less than
one spatial unit per frame, SSD minima
are located to subpixel accuracy by find-
ing the minimum of the SSD correlation
surface and smoothed using iterative
equations based on (2.34). Then, using an
overlapped projection scheme, these dis-
placements are projected to the next level
in the pyramid. Matching and smoothing
are performed in this manner at each
level in the pyramid from the coarsest
level down to the finest level, the original

image, yielding the final optical flow field.

Singh’s approach {1992] is similar to
Anandan’s method [1989] as it also uses
SSD minimizations and a two-stage com-
putation. The first stage consists of the
computation of SSD values with three
adjacent high-pass filtered images I_,,
I, and I,. The three-frame SSD surface is
computed as

Sx,d) = S, 1(x,d) + Sy _(x, —d).
(2.35)

The surface S is then converted into a
probability distribution, defined as

R (d) = ¢ FSxd, (2.36)
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where
In(0.95)
min(S(x,d))’

Subpixel velocity estimates d, are ob-
tained by computing the weighted aver-
age using the R (d) values for a given
image area. Covariance matrices S, asso-
ciated with disparities d, are also com-
puted.

The second step of Singh’s algorithm
propagates velocity using a neighborhood
smoothness constraint. Again, a weighted
average approach is used in computing
d,, an average of d, over small image
regions. d, and d, are then used to cre-
ate a covariance matrix S,. The correct
disparity field minimizes the functional

J@d-d,)8,'@-d)"
D (2.37)

+(d—-d,)S; d-d,)" dx,

which expresses the requirement of a
smoothly varying disparity field across
D. The eigenvalues A, and A, of matrix
[S, +S.1"! act as confidence measures
for the estimates. Singh recommends the
use of a Laplacian pyramid with a
coarse-to-fine strategy as in Anandan
[1989] to estimate larger velocities. In
addition, Singh’s framework was ex-
tended with a Kalman filter approach in
order to record motion estimates along
with their confidence measures and to
integrate new measurements with exist-
ing estimates [Singh 1991].

2.4 Multiple Motion Methods

Many phenomena can cause multiple im-
age motions. Among them, occlusion and
transparency are important in terms of
their occurrence and significance in real-
istic imagery. In addition, their informa-
tion content is useful in later stages of
processing, such as motion segmentation
and 3D surface reconstruction. Occlusion
boundaries are described by the partial
occlusion of a surface by another, whereas
transparency is defined as occlusion of a
surface by translucent material. In real-
istic imagery, one finds occlusion to be
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the most frequent cause of discontinuous
motion.®

Among the limitations inherent to gra-
dient-based methods, the requirement
of differentiable intensity structures
throughout the image domain is perhaps
the most restrictive. At motion disconti-
nuities where most of the information
resides, the use of Equation (1.3) be-
comes problematic, because the intensity
derivatives theoretically do not exist. In
addition, typical correlation-based tech-
niques are sensitive to occlusion as im-
age structures near occlusion boundaries
may appear or disappear in time, possi-
bly leading to mismatches. Furthermore,
local optical flow constraints such as (1.3)
and local correlation methods are often
coupled with global requirements that
impose a spatial continuity on optical
flow. It is obvious that such isotropic re-
quirements cannot be satisfied in gen-
eral, as imagery often contains motion
discontinuities.

2.4.1 Line Processes

Other functionals that attempt to esti-
mate discontinuous motion have been de-
veloped. One strategy to handle occlusion
involves using binary line processes that
explicitly model intensity discontinuities
[Geman and Geman 1984]. Koch et al.
[1989] relax the imposition of a smooth-
ness constraint at those pixels having a
large spatial gradient. This prevents
smoothing over discontinuities and as-
sumes that motion discontinuities occur
in the same location as intensity discon-
tinuities [Poggio et al. 1988]. Black [1992]
also shows how line processes could be
used in a robust (Kalman filter-like)
framework.

The nonbinary inhibition of smooth-
ness across intensity contours, was pro-
posed by Nagel [1983a, 1983b, 1987,

® prazdny [1985] was one of the first to explicitly
allow for disparity discontinuities locally mm two
stereo 1mages.



1986]. This approach is based on the
minimization of the functional

f(w-v + 1) + A2 (V) W(Vv)) dx
D

(2.38)
where
2
- 1 12+6 -I1I,
VIl + 28\ 1,1, IZ+38)

in which the quantity (u, I, ~u,I,)* +
(v, I, —v,1,)*, representing the “spatial
variation of v in the direction perpendic-
ular to the image gradient, is minimized
across intensity contours. This functional
is known as the oriented smoothness con-
straint. The minimization procedure can
be implemented using finite differences
[Barron et al. 1994] or finite elements
[Kirchner and Niemann 1992; Schnorr
1992]. This oriented smoothness ap-
proach has been recently extended into
the temporal domain [Nagel 1990]. A
similar method using an intensity-
weighted smoothing procedure is pre-
sented by Aisbett [1989]. This approach
is characterized by the inhibition of an
isotropic smoothness constraint for im-
age regions containing significant inten-
sity variations. Contrary to Nagel’s
method [1987], the inhibition of the
smoothness constraint is not directional.
In addition, the image intensities are as-
sumed differentiable and the domain of
application of the algorithm is explicitly
restricted to images that satisfy this re-
quirement.

Closed curves may also be used to sep-
arate image regions exhibiting different
velocities. Schnorr [1992] proposes a
method that consists of defining such a
curve, delimiting an arbitrary area
around the region where the existence of
an independently moving object is as-
sumed, thus creating two domains €},
and Q,. Given two velocity fields v, and
v,, the closed curve defining the two do-
mains is iteratively refined by minimiz-
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ing the functional
ff(‘?l,vl)dx+f g(¥,,v,)dx (2.39)
Ql QO

where f= (¥, —v)?, g =, —v,)* and
v, and v, are measured velocities within
Q, and Q_, respectively. However, as-
suming a priori knowledge about the po-
sition of the independently moving object
limits the generality of this method.

2.4.2 Mixed Velocity Distributions

Another strategy for estimating discon-
tinuous optical flow is to make explicit a
model for mixed velocity distributions
(usually two) at each image point. A
method of estimating discontinuous mo-
tion on a local basis, presented by
Schunck [1989], uses the optical flow
constraint equation (1.3) to compute sev-
eral constraint lines in velocity space for
small spatial neighborhoods. Clusters of
intersections of these lines with the con-
straint line of the central point of the
neighborhood are analyzed to determine
the smallest cluster containing at least
half the intersection points. The middle
point of this cluster thus defines the mo-
tion estimate v. If two motion patterns
are present within the neighborhood,
then v is considered as the dominant one.
Hence, velocity can be correctly esti-
mated across motion boundaries (see Fig-
ure 7). However, neighborhood sizes must
include significant constraint line varia-
tions, as finding intersections of con-
straint lines may become ill-conditioned
otherwise (this is simply another mani-
festation of the aperture problem).
Jepson and Black’s mixture models [1993]
also follow this approach, but use a ro-
bust estimation framework.

When multiple motions arise within a
single image region, a least squares solu-
tion to the optical flow constraint line
clustering problem leads to an average
estimate of these multiple motions. Not-
ing that difficulty, Black [1991, 1992,
1990] reformulates the problem of esti-
mating optical flow by using robust esti-
mators. This framework consists of the
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Figure 7. The constraint line from the central point of
the 1mage region being considered intersects with the
constraint lines of neighboring 1mage points.

minimization of a functional that ex-
presses the various assumptions made
about image motion:

E(v,v) = A Ep(v) + AgE (V)
+ A Ep(v,¥),

(2.40)

where Ep(v) is the optical flow con-
straint equation, E¢(v) is a spatial coher-
ence constraint (a spatial smoothness
term) and E,(v,¥) is a temporal coher-
ence constraint:

(2.41)
(2.42)
(2.43)

E;(v,¥) = pp(v —¥,0,)
Ey,~v) =p,(VI-v +1,,0,)
Ev)= ) ps(v—v,, o).

S
n=0

V is a prediction about v at time # + 1.
Pp, Ps, and p, are robust, Lorentzian
M-estimators. Their use is motivated by

the fact that the distribution of multiple -

motions within a single image region is
not Gaussian and to account for events
unmodeled by the brightness constancy
assumption. The robustness of these sta-
tistical estimators is characterized by
their relative insensitivity to deviations
from the assumed statistical model in the
set of measurements, allowing the esti-
mation of discontinuous optical flows. In
Figure 8 the influence function of the
Lorentzian probability distribution tends
to zero rapidly for deviations from the
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mean. These are considered outliers
[Black 1992].

Multiple patterns of motion within a
single image region also arise from par-
tial transparency of occluding surfaces.
Bergen et al. [1992] present an algorithm
for estimating up to two different mo-
tions within a single intensity neighbor-
hood. The algorithm uses the following
steps: let v; and v, be two distinct veloci-
ties within an arbitrary image region. An
iterative process is applied for estimating
v, and warping the corresponding image
region in the nex{ two frames to compute
two difference images, D, and D,, used
in turn to estimate v,. If v, is a reason-
able estimate of one velocity pattern then
the residual intensity structure in D,
and D, reflects the velocity v,. The algo-
rithm is iterated until the estimates v,
and v, stabilize. It is generally sufficient
to assume v; = v, = 0 initially, if no a
priori knowledge is available. A least
squares method is employed for solving
v, and v,, using (1.3).

Other approaches for the measurement
of multiple motions exist: the distribu-
tion of motion patterns may be regarded
as a superposition of data distributions.
Shizawa and Mase [1991] apply a super-
position principle to multiple motions and
show that existing algorithms for optical
flow, 3D motion and structure, etc., can
be generalized to handle many motion



Figure 8.
cloud of points.

distributions. Similarly, multiple motions
can be thought of as a set of layers, each
describing a particular motion, over a
particular domain. Techniques to sepa-
rate these layers have been proposed by
many authors: Darrell and Pentland
[1991] explicitly take the support of ho-
mogeneous regions into account by using
a multi-layer, cooperative, robust estima-
tion framework. Jepson and Black [1993]
use an expectation-maximization (EM)
algorithm to group a wide variety of com-
ponent velocities into a fixed number of
layers. Irani et al. [1994] determine a
dominant motion in an image using a
least squares approach and then group
and segment the outlying motions. Their
approach assumes that there is only one
dominant motion and many outlying mo-
tions, each of which is assumed to corre-
spond to independently moving objects.
Adiv [1985] uses a Hough transform on a
precomputed optical flow field to group
regions having velocities consistent with
roughly planar surfaces. This grouping is
based on finding neighboring velocities
sharing the same affine transformations.
Negahdaripour and Lee [1992] present a
segmentation process based on a hierar-
chical clustering method that does not
assume a precomputed optical flow field.
They fit an affine model to small regions
of the image and then repeatedly merge
neighboring regions based on similarity
of their affine parameters. Then, given
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(a) A least squares fit through a cloud of points. (b) A robust fit through the same

two sufficiently large planar regions, a
motion and structure calculation can be
performed. Wang and Adelson [1994] use
a clustering algorithm to group velocities
into layers, each consistent with an affine
motion. Bober and Kittler [1994] use a
block-based Hough transform in a robust
estimation framework (redescending ker-
nels) to obtain robust velocity estimates,
including multiple motions, by clustering
coherent motions at the same time the
motion estimation is performed. Two
confidence measures based on support
functions are also proposed. In addition,
hierarchical frameworks are known to
separate motion components with respect
to spatiotemporal frequencies. Burt et al.
[1991] suggest that multiple motions
could be handled separately using differ-
ent spatiotemporal frequency channels.

2.4.3 Parametric Models

Parametric models generally describe
image motion with bivariate polynomials
of varying order in the image coordinates
and provide strong constraints on mo-
tion, which usually results in the accu-
rate inference of optical flow [Black and
Jepson 1994]. These models possess de-
sirable qualities: the motion of large
image regions may be described with a
single set of parameters, due to the in-
creased flexibility of representation. In
addition, parametric models are ade-
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quate for the description of discontinuous
optical flow as each segmented region
may be described with a particular set of
motion parameters.

Bergen et al. [1992] consider the
computation of optical flow from the
viewpoint of image registration: given an
image sequence, the parameters that best
align an image with the next in the se-
quence are to be computed. This frame-
work unifies many of the approaches al-
ready surveyed. In all cases, a function is
to be minimized with respect to different
parameters modeling velocity. Their al-
gorithm has four basic components: pyra-
mid construction, motion estimation, im-
age warping, and coarse-to-fine refine-
ment. A Laplacian pyramid is used to
hierarchically represent the image data
[Burt and Adelson 1983], and motion es-
timation is performed by SSD minimiza-
tion with respect to a particular model of
motion. Image warping uses the current
parameter values to compute an optical
flow field at time ¢ and then reconstructs
another image at time ¢ from the image
at time ¢ — 1. Image reconstruction is
performed using bilinear interpolation.
The warped image is then compared with
the original image and an error measure,
based on image difference, is minimized
with the Gauss-Newton method. The last
component is a propagation of motion
estimates from one level in the pyramid
to the next lower level where they are
used as initial guesses for the iterative
refinement.

Using Bergen et al.'s [1992] classifica-
tion, the optical flow methods previously
presented can be thought of as paramet-
ric, quasiparametric, or nonparametric.
Parametric models fully describe the
individual motion with a bivariate equa-
tion. For example, affine models approxi-
mate image velocity as:

ulx,y) =a,(x,v) +a,x +azy
vlx,y) =ax,y) +asx +agy, (2.44)

which is reasonably valid when surfaces
are far from the observer or the image
region under analysis is small. This mod-
els optical flow as a superposition of uni-

ACM Computing Surveys, Vol 27, No 3, September 1995

S. S. Beauchemin and J. L. Barron

form motion and rotation, dilation, and
shear. This is the model used by Fleet
and Jepson [1990, 1992] to integrate
component velocities in local neighbor-
hoods. Adiv [1985] also uses this model to
segment and fit velocity measurements
to local planar patches in the first stage
of his algorithm. Spetsakis [1994] uses
an affine flow model and a hierarchy of
Gabor filters. A second model assumes
planarity of local surfaces:

ulx,v) =alx,y) +ayx +ayy

+ aTxZ + agxy
(2.45)
vix, ¥y} =adx,y) +agx +agy

+agxy + agy’,

which is the velocity functional method
of Waxman and Wohn [1985] which they
extended to include second-order curved
surfaces. In both (2.44) and (2.45) the a,’s
are neighborhood center velocities or
first- and second-order velocity deriva-
tives. These parameters completely de-
scribe a planar surface velocity field. Any
constant velocity model, such as Lucas
and Kanade’s [1981], is also an example
of a parametric model for general motion
[Bergen et al. 1992]. Usually, the order of
a parametric model describes its applica-
bility for large image regions.
Nonparametric models are those typi-
cally used in global optical flow recovery.
Horn and Schunck’s global smoothness
[1981] or Nagel’'s oriented smoothness
constraint [1987] are examples of non-
parametric models. Quasiparametric
models use a combination of parametric
and nonparametric models. Bergen et al.
place rigid motion models in this class.
Rigid motion arises from rigidly moving
scene objects under perspective projec-
tion. Direct motion and structure meth-
ods are examples of this model: Hanna
[1991, 1993] shows that the rigidity as-
sumption can be used to overcome the
aperture problem in most cases. These
parametric models are presented in a
unified hierarchical framework [Bergen
et al. 1992]. The hierarchy yields in-



creased computational efficiency and also
allows for increased accuracy and robust-
ness via coarse-to-fine refinements and
image warping.

Black and Jepson [1994] determine
coarse optical flow via a correlation
method [Black and Anandan 1993] and
fit parametric models to segmented re-
gions of the image by hypothesizing local
planarity and using coarse velocities to
perform segmentation. Standard area-
based regression techniques further re-
fine these motion estimates. Deviations
from planarity are modeled by allowing
local deformations in the motion esti-
mates. Hence, their approach does not
try to fit a single parametric model to the
whole image, but many parametric mod-
els to individual segmented regions. Also,
Haddadi and Kuo [1992] propose a para-
metric smoothness model that decom-
poses optical flow into irrotational and
solenoidal fields and imposes a smooth-
ness constraint on each field separately.
Parameters are iteratively improved and
smoothing across motion boundaries is
avoided.

2.5 Temporal Refinement Methods

Most of the preceding methods for com-
puting optical flow do not incorporate
motion estimates from previous calcula-
tions within an image sequence being
acquired: given two or more images, opti-
cal flow is computed only for one of the
images. Recently, there has been some
interest in incremental computation of
optical flow.*® The advantages include
instantaneous access to optimal velocity
estimates, accuracy improvement as the
integration of optical flow over time is
performed, computational efficiency
gained by updating the estimates with
the current frame, and the ability to
adapt to discontinuous optical flow as the
observer or scene objects abruptly vary
their motions.

®See Black [1992], Black and Anandan [1993],
Singh [1991], Fleet and Langley [1995b], Chin et al.
[1994].
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Black’s [1992] algorithm may also be
viewed as an incremental model because
it minimizes an objective function that
incorporates conversion of image inten-
sity and spatiotemporal coherence in a
robust estimation framework. Temporal
continuity allows prediction of the next
image velocity, assuming uniform accel-
eration. Warping with bilinear interpola-
tion is used to estimate the acceleration.
Black and Anandan [1991] use a Markov
random field (MRF) method in a refor-
mulation of Black’s approach. The MRF
algorithm is parallel, local, and detects
occlusion boundaries in an incremental
fashion but, as formulated, can only han-
dle integer motions. Singh [1991] uses a
Kalman filter to integrate velocity esti-
mates computed by a hierarchical corre-
lation method [Singh 1990]. The Kalman
filter reduces the uncertainty of the esti-
mates over time. This framework also
detects occlusion boundaries. Fleet and
Langley [1995a] use low-pass recursive
filters to produce and update gradient-
based velocity estimates from a sequence
of images. Chin et al. [1994] present an
extension of Horn and Schunck’s [1981]
dense optical flow algorithm that uses a
temporal coherence constraint to produce
near optimal, recursive flow estimates
from multiple frames.

3. DISCUSSION

Although many methods and strategies
have appeared, the estimation of image
motion remains a challenging task: to
date, except in limited circumstances, no
technique is able to generate sufficiently
accurate and dense optical flow fields to
allow the general recovery of motion and
scene parameters in a realistic environ-
ment. In fact, motion and structure algo-
rithms need very accurate optical flow to
carry useful 3D motion and structure
computations [Barron et al. 1990]. Also
needed are accurate means of determin-
ing the reliability of computed image ve-
locities. Such reliability measures have
been proposed: covariance matrix eigen-
values [Simoncelli et al. 1991; Singh
19921, Gaussian curvature [Uras et al.
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1988], principal curvature [Anandan
1989; Heeger 1988], spatial gradient
[Barron et al. 1994], eigenvalues of a least
squares matrix [Simoncelli et al. 1991],
and support function values [Bober and
Kittler 1994]. These confidence measures
allow for thresholding, yielding more ac-
curate but sparser optical flow fields.
They may also be integrated in subse-
quent processing, such as weights in a
least squares motion and structure
calculation.

Of importance in an accurate estima-
tion of image motion in the surveyed
methods is the requirement for appropri-
ate spatiotemporal sampling rates, in or-
der to compute accurate spatiotemporal
derivatives for differential-based meth-
ods, to reduce the search areas for
matching-based methods, or to limit the
amount of aliasing when estimating opti-
cal flow with frequency-based filtering
methods. Too often, the assumption that
imagery is free of aliasing effects is made.
Conventional cameras usually produce
imagery with severe temporal aliasing,
especially for significant image motions.
Reducing aliasing effects may be accom-
plished by increasing temporal sampling
rates, image prefiltering, or by using hi-
erarchical processing. Of course, In-
creased temporal sampling rates lead to
more accurate optical flow computations.
However, for a number of reasons, in-
cluding small temporal support (only a
few images) or fast image motion, such
appropriately sampled imagery is not al-
ways available. In such cases, accurate
temporal derivatives may be difficult to
obtain and hierarchical matching-based
methods seem to be a natural choice. It
has also been observed that some pre-
filtering of the image sequence prior to
the extraction of basic image motion
measurements, such as intensity deriva-
tives or correlation surfaces, significantly
increases the accuracy of results [Barron
et al. 1994]. For instance, a spatiotempo-
ral Gaussian smoothing of the image
sequence results in more accurate
derivatives for the methods of Lucas and
Kanade [1984, 1981] and Horn and
Schunck [1981]. Anandan’s [1989] and
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Singh’s [1992] computational schemes
also use prefiltering of the images by
computing hierarchical Laplacian im-
ages. It is believed that this high-pass
filtering emphasizes image structures
that are desirable for correlation.

Often, very restrictive assumptions
about image motion are posed. For exam-
ple, one of these assumptions requires
neighboring velocities arising from the
relative motion of a single surface to be
similar [Horn and Schunck 1981]. This
requirement is usually imposed by apply-
ing isotropic smoothness constraints onto
velocity estimates. However, only a few
simple cases of realistic imagery exhibit
continuous motion fields: realistic im-
ages, such as outdoor scenes, possess
complex structures for which global sin-
gle surface assumptions are inadequate.
Attempts at estimating discontinuous
image motion are proposed by Cornelius
and Kanade [1983] and Nagel [1983a,
1987, 1990] in the form of an inhibition
of the smoothness requirement across in-
tensity discontinuities. However, it is ob-
vious that intensity discontinuities may
not necessarily represent motion discon-
tinuities [Thompson et al. 1985]. The
problem posed by occluding surfaces
needs further investigation. Occlusion is
an important source of visual informa-
tion: optical flow at occlusion boundaries
can be used to determine the direction of
translation (the focus of expansion)
[Longuet-Higgins and Prazdny 1980] and
segment the scene into independently
moving objects [Thompson and Pong
1990], yet optical flow estimation at oc-
clusions is problematic. Adequate ap-
proaches to handling occlusion include
line approaches that explicitly model in-
tensity discontinuities and prevent
smoothing over them, layered or super-
posed parametric models, and mixed ve-
locity distribution models that assume
the presence of usually two velocities and
discriminate them according to some cri-
teria. In addition, occlusion has been re-
cently analytically described in Fourier
space [Beauchemin and Barron 1995;
Fleet and Langley 1995a].

Alternatively, optical flow may be esti-



mated with local constraints only.®' In
these schemes, no smoothness require-
ments are imposed and motion disconti-
nuities may be preserved. Of course, the
accuracy at motion boundaries or at re-
gions of transparency highly depends on
the model of motion being used. For
instance, single motion models are inade-
quate for handling occlusion and trans-
parency properly. Nonetheless, the use of
local constraints or parametric models
may be more appropriate in general
[Barron et al. 1994], as no arbitrary
smoothness requirement is imposed on
the structure of optical flow.

Lighting effects also constitute a prob-
lem in many image sequences. Constant
scene illumination and Lambertian sur-
face reflectance are either implicitly or
explicitly assumed for most current opti-
cal flow methods that use the brightness
constancy assumption. Although the ef-
fects of highlights, shadows, and illumi-
nation conditions on the estimation of
optical flow have only been studied to a
limited degree, it is possible to partially
compensate for these effects and esti-
mate image motion as a geometric quan-
tity if the characteristics of the light
sources are known. Towards this, the use
of multiple light sources [Woodham 1990]
and sets of multispectral constraints on
image motion [Markandey and
Flinchbaugh 1990] have been used.
Shading effects have also been modeled
[Mukawa 1993].

Aside from lighting conditions, some
surface reflectance phenomena also pose
difficulties. For example, transparent
surfaces usually lead to multiple motions
whereas highlights may create false mo-
tions. Perhaps due to their difficulty and
infrequency of occurrence, transparent
motions have been mainly ignored and
attempts at estimating multiple motions
have just begun to appear [Bergen et al.

31906 Bergen et al. [1992], Campani and Verri
[1990], Fleet and Jepson [1990], Lucas and Kanade
[1981], and Uras et al. {1988].
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1992; Jepson and Black 1993]. Methods
using orientation- and velocity-sensitive
filters may contribute to the solving of
this particular problem, as they provide
multiple measurements for each location
[Fleet and Jepson 1990]. Alternatively,
superposition principles and layered mo-
tions [Darrell and Pentland 1991;
Shizawa and Mase 1991; Wang and
Adelson 1994] are promising frame-
works. However, segmenting multiple
motion distributions remains difficult if
no a priori assumption is made on the
number of distributions present within a
support region.

Lastly, we would like to emphasize that
much of the image motion literature pre-
sents flow field examples for a few image
sequences, which can only be judged
qualitatively. Although the theory of op-
tical flow computation is being ad-
dressed, the practice of optical flow is
often neglected: far too little of the pub-
lished work provides quantitative error
analysis. Usually, only a qualitative com-
parison is possible. Even then, it is often
difficult to assess which techniques are
quantitatively better as authors typically
use their favorite image sequences, which
are not usually available to the commu-
nity and for which the correct image mo-
tion is unknown. A widely available set
of images for comparative testing is
needed. These images should have known
optical flow fields and allow a quantita-
tive error analysis. This is especially the
case for the newer work, as with the
layered approaches to optical flow, where
little or no quantitative analysis exists.

There are various means of performing
quantitative error analysis when correct
optical flow information is available: er-
ror can be expressed as absolute error,
relative error, angle error [Fleet and
Jepson 1990], RMS, or SNR ratios, allow-
ing one to compare optical flows for the
same image sequence. Furthermore,
quantitative analysis is possible without
motion information: RMS image recon-
struction error has been used to measure
error for real image sequences when the
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correct motion information is unavail-
able.??
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