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Abstract

Visual motion analysis has become a subject of high concern in robot vision and
dynamic scenc analysis in the last decade. The estimation ol dense velocity ficlds
[rom image sequences is basically an ill-posed problem, primarily because the data
only partially constrain the solution. Morcover, the optical flow cstimation problem
is rendered especially difficult by the possible discontinuitics and oeclusions between
different moving objects in a. dynamic scene. The clas-ical vegularization approaches
to ill-posed problems usually assume smoothness constraints on the expected result.
Because of occlusions, these constraints arce not sullicient to yicld satisfactory motion
ficlds in the real-world case.

In this paper, we present a multimodal approach to the problem of motion esti-
mation in which the computation of visual motion is based on scueral complementary
constraints. The theoretical framework relies on global bayesian decision associated
with statistical models, namely, Markov Random Ficlds. The multimodal algorithm
addresses in parallel the estimation ol velocity ficlds, the detection of motion edges,
the processing of occlusions arcas and the validation of several different motion-
constraint equations. Local motion discontinuitics are obtained as a by-product of
Lhe method, along with informations allowing to dillerenciate occluding regions from
occluded regions. T'he estimation is gradient-based and fcature-based and a local
motion constraint takes part Lo the measurciuent only if it is acknowledged to be
valid.

Results on synthetic as well as on real world image scquences are reported.
Accurate motion mecasurcments arc obtained in the synthetic cases. The mcethod
compares favorably to other schemes on natural images including scveral moving
objccts with occlusions.

(Submitted to
IEEE Transactions on Pattern Analysis and Machine Intelligence
in November 1990)
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Estimation coopérative du mouvement
apparent par une approche markovienne

Résumé

L’analyse du mouvement apparent dans une séquence d’images est actucllenient
un des problemes clefs de la vision dynamique par ordinateur. lin particulicr, le
probleme de la mesure du mouvement apparent apparait comme une ¢lape prélimi-
naire indispensable dans nombre d’applications. Lorsqu’un champ densce de déplace-
ments cst souhaité, le probleme est généralement mal posé (au sens d'Hadamard),
principalement parce que les données n’imposent que des contraintes particlles sur
la solution. L’estimation du mouvement est alors renduce particulicrement difficile
par les discontinuités de mouvement qui apparaissent lorsque plusicurs objets aux
mouvements diflérents évoluent dans la scene. Ces discontinuités s’accompagnent
généralement de zones d’occlusion entre objets dans lesquelles toute information sur
lc mouvement est perdue. Les schémas classiques de régularisation des problemes
mal posés, qui imposent des contraintes globales de douccur sur la solution sont
madaptlés dans ce cas.

20 réponsce a cette insulfisance, nous proposons ici unc approclic coopérative pour
Pestimation du mouvement dans laquelle Pestimation d’un champ de déplacements
dense repose sur un ensemble de contraintes différentes et complémentaires. Le
cadre théorique de la méthode correspond i Pestimation baydsicnne associce a des
modcles statistiques globaux (champs de Markov). Llapproclic proposce permet,
simultanément, d’estimer le champ des deéplacements, de détecter les discontinuites
de mouvement, de prendre en compie les occlusions et de sélectionner dilférentes
mesures locales partielles du mouvement.

Lalgorithme d’estimation du mouvement développé repose sur des techniques de
relaxation. I a été cvalud sur de nombreuses séquences synthicdtiques ct réelles. Les
déplacements cstimdés se révelent précis dans les cas synthétiques et se comparent

tres favorablement aux techniques classiques sur les images réelles.



1 Introduction

The recovery of visual motion from image sequences has been motivating number

of investigations for the last decade, [2, 5, 31, 42] . The optical flow field can be
defined as the distribution of apparent velocities of the brightness patterns in the
image plane. As optical flow is related to the apparent spatiotemporal variations
of the intensity function within the image scquence, it only imperfectly accounts
for the real underlying velocity field due to the relative motion between the camera
and the objects in the scene. This problem has been thoroughly addressed by Verri
and Poggio, [53] , who have shown that the optical flow field is generally different
from the 2D motion field (projection on the image plane of the 3D velocity field of a
moving scene). Nevertheless the discrepancies between the two fields are usually not
so large and they both convey significant qualitative and quantitative information
about the 3D environment, including relative depth, surface orientation, structure
and motion of objects in space and sensor motion, [1, 2, 53, 54] . Dense optical flow
computation thus appears as directly relevant to numerous problems in dynamic
scene analysis such as moving object detection, [52] , motion-based segmentation,
[1, 5, 41, 51] , qualitative kinematical labeling of moving objects in a scene, [17]
, recovery of 3D motion and structure, [1, 8, 41, 54] with applications to robot
navigation, obstacle avoidance, [17] or image coding, [31] .

Most velocity estimation methods belong to three main classes, [2, 5, 42]
gradient-based methods which derive optical flow from the spatiotemporal deriva-
tives of the intensity function, [28, 29, 34, 43, 44, 46] , feature-based approaches
which perform matching of image tokens over time, [6, 10, 13, 15] , and image
transform techniques using spatiotemporal-frequency filters, [24] .

In this paper we are concerned with optical flow estimation methods providing
dense motion measurements. The gradient-based methods lead to such dense fields
whereas the estimates derived from feature-hased schemes are generally sparse. It
is well known that the estimation of dense velocity fields, like many other tasks in
low-level vision, is an ill-posed problem. This means that the available data usually
do not sufficiently constrain the solution of the problem. Additional smoothness
constraints on the resulting motion fields are therefore to be introduced, {29, 45, 47]
. Unfortunately, the classical answers to that problem suffer from several shortcom-
ings.

As far as the motion constraints are concerned, the gradient-based measure-
ments are known to be very sensitive to commonly encountered situations such as
regions of constant intensity, motion discontinuities or occlusions areas. [34] . Large
displacements are also beyond the scope of those methods. The need for other infor-
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mation sources appears clearly here : one single motion constraint is not able to cope
with the variety of real-world images. The smoothness constraints have also adverse
cflects on the estimated optical flow fields by blurring the motion discontinuities.
Among those different problems the most difficult onc is certainly the processing of
the occlusions between different moving objects in a scene. The occlusions generate
discontinuities in the optical flow field and give raise to regions in which no motion
information is available. They may have adverse effects on the whole optical flow,
due to the propagation of local information through the smoothness constraints.
The usual computational approaches are not able to cope simultaneously with all
these problems, because the constraints they introduce on the desired motion field

only imperfectly account for the complexity of real-world scenes.

1.1 Multimodal motion estimation

In this paper, we present a multimodal approach to the problem of motion estima-
tion.The computation of apparent velocity fields is based on several complementary
constraints. The additional constraints introduced here aim to solve the different
above-mentioned issues : optical flow estimation while preserving discontinuities,
processing of occlusions and introduction of additional information sources. Local
motion discontinuities are obtained as a by-product of the mcthod, along with in-
formations allowing to differenciate occluding regions from occluded regions. New
constraints between motion discontinuities, intensity edges and the ncighboring ve-
locity fields are investigated. For the local motion measurement two information
sources are considered : a gradient-based and a feature-based motion constraint.
In our experiments, those two constraints revealed complementary. Gradient-based
constraints (29, 34] provide motion measurements on dense sets and are well suited
for textured images, with smooth spatiotemporal variations of the grey level distri-
bution (natural outdoor scenes with small displacements often belong to this class).
As aforementioned, they are sensitive to occlusion areas and large displacements
and yield poor estimates on motion discontinuities and in highly textured regions
[34, 53] . They are ill-conditioned in ambiguous regions of uniform intensity or in
areas depicting linear varying intensity profiles in only one direction. On the other
hand feature-based constraints [6] , based on edge-matching for instance, deliver
only sparse velocity measurements but may give relevant results on motion and in-
tensity discontinuities [6] . They are well adapted for indoor scenes or man-made
environments exhibiting a reasonable number of prominent features. To combine
those constraints properly, the validity of each constraint is locally tested and a
given constraint takes part to the global estimation only if it has been acknowl-
edged as valid. This avoids incorrect local constraints to contribute to the velocity
field estimation.

Psychophysical investigations on visual perception have also shown that several
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low-level information sources might be used by the human visual system, [28] .
In [56] , Yuille et al. propose a visual perception theory, "the motion coherence
theory” which leads to multimodal cooperation between different sources of motion
measurement; yet, the occlusion problem and the computational aspects are not
addressed.

1.2 Combining Information Using Markov Random Fields

In our approach, the theoretical and computational framework enabling a coopera-
tion between several sources of information is based on the global bayesian decision
theory and Markov Random Field (MRF) models. MRI® models have been success-
fully introduced in several important low-level issues of static image processing such
as image restoration, [4, 9, 20] , edge detection, [19] , image segmentation, {11, 19},
multisource image analysis, [27] , stereovision [3] , computed tomography, and sur-
face reconstruction, [11, 38] . They have recently been extended to image sequence
analysis, for motion detection, (7] , motion estimation, {25, 36] and motion-based
segmentation, [41] . By defining a cohcrent mathematical framework for non-linear
global statistical image modeling, they lead to significant improvement with respect
to local methods. Markov Random Fields also appear as an efficient and powerful
formalism for specifying non-linear spatial interactions between features of different
nature, that is for combining information. By introducing strong generic knowledge
on the features to be estimated in a given problem, they help to organize them, [19]

In this paper the MRF modeling enables to jointly handle problems of optical
flow estimation and issues of discontinuity and occlusion processing. The algorithm
combines gradient-based and feature-based velocity measurements with evidences on
occlusion areas in order to estimate dense velocity and discontinuity maps. Motion
discontinuities are introduced in the velocity estimation and can be considered as a
by-product of the estimation scheme. The occlusion regions (in which no local mo-
tion information is available) are explicitly taken into account in the global statistical
modecl. Those regions benefit from motion information available in neighbouring re-
gions, thanks to the MRF interaction model. Informations allowing to differenciate
the occluding surfaces from the occluded one along a given motion boundary are
also derived from the global markovian modeling. In regions where motion measure-
ments are ill-conditioned, MRI" appear as a natural way to regularize the estimation
problem.

The resulting estimates correspond to the field which maximizes the distribu-
tion of the unknown velocity vectors and motion discontinuities, given the observed
spatiotemporal variations of the intensity function. This relates to the Maximum A

Posteriori (MAP) criterion in the framework of global bayesian decision.




1.3 Related Work

As far as motion estimation is concerned, Markov models were first used by Konrad
and Dubois, [36] , to estimate smooth discrete valued velocity vectors via simulated
annealing. In [32] Hutchinson et al. describe an analog and binary resistive network
model equivalent to a Markov Random Field, to perform detection of motion edges
simultaneously with the estimation of the velocity ficld. A VLSI implementation is
derived. Konrad et al., [35] and the authors, [25] have independently proposed
to introduce binary edge sites between velocity vectors to estimate discontinuous
motion fields. In [35) and [25] stochastic or deterministic relaxation algorithms are
used to estimate the optimal velocity and edge configurations.

Preliminary results in a multimodal cooperation between different motion cues
have been described by the authors in [26] . In a recent paper, Yuille ¢t al., [35] ,
develop a similar theoretical approach to integrate different disparity sources m a
stereo algorithm, but no experimental results are reported.

Here, we propose new comprehensive MRF interaction models for optic flow
estimation which differ from the work reported in [26, 32, 35] on the following
points :

¢ The model can integrate different sources of motion measurements. It is illus-
trated here by a cooperation between gradient-based and edge-based motion
measurements, but can be extended to a cooperation with other techniques

(correlation, similarity functions, etc...).

e The model properly copes with the problem of discontinuity processing in
image sequences. Following (26, 32, 36] motion discontinuities are modeled
by local binary edges located midway between velocity vectors, but an addi-
tional feature of the model allows to take into account the whole regions of
discontinuity corresponding to occlusion areas between objects undergoing dif-
fecrent motion. This is a key-point since in real world sequences, taking iuto
account false information within an occlusion region may lead to wrong ve-
locity estimates and have adverse effect on the rest of the velocity field, [2]

It is demonstrated on several examples that the introduction of local bi-
nary motion edges, as previously proposed, is not suflicient to properly handle

discontinuities in a moving scene.

1.4 Paper Overview

The multimodal motion estimation scheme described here is based on two comple-
mentary constraint equations : a classical gradient-based constraint [47] , leading
to satisfactory estimates on dense points (apart from discontinuity locations), and

a moving edge constraint. derived from a method presented in [6] , yielding sparse
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velocity measurement on motion and sharp intensity discontinuities. The motion
constraint equations are discussed in Section 2. For every motion constraint equa-
tion, we define a local validation factor for the corresponding mmeasurement. Those
validation factors show that low confidence is assigned to gradient-based measure-
ments obtained near discontinuities (within occlusions, on sharp intensity edges and
in highly textured regions) whereas the moving edge estimation method reveals re-
Jiable at most of those locations. The local motion information sources appear thus
complementary.

Section 3 is concerned with the integration of the different constraints within a
global bayesian decision framework. The unknown velocity field, and motion dis-
continuities are described through a coupled Markov Random Field model allowing
smoothing of velocities, preservation of motion discontinuities, recovery of occluding
and occluded surfaces, and cooperation hetween sparse and dense velocity measure-
ments. The Maximum A Posteriori (MAP) criterion is adopted and lecads to the
maximization of the global a posteriori distribution of the motion features (veloe-
ity vectors and motion boundaries) given the observed grey level variations in the
analyzed sequence. In the context of MRF modeling, the MAP criterion reduces
to the minimization of a global energy function depending on the unknown veloc-
ity and discontinuity fields. An approximation to the MAP estimate is computed
by a deterministic relaxation algorithm with good experimental results. Though
this approach remains cpu time consuming on serial computers, the involved local
computations are well adapted for an implementation on digital or analog massively
parallel architectures, [32] .

Results on synthetic as well as on real world cases are presented in Scction 4. The
velocity field computed from synthetic sequences show significant improvement over
the output of classical gradient-based schemes, especially in occluded areas. Accu-
rate motion measurement as well as relevant motion discontinuitics are extracted
from real world sequences.

An extension of the multimodal scheme to multiscale motion estimation is de-
scribed in Section 5. The multigrid algorithm enables the estimation of large dis-
placements which are beyond the scope of the gradient-based techniques. The re-
duction in computation load is also appreciable. The multiresolution estimation
method used here is coarse to fine and leads to an incremental estimation of the
optical flow ficld. The multigrid estimation scheme performs well when large dis-
placements exist in the moving scene or when it is necessary to propagate motion
information through large uniform areas.




2 Multiple Motion Constraints

The multimodal motion estimation scheme relies on two motion measurement con-
straint equations that will be defined hereafter. This differs from the so-called
"multi-constraint” methods which rather consider several inputs to the same equa-
tion, [40] , whereas our multimodal approach is based on a cooperation between dif-
ferent complementary motion constraints. This is a key-point, since problems often
arise in the "multi-input” methods because the used inputs (multispectral data for
instance) do not supply real complementary information, leading to ill-conditioned
systems, [5] .

The first constraint under concern is the classical motion constraint equation
proposed by Horn and Schunck {29] , and the second onc is related to a moving
edge estimation method recently described in [6] . The reliability of these two
different motion constraints is discussed and validation factors are associated to
both equations. In [34] , Kearney et al. have undertaken an error analysis of
gradient-based estimation schemes involving local optimization. By surveying the
different possible sources of error, they obtained accuracy and reliability measures
on the estimates. We propose here an alternate approach that doecs not require a
detailed study of every error source. It is based on hypothesis testing techniques and
concerns both the gradient-based method and the feature-based one. The likelihood
of the measures, assuming some underlying statistical models, are used to derive
validation factors for the computed estimates. Those validation factors weight the
contribution of the different constraints in the global interaction scheme described

later in Section 3.

2.1 A Gradient-based motion constraint

Let f(z,y,t) denote the observed intensity function, where (x,y) designate the 21
spatial image coordinates and t the time axis. A first order Taylor expansion of
f(a,y,t) leads to the following decomposition :

f(1+d1,y+d%f+dt) = f(.‘l‘,y,t) + dz fx(xayat) + dy fy(ly’t)
| + dt fila,y,t) + OF (1)

(where f, denotes %é ).

The gradient-based motion constraint relies on two fundamental assumptions :

e the higher order terms in decomposition (1) are negligible ; that is, the intensity
pattern can be locally approximated by a linear function of time and space ;

e the brightness of a point in space is supposed to be invariant between time ¢
and t + dt. '
7



dz

dt
s = (=,y,t); equation (1) and these two assumptions yield, [47]

Let &5(us,vs), us = (s),v, = %(s) denote the velocity vector at point

fo(s)us + fu(s)ws = —=fuls)
or, equivalently :

—

Vf(s)ds + fils)=0 (2)
where V-‘f is the spatial image gradient, V_.f = (fo fy)-

Relation (2) is known as the image flow constraint equation. This analytical
development outlines that the only velocity component parallel to the spatial image
gradient can in general be recovered through local computation' . This is referred
to as the aperture problem. In order to derive the complete velocity vector, it is
usually assumed that points in the neighborhood of a given point move with similar
velocity. Local optimization approaches, [34] , assume constant velocity in the neigh-
borhood whereas global optimization techniques rely on a smoothness assumption of
the velocity variations over the whole image, [29] .

The limitations of the early gradient-based techniques appear clearly and can be
stated as follows :

o The surface shading may change over time (even for simple 3D movement
such as rotation in space for instance). Obviously, this violates the constant

brightness assumption.

e A first order approximation of the moving intensity pattern is an important
source of errors, [6, 34, 53] . Indeed, such a linear approximation is relevant
only as long as a relationship between the local spatial extent of intensity vari-
ations and the observed temporal changes is maintained by the displacement.
This relationship no longer exists in occluded regions, or on motion discontinu-
ities and also on intensity discontinuities (on sharp edges, or in highly textured
regions for examplc‘). Large displacements are also beyond the scope of those
methods for the same reason.

o The gradient-based schemes are sensitive to ambiguous areas such as uniform
regions or regions exhibiting a linear variation of the inteusity in one direction
only.

o Inreal world images, the velocity fields are neither locally constant nor globally

smooth : they are rather piece-wise continuous.

'This is not the case for grey level patterns such as grey value corners or grey value extrema
(sce [44] ).



In practice, however, the existing schemes show (limited) robustness to those
different sources of error, mainly because they minimize some error function with

respect to the underlying imperfect model.

S R
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Figure | : motion estimation on the square sequence.

a)-b) Original sequence (100 x 100) : the square undergoes a translation of (2,2)
pizels in the image plane. White noise has been added to the background.

¢) Velocity estimation using a gradient-based method, [29] .

d) Velocity estimation using the moving edge estimator described in [6] .

Horn and Schunck gradient-based method assuming global smoothuess of the ve-
locity field, [29] , is illustrated on a synthetic image sequence (Fig. la-b). The
sequence exhibits strong intensity discontinuities inside the square, along with oc-
clusion areas corresponding to parts of the background covered or uncovered by the
moving pattern. These occlusion areas create motion discontinuities on the square
boundaries. As expected, the resulting velocity field (Fig. 1c) is blurred across the
motion discontinuities. Moreover, poor quality estimates can be observed both on
the central intensity lines and in the occlusion areas, due to the different limitations
described above.

Different solutions have been suggested to cope with these problems. As far as
variations in surface shading are concerned, in [12, 22] the gradient-based equation
is generalized in the case of (limited) changing in the illumination conditions. The
problem of discontinuities in the motion field is considered by Nagel and IEnkelmann,
(45] , who use an oriented smoothness constraint which prevents smoothing of the
velocity field in directions where important variations of gray values are detected.
Schunck, [48] , investigates clustering of local gradient-based constraints in order
to obtain homogeneous motion measurements. The detection of motion discontinu-
ities has been considered in several recent papers as a fundamental issuc in motion
estimation. Two approaches have heen studied : the first onc detects discontinu-
ities after computing the optical flow, [51] , (for a review see [49] ), the second
one addresses the detection problemn prior or simultaneously with the motion field
estimation, [5, 25, 28, 32, 35, 37, 49] . Techniques of the second class give better
results because the prior knowledge of motion boundaries helps to prevent velocity
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smoothing through regions undergoing different movements. In [5] , Bouthemy et
al. perform motion-based segmentation on partial motion information, using a like-
lihood test within a split and merge procedure. Spoerri el al., [49] and Little et
al., [37] , propose several occlusion detection techniques based on the analysis of the
behaviour of matching algorithms in the vicinity of motion boundaries. Hutchinson
et al., [32] and Konrad et al., [35] consider binary motion edges in the estima-
tion process and detect motion discontinuitics simultaneously with the velocity field

measurement.

In [25, 26] , the authors have independently introduced a similar modeling of mo-
tion edges with several significant extensions. A likelihood test has been developed
to take into account occlusion regions in the estimation of the velocity field, [26] .
The results obtained in [26] with this additional information, compares favorably
with the other schemes, especially when occlusions are important. This approach
will be generalized in Section 2.3 by testing the validity of the different motion

constraint equations.

2.2 An edge-based motion constraint

We consider here a second complementary motion constraint which is feature-based.
The underlying estimation method has been recently described in [6] . It will be
called the "moving edge (ME) estimator” and is based on spatio-temporal surface
modeling and hypothesis testing techniques. It simultaneously yields from some
local processing the following output concerning moving intensity edges :

e cdge position d

e edge orientation 0

e velocity vector perpendicular to the edge wyt.

To this end, a spatiotemporal edge in an image sequence is modeled as a surface
patch in a 3D spatiotemporal space. Within an elementary volume 7 in this 3D
space (x,y,t), two local configurations may be encountered : cither there is no
spatiotemporal edge inside 7 or there is one. Two competing hypotheses Hy and H,
are associated to those configurations, [6] :

o Hy : there is no ME ; then the intensity distribution within n is modeled
as constant level ¢g + noise, where the noise is assumed to be a zero-mean

Gaussian noise with variance o?.

o i, : there is one ME; then a surface patch denoted by S(®) subdivides =
into two subvolumes 7, and 7, and the intensity distribution is modeled as

previously, but according to constant level ¢; within 7 and ¢, within 7y, with

C1 # Ca.
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The log-likelihood ratio is optimized with respect to the pameters ® of surface
S, and the intensity parameters co, ¢; and ¢z under cach hypothesis. Edge location,
oricntation and displacement arc directly related to the optimal parameters & of the
determined surface patch if present. To decide whether a MIE is present or not, the
log-likelihood ratio is compared to a threshold A (we refer the reader to [6] for more
details).

The resulting test integrates both detection of moving cdges and determination
of their spatiotemporal characteristics. The local motion measurement is reliable,
cven on motion discontinuities and for important displacecment magnitudes. Duc to
the aperture cffect only the perpendicular component of the displacement can be
derived.

7o Py

region A / region A region A / region B

a) moving edge within a region
b) occluding edge between two regions

l : moving edge site O : pixel site

Figure 2 : Location of moving edges with respect to pixels for a vertical edge.
(the case of horizontal edges is similar).

In the ME estimator version we use, edge sites d can be considered as located
midway betwcen pixel sites (Fig. 2). To simplily the optimization of the likelihood
ratio, edge location is given by a spatial intensity edge detector. This carly step -
avoids maximizing with respect to edge location and orientation in the ME estimator,
thus saving computation time. As a matter of facl, we use a recursive filter derived
from Canny’s criterion and designed by Deriche, [14] .

The velocity component perpendicular to the edge at location d constrains the
unknown nearest neighbor vectors w; and/or «; through a projection equation called
the moving edge constraint equation (the notations refler to Fig. 2) :

— ot ll=0 (3)




where W, designates vectors W, or Wi, and ”_Zz:;ﬂ is the unit vector normal to
the intensity edge. The moving edge constraint states that the projection of the
unknown velocity «7, on the unit vector perpendicular to the moving edge is equal
to the norm of the perpendicular component WJy*.

If the detected moving intensity edge is related to an occlusion between two
different regions, the constraint only holds for the velocity vector belonging to the
sanie region as the occluding edge. In the case of IFig. 2b for instance, it turns
out that the constraint only holds for vector W, and not for vector ;. In order
to propagate the constraint properly, it is necessary to determine to which region
the occluding edge belongs. An information allowing to differenciate the occluding
region from the occluded one is thercfore required. This will be defined later in the
global markovian modeling (Section 3.1). It will be considered as an additional,
unknown feature in the model, and will be estimated in parallel with velocities and
motion discontinuities.

Iig. 1d presents the result of the moving edge estimator on the square sequence.
One can point out that unlike the gradient-based approach (IFig. 1c¢) the moving
edge estimator yields good measurements on motion and intensity discontinuities
(however motion information remains obviously sparse and only perpendicular ve-

locity components are recovered).

2.3 Reliability of motion constraints

The accuracy and the reliability of the partial measurements associated to motion
constraints (2) and (3) depend basically on the adequacy between the observed
variations of the intensity pattern and the spatiotemporal changes the underlying
model accounts for. For the gradient-based constraint the underlying model is essen-
tially a linear model of the spatiotemporal pattern in space and time, with constant
brightness assumption (see Section 2.1). The moving edge coustraint relies on spa-
tiotemporal surface modeling and parametrization.

For the different existing motion constraint equations, little attention has been
paid to get reliability measurements (apart from [6, 34] ). In the following we
define validation factors associated to the constraints we have introduced. They will
be used to withdraw the contribution of invalid local constraints from the global

estimation.

2.3.1 A validation factor for the moving edge constraint

As far as the moving edge constraint is concerned, the ML estimator itself provides

a natural way to define a validation factor. Let us recall that the determination

of a moving edge at location d leads to compare the log-likelihood ratio associated

to two competing hypotheses to a threshold (see Section 2.2 or {6] ). The optimal

value of the log-likelihood ratio Ly at location d, with respect to surface parameters
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® and intensity parameters ég, &, & can be used to measure the reliability of the

corresponding moving edge.

Figure 3 : confidence factor on the "square sequence”.
a)-b) Original sequence (100 x 100) : the square undergoes a translation of (2,2)
pixels in the iinage plane.
¢) Log-likelihood surface for the ME estimator.
d) Binary confidence factor &,.(d)

Fig. 3c shows the log-likelihood surface in the case of the moving square. The
likelihood surface indicates high reliability in the vicinity of edge location. We

introduce following binary-valued validation factor &,

é.me(d) = 1 Zf [‘d((i)ﬁéOaél,é'z) > /\]
Celd) = 0 else (4)

where A, 1s a threshold.
The validation factor then gives the location of the most reliable moving edges
(Fig. 3d).

2.3.2 A validation factor for the image flow constraint

Basically the image flow constraint (1) holds as long as the local intensity variations
and the observed temporal changes arc related. This property refers to the local

spatiotemporal linearity and derivability of the intensity function.

Fig. 4a and 4b depict 1D intensity profiles f(x,¢) undergoing a displacement
along the z axis between time ¢ and t + 1. In the case of Fig. 4a, the spatial
variation corresponding to the displacement Da is related to the temporal variation
Df at point s through the image flow constraint :

af

5o(s)Dx = —Df
13
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Frgure § : Reliability of the image flow constraint.
a) Situation where the constraint holds.
b) Due to a large displacement, the constraint 1s broken

¢) Ambiguous pseudo-periodical pattern
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This is not the case in Fig. 4b where this relationship is no longer valid because
the displacement is too large (a similar situation occurs when an occluding edge or
a sharp intensity edge is present).

To determine whether the observed variations preserve the spatiotemporal re-
lation, it is sufficient in practice to test if the first order spatial derivatives of the
intensity function at point s remain the same between time ¢ and ¢ + 1. This test
does not account for situations such as the pseudoperiodical intensity pattern de-
picted in Fig. 4c, or similar ambiguous situations, which anyway are beyond the
scope of most methods.

The hypothesis test considered here relies on a local linear model for intensity
function f(z,y,t) at point s = (z,y) in two successive images (¢ and ¢ 4 1) of the

sequence

flex +éx,y+6by,t) = [f(r,y.t) + wdx + bdy +m (5)
flze+éz,y+oy,t+1) = fla,y,t+1) + apibdr + byydy + no (6)

where n, and n; are assumed to be independent zero-mean Gaussian noises with
same variance o2
The reliability of the constraint equation is tested by considering two competing

hypotheses denoted Hy and Hoy. where :

Hy : {a = a41 and by = b} in W(s)
Ho : {a # awq or b # by} in W(s) (7)

W (s) designates a local window centered at point s, in which the parameters are
estimated. The likelihood functions under each hypothesis are computed, assuming
gaussian noises with same variances for n; and n, and the log-likelihood ratio is
compared to a threshold. As in the case of the ME constraint. we define a binary
validation factor for the motion constraint at site s :

€,(s) = 1 of Hous selected (8)
£,(8) = 0 of Hypisrejected

This hypothesis test has some analogy with one of the likelihood tests described
by Hsu et al. in [30] to detect temporal changes in image sequences (namely the one
corresponding to the linear intensity model). Changes are recovered by detecting
variations in the local parametrization of the brightness surface. These models can

be either of constant, hinear or quadratic type. Although the resulting techniques
15




are similar, the problem at hand in [30] yect remains differcnt from ours.

Figure 5 : binary confidence factor on the "square sequence”.
a) Image t  b) Image t+dt  ¢) Confidence factor ¢,.

Fig. 5 shows the sites corresponding to & (s) = 0 issued from test (7) on the
square sequence. Let us notice that those regions are closely related to the occlusion
areas (near the square boundaries) and to spatial discontinuities in the intensity
pattern (along the two central lines). In these different areas the image flow con-
straint is indeed invalid : in the following, £, will help us to disregard those wrong

local constraints.

As intuitively expected comparing Fig. 5c¢ and I'ig. 3d, one can see that the
two motion constraints are complementary in this example. Experiments with other
sequences have given similar results : the gradient-based constraint is invalid in re-
gions of "spatiotemporal discontinuity” (within occlusions, on sharp intensity edges
and in highly textured regions) whereas the ME method reveals reliable at those
locations (excepted in textured regions). This experimental statement justifies the

use of thosc two particular motion constraints.
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3 A global bayesian formulation for multimodal

motion estimation

Global bayesian estimation defines a coherent mathematical framework to extract
labels describing motion from image sequences.
The estimation process can be outlined as follows :

1. One or more specialized low-level modules extract from the image sequence
features (gradients, moving edges...) that will be used as observations in the
estimation process.

2. Observations are combined within local photometric and structural models
with a priori generic knowledge on the expected result, in order to derive
estimates of the unknown labels.

The spatial interactions between observation fields and motion labels are speci-
fied using Markov Random Field (MRF) models. In the MRF model designed here,
local motion discontinuities are simultaneously estimated with the velocity field and
multiple local constraints contribute to the estimation of those fields. Intensity edges

are used as an additional evidence to support the estimation of motion boundaries

(Fig. 6).

3.1 Observations and labels supporting motion informa-
tion

In the estimation process, informations about motion are summarized in follow-

ing labels :

e vectorial labels &,, (&, € R?) corresponding to the velocity field

& = {&s, s € S} where S denotes the set of pixel sites in the image plane.
A local velocity vector is thus associated to every point s in the image plane.

o A set of discrete labels v = {v4, d € D} describing local motion discontinu-
ities. D denotes the set of edge sites located midway between the pixel sites.
There are three possible states for motion discontinuities : v, = 0,1 or —1.

74 = £1 (resp. 74 = 0 ) means that a motion discontinuity (resp. no motion
discontinuity) is present at location d. In case that v, = %1, the sign of ~4
codes the relative position of the occluding surface with respect to the motion
discontinuity, (see Fig. 7). ¥4 = +1 (resp. 7¢ = —1) means that for a
vertical discontinuity the occluding region is on the right-hand side (resp. on

17
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Figure 6 : The multimodal interaction model : interactions belween motion labels
and observations.

Thanks to the MRF model. the molion discontinuities are estimated jointly with the
optical flow field. The motion measurement relies on two complementary motion
constraints : gradient and feature-based. The reliability of local motion constraints
is tested and they contribute to the global estimation only if they are valid. The
estimation of motion discontinuities is supported by intensity edges. Geometrical

constraints are also defined on the desirved discontinuity configurations.



C/P’fwt J‘i/owt

region 1 / region 2 region 1 / region 2

Figure 7 : The sign of label 4 defines the region to which the occluding edge
belongs (case of a vertical edge)
a) Case v4 = —1 : the occluding edge belongs to region | (J:f and J; are conststent).
b) Case v4 = +l the occluding edge belongs to region 2 (Jy* and 5, are consistent).

the left-hand side). A similar code is used tor horizontal discontinuities. This
three state edge description is used to propagate the moving edge constraint
to the proper region (see Section 2.2), but can also be considered as a useful
by-product of the estimation scheme.

Observations correspond to the output of four independent modules :

® a ﬁISL module (omputing the spatial and temporal derivatives
= {Vf(s), q( . s € S} of the intensity function [ at every vector site

S

o the moving edge estimation module described in Section 2.2, which yields
displacement information about intensity edges located on grid D (only the
displacements perpendicular to the edges are determined). The set of sites
d € D, for which a moving edge exists, will be denoted D,,.. The corre-
sponding local motion measurement set is denoted wt = {Wy*, d € Dy}

e The validation factors defined in Section 2.3, €, = {&,(s). s € S}, &(s) € {0,1}
and €pe = {ne(d), d € D}, &nel(d) € {0,1}. Observations ¢, state, at
every pixel location s, whether the image flow constraint is reliable or not (the
same holds for &, at edge locations d for the moving edge constraint).

o A spatial intensity edge detector derived from Canny’s criterion proposed by
Deriche, [14] , provides a binary information about intensity discontinuities on

sitesd € D. n = {n4,d € D} designates the binary map output of the
19



intensity edge detector (g4 = 1 if an intensity edge is detected). Following {18]
intensity edges will be used as partial evidence supporting the state of motion
discontinuities 4 at the same locations.

As explained in Section 2.2, the output of the intensity edge detector is also used
in the moving edge estimator to reduce the global computation cost. The spatial
locations of the moving edges w' thus coincide with the locations of the intensity
edges used to support motion boundary detection.

3.2 Global bayesian decision and the MAP criterion
3.2.1 MAP criterion and the joint distribution

The Maximum A Posteriori (MAP) criterion has been widely used in the context of
global bayesian decision, [7, 20, 35, 41} . To derive the unknown label fields (J, )
from the observed fields (Df,w', &, £me, 1), the following optimization problem has
to be solved :

max p(Df,w*, &, me,n s G, 7) (9)

{3}

where p(Df,wl,fg,{,,w,n , @,7) is the joint distribution of the observed and
hidden variables.

Other decision criteria include the ”Maximizer of the Posterior Marginal” (MPM),
the ""Iresholded Posterior Mean”, [38] and the "Iterated Conditional Modes” (ICM),
[4] . Computationally demanding stochastic relaxation algorithms are generally nec-
essary to compute exact MAP solutions. Deterministic descent algorithms such as
ICM or HCF (Highest Confidence [First, [11] ) can be use instead. They converge to
a local maximum of the a posteriori distribution, but are far less cpu time consum-
ing. ICM, [4] , is often used to compute suboptimal solutions when a good initial
guess is available. In our case, we used the MAP criterion associated to such a
deterministic optimization algorithm.

3.2.2 Modeling the joint likelihood using Markov Random Fields

The distribution of observations and motion labels are specified using a coupled
Markov Random Field (MRF) model whose distribution is written in the following
form ({20} ) :

- 1 -
p(vaw-La{gﬁé.mean ) w”)l) = 2 eExp _IJ(D.[»wl»ggaémean ) w,Al/)
where U(Df,wl,{g,{mc,n , &,y) = Z \/C(Df,wl,ég,{me,n , D7) (10)
ceC
is called the energy function of the MRF. The lowest energies correspond to the

most likely configurations. Such a formulation is possible since we assume that the
20



interactions between the different variables remain local, with respect to a chosen
neighborhood system v (see [20] for a complete theory of MRF). C denotes the set
of cliques associated to neigborhood system v. Cliques ¢ are subsets of sites which
are mutual neighbors. The potential function V, is locally defined on clique ¢ and
expresses the local interactions between the different variables of the clique. The
form of the potential functions is of course problem dependent. The functions that
we have defined for the motion estimation scheme integrate the different modeling
aspects already discussed : regularization of the velocity field along with preserva-
tion of motion boundaries, multimodal cooperation between different measurement
sources, disregard of invalid local motion constraints (in particular in the occlusion
regions), processing of motion discontinuities... Within this framework, finding the
Maximum A Posteriori estimate comes to minimizing the global energy function U.

The neighboring system v is defined on sets .S and D as explained in Fig. 8a.
Interactions between observations, velocities, and motion discontinuities are sup-
ported by mixed cliques, whereas edge cliques support the geometric properties of
motion discontinuities (Fig. 8b).

Interactions between variables are modeled through the following decomposition
of the global energy function :

U(Df’wlaégyé‘mc’n 3 L‘-jv‘)’) = [/I(Df3£qa‘:}) + IIZ(w-vauu;w‘;avﬂ/)
+ Us(d,y) + Us(n,v) + Us(y)

Fach term is itself decomposed into local potential functions defined on the
different cliques (for the notations see Fig. 7 and Fig. 8) :

Ul(Df,&,@) = a1 Y &(s) (V(s).Ds + fils))?

s€ES
U2(wl-,£mev"3a7) =
LWyt a1 )
Q9 Z Eme(d) (wsT - “ Wy ”) ;('—IA/dI - Td + -2)
5€85,d€Dme, (5.d)€{C3}U{C4} | wa™ || <
-1
L W4 o 1
+ > bme(d) (Gr.—7— — [fwit |])? S(=1val + 74 +2)
t€S,dEDme, (t,d)e{C}U{C2} “ Wy || e
Us(@,v) = > oy (| s = Wi ll) (1= [l)
(s,t,<1)€{6‘5}U{C5}
Us(n,7) = aq D (1 =n4)|dl
deD
Us(v) = > V() (11)

c€{C7}u{Cs}

where @, is given by :



(| 3 =5 | — a)?

o (lws — G ll) = segn(fl & — e || — as)

the a;, 1 = 1,..4, are the model parameters
and the C;, 1 = 1,..8 denote the different clique types depicted in Fig. 8b.

o | o | ° . vector site
ofeo]e T 1o 1] |— | :edge sites
5 —
Fig 8a : MRF neighborhood system
o] |2 Lo
c1l c2 c3 c4
o) I -
ool | =1 |=—| |I |
0 | —
€3 cé c7 ce
Fig. 8b : cliques associated ‘to
the MRF neighborhood

Figure 8 : MRF neighborhood system including vector and edge sites.

In this decomposition each term expresses a different interaction model, which brings
its partial contribution to the global estimation process. The different terms can be

interpreted as follows.
Energies Uy and Uy (motion measurement constraints)

Enecrgies Uy and U, are related to the motion constraint equations (2) and (3)
upon which the motion estimation is based. Those energy functions take into ac-
count the confidence factors discussed in Section 2.3. For sites s belonging to smooth
spatiotemporal regions (§,(s) = 1), the image flow constraint equation is applied (en-
ergy 7)), whereas in sites where £,,.(s) = 1. (i.e. presence of a moving edge), the
moving edge constraint is considered (energy (/3).

If the moving edge at site d corresponds to a motion discontinuity |y4| = 1, the

moving edge constraint is only propagated to the proper region depending on the
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sign of v4. For instance for a vertical motion boundary (see I'ig. 7), when v¢ = 1,
2(—lval = 72 +2) = 0 and 3(—|v4| + 74 + 2) = 1; hence, the moving edge constraint
is only propagated to the vector &, belonging to the right-hand side region (Fig. 7).
When v4 = 0, i.e. when there is no motion discontinuity at site d, the moving edge
constraint is propagated to the regions on both sides.

Conversely when the velocities are given, two configurations may be encountered :
- the measured orthogonal component ™ is exactly consistent with the neighboring

v — - . 7,4 - 4+ - 1 .
velocities W, and 5, that is w”,—“fﬁ“ -Gt = LJ;H"—:_‘ZIH — Wy~ = 0. In this case,

energy U has no effect on the ckgice of v4.
- a discrepancy exists between gt and its neighbor vectors. In this case, encrgy Uz
favours either value 74 = —1 or 74 = +1 according to the lowest local energy. For a
vertical discontinuity for instance, if the perpendicular component W™ is consistent
with vector & (Fig. 7), the value —1 is assigned to 4. This means that the occluding
surface is on the left-hand side of the boundary in this case. The occluding region
is the one containing the velocity vector (Js or &) the most consistent with the
observed component wy™t.

Let us point out that energy function U, does not decide between states v, = 0
and |yq4] = 1, i.e. whether a motion boundary has to be introduced or not. Energy
U, only makes a selection among states vy = 1 and vy = —1, that is, assigns an
existing motion boundary to the region which it belongs to. The decision for the
placement of a motion boudary at a given location is inferred from energy term Us,

based on the variations in the estimated velocity field.
Energy Us (velocity field smoothing while preserving discontinuities)

Interactions between velocities and motion discontinuities are supported by mixed
cliques (s,t,d). The chosen potential function smooths out the motion field using
terms of the form || &, — &, ||, corresponding to first order derivatives (second order
terms were also used, but appeared more sensitive to noise). Velocity smoothing
is inhibited when a motion boundary is present ( |y4] = 1). Conversely when the
vector field shows important variations in edge vicinity (|| W5 — & || > a3). the
placement of a motion discontinuity at that site is favored (|vq4| = | ).

Energy Uy (interactions between motion discontinuities and intensity edges)

Intensity edges are used as partial evidence for the determination of motion
boundaries. In real world scenes indeed, a 3D configuration resulting m a motion
discontinuity generally also contributes to an intensity edge. Hence, following [18]
, we assume that motion discontinuities have low probability to appear when there
1s no intensity edge at the same location. This is specified using energy function U,
with a large positive value for parameter «y. Uy prevents configurations in which
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|v4| = 1 and 54 = 0 from appearing.
Energy Us (edge geometry)

The edge cliques considered in Us help to discourage undesirable geometric con-
figurations (edge ending, isolated or double edges [20] ). Two main methods for
specifying the geometrical properties of edges in MRF have been proposed, [19, 20] .
The first approach, [20] , consists in assigning different wcights to the different pos-
sible local edge configurations defined on the gecometrical cliques. A large weighting
on a configuration tends to discourage this configuration, [20] . The main drawback
of this method is to introduce an important number of additional parameters in
the model, corresponding to the different weights. The tuning or learning of those
parameters is generally not an easy task. As we are concerned with a three state
discontinuity description and with the chosen neighborhoods, the numnber of local
configurations is as large as 162. Therefore we have resorted to an alternate approach
recently described in [19] . This other solution consists in introducing forbidden edge
configurations. Each forbidden local configuration (edge endings, isolated or double
edges, impossible configurations of occluding/occluded regions), weighs an elemen-
tary weight of 1 in energy Us. The following constrained optimization problem is

then solved :

n}il; (Uh + Uy + Us + Uy) + asUs  with as = +© (12)

{@
A coustrained optimization may be obtained in practice by letting a5,/ +oo
(see [19] for convergence theorems).

3.3 Energy minimization using a deterministic relaxation

Finding the MAP estimate of the fields & and 5 is equivalent to minimizing the
global energy function U(Df,w*,&,,Eme. 1 5 ©.7). This global energy function de-
pends both upon continuous and discrete valued variables ( & and ~ ). To reach
configurations close to the global minimum of an energy. stochastic optimization
methods for continuous and discrete variables have been studied [21, 39] . As re-
cently pointed out by Woods et al., [33] the convergence of simulated annealing has
been proven only in the case of compact configuration spaces. In our case the mag-
nitudes of the optical flow vectors are not bounded a prior: (even though reasonable
constraints could be imposed on the largest possible magnitude). Moreover, the
stochastic optimization algorithms are very time consuming, especially for continu-
ous variables. Most of the recent papers resort to deterministic schemes which are
more appealing, as far as computation time is concerned. Dcterministic relaxation
converges to a local minimum of the energy function, but this loss of optimality

may be compensated by an appropriate initial guess. Besides, in many cases the
24



suboptimal solution can be considered as a "sensible” solution.. In our experiments,
we use a modified version of Iterated Conditional Modes [4] , a deterministic alter-
native to simulated anncaling. In this relaxation scheme the final result depends on
initialization and site visiting order. Satisfactory results are obtained by initializing
vectors with 0 and motion boundaries with the state of intensity edges n4. This
proves that for the optimization problem at hand, the initial guess for the velocity
field is not so critical.

SRANANANANAY AN

C

Figure 9 : velocity fields and motion discontinuities obtained on the square
sequence.
a) Optical flow and motion discontinuities obtained by the multimodal estimation
scheme.
b) Fields obtained without the moving edge constraint (a; = 0).
¢) Differenciation of occluding surface and occluded surface. FEach symbolic vector
points to the interior of the region to which the discontinuity belongs.

The result of the multimodal method on the square sequence (Fig. 1a) is given in
Fig. 9. (The confidence factors associated to the difflerent motion constraints are
shown in Fig. 3d and 5c¢). The designed interaction model captures the real motion
boundaries and excellent accuracy is reached, especially near discontinuities as it
can be seen. In this example the estimation process propagates the moving edge
constraint from the two central intensity lines and the square boundaries to the rest
of the field. The.sign of 74 expresses, for every motion discontinuity, the relative
position of occluding and occluded surfaces (Fig. 9c¢). Each symbolic dash in Fig.
9c points to the interior of the region to which the motion discontinuity belongs. For
comparison Fig. 9b presents a motion field obtained with a modified energy function
which does not include the moving cdge constraint. One can verify that only the
horizontal component of the velocity field could be recovered in this case, since the
gray value function in the square remains constant along the vertical direction. On
the other hand, the cooperation with the moving edge constraint allows to recover
the vertical component (see Fig. 9a).



3.4 Description of the implemented algorithm

As explained above, a deterministic optimization algorithm has been used. The
algorithm is a modified version of ICM (for ”Iterated Conditional Modes”), [4] . It
has been adapted to handle continuous-valued variables and to allow an optimization
under geometrical constraints. In such a scheme, the global energy function (Equ.
(11)) is minimized by sequentially updating the different sites of the velocity and
discontinuity fields. The site visiting order is raster scan, with reverse order after
every full sweep of the image. At a given location, the label value assigned to a
site is the one maximizing the decrease of the global energy function. Thanks to
the decomposition of the MRF into local interaction terms, it turns out that the
relaxation scheme only involves the visited site and its neighbors, [20] . Vector
sites and discontinuity sites are visited in turn. The expression of the local energy
functions that are minimized at every site s and d are derived from equations 11.
However, to make the computation easier we consider some simplifications in those

local energy functions :

o Local energy for velocity vector o

E(@) = o &ls) (Vf(s).@s + fuls))?

-1

(13)

- Wwdq - 1 )
+ o >, Eeld) (s —7— — || wi |)? 5=l =7 +2)
d] (s.4)€{Cs}u{Cy) | wa™ |l 2
-1
-~ W4 - , 1 _
+ o > me(d) (Jso——— — [l W™ |)* S(=lval + 74+ 2)
d| (s.d)€{C1}U{Cz) Il 1l N
+ oo 2 I = @ fI* (1= |wl)
(t.d)] (st d)€{Cs}U{C¢)
o Local energy for discontinuity v, :
~ “5:11' w1 e L :
E(va) = a2 &neld) (ws-”—_,J_'W - @ ) 5(—I’Yd| — 74+ 2)
Wy ~
- “XIL —- 1 5y2 1 .
+ @ &me(d) (W o—7 — 1™ ) 5(=Tal + 70+ 2)
it 2
+ ol = D) (1= |val)
+ ay (1 = na)lvl
+ as 2 Ve(7) (14)

{C+}.{Cs} | d € {C7},{Ca}

and ®,,~ is given by :

4 o Jy =G || = as")?
Byl = 1) = sign(l G 5| - ayr) IS =Il = &)
3
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The terms of the local energics are derived from the global one (equation 11),
apart from one exception concerning the smoothing term ®,,(]| w5 — & ||) which
has been replaced by the simplified quadratic form a3’ || &, — & ||* in the local
energy function E(J;). Using such a simplified form makes the computation of the
local minimum of E(&J,) easier since it becomes quadratic with respect to &s. No
visible degradation on the final velocity fields was noticed when this simplification
was used. The results presented in Section 4 and 5 have been computed with these
energy functions (equations 13 and 14).

Following [19] , the optimization is constrained by letting parameter as (Equ.
12) carefully grow to +00. The rate of increase of as is chosen not to get stuck too
quickly into a local minimum.

If n designates the iteration number (an iteration is here a full sweep on the

image), following schedule has been adopted, [19] :

as = alogn with a = — (15)

The other model parameters are either set to a fixed value, whatever the se-
quence at hand, or computed "on line” : a;y =1, az = 1, a4 = ;472 Indeed, the
only parameters that need to be tuned arc o3’ and a3” which weight the interactions
between velocities and motion discontinuities. a3’ and «3” have been chosen by trial
and error for the different sequences and may change from one sequence to another.
Clearly an efficient data driven parameter identification method would be of great
interest here.

As the relaxation is deterministic, the final solution @ priori depends on initial-
1ization and site visiting order. As we have seen, the initial guess for the velocity field
is not critical (and the velocity vectors are initialized to 0). Conversely, the motion
boundaries reveal more sensitive to initial conditions and visiting order. In particu-
lar, if the discontinuity sites are updated from the beginning of the optimization, it
is observed that the process gets stuck after a few iterations into an undesired local
minimum. This has led us to conceive a two-step optimization algorithm that can
be described as follows :

o initialization: 3, =0, s € S and Ye=1n4,d € D
i.e. the velocities are initialized by 0 and the motion boundaries with the state
of the intensity edges.

e first step (ny iterations) : the motion boundaries are frozen to the initial
state (i.e. the state of intensity edges). The relaxation is performed until
convergence is reached on the velocity field. As a matter of fact, the relaxation

is stopped as soon as the maximum relative variation on the norm of the
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velocity vectors (between two successive iterations) goes below some specified

threshold t (¢ = 107% was taken in all experiments).

e second step (ng iterations) : using the fields estimated in step 1 as an initial-
ization, the full relaxation (both on motion boundaries and velocity vectors)
is pursued until convergence to the final estimates (the convergence criterion
is the same as in step 1). The velocity and discontinuity sites arc visited in
turn.

In this strategy the determination of motion boundaries is undertaken only once
the velocities are stabilized within the regions delineated by the intensity edges.
Other strategies were tried (introducing initial velocity ficlds obtained by a local
optimization technique assuming constant velocity in a small window, for instance),
but the results were less satisfactory.

In our experiments, between 200 and 400 complete scans on the image ave usually
necessary to lead to configurations close to convergence. This number of iterations
seems unusually large for a deterministic scheme. This is certainly due to the fact
that the velocity vectors are continuous-valued : in discrete problems, convergence
is generally faster (within 10 iterations for binary-valued fields, for example). The
number of iterations can yet be reduced efficiently by using some extensions de-
scribed in Section 5.

4 Experiments

Experiments have been carried out on several synthetic and real world sequences. We
have focused here on five sequences corresponding to different classes of images and
movements : indoor scenes and outdoor scenes, situations comprising static camera
and moving objects and situations involving both camera and object motions. These
sequences have been chosen to illustrate different contributions of the multimodal
estimation process : preservation of motion boundaries. multimodal cooperation
between different measurement sources, processing of occlusions...

4.1 Experiments on synthetic sequences

The contributions of the different modeling features are best highlighted on a syn-
thetic sequence, in which motion can be controlled. The moving square sequence
example (Fig. 9) has already examplified that, even for the very ambiguous in-
tensity pattern considered in that case, the multimodal motion estimation scheme
reconstructs an optical flow field close to the true motion both on a qualitative and
quantitative point of view.

We present here a second synthetic sequence called mowing disks, including two

disks undergoing different motions and occluding each other (Fig. 10). The fore-
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Figure 10 : motion estimation on the moving disks sequence.

a) First frame from the original sequence (256x256). The foregroud disk undergoes a dilatation, the background
disk a translation. White noise has been added to the background.  b) Confidence factor for the gradient-based
equation. The black arcas corresponding to £g(s) = 0 show the different occlusions in the scene. c) Intensity edges
detected on the first frame by Deriche’s edge detector, [14] . The perpendicular velocity displacements computed
by the moving edge estimator, have been superimposed on the intensity edges.  d) Motion boundaries estimated
by the multiimodal scheme (corresponding to |vg4(s)] = 1). ¢) Resulting optical flow field (183 iterations,
c3’ = 200, a3’ = 0.1) f) In this figure each dash, computed from the sign of 44, points to the inner part of the
occluding region. The disks are occluding the background. The occluded regions correspond to the background and
the overlapping area between the two moving disks.  g) Upper right part of Fig. 10e) (100x100).  h) Result of
Horn and Schunck's method. This field can be compared with the result of the multimodal scheme (Fig. 10g). i)
Result obtained without taking the occlusions into account but handling the motion boundaries. This shows that a

major part of the estimation error comes from the occlusion arecas.
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ground disk moves parallel to the axis of view, hence a dilatation is observed. This
disk partially occludes another disk undergoing a translation of 3v/2 pixels towards
the lower right corner. White noise has been added to the background.

The validation factors concerning the gradient-based motion constraint are de-
rived from hypotheses test (7). Sites with validation factors equal to 0 are shown
in Fig. 10b. One can notice that they are closely related to the different occlusion
areas in the scene : part of the background covered by the two moving objects and
partial overlapping of the two disks.

Fig. 10c depicts both the intensity edges detected on the original grey-level
image and the perpendicular velocity components obtained from the ME estimator
(see Section 2.2). The intensity edges are somewhat noisy, due to white noise added
to the background. The velocity components in Fig. 10c measure, as expected, the
displacement of the moving disks perpendicularly to the intensity edges.

The fields computed after the two-step relaxation process are drawn in Iig. 10d
and 10e. 183 iterations were necessary here to reach convergence (model parameters :
a3’ = 200, a3” = 0.1). Fig 10d presents the motion discontinuities corresponding to
|74] = 1. The proposed Markov interaction model filters the noisy detections on the
background and only captures the true motion boundaries. Moreover, the sign of the
motion discontinuity labels v, allows to differenciate the occluding regions from the
occluded one. In Fig. 10f each dash points to the inner part of the occluding region.
The performance of the method in the overlapping area between the two moving
objects should be noticed : the dashes point to the true occluding disk. The result
is the right one, except for two small parts of the boundary of the second disk which
in fact slide parallel to themselves. There the local information remains ambiguous
and it is not possible to differenciate the occluding region from the occluded one.
Fig. 10e contains the estimated motion field : the accuracy is very satisfactory,
when compared with the theoretical values, especially near the motion houndaries.

‘These results have heen compared to the early gradient-based method proposed
by Horn and Schunck, {29] , which takes into account neither motion discontinuities,
nor occlusion areas. Parts of the fields obtained using the different methods appear
i Fig 10g, 10h and 101. Fig. 10g corresponds to the upper right part of the field
estimated by our multimodal method (Iig. 10e). Fig. 10h presents the results
of Horn and Schunck’s method. As expected, the resulting motion field 1s blurred
across the motion discontinuities. However introducing motion discontinuities with-
out processing occlusions is not sufficient, as shown in Fig.10i. The field in Fig. 10i
is computed while handling local motion boundaries, but without considering the
invalid sites of Fig.10b. Let us recall that these sites correspond to the occlusion
areas. As a result, the final field is very corrupted in this region. By comparing
I'ig. 10h and 10i one can conclude here that the major error source comes from
the occlusion area rather than from an oversmoothing of the velocity field. This

demonstrates that a specific processing of regions containing invalid observations is
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a real contribution of the multimodal scheme.

4.2 Experiments on real world sequences

Several real-world sequences have been processed, which can be related to different
contexts : traffic scene, TV sequences, etc...

o The first sequence called parking lot involves two cars manoecuvring in a park
(Fig. 11). The moving vehicles correspond to the two cars in the foreground.
This sequence can be considered as difficult because, unlike the previous ex-
amples, the camera also moves. The camera pans the scene, creating approx-
imately a translation component in the image plane. This sequence contains
textured areas, especially on the background trees.

o The second sequence houses has been acquired by panning an urban scene.
Prominent grey level features appear on the houses along with quite uniform
regions (Fig. 12).

o The last sequence called interview consists of a TV sequence : the woman on
the right moves up and the camecra follows her motion (Iig. 13).

The results presented here are computed from two successive frames out of the

original sequences.

The result for the parking lot sequence is reported in Fig. 1lc¢ and 11d. The
parameter values are : nl + n2 = 400 iterations, a3’ = 1000., «3” = 0.02. This
sequence gives an example of the contribution of motion discontinuity processing to
the estimation scheme. The estimated motion field fits with accuracy visual motion
on the background trees induced by the camera panning, as well as the motion
corresponding to the two manoeuvring cars (Ilig. 11d). The optical flow on the
road surface in the foreground is zero since the surface is almost completly uniform.

The local motion discontinuities reveal the silhouette of the two moving cars (Fig.
11c). Fig. 11b shows the intensity edges detected in the original grey-level image.
Intensity edges are used as a support for the estimation of motion boundaries. The
Markov interaction model filters the edges detected in the textured background and
almost only captures the real motion discontinuities among the original intensity
edges. This is an important feature of the algorithm, which allows to smooth the
velocity field on regions of significant size, while preserving motion discontinuities.
The motion boundaries can be considered as a by-product of the method, and pro-
vide useful cues for further interpretation of the dynamic content of the scene, for

instance in applications such as object tracking or obstacle avoidance.
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The sequence houses (Fig. 12) was chosen to examplify the contribution of the
moving edge constraint, when there are many regions of uniform intensity in the
image. This is the case in the almost uniform areas of the house roofs and walls in
Fig. 12a. Fig. 12b shows moving edges detected by the algorithm described in [6]
. Fig. 12c and 12d present the resulting velocity field computed using two different
methods. The first one only makes use of the gradient-based constraint, the second
one includes the moving edge constraint. The improvement due to the multimodal
cooperation scheme is quite visible (Fig. 12d). The visual motion corresponding to
a translation in the image plane is well estimated in Fig. 12d, whereas it remains
noisy in Fig. 12c. The image flow equation here does not bring sufficient informa-
tion : the use of an additional constraint largely improves the result.

As far as the interview sequence is concerned, motion boundaries are closely
related to the woman’s movement (compare Iig. 13b with Fig. 13c¢). The esti-
mated motion field accurately reproduces the visual motion in the background due
to the camera panning. The complex motion of the woman moving up (Fig. 13d)
is recovered with a good accuracy, especially near motion boundaries. It can be
compared to the field computed from the Horn and Schunck method, Fig. 13f. The

oversmoothing is very perceptible in this last case.
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5 Extensions towards multiresolution and mul-

tiframe motion analysis

As explained in Section 2.1, large displacements are generally not reachable us-
ing gradient-based motion estimation methods. This also concerns our multimodal
scheme, which makes use of the gradient-based constraint. As soon as the displace-
ments become large, the confidence {actor associated to the gradient-based measure-
ments decreases very quickly. As a consequence, a large part of the gradient-based
measurements do not take part to the estimation of the final velocity field and in
many cases there is not enough information available to get reasonable results. A
classical solution to this problem is to use a multiscale image analysis. The large
displacement vectors are determined at lower resolutions, where the interactions
hetween spatial and temporal derivatives are maintained.

A second possible extension of the proposed scheme is related to the processing of
multiple frames. Intrinsically, the method only considers two successive frames out
of the sequence. There are no connections between the estimates dervived at different,
times. However, the velocities usually vary smoothly along a sequence; hence the
estimated velocities at time ¢ can be used as an initialization for the estimation at
time t + dt.

Those two extensions are of course classical ones : multigrid algorithms have been
studied by Terzopoulos, [50] and Enkelmann, [16] for the estimation of optical flow
fields. The multigrid methods have been adapted to relaxation algorithms for MRI
models by Barnard, [3] in stereo matching and Konrad et al., [35] for motion
estimation. In this paper we resort to such an approach, close to the one reported
in [16] or [35] . We describe it briefly in this section.

5.1 Multigrid velocity estimation

The multigrid relaxation method enables us to address three problems :

e Although deterministic the relaxation scheme remains computationally de-
manding, since it takes several hundred iterations to reach convergence. The
use of a multigrid representation allows to propagate the MRF interactions
more efficiently between distant points, yielding better performances.

e Only small displacements for which spatial and temporal derivatives interact,
can be estimated with the original method. By giving control to low resolu-
tions, large displacements become small in pixels and the interactions hetween
spatial and temporal gradients are restored. This limitation of course does
not concern the feature-based measurcments, which are not restricted to small

displacements.
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o The energy functions at different scales do not present the same ”landscape”.
As a matter of fact it has been conjectured, [35] , that in low resolution im-
ages the energy landscape is "smoother” and may contain fewer local minima
than the energy associated to the original full resolution image. Whereas the
deterministic relaxation algorithm gets stuck in the first local minimum near
the starting configuration, estimates closer to the global optimum may be ex-
pected from a multigrid method starting at a low resolution level where less

local minima exist.

The implemented multigrid algorithm consists of a coarse-to-fine strategy, start-
ing from the lowest resolution and propagating the estimates from the coarse scales
to the finer ones. A gaussian image pyramid is built up using low-pass filtering
and subsampling by a factor of 2 the original images of the sequence. The optical
flow at resolution level k is denoted &*. Three levels of resolution are used in our

experiments (k = 0,1,2). The multigrid algorithm can be described as follows :

e 1 Estimation of the optical flow at the lowest resolution level (k = 2) using
the original multimodal scheme.

e 2 Repetition and bilinear interpolation of the vectors from the coarse level
k to the finer level kK — 1. The interpolation takes into account the location of
the motion boundaries. The interpolated field is denoted &5,

L : . ~ k1 ,

e 3 Estimation of an incremental optical flow field dw  at level £ — 1 intro-

ducing a modified version of the image flow equation, [16] in the global energy

function :
- J}g‘l ~ k-1 Qé‘“ .
Vf(s+ N Jd+ A dw  (s) + f(s+ Y A+ A — f(s.t) = 0

The relaxation is performed until convergence at that level (the convergence
criterion is the same as in the monoresolution case). The final optical flow
field at level k — 1is: O*1 = @6~! + @', The motion boundaries are
estimated using the same energy function as in the monoresolution method.

e 4 [f the current level is 0, stop; else k := k — 1, goto 2.

In the experiments carried out, the same parameters values are used for the
potential functions at each level of the image pyramid. It is not clear, how the
parameters of the MRF model should vary in a multiresolution structure. Gidas,
[23] , recently proposed a coherent mathematical framework for multiscale MRF
estimation. Unfortunately the multiresolution energy functions are tractable only
for very simple models, such as the Ising model.

The contribution of the multigrid relaxation method is illustrated on a TV se-

quence called Mob: comprising large displacements, several different moving objects
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and camera motion. The scene is composed of a rolling ball, a moving toy-train and
a calendar undergoing a vertical translation (Fig. 14a). The camera motion corre-
sponds to a panning of the scene, which yields an additional horizontal translation
component in the optical flow.

Due to large displacements along with important uniform areas (on the calendar
for instance) and sharp edges, the spatial and temporal derivatives interact on a
very short range in that case. Therefore the final optical flow field computed by
the original monoresolution scheme is not satisfactory (see I'ig 14b). The estimates
delivered by the multigrid algorithm, with three resolution levels, are presented in
Ilig. 14c. Visually the optical flow recovered in the multiresolution case is closer to
the real underlying motion (see for example the apparent diagonal translation on
the calendar). Table 1 shows the number of iterations required at each resolution
level to reach convergence. The total itcration number in the multiresolution case
corresponds to an equivalent number of 56 iterations at full resolution. This is twice
less than for the monoresolution algorithm which requires 111 iterations to converge

to a result of lower quality.

level | Iteration Nb | Equ. lter.
Multiresolution 0 43 56
1 37
2 59
Monoresolution 0 111 111

Table 1 : Number of iterations in the mono and multiresolution scheme
(Mobi sequence).
Lqu. lIter. : computational equivalent of one complete sweep through the image at
the finest resolution.

5.2 Multiframe motion analysis

Obviously the optical flow fields &,_ ;4 a; and Gy ar—i42a¢ extracted from the succes-
sive frames (f(.,.,t), f(.,.,t + At)) and f(.,.,t + At), f(.,.,t + 2At) are generally
similar, except when they are computed on a cut between two different sequences
or when there is an abrupt change in the content of the scene. More precisely, it is
reasonable to consider that the displacement dP,_.;4a, of a given point P between
time t and ¢ + At 1s close to the displacement dP,ya(—i424, of the displaced point
P + dP,_.1;a; between time t + At and ¢ + 2AL.
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Figure 14 : Multigrid estimation : "Mobi” sequence (by courtesy of
CCETT-Rennes).

a) First frame of the original sequence (512x512) : the scene s composed of a rolling

ball, a moving toy-train and a calendar undergoing a vertical translation. The camera motion cor-
responds to a panning of the scene.

b) Optical flow estumalion with the original monoresolution scheme

(horizontally and vertically subsampled by 10).
¢) Optical flow estimation with the multigrid method (horizontally and vertically sub-
sampled by 10).




Therefore, when a long sequence is processed, the number of iterations can be
strongly reduced, by using the field obtained on the previous frames to initialize the
current optical flow computation. The field used for initialization at time ¢t + At is
obtained from the optical flow field computed between ¢t and ¢ + At after projection
in the direction of motion and interpolation on the discrete image grid.

Initialization | Frame No | Iteration Nb
zero-value 2 275
field 3 324
4 256
5 307
6 387
predicted 2 .
field 3 137
4 125
5 104
6 186

Table 2 : Nwmber of iterations required to reach convergence (zero initialization
and intialization by the predicted field) (Interview sequence)

The saving of computation time appears clearly in a comparison with the origi-
nal scheme (in which an initialization to zero is applied)(see Table 2). The results
in Table 2 correspond to the processing of six successive frames extracted from the
sequence Interview.

Whereas it takes between 250 and 400 iterations to reach convergence in the
zero-initialization case, only half of this number is needed in the modified scheme.
Otler sequences have heen processed with similar results.

When there are cuts in the sequence, the modified algorithm does not behave as
well of course. One can even expect that in some situations a wrong initialization
may lead to a convergence to a local minimum far from the global optimum. lo avoid
this, efficient methods for detecting cuts or abrupt changes in the scene content are
available and could be used in addition (yet, this issue was not investigated here).
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6 Concluding Remarks

We have presented a general algorithm for optical flow estimation which is able to
jointly handle discontinuities and occlusions in the motion field. It can be inter-
preted as a generalized regularization approach to the ill-posed problem of optical
flow computation. The method has been called multimodal in that it integrates sev-
eral complementary constraints on the desired solution. Statistical models express
the interactions between the different low-level image entities : velocity vectors,
motion boundaries, occluding and occluded surfaces, intensity edges and the spatio-
temporal variations of the brightness pattern. The motion measurements are based
on two complementary constraints : gradient-based and feature-based. The algo-
rithm requires the tuning of only two main parameters which balance the smoothing
of the velocity field and the sensitivity of the motion boundary detection.

Experiments have been carried out on a large number of real-world sequences :
outdooor and indoor scenes with moving camera, several moving objects and large
displacements. One key feature of the described scheme is its ability to handle
properly occlusions areas. Indeed in image sequences discontinuities are not only
local but exist on large areas corresponding to occluded surfaces. This problem
has been addressed here by testing directly the validity of the underlying motion
measurement equations. We think this is an efficient way to cope with the general
occlusion problem. The experimental results on synthetic sequences clearly demon-
strate the advantages of this approach. We think that the multimodal estimation
algorithm should be considered as a step toward a comprehensive multiconstraint
motion estimator. Such an estimator would enable velocity estimation in very gen-
eral situations : on textured outdoor scenes as well as on structured man-made
environments with long-range or short-range motion.

Yet, a perfect detection of motion boundaries remains difficult : for instance

the extracted motion boundaries are sometimes locally broken. This is mainly due
to two factors : the quality of intensity edges used as partial support for estimat-
ing motion boundaries and the use of a deterministic optimization algorithm which
yields suboptimal motion edge configurations.
However, the statistical framework described here seems flexible enough to allow
several important extensions. For instance, in the present scheme, only local motion
boundaries are determined. An extension toward a region-based motion segmen-
tation algorithm would be of interest in the context of dynamic scene analysis. A
partition of a sequence into its constituent moving objects indeed defines a first
key-step in many dynamic scene analysis problems.

Another straightforward addition may deal with the multimodal cooperation
with other early motion measurements resulting from similarity functions, token
tracking or grey-value corners matching, for instance.

Besides, as far as large displacements are concerned, a significant contribution
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to multigrid MRF-based relaxation algorithms would be the development of a con-
sistent theoretical framework for multiscale Markov modeling. Up to now, to our
knowledge the only satisfactory paradigm, [23] , does not lead to tractable energy
functions. As a matter of fact, it is not known how the parameters of the potential
functions vary when the scale is changed. A tractable multiscale framework for MRF
would undeniably help the statistical multiscale analysis of images (with applications
in many other fields such as stereovision, image restoration or segmentation).

The last point is the temporal stability of the extracted motion cues (motion
boundaries or regions). In the described algorithm there is no a priori modeling of
the connections which naturally exist between estimates obtained at different times.
It would be of great interest to have also a control on the temporal dimension, in
order for example to filter and to track motion cues along the sequence. To this
end we currently study temporal extensions to the existing spatial Markov Random
Field models. A class of models with temporal neighborhoods has already been
introduced in motion detection [7] and motion segmentation, [41] . They appear
promising as far as the processing of long sequences is concerned.
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