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Abstract

In this paper, we present a aperture-free, appearance rftedehlgorithm for the estimation and seg-
mentation of the motion field of arbitrary input sequenckaf ts applicable even when the appearance of
the underlying components of the scene are changing rapidiypartially or totally occluded at times, or
whose deformation patterns are highly irregular. The dtlgoris built upon a low-level, generative proba-
bility model of motion that captures our prior intuitionscalt motion fields are structured, while avoiding
the representation of notions that break down, or are uitflieasr intractable to model under general con-
ditions. Estimation of the motion field and segmentationasrttie defined model is achieved by applying
Loopy Belief Propagation (LBP) to make the inference stef5(&p) of the Expectation Maximization
(EM) algorithm used to learn the model parameters tractaRésults for the case of the application of a
constant motion model formulation of the algorithm to thalgsis of a natural image sequence contain-
ing two independently moving persons (the image sequenaeaia Frey used to demonstrate their early
work on learning flexible sprites in video layers [5]) areg@eted, and demonstrate very good motion field

estimation and segmentation performance.

1 Introduction

The recovery and segmentation of the motion field of a vidgaesece is a fundamental problem in computer
vision that has received much attention. Although much msghas been made in motion analysis and scene
analysis in general in recent years [9, 3, 2, 13, 12, 11, 1], & @®bust solution to the motion estimation and
segmentation problem under the most general conditiohalttides us today.

It is not immediately clear what is so challenging about thatiom estimation and segmentation prob-

lem. A multitude of techniques for the estimation of optiftalv exist [6, 7], and can provide, in regions of
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adequate texture, good local estimates of the motion fietekrd are several fundamental issues with these
local, low-level approaches to motion estimation howelust of these approaches require that a decision
about the aperture to use when computing local flow estimaewade, and show high sensitivity to this
decision in the resulting flow estimates. The spatial ragmiuof the flow field estimated using these ap-
proaches is generally limited by the choice of aperture,intgathe motion field estimate inaccurate around
motion boundaries. For gradient based approaches, spat@ithing must be done before estimating flow,
also damaging the spatial resolution of the resulting nmofield estimate. In addition, in general there will
be large regions of the scene under analysis with little derture, that no reasonable choice of aperture can

overcome. In this case the optical flow is computed as zem@rdéess of the motion field.

Figure 1: Local flow computation followed by clustering is an ineffiget unreliable way to obtain motion field and
segmentation estimates. At left, the first of an input soumege pair. At middle, the result obtained by applying the
local optical flow estimation method [6] with an aperturedof5. At right, the result obtained by applying the local
optical flow estimation method [6] with an aperturedof. In both cases the smoothing parametet 2.75, Note that an
aperture oft15 was the smallest value that yielded reasonable segmeantaolts in our experiments. Clearly in this

(the optimal) case, the achieved segmentation is of verysfmatial resolution, with large regions of segmentatioorerr

Figure 1 depicts one frame of an natural image sequence whereople are walking towards each other
at roughly constant velocities of approximately 3 and -3fsilsecond, respectively, along with the motion
segmentation results obtained via the application of Mixuf Gaussians (MOG) clustering on locally com-
puted flow estimates obtained via Horn and Schunck’s opitimalestimation technique on an image pair [6].
In the first case, the aperture during flow estimatioft1$ pixels with (isotropic) gaussian smoothing param-
etero = 2.75. Here the motion is (at least roughly) successfully segegriut the resulting segmentation
is of very poor spatial resolution, with large regions ofeegtation error. In the second case, the aperture
has been turned down 65 pixels. Here we can see that the spatial resolution of theeatation is much
improved (the background segmentation is reasonably atuput the resulting optical flow estimates are
actually very poor, resulting in negligible segmentatifthe underlying motions. It should be noted that here
an aperture oft15 was the smallest value that yielded reasonable segmentatolts in our experiments.

Clearly simple local optical flow estimation followed by staring will not in general be an accurate, robust



way to do motion estimation and segmentation. More gengnak expect thatiny approach for motion
segmentation based local flow estimates will not be abledover a high resolution motion segmentation of
the scene, since the observation data will generally efthef low spatial resolution, or highly inaccurate.

Several more advanced approaches have been taken to trenranélysis and segmentation problem
[9, 3, 2,12, 11, 1, 5, 8]. One major theme has to enforce dpadteerence during both motion and seg-
mentation estimation to improve performance. In [12] foample, Weiss presents a motion segmentation
algorithm where the notion of spatial coherence among fighg pixels is enforced via a Markov Random
Field (MRF) over the postulated generating motion clusi@nsl a mean-field algorithm to facilitate compu-
tationally tractable estimation of both the number of @usi{when the variance of the underlying clusters is
assumed to be common and known), and their cluster parasiigt@erived. In [3], Cheung, Maclean et. al.
present a coupled motion estimation and segmentationitdggrdeveloped for the purpose of initializing
their contour tracking algorithm, that incorporates sdatbherence by doing 'post-clustering’ image warp-
ing to recover a 'corrected posterior’ of the motion segratiah, based on the agreement of the warped input
image intensity and output image intensity under each ifiesicluster motion.

A multitude of 'higher-level’ approaches to scene analyisét incorporate or achieve motion estimation
and segmentation as a by-product have been developed [, dndhave demonstrated excellent results
under certain conditions. A common theme of many of thesecgmes is to learn a representation of the
appearance of the underlying components of the scene tevacahhanced motion estimation and segmen-
tation. In [9, 5], for example, Frey and Jojic present aldonis for automatically learning flexible sprites in
video layers, and demonstrate robust, high resolutionan@&stimation and segmentation performance under
the conditions of occlusion and small appearance defoomsitiin cases where the underlying appearances
are very similar, rapidly changing, very complex, or irrkgly changing, however, it is not clear at this point
that such approaches will be feasible or of fidelity. Undehsconditions, can high fidelity estimation and
segmentation of the motion field be achieved?

In this paper, we present a aperture-free, appearance rfredehlgorithm for the estimation and seg-
mentation of the motion field of arbitrary input sequenchat ts applicable even when the appearance of
the underlying components of the scene are changing ra@icdypartially or totally occluded at times, or
whose deformation patterns are highly irregular. The atigaris built upon a low-level, generative probabil-
ity model of motion that captures our prior intuitions abbatv motion fields are structured, while avoiding
the representation of notions that break down, or are uififieasr intractable to model under general con-
ditions. Estimation of the motion field and segmentationarritie defined model is achieved by applying
Loopy Belief Propagation (LBP) to make the inference ste{s{&p) of the Expectation Maximization (EM)
algorithm used to learn the model parameters tractableul®dsr the case of the application of a constant

motion-mixture model formulation of the algorithm to theadysis of a natural image sequence contain-



ing two independently moving persons (the image sequerjeealal Frey used to demonstrate their early
work on learning flexible sprites in video layers [5]) areg@eted, and demonstrate very good motion field

estimation and segmentation performance.

2 A Low-Level Generative Probability Model of M otion

We assume that we have an image gdir, >} consisting of successive frames of an image sequence, taken
at a frame rate sufficient such that brightness constancyrémsonable assumption, and that the spatial
and temporal derivatives of the image pélr., I;} are (approximately) related by the brightness constancy

constraint:

L (x)" u(x) + L(x) =0 (1)

at each image location, whetgx) is the motion field at image locatiaa In the spirit of the formulation
presented in [3], but in a slightly different form, we supedbe existence of underlying motion cluster
variablesc(x), which together with the measured spatial derivalivex) define a conditional distribution on

I;(x) that is Gaussian:

p(I(x)]e(x), Lo (%)) = N (1e(x); L (x) " ue(), oc()) 2

Where the parameters af ando., ¢, will depend on the assumed motion model. Note that in génera
ando, will be a function ofx.
Additionally, conditioned ore(x), we model the relationship between the warped versioR @f) and

I,(x) as zero mean and Gaussian:

pLi(x +u.)) — Ia(x)[c(x)) = p(AI(x)[c(x)) = N(AI(x);0,¢)) ®3)

to enforce coherence of the obtained motion estimates téthknown image pair in the model, as was done
as a post-processing step in [3]. To enforce the notion thathtoring pixels will generally have related

motions, we impose a MRF prior dre(x) }:

et = 5 Tmeo  IT Wleba),exa), A): @

llx2—x1]]=1
whose compatibility function® (c(x1), c(x2), A) may be defined to represent our belief about how the esti-

mation of the motion of neighboring should be related.



The overall generative probability model for the observedge pair, their spatial and temporal deriva-

tives, and the postulated hidden motion cluster variaptés)} is then given by:

p({In} (T2} AL ()}, {120}, {e(x)}) = p({e()}) [ [ p(e(x)le(x), L (x))p(AI (%) |e(x))

X

= TTmeo T wetn)cxa). N T NS L) 0el6), 0 ($)N(ATGx):0,4))  (5)

[z —x1[|=1 x

In the case of the assumption of a constant motion model fdr Betion cluster the model simplifies to:

({1} {12} (L)} {1} {e()})
= Tl T b)), N [N L) e 0 NAT:0,6))  (6)

llx2 a1 [|=1 x
The application of this model to problems in motion estimatand segmentation will be the focus of the

remainder of this paper.

3 A Loopy Belief Propagation Algorithm for Motion Estimation and

Segmentation

Given the low-level generative probability model of motidafined in the previous section, the task of
motion estimation and segmentation maps to the estimatidgheomotion cluster velocitiesi. and the
posterior probability of each motion class at each pixehtmn given the observed image dala, =
{AI(x),I;(x),I.(x)}. We achieve this by applying an EM algorithm to simultanéplearn the param-
eters of the model and estimate the motion cluster posteriterative fashion [10].

Because the motion cluster pripf{c(x)}) is locally coupled, the exact computation (inference) of
p(c(x)|D), which is required in the Expectation-Step (E-Step) of Elybaithm will scale ag)(N*), where
N is the number of pixels in the source images, and so will galyenot be computationally feasible. To
achieve computationally feasible approximate inferenaing the E-Step we apply Loopy Belief Propaga-
tion [13], passing local messages between the random \esiabthe model to communicate the influence
coupled random variables have on one another.

Perhaps the most straightforward to describe form of Béliefpagation is the application of the Sum-
Product algorithm [4] to the factor graph representing thebal function on which marginals are to be
computed. The factor graph representing our generativegiitity model of motion is depicted in figure 2.
Here the square nodes represent 'function nodes’ that amgected to dependent variables, and the circular

nodes are ‘variable nodes’ representing the variablessofbdel.



Figure 2:The Factor Graph representation of our generative prababibdel of motion.

At each iteration of the sum-product algorithm, outgoingsages are computed as follows:

e At variable nodes, the outgoing message on each connectrdi#domputed as the product of all

incoming messages on the other edges.

e At function nodes, the outgoing message on each connectgiedomputed by taking the product
of all incoming messages on the other edges, multiplyindibydcal function, and marginalizing over

all variables less the destination variable (and then nbizing)

Note that all messages sent to and from function and variabdkes are a function of only the variable
connected to that edge. The product@fincoming messages to a given function node represents thentu
estimate of the marginal of that variable. In the case thatéhationship between all random variables forms
atree, allowing messages to propagate in both directiamgalll edges in parallel for a number of iterations
proportional to depth of the tree results in the computatidheexact marginals for variables in the network.
In the case that the variable network has loops, which is &#ise bere, the computation is approximate (the
network has loops but each variable treats the incomingfsedis independent information). LBP has been
applied to inference problems on graphs with loops, inclgdiRFs, with much success in many areas
[12, 13].

To compute an approximate E-Step at each iteration of EM umdleprobability model of motion then,

we perform an iteration of the sum product algorithm on thegpgrdescribing the model, passing messages



between all function and variable nodes, and then simply tak& product of all incoming messages as our
current estimate of the marginal posterior@t). At a given cluster node then, the marginal estimate at each
E-Step iteration is computed (except on the image edgespdsigt of 7 incoming messages; 4 from it's local
neighbors in the MRF, which we will denote asy, and three local beliefsp,, mrgy andmeog, which
express the influence of local priat, I,.(x) and;(x), andAI(x) respectively or:(x) given the current

model parametersny, mrer, andmeog are given, respectively, as follows:

mr(c(x)) = 7 @)
mrpm(c(x)) = p(L(x)|e(x), L (x)) = N(I(x); L (x)"uc(9), 0(¢)) (8)
meon(e(x) = p(AI(x) = N(AI(x);0,1) (©)

Each message y (c(x)) is defined by the marginalized product of the message seradiyreeighbor and its
associated local compatability function, and cannot beesgqed in terms of the model parameters in closed
form.

The Maximization Step (M-Step) is computed by taking thew@dive of the expected complete likeli-
hood or the hidden and observed data given the current @éssép({c(x)}|D) with respect to the model
parameters. Here another approximation is required to itiekeomputation tractable. Since the coherence-
based likelihooth(AI(x)) is a function ofu., an exact M-step would require this term be included when
maximizing the likelihood of the data w.rit.. This term however, is not tractable to store or computect ea
iteration (it could be represented, for example, by a miufrgaussians, one for each pixel, or as a discrete
belief) even when the underlying motions are reasonablyted. We proceed by ignoring the dependence
of this term in the likelihood function when minimizing., which is certainly suboptimal. Note however,
that the coherence term still has an influence on the estimafiu. at each iteration via thevco y message
passed during the E-Step, which discriminates againsthereot motions.

The Approximate M-Step updates are given by:

u. = (BTA)"'BTh (10)

B = [p(e(x1)| D)Ly (x1), p(e(x2) D)L (%2), -.., p(c(xn) D)L (x)] "

A= [T(x1), Ip(x2), ..., Lo (xn)]

b= —[L(x1), Le(x2), ..., I (xn)]"



>y P(e(x) D) (L (%) — 11(x))*
2 x P(c(x)D)

Here we set) arbitrarily at unity, buty) can be set according prior information (for example the ager

Oc =

(11)

variance of the video camera output intensity for consigmti intensity) if available. Looking at the M-Step
updates we can see that the updatedpis effectively a weighted-least-squares estimate of théanmf
clusterc, where the weights are given by the current posterior estifite.c(x) over the image. The update
for rule for o, can be similarly understood.

By iterating between the approximate E and M Steps descabege, we can learn the parameters of
the our probability model of motion, recovering estimatéthe underlying motions., and simultaneously

recover a motion segmentation of the image via the inferostguior{p(c(x)|D)}.

4 Experimental Results

The motion segmentation algorithm described above wasimehted in Matlab and tested on the Frey and
Jojic’s video of two people walking towards and then pashesher in parallel but non-intersecting planes, as
was introduced in an earlier discussion in the introductBecause the E-Step is implemented approximately
via LBP, we can trivially enable and disable the propagatiociasses of beliefs to investigate their influence
on the motion estimation and segmentation results obtained

Figure 3 depicts the motion segmentation results obtaioeddveral variants of our motion estimation
and segmentation algorithm for the image frame depictedjimdi 1. In the top left image is the motion seg-
mentation obtained when message passing across the MREendherence enforcing messagesoy,
are disabled. In this case the algorithm reduces to MOGalimgt of { I;(x)} given{I.(x)}, as was done
in [3] (in [3] the results were then tested for coherence ddposterior estimates of the segmentation 're-
placed’ by the coherence likelihood). In this case very pnotion estimation and segmentation is achieved.
While in [3] excellent segmentation results were demonstiéor the case of one moving object on a static
background, we can see that the algorithm breaks down wiese tonditions are relaxed.

In the top right image, we have turned on the coherence messagoy during the E-Step. Here a
dramatic improvement in the segmentation (and motion edég) is obtained over the previous result. The
coherence belief steers the estimation towards estimatest®mn that are coherent with the observed image.
In contrast, the former version of the algorithm is grossiganstrained and the optimization space has many
local minima.

In the lower left hand corner the results obtained when Hadtcbherence and MRF messages are turned

on, and the compatibility between neighboring pixels istedte uniform (all neighboring pixels have equal



Figure 3:Motion segmentation results achieved by our algorithm wigtp left) message passing over the MRF and
from the coherence constraints is disabled, (top right)sags passing over the MRF is disabled and message passing
from the coherence constraints is enabled, (bottom leftnaeksage passing is enabled, with all MRF compatibilities
defined uniformly (bottom right) all message passing is Ethhwith the MRF compatibilities specified according to

(12) with K = 40 to define our fully-enabled motion estimation and segméantatigorithm.

influence on each other). Looking at the segmentation resiltan see that the incorporation of the notion
that neighboring pixels will generally have similar motiin addition to forcing coherence via theco i
messages, improves the obtained results minimally, iflat al

In the lower right hand corner of figure 3 the results obtaiwbdn both the coherence and MRF messages

are turned on, and the compatibility between neighborirglpiis set to be:

| La(x2) — La(x1) |
K

¥(x1,X2) = exp( )—1 (12)

with 'coupling factor’ K set to 40 are depicted. Here the clingis weighted based on how similar the
intensities of neighboring pixels are. When the couplintpig, the belief communicated from one cluster
node to another becomes neutral (uniform). When the cogigihigh, the belief of one cluster node about
it's neighboring cluster node is communicated unaltered.

Looking at the result, we can see a large improvement ovesahgmentation result achieved by the more



primitive versions of the algorithm, and a high resolutimfiormative segmentation of the underlying motion
of the scene is obtained. Note that the coupling factor wasumed specifically for this image, but set based
an adhoc estimate of how we cluster intensity informatioemtoing motion segmentation. Note also that
simple image processing such as low-pass and morpholagieahtions could be trivially applied to improve

the aesthetics of the result, if necessary.

Figure 4:(left) source image. (middle) motion segmentation resthiteved by our fully-enabled motion estimation and

segmentation algorithm. (right) result achieved by loaakftomputation followed by MOG clustering.

Figure 4 (middle) depicts the segmentation result basedhoi,, obtained by the full version of our
image segmentation algorithm, for a point in the test imaggience where one person is partially occluding
the other and their associated motion boundaries meet. ddgia we can see that a high resolution segmen-
tation of the motion field, even along some sections of whiseentotion boundaries of the people meet, is
obtained. In the lower portion of the image, we can see setatien leakage on the striped shirt of the second
person. In this case, because the shirt is striped and thldisnent of both subjects over the image pair is
similar to the distance between the stripes, and the maotimnspatially local, the segmentation is ambiguous
to the algorithm. Similarly, around the motion boundarylie facial area of the subjects, there is limited
texture and the pixel intensity on both sides of the motioartatary is very similar, leading to segmentation
leakage. Nevertheless, the obtained result is impresSigare 4 (right) depicts the result obtained via local

computation of optical flow followed by MOG clustering. Hehe obtained segmentation is unintelligible.

5 Conclusion

In this paper, an aperture-free, appearance model frearithlign for the estimation and segmentation of the
motion field of arbitrary input sequences, that is applieaden when the appearance of the underlying
components are not tractably modelable, was presentedalbgthm is built upon a low-level, generative
probability model of motion that captures our prior intaits about motion fields are structured, and avoids
the representation of notions that break down, or are uitieasr intractable to model under general con-

ditions. Estimation of the motion field and segmentationarritie defined model is achieved by applying

10



Loopy Belief Propagation (LBP) to make the inference stejs{€p) of the Expectation Maximization (EM)
algorithm used to learn the model parameters tractableul®der the case of the application of a constant
motion-mixture model formulation of the algorithm to theadysis of a natural image sequence containing
two independently moving persons (the image sequencealwji¢-rey used to demonstrate their early work
on learning flexible sprites in video layers [5]) are presdrand demonstrate that high-resolution motion
segmentation and estimation is possible even without appea models. Directions of future research in-
clude the definition of a LBP algorithm under the assumptibmore complex underlying motion models,
and the development and analysis of an equivalent pat¢hréeas opposed to pixel-feature based models,
with the aim of reducing segmentation leakage and obtasstiagper estimates of the posterior probability of

the underlying motion clusters, at the expense of someapatiolution.
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