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Abstract. We describea2.5D layered representation for visual motion analysis.
The representation provides a global interpretation of image motion in terms of
severa spatialy localized foreground regions along with a background region.
Each of these regions comprises a parametric shape model and a parametric mo-
tion model. The representation also contains depth ordering so visibility and oc-
clusion are rightly included in the estimation of the model parameters. Finally,
becausethe number of objects, their positions, shapesand sizes, and their relative
depthsareall unknown, initial modelsare drawn from aproposal distribution, and
then compared using a penalized likelihood criterion. This allows us to automat-
ically initialize new models, and to compare different depth orderings.

1 Introduction

One goal of visual motion analysisis to compute representations of image motion that
allow onetoinfer the structure and identity of moving objects. For intermediate-level vi-
sual analysisoneparticularly promising type of representation is based on the concept of
layered image descriptions[4, 12, 26, 28]. Layered model s provide anatural way to esti-
mate motion when there are sevaral regions having different velocities. They have been
shown to be effective for separating foreground objects from backgrounds. One weak-
ness of existing layered representationsisthat they assign pixelsto layersindependently
of pixels at neighboring locations. In doing so their underlying generative model does
not manifest the constraint that most physical objects are spatialy coherent and have
boundaries, nor does it represent relative depths and occlusion.

In this paper we develop a new, 2.5D layered image representation. We are moti-
vated by a desire to find effective descriptions of images in terms of a relatively small
number of simple moving parts. The representation is based on a composition of lay-
ered regions called polybones, each of which has compact spatial support and a proba-
bilistic representation for its borders. This representation of opague spatial regions and
soft boundaries, along with a partial depth ordering among the polybones, gives one an
explicit representation of visibility and occlusion. As such, the resulting layered model
correspondsto an underlying generative model that captures more of the salient proper-
ties of natural scenes than existing layered models.

Along with this 2.5D representation we also describe a method for parsing image
motiontofind global image descriptionsintermsof an arbitrary number of layered, mov-
ing polybones (e.g., see Figure 1 (right)). Since the number of objects, their positions,



motions, shapes, sizes, and relative depths are all unknown, a complete search of the
model space isinfeasible. Instead we employ a stochastic search strategy in which new
parses are drawn from a proposal distribution. The parameters of the individual poly-
boneswithin each such proposal are refined using the EM-algorithm. Alternative parses
are then compared using a penalized-likelihood model-selection criterion. This allows
usto automatically explore aternative parses, and to select the most plausible ones.

2 Previous Work

Many current approaches to motion analysis over long image sequences are formulated
as model-based tracking problems. In most cases we exploit prior knowledge about the
objects of interest. For example, one often uses knowledge of the number of objects,
their shapes, appearances, and dynamics, and perhaps an initial guess about object po-
sition. With 3D models one can take the effects of directional illuminationinto account,
to anticipate shadows for instance [14]. Successful 3D people trackers typically assume
detailed kinematic model s of shape and motion, and initializationisstill often done man-
ually [2, 3,7, 21]. Recent success with curve-based tracking of human shapesrelieson a
user defined model of the desired curve [11, 17]. For complex objects under variableil-
[uminants, one could attempt to learn models of object appearance from atraining set of
images prior to tracking [1, 8]. Whether one tracks blobsto detect activitieslikefootball
plays [9], or specific classes of objects such as blood cells, satellites or hockey pucks,
it is common to constrain the problem with a suitable model of object appearance and
dynamics, along with arelatively simple form of data association [16, 19].

To circumvent the need for such specific prior knowledge, one could rely on bottom-
up, motion-based approachsto segmenting moving objectsfrom their backgrounds, prior
to tracking and identification [10, 18]. Layered image representations provide one such
approach [12, 20, 25, 28]. With probabilistic mixture models and the EM (Expectation-
Maximization) algorithm[6], efficient methods have been devel oped for determining the
motion and the segmentation simultaneously. In particular, these methods give one the
ability to softly assign pixels to layers, and to robustly estimate the motion parameters
of each layer. One weakness in most of these methods, however, is that the assignment
of pixelsto layersisdone independently at each pixel, without an explicit constraint on
spatial coherence (although see [23, 27]). Such representations, while powerful, lack the
expressiveness that would be useful in layered models, namely, the ability to explicitly
represent coherence, opacity, region boundaries, and occlusion.

Our goal here isto develop a compositional representation for image motion with a
somewhat greater degree of generic expressiveness than existing layered models. Broadly
speaking, we seek a representation that satisfies three criteria: 1) it captures the salient
structure of the time-varying image in an expressive manner; 2) it allows usto generate
and elaborate specific parses of the image motion within the representation in a compu-
tationally efficient way; and 3) it allows us to compare different parses in order to select
the most plausible ones.

Towardsthisend, likepreviouswork in[23, 24], we assume arelatively simplepara-
metric model for the spatial support of each layer. However, unlike the Gaussian model
in[23], where the spatial support decays exponentially from the center of the object, we
useapolyboneinwhich supportisunity over theinterior of the object, and then smoothly
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Fig. 1. (Ieft) The spatial support of each polybone used in the experimentsis asimple transform
of a canonical octagonal shape. The allowed transforms include trandation, rotation and inde-
pendent scaling along two object-centered axes. (middle) These plots depict boundary position
density p.(d) and the occupancy probability w(z). The occupancy probability is unity insidethe
polygon with a Gaussi an-shaped soft shoulder. (right) An example parse with polybonesfrom an
image sequence.
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decaysto zero only in the vicinity of the spatial boundary. Thisrepresentation embodies
our uncertainty about exact boundary position, it allows usto separate changes in object
size and shape from our uncertainty about the boundary location, and it allowsusto dif-
ferentiate the associated likelihood function with respect to object shape and position.
Most importantly, it allowsus to explicitly express propertieslike visibility, occupancy,
opacity and occlusion in a straightforward way.

One of the central issuesin this research iswhether or not the extraction and selec-
tion of alayered polybone description for image motioniscomputationally feasible. The
space of possible descriptionsis large owing to the unknown number of polybones, the
unknown depth relations between the different polybones, and the dimension of the con-
tinuous parameter space for each polybone. We therefore require effective methods to
search this space for plausible models.

3 Layered Polybones

A layered polybone model consists of a background layer and K depth-ordered fore-
ground layers. Formally, amodel M at time¢ can be written as

M = (K(t), bo(), ..., b (1)) | (1)

where b, = (a,, my,) isthe vector of shape and pose parameters, g, together with the
motion parameters, my,, for the k** polybone. By convention, the partial depth ordering
of the layersis given by the order of the polyboneindices. The background corresponds
to k£ = 0, and the foremost polybone correspondsto k£ = K.

In the interests of a simple shape description, the interior of each polyboneis de-
fined by a closed convex polygon. These interior regions are assumed to be opaque, so
anything behind a polybone interior is occluded. Given the simplicity of the polybone
shape, we do not expect them to fit any particular region accurately. We therefore give
each polybone a soft border to quantify our uncertainty in the true boundary location.
More precisely, we define the probability density of the true boundary location, p,, asa
function of the distance, d(x; by ), from alocation x to the polygon specified by by, (see
Fig. 1(middle)). Given p,, the probability that x liesinside of the true boundary is then
expressed as w(x; b, ) = ps(d > d(x; b)), the cummulative probability that the dis-
tance d, inthedirectionx, isgreater than d(x; by, ). Thisoccupancy probability, w(x; by),



serves as our definition of spatial support from which we can formulate visbility and oc-
clusion. As depicted in Fig. 1(middle), we model p; so that the occupancy probability,
w(X; b ), isunity intheinterior of the polygon, and decays outside the polygonwith the
shape of a half-Gaussian function of the distance from the polygon. For convenience,
the standard deviation of the half-Gaussian, o, , is taken to be a constant. In practice
we truncate the polybone shoulders to zero after a distance of 2.50;.

With these definitions, the visibility of the j ** polyboneat a pixel x depends on the
probabilitiesthat closer layers do not occupy X; i.e., the visibility probability is

K
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where all pixelsin the foremost layer are defined to be visible, so vk (X) = 1. It may be
interesting to note that transparency could also be modeled by replacing (1 — w(X; b;))
in(2) by (1—p;w(x; b;)), whereyu; € [0, 1] denotestheopacity of the j** polybone(cf.
[5,22]). Previous layered models correspond to the special case of thisin which p; =0
and each polybone covers the entire image, so w(x; bx) = 1.

Inour currentimplementation and the exampl es bel ow we restrict the polybone shape
to be a simple transformation of a canonical octagonal boundary (see Fig. 1(left)), and
welet o, =4 pixels. The shape and pose of theinterior polygonisparameterized withre-
spect toitslocal coordinate frame, with itsscale inthe horizontal and vertical directions
S= (s4, 5y), itsorientationd, and theimage position of the polygonorigin, ¢ = (¢, ¢y)
(see Fig. 1(left)). Together with the boundary uncertainty parameter, o, these parame-
ters define the shape and pose of a polybone:

a = (S, 0k,C,055) . 3

This simple description for shape and pose was selected, in part, to simplify the exposi-
tionin this paper and to facilitate the parameter estimation. It would be straightforward
to include more complex polygonal or spline based shape descriptionsin the represen-
tation (although local extrema in the optimization may be more of a problem).

Finally, in addition to shape and pose, the polybone parameters al so specify the mo-
tion withinthe layer. In particular, the motion parameters associated with the &% poly-
bone, denoted by my,, specify aparametricimage warp, w(x; m (¢)), from pixelsat time
t + 1 to pixelsat time¢. In the current implementation we use similarity deformations,
where mj, specifies translation, rotation and uniform scaling between frames.

4 Model Likelihood

The likelihood of a layered polybone model M, depends on how well it accounts for
the motion between frames¢ and ¢ + 1. Asis common in optical flow estimation, our
motion likelihood function follows from a simple data conservation assumption. That
is, let d(x, t) denote image data at pixel x and frame t. The warp parameters for the ¥”
polybone specify that points (X, ¢) map to pointsin the next frame given by (x’, ¢ + 1)
= (W(x; mg(t)),t + 1). The similarity of the image data at these two pointsistypically
measured in terms of a probability distributionfor the difference

ddp (X, 1) = dw(x;mg(2)),t+1) — d(X,1) . 4



The distribution for the deviation dd is often taken to be a Gaussian density, say
p1(dd), having mean 0 and standard deviation o,,,. To accommodate data outliers, alin-
ear mixture of a Gaussian density and a broad outlier distribution, pg (6d), can be used.
Such mixture model s have been found to improve the robustness of motion estimationin
theface of outliersand unmodelled surfaces[12, 13]. Usingamixturemodel, wethen de-
fine the likelihood (i.e., the observation density) of a single data observation, ddj, (x, t),
giventhe warp, w(x; m(t)), to be

pk(édk(x,t)) = (1 — Foyk)pl(édk(x,t)) + Foykpo(édk(x,t)) s (5)

wherem, 5, € [0, 1] isthe outlier mixing proportion. The additional parameters required
to specify the mixturemodel, namely o,,, and 7y, are also included in the motion param-
eter vector my, (¢) for each polybone. Note that, as with the shape and pose parameteri-
zations, we chose simpleformsfor the parametric motion model and thedata likelihood.
Thiswas done to simplify the exposition and to facilitate parameter estimation.

Thelikelihoodfor the k*” polyboneat apixel x can be combined with thelikelihoods
for other polybonesin the model M ; by incorporating each polybone’svisibility, v (x),
and occupancy probability, w(X, b (¢)). It isstraightforward to show that the likelihood
of the entirelayered polybone model at a single location x and frame ¢ is given by

P{8dk (X, 1) Hg | M) Z w(X; be) pr (6 (X, 1)) . (6)

Finally, given independent noise at different pixels, the log likelihood of the layered
polybonemodel M, over the entireimageis

log p(D: M) = Zlogp({édk(x,t)}fzo |M¢) . ()
X

Note that the use of D, here involves some abuse of notation, since the image data at
both frames¢ and ¢ + 1 are required to compute the deviations §dy, (x, ¢); moreover, the
model itself isrequired to determine corresponding points.

5 Penalized Likelihood

We now derive the objective function that is used to optimize the polybone parameters
and to compare aternative models. The objective functionis motivated by the standard
Bayesian filtering equations for the posterior probability of the model M ¢, given all the
dataup totimet (denoted by D, ). In particul ar, ignoring constant terms, thelog posterior
isgiven by

UM;) = logp(D: [ M) +logp(M¢ | Di_1) . (8)

The last term above isthe log of the conditional distribution over models M ; given all
the previous data, which istypically expressed as

P(M¢ | Di—1) = /|\7| P(M: [Me_1)p(Me_y | Di1) ©)



given suitableindependence and Markov assumptions. Giventhe compl exity of the space
of models we are considering, a detailed approximation of this integral is beyond the
scope of thispaper. Instead, we use the general form of (8) and (9) to motivate asimpler
penalized likelihood formulation for the objective function, namely

O(Mt) = logp(Dt|Mt)—|—q(Mt,Mt_1) . (10)

Thelast termin (10), called the penalty term, ismeant to providearough approximation
for the log of the conditional probability distributionin (9).

The penalty term serves two purposes. First, when the data is absent, ambiguous, or
noisy, the log likelihood term can be expected to be insensitive to particular variations
inthe model M. In these situationsthe penalty term provides a bias towards particular
parameter values. In our current implementation we include two termsin ¢(M;, M;_1)
that bias the models to smaller polybones and to smooth shape changes:

K
q1(Me) = log[La (sg ke — 1) L1 (sy ke — 1)] (11)
k=1
02(My,My_1) = log N (@, — & 45 Ta) (12)
k

Here ¢; provides the bias towards small polybones, with L1 (s) equal to the one-sided
Laplacedensity A\,e~*+*. The second term, ¢», providesabiasfor smooth shape changes
with a mean zero normal density evaluated at the temporal difference in shape parame-
ters. Here, &’ istheindex of the polybonein M ;_; that correspondsto the k*” polybone
inM¢; if suchak’ exists, then & , denotesthe pose of thispolyboneat time¢— 1 warped
by the motion defined by my. ;1. Thesumin (12) is over al polybonesin M, that have
corresponding polybonesin M _; .

The second purpose of the penalty functionisto control model complexity. Without
apenalty term the maximum of the log likelihoodin (10) will be monotonically increas-
ing in the number of polybones. However, beyond a certain point, the extra polybones
primarily fit noise in the data set, and the corresponding increase in the log likelihood
ismarginal. The penalty termin (10) isused to ensure that theincrease in the log likeli-
hood obtained with a new polyboneis sufficiently large to justify the new polybone. To
derivethisthird term of ¢(M, M;_1) we assume that each polybone parameter can be
resolved to some accuracy, and that the likelihood does not vary significantly when pa-
rameters are varied within such resolution limits. Aswith conventional Bayesian model
selection, the penalty functionis given by thelog volume of the resolvable set of models.
In our current implementation, the third term in the penalty function is given by

K 2
402 dos 1 204 log(2)
: ) 1
(Ms) ;log([mm/] mr 10 10 log(20) | ’ &)

where the different factors in (13) correspond to the following resolutions: We assume
the location and size parameters of any given polybone are resolved to o over the
imageof sizen, x n,; theangled isresolvedto 4% wherer istheradiusof thepolybone;
the inlier mixing proportion used in the motion model is resolved to +0.05 out of the




range [0, 1]; theinlier motion model has flow estimates that are resolved towithin +o, 1
over apossiblerangeof [—5, 5]; and o, . isestimated from theinlier motion constraints
to within a factor of 2 (i.e. i\/ﬁavyk), with a uniform prior for ¢, ;, having minimum
and maximum values of 0.1 and 2.0 pixels/frame.

6 Parameter Estimation

Suppose M? is an initial guess for the parameters (1) of the layered model. In order to
find local extrema of (10) we use aform of gradient ascent. The gradient of the penalty
term is easy to compute, while that of the log likelihood is simpler to compute if we
exploit thelayered structure of the model. We do thisby rewriting p(D(X) | M) inaform
that isolates the parameters of each individual polybone.

To simplify thelikelihood expression, first note from (2) and (6) that the contribution
top(D(x) | M) from only those polybonesthat are closer to the camera than the £ bone
can be expressed as

nk(x) = Y vi(X)w(x;b;) p(D(x)b;)
j=k+1
= Ok1 (X) w(X; B 11) p(D(X) [bry1) + g (X) - (14)

Werefer to n; (x) asthe near termfor the k%" polybone. Equations (14) and (2) provide
recurrencerelations, decreasing in k, for computingthe near termsand visibilities vy, (),
startingwith nx (X) = 0 and vg (X) = 1.

Similarly, we collect the polybones that are further from the camera than the "
polyboneinto the ‘far term’,

fe(0) = 3 wie:by) [ TT (1 w(x bm] p(D(X)b;)

I=j+1
= w(X; b)) p(D(X) [ B 1) + (1 = w(X;bp 1)) fe—1(X) . (19)

Here we use the conventionthat 37 ¢; = O and [;_, ¢; = 1 whenever n > m.
Notice that (15) gives a recurrence relation for f, increasing in &, and starting with
fo(X) =0.

It now followsthat, for each & € {0, ..., K}, the datalikelihood satisfies

p(D(X) M) = ng(X) + vg(X) w(X; bg) p(D(X) | br)
+ o (X) (1 — w(x; b)) fr(X) - (16)

Moreover, it also followsthat ny. (X), vx (x), and fi (x) do not depend on the parameters
for the k' polybone, by. That is, the dependence on by, has been isolated in the two
terms w(x; by) and p(D(X) | bx) in (16). This greatly simplifies the derivation and the
computation of the gradient of the likelihood with respect to b .

Thegradient of @(M) isprovided by the gradient of log p(D|M ), whichisevaluated
as described above, along with the gradient of the penalty term, ¢(M, M;_1). In order
to optimize O(M ) we have found several variations beyond pure gradient ascent to be



effective. In particular, for agiven model M we use afront-to-back iteration through the
recurrencerelationsin (2) and (14). In doing so we compute the visibilities v (x) and the
near polybonelikelihoodsn (X) (from the nearest polyboneat £ = K tothe furthest at
k = 0), without changing the model parameters. Then, from the furthest polyboneto the
nearest, we update the &' polybone's parameters, namely by, while holding the other
polybones fixed. Once b has been updated, we use the recurrence relation in (15) to
compute the corresponding far term f; 11 (x). We then proceed with updating the pa-
rameters by, for the next nearest polybone. Together, this process of updating all the
polybonesisreferred to as one back-to-front sweep.

Several sub-steps are used to update each by, during a back-to-front sweep. First we
updatetheinternal (motion) parameters of the k** polybone. This has the same structure
as the EM-algorithm in fitting motion mixture models [12], except that here the near
and far terms contribute to the data ownership computation. The M-step of this EM-
algorithmyieldsalinear solutionfor the motion parameter update. Thisissolved directly
(without using gradient ascent). The mixing coefficients and the variance of the inlier
process are also updated using the EM-algorithm. Once these internal parameters have
been updated, the pose parameters are updated using a line search aong the gradient
directionin the pose variables.* Finally given the new pose, the internal parameters are
re-estimated, completing the update for by.

Onefinal refinement involvesthe gradient ascent in the pose parameters, where we
use aline-search along the fixed gradient direction. Since theinitial guesses for the pose
parameters are often far from the global optimum (see Section 7), we have foundit useful
to constrain the initial ascent to help avoid some local maxima. In particular, we found
that unconstrained hill-climbingfrom asmall initial guessoften resulted inalong skinny
polybone stuck at alocal maximum. To avoid this behaviour we initially constrain the
scaling parameters s, and s,, to be equal, and just update the mean position (¢, ¢, ), an-
gled, and thisuniform scale. Once we have detected alocal maximum in these reduced
parameters, we allow the individual scales s, and s, to evolve to different values. This
behaviour is evident in the foreground polybone depicted in Fig. 2.

7 Modd Search

Whilethis hill-climbing processis capable of refining rough initial guesses, the number
of local maxima of the objective functionis expected to be extremely large. Local max-
ima occur for different polybone placements, sizes, orientations, and depth orderings.
Unliketracking problems where one may know the number of objects, one cannot enu-
merate and compare all possible model configurations(cf. [19]). As a consequence, the
method by which we search the space of polybone modelsis critical.

Here we use a search strategy that is roughly based on the cascade search devel oped
in[15]. The general ideaisthat itisuseful to keep suboptimal modelswhich have small
numbers of polybonesin alist of known intermediate states. The search spaces for sim-
pler models are expected to have fewer local maxima, and therefore be easier to search.
More complex polybone models are then proposed by elaborating these simpler ones.

4 Beforethisline-search, theangleparameter 6, isfirst rescaled by theradiusof thek " polybone
to provide amore uniform curvature in the objective function.



Fig. 2. Growth of asingleforeground polybonein thefirst 6 frames (showninlexicographicorder)
of ashort sequence. The background polybonethat isoccluded by theforeground layer coversthe
entire image but is not shown. For the first three frames the two scale parameters, s, and s, are
constrained to be equal, afterwhich they are allow to vary independently (seetext).

This elaboration process isiterated, generating increasingly more complex models. Re-
visionsin the simpler models may therefore cause distant parts of the search space for
more complex modelsto be explored. Thisprocess creates, inasense, a‘garden web'’ of
paths from simpler models to progressively more complex ones. Our hypothesisis that
optimal model(s) can often be found on thisweb.

In this paper, the suboptimal intermediate states that we retain in our search are the
best models we have found so far having particular numbers of polybones. We denote
the collection of layered polybone models at frame ¢ by

M(t) = (Mo(t), Mu(t), ..., Mg(1)) 17

where My (t) isalist of the best modelsfound at frame ¢t having exactly NV foreground
polybones and one background polybone, and K isa constant specifying the maximum
number of foreground polybonesto use. The sub-list M x (¢) is sorted in decreasing or-
der of the objective function @(M), and is pruned to have at most 7. models (in the ex-
periments, we used 1. = 1).

To describe the general form of the search strategy, assume that we begin with a par-
titioned list M (¢ — 1) of models for frame ¢t — 1 and an empty list M(¢) for a new
frame t. We then use temporal proposalsto generate seed models (denoted by S) for
frame ¢t. These temporal proposals arise from the assumed model dynamics suggested
by p(M;|M;_1), for each model M;_; € M (¢t — 1). These seed models are used as
initial guesses for the hill-climbing procedure described in Sec. 6. The model s found by



the hill-climbing are then inserted into M (¢), and if necessary, the sub-lists M x (t) are
pruned to keep only the best /. modelswith NV foreground polybones.

In addition to the temporal proposals there are revision proposals, which help ex-
plore the space of models. These are similar to temporal proposals, except that they op-
erate on models M, at the current time rather than at the previoustime. That is, given a
model M, € M(t), arevision proposal generates aseed model S that providesaninitial
guessfor hill-climbing. Theresultingmodel M, isthen inserted back into the partitioned
list M (). Broadly speaking, useful revisionsinclude birth and death proposals, which
change the number of polybones, and depth ordering proposalswhich switch the depth
orderings among the polybone layers.

Finally, in order to limit the number of complex polybone models considered, we
find the optimal model M; € M (t) (i.e. with the maximum value of the objective func-
tion O(M)) and then prune al the models with more polybonesthan M ;. The temporal
proposals for the next frame are obtained from only those models that remain in M (¢).

Initially, giventhefirst frame at timet,, each sub-listin M (t,) istaken to be empty.
Then, given the second frame, one seed model S, is proposed that consists of a back-
ground polybone with an initial guess for its motion parameters. The background poly-
bone is always taken to cover the entire image. Here we consider simple background
motions, and the initial guess of zero motion is sufficient. A parameterized flow model
is then fit using the EM-algorithm described in Sec. 6.° This produces the initial model
M., that isinserted into M (t,). Revision proposals are then used to further elaborate
My (ty), afterwhich the models for subsequent frames are obtained as described above.

Our current implementation uses two kinds of proposals, namely temporal propos-
als and birth proposals. Given amodel M,_; € My (¢t — 1), the temporal proposal
providesan initial guess, S;, for the parameters of the corresponding model in the next
frame. Here S isgenerated from M, _; by warping each polybone (other than the back-
groundmodel) in M _; according to themotion parameters for that polybone. Theinitial
guess for the motion in each polybone is obtained from a constant velocity prediction.
Noticethat temporal proposals do not change the number of polybonesin the model, nor
their relative depths. Rather they use a simple dynamical model to predict where each
polybonewill be found in the subsequent frame.

In order to change the number of polybones or find models with different depth re-
lations, we currently rely solely on birth proposals. For agiven M, € My (t), the birth
proposal computes a sparsely sampled outlier map that represents the probability that
the data at each location x is owned by the outlier process, given al the visible poly-
boneswithin M at that location. This map is then blurred and downsampled to reduce
the influence of isolated outliers. The center location for the new polyboneis selected
by randomly sampling from thisdownsampled outlier map. Given this selected location,
theinitial size of the new polyboneistaken to befixed (we used 16 x 16), theinitial an-
gleis randomly selected from a uniform distribution, the initial motion is taken to be
zero, and the relative depth of the new polyboneis randomly selected from the range 1
to N + 1 (i.e. itisinserted in front of the background bone, but otherwise at a random

5 The camerawas stationary in all sequencesexcept that in Fig. 2, so only the standard deviation
of the motion constraints and the outlier mixing coefficient needed to befit for the background
in these cases. For the Pepsi sequenceatrandational flow wasfit in the background polybone.
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Fig. 3. Thedevelopment of the optimal known model. Thetop row showsresultsfor thefirst three
frames. The bottom row showsresults for frames 11, 15, and 19.

positionin the depth ordering). Thus, the birth proposal produces a seed model S; that
has exactly one more polybone.

8 Examples

Theresultsof theentireprocess are shownin Fig. 2. Herewe limited the maximum num-
ber of foreground polybonesto onein order to demonstrate the sampling and growth of
asingle polybone. The image sequence is formed by horizontal camera motion, so that
the can is moving horizontally to the | eft faster than the background. Given thefirst two
frames, the background motion was fit. An initial guess for aforeground polybone was
generated by the birth process which, in this case, was sampled from the background
motion outliers. The hill-climbing procedure then generated the polybone model shown
inFig. 2 (top-left). This polybone growsin subsequent frames to cover the can. Thetop
of the can has been dlightly underestimated since the horizontal structure is consistent
with both the foreground and background motions, and the penalty function introduces
abiastowards smaller polybones. Conversely, the bottom of the can was overestimated
because the motion of the can and the table are consistent in this region. In particular,
the end of the table is moving more like the foreground polybone than the background
one, and therefore the foreground polybone has been extended to account for this data
aswell.

A morecomplex exampleisshownin Fig. 3, wherewe allow at most four foreground
polybones. Notice that in the first few frames anew polyboneis proposed to account for



previously unexplained motion data. By the 10th frame the polybones efficiently cover
the moving figure. Notice that the polybone covering the arm is correctly interpreted to
beinfront of thetorsowhenitismoving differently from thetorso (see Fig. 3 bottom | eft
andright). Also, at theend of thearm swing (see Fig. 3 bottom middle) thearm ismoving
with approximately the same speed as the torso. Therefore the polybone covering the
torso can also explain the motion of the arm in this region. The size prior causes the
polybone on the arm to shrink around only the unexplained region of the hand.

A similar example of the search process is depicted in Fig. 4. In this case the sub-
ject walks towards the camera, producing slow image velocities. This makes motion
segmentation more difficult than in Fig. 3. To alleviate this we processed every second
frame. The top row in Fig. 4 shows theinitial proposal generated by the algorithm, and
development of a model with two foreground polybones. The two component model
persisted until about frame 40 when the subject began to raise their right arm. A third
foreground polybone, and then afourth, are proposed to model the arm motion (frames
40-50). At the end of the sequence the subject is almost stationary and the model dis-
solves into the background model. This disappearance of polybones demonstrates the
preferance for simpler models, as quantified by ¢3(M:) in (13).

The results on a common test sequence are shown in Fig. 5° The same configura-
tionis used as for the previous examples except, due to the slow motion of the people
(especially when they are most distant and heading roughly towards the camera), we
processed every fourth frame of the sequence. Shortly after the car appearsin the field
of view, the system has selected four polybonesto cover the car (three can be seen in
Fig. 5 (top-left) and the fourth covers a tiny region on the roof). But by frame 822 (five
times steps | ater) the system has found a presumably better model using just two poly-
bones to cover the car. These two polybones persist until the car is almost out of view,
at which point a single polyboneis deemed optimal. The reason for the persistence of
two polybones instead of just one is that the simple spatial form of a single polybone
does not provide a sufficiently accurate model of the shape of the car, and also that the
similarity motion model does not accurately capture the deformation over the wholere-
gion. An important area for future work is to provide a means to elaborate the motion
and shape modelsin thistype of situation.

Fig. 5 (middle and bottom) shows that three pedestrians are also detected in this se-
quence, indicating the flexibility of the representation. Composite images formed from
three successive PETS subsequences are shown in Fig. 5(bottom). All of the extracted
foreground polybonesfor the most plausible model have been displayed in one of these
three images (recall that only every fourth frame was processed). These composite im-
ages show that the car isconsistently extracted in the most plausbile model. Theleftmost
person isinitially only sporadically identified (see Fig. 5 bottom-left), but is then con-
sistently located in subsequent frames when the image motion for that person is larger.
The other two people are consistently detected (see Fig. 5 bottom middle and right).

® This sequenceis available from the First |EEE International Workshop on Performance Eval-
uation of Tracking and Surveillance, March, 2000. We selected frames 750 to 1290 from the
sequenceas the most interesting.



Fig. 4. Theoptima knownmodelsfor frames (top) 0, 2, 4, (secondrow) 10, 20, 40, (third) 42, 44,
46, (fourth) 48, 50, 60 and (bottom) 70, 80, 90 of the sequence.

9 Conclusions

We have introduced a compositional model for image motion that explicitly represents
the spatial extent and relative depths of multiple moving image regions. Each region
comprises a parametric shape model and a parametric motion model. The relative depth



Fig. 5. The optimal models found for the PETS2000 sequence, (top) frames 802, 842, and 882,
(middle) 1002, 1042, 1202. Thethe car, three pedestrians, and bushesblowingin thewind (middle-
right) aredetected. (bottom) Compositeimagesformed from all the polybonesof the optimal mod-
elsin every fourth frame, for frames (bottom-left) 750 to 850, (bottom-middle) 850 to 1070, and
(bottom-right) 1070 to 1290. Note that the car and the pedestriansare consistently detected.

ordering of the regions allows visibility and occlusion relationships to be properly in-
cluded in the model, and then used during the estimation of the model parameters.

This modelling framework was selected to satisfy two constraints. First, it must be
sufficiently expressive to be able to provideat | east a preliminary description of the dom-
inant image structure present in typical video sequences. Secondly, atractable means of
automatically estimating the model from image datais essential. We believe that our re-
ported results demonstrate that both of these constraints are satisfied by our polybone
model s together with the local search technique.
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