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Figure—Ground Segmentation from Occlusion
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Abstract

Layered video representations are increasingly popular, see [2A feicent review. Segmentation of moving
objects is a key step for automating such representations. Current nsetiomentation methods either fail to segment
moving objects in low textured regions or are computationally very expen$his paper presents a computationally
simple algorithm that segments moving objects even in low texture/low costrases. Our method infers the moving
object templates directly from the image intensity values, rather than corgphéenmotion field as an intermediate
step. Our model takes into account thgidity of the moving object and thecclusionof the background by the
moving object. We formulate the segmentation problem as the minimizationpehalized likelihoodcost-function
and present an algorithm to estimate all the unknown parameters: the madtientemplate of the moving object,
and the intensity levels of the object and of the background pixels. Thdwuagion combines anaximum likelihood
estimation term with a term that penalizes large templates. The minimization aflggréhiforms two alternate steps
for which we derive closed-form solutions. Relaxation improves thes&ag@ence even when low texture makes it
very challenging to segment the moving object from the backgroungerirents demonstrate the good performance

of our method.
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I. INTRODUCTION

Modern content-based video representations demand afficiethods to infer the contents of video sequences,
like the shape and texture of objects and their motions. Serigting methods lead to good results, see for
example [24], [15], but require extensive human interactigully automatic methods continue to be lacking and
are of major interest. This paper considers the automagjmeatation of moving objects from a video sequence.

Motivation Segmentation of image sequences into regions with differerions is of interest to a large number
of researchers. There is the need for segmentation methatisuitesimpleand perform well, in particular, when
the moving objects contain low-textured regions or thertovs contrast between the object and the background.
We present here a computationally simple method that pegowell under these conditions: low-texture and
low-contrast. Our algorithms use as a key assumption tleatrtbving objects areigid objects.

Several papers on video coding develop computationallpleialgorithms for motion segmentation by processing
two consecutive frames only. They predict each frame froengrevious one through motion compensation [38].
Because their focus is on compression and not in developiniglalevel representation, these algorithms fail to
provide accurate segmentation, in particular with low tuexti scenes; regions with no texture are considered to
remain unchanged. For example, we applied the algorithmi8h o segment a low textured moving object, a car,
in a traffic video clip; see Fig. 1 where we show on the left twanfes of this video clip. The template of the
moving car as found by the algorithm in [18] is on the right af.FL. As we see, due to the low texture of the
car, the regions in the interior of the car are misclassifiec@onging to the background, leading to a highly

incomplete car template.

Fig. 1. Motion segmentation in low texture.

Related work Background-estimation methods are very appealing appesaio segmentation of moving objects
due to their simplicity. These methods infer the moving objemplate by subtracting the input image from a
previously estimated background image [55], [51], [20B][337], [44]. They generally estimate the background
from the data by attempting to classify each pixel as eitlieedround or background. Although background-
estimation succeeds in many relevant situati@ng, surveillance applications [25], it requires robust estion of
the background, which limits its application. Their majailihg is that generally they do not exploit the structure
of the object—they are usually pixel-wise independent.

In computer vision, commonly, motion-based segmentatapes with low textured scenes by coupling motion-

based segmentation with prior knowledge about the scenasstatistical regularization techniques, or by combining
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motion with other attributes. For example, [13] uses a MaiiRandom Field (MRF) prior and a Bayesian Maximum
a Posteriori (MAP) criterion to segment moving regions. Buthors suggest a multiscale MRF to resolve large
regions of uniform intensity. In [19], the contour of a magibject is estimated by fusing motion with color
segmentation and edge detection. In general, these md#amtito complex and time consuming algorithms. Another
approach to object segmentation uses active contours[f3§],including methods that describe the contour as the
level set of a real-valued function defined in the image dorf8], see also [46], [47] for applications to bioimaging.
Besides edge information, some of these methods also acfmyysrior models on the intensity values of the image
inside and outside the contour [16], [17]. These methodthepioneering work of Mumford and Shah [43], estimate
the contour of the object by minimizing a global cost funetithus leading to robust estimates. The computational
cost is their major drawback—the minimization of the costction resorts to calculus of variations [41] with the
contour evolving according to partial differential eqoas [49], which makes the algorithms rather expensive.

Irani, Rousso, and Peleg use temporal integration. Theyageethe images by registering them according to
the motion of the different objects in the scene [26], [27fteA processing a number of frames, each of these
averaged images should show only one sharp region corrdsgpio the tracked object. This region is found
by detecting the stationary regions between the correspgraleraged image and the current frame. Unless the
background is textured enough to blur completely the awstamages, some regions of the background can be
classified as stationary. In this situation, the method 8{,[R27] overestimates the template of the moving object.
This is particularly likely to happen when the background fege regions with almost constant color or intensity
level.

Layered models [54], [50], [8], [52], [34], [33], [21], [56}rought new approaches to the segmentation of moving
objects. Tao, Sawhney, and Kumar proposed a filtering apprediere a 2-D Gaussian shape model is updated
from frame to frame [52]. This work was extended to the casera/the background is described by a set of layers
rather than a single one [56]. In contrast to online filteridgjic and Frey proposed an offline approach to infer
flexible templates [33]. They use probabilistic learning to estemabustly the state of the system. Since the exact
posterior for the problem results intractable, they uséatianal inference to compute a factorized approximation
and non-linear optimization techniques coupled into an E§br@thm [40].

Proposed approachLike the simple background-estimation algorithms, ourrapph exploits the fact that the
moving object occludes the background. We formulate setatien in a global way, as a parameter estimation
problem and derive a computationally simple algorithm. &ese in many interesting situations the 2-D shape of
the moving object does not change significantly across a eurobconsecutive frame®.g, moving cars, see
Fig. 1, we exploit the objeaigidity. In the paper we show howacclusion+rigidity enable a computationally simple
algorithm to jointly estimate the unknown background amitrshape of the moving object directly from the image
intensity values.

Our segmentation algorithm is derived as an approximat@penalized likelihoodPL) estimate of the unknown
parameters in the image sequence model: the motions; thaaenof the moving object; and the intensity levels

of the object pixels (object texture) and of the backgrounaelp (background texture). The joint estimation of
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this complete set of parameters is a very complex task. Mdi&il by our experience with real video sequences,
we decouple the estimation of the motions (moving objects @amera) from that of the remaining parameters.
The motions are estimated on a frame by frame basis and tlese #stimates are used in the estimation of the
remaining parameters. Then, we introduce the motion etsnimto the penalized likelihood cost function and

minimize it with respect to the remaining parameters.

The estimate of the texture of the object is obtained in ddeem. To estimate the texture of the background
and the template of the moving object, we develop a fast tep-gerative algorithm. The first step estimates the
background texture for a fixed template—the solution is ole@iin closed form. The second step estimates the
object template for a fixed background—the solution is givgralsimple binary test evaluated at each pixel. The
algorithm converges in a few iterations, typically thredfit@ iterations.

Our penalized likelihood cost function balances two terfriee first term is theMaximum Likelihood ML) cost
function. It is a measure of the error between the observea alad the model. The second term measures the
size of the moving objecti,e., the area of its template. The minimum of the first teira, the ML estimate, is
not always sharply defined. In fact, for regions with low text the likelihood that this region belongs to the
background is very similar to the likelihood that it belortgsthe moving object. The penalization term addresses
this difficulty and makes the segmentation problem wellggbsve look for thesmallesttemplate that describes
well the observed data.

The penalization term has a second very relevant impact—gtaues the convergence of the two-step iterative
segmentation algorithm. Usually, with iterative minintisa algorithms, it is important to have a good initial guess
in order for the algorithm to exhibit good convergence. I algorithm, we adopt a relaxation strategy for the
weight of the penalization term. This enables us to avoidmaationally expensive methods to compute the initial
estimates. Our experience shows that this strategy ma&dsetimvior of the algorithm quite insensitive to the initial
guess, so much so that it suffices to initialize the procesls thie trivial guess of having no moving objecg.,
every pixel is assumed to belong to the background.

Although related to the work of Irani, Rousso, and Peleg,[P5]], our approach models explicitly tteeclusion
of the background by the moving object, and we use the framaiéahle to estimate the moving object template
rather than just a single frame. Even when there is littletrash and the color of the moving object is very similar
to the color of the background, our algorithm resolves aately the moving object from the background, because
it integrates over time existing small differences. Ourrapph also relates to the work of Jojic and Frey [33] in
the sense that both approaches model the occlusion of thgdoand by the moving object. However, our work
is concerned wittrigid shape, in contrast with [33] that is concerned witxible shape. We can then exploit the
rigidity of the object to derive a vergimplealgorithm that estimates with high accuracy the shape ofhtheing
object, where all steps admit closed-form solutions. Alidito our work applies only to rigid moving objects, the
simplicity of our algorithm enables us to consider more gahelass of motions—translations and rotations—
than [33] that restricts the motions to single pixel tratisls. A final comment on our approach regards offline

versus online and real time. Our approach, as [33], buildsothject template by processing several frames. This
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leads to an inherent delay so that we can accumulate a soffitienber of frames to resolve template ambiguities
and to achieve high accuracy. The number of frames, and thespwnding delay, depends on the level of contrast
between the moving object and the background and on thetdigjettire; it may be acceptable or not acceptable
in close-to-real time applications. In several sequencedested, this number is on the order of tens of frames,
requiring buffering the video from a fraction of a second tfea seconds. For example, with the “road traffic”
video clip in section V, the maximum delay 14 frames.

Paper organization In section I, we state the segmentation problem. We defimerthtation, develop the
observation model, and derive the penalized likelihood &asction. In section Ill, we address the minimization
of the cost function. To provide insight into the problem, start by studying the ML estimation problerine.,
when no penalizing term is present; we detail a two-stetitesr method that minimizes this ML term of the cost
function. Section IV deals with penalized likelihood esition. We discuss when ML estimation is ill-posed and
address the minimization of the complete penalized likelthcost function. In section V, we describe experiments
that demonstrate the performance of our algorithm. Sedfioooncludes the paper.

The model used in the paper and described in section Il wasdinted in [3]. Preliminary versions of the

ML-estimation step were presented in [3], [1], [4].

Il. PROBLEM FORMULATION

We discuss motion segmentation in the contextGeerative VideqGV), see [30], [31], [32], [29]. GV is a
framework for the analysis and synthesis of video sequerine&V the operational units are not the individual
images in the original sequence, as in standard methodsathér the world images and the ancillary data. The
world images encode the non-redundant information abautvitteo sequence. They are augmented views of the
world—background world image—and complete views of movingpais—figure world images. The ancillary data
registers the world images, stratifies them at each timamtsand positions the camera with respect to the layering
of world images. The world images and the ancillary data kheegenerative video representation, the information
that is needed to regenerate the original video sequencefokivailate the moving object segmentation task as
the problem of generating the world images and ancillarya dat the generative video, [30], [31], [32], [29],
representation of a video clip.

Motion analysis toward three-dimensional model-base@wirkpresentations are treated in [5], [6], [42].

A. Notation

We describe an image by a real-valued function defined on aesuif the real plane. The image space is a
set{I: D — R}, wherel is an image,D is the domain of the image, ari® is the range of the image. The
domainD is a compact subset of the real plaRé, and the rang&R is a subset of the real linR. Examples of
images in this paper are the franfein a video sequence, denoted by, the background world image, denoted

by B, the moving object world image, denoted ©y and the moving object template, denotedlbyThe imaged ¢,
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B, and O have rangeR = R. They code intensity gray levélsThe templatel’ of the moving object is a binary
image,i.e, an image with rang® = {0, 1}, defining the region occupied by the moving object. The donoithe
imagesI; and T is a rectangle corresponding to the support of the frames.ddmain of the background world
imageB is a subse®D of the plane whose shape and size depends on the camera metioP is the region of
the background observed in the entire sequence. The dofhaifithe moving object world image is the subset
of R? where the templatd takes the valud, i.e, D = {(x,y) : T(x,y) = 1}.

In our implementation, the domain of each image in the videguence is rectangularly shaped with its size
fitting the needs of the corresponding image. Although weausentinuous spatial dependence for commaodity, in
practice, the domains are discretized and the images amdsés matrices. We index the entries of each of these
matrices by the pixel$xz, y) of each image and refer to the value of imdgat pixel (z,y) asI(z,y). Throughout
the text, we refer to the image product of two imagksand B, i.e, the image whose value at pixét,y)
equalsA(z,y)B(z,y), as the imageAB. Note that this corresponds to the Hadamard product, orexlemise
product, of the matrices representing imagesnd B, not their matrix product.

We consider 2-D parallel motionse., all motions (translations and rotations) are parallehto¢amera plane. We
represent this type of motions by specifying time varyingipon vectors. These vectors code rotation-translation
pairs that take values in the group of rigid transformatiohshe plane, the special Euclidean group SE(2). The
image obtained by applying the rigid motion coded by the aegt to the imagel is denoted byM(p)I. The
image M (p)I is also usually called the registration of the imdgaccording to the position vectqs. The entity
represented by\M(p) is seen as a motion operator. In practice, tley) entry of the matrix representing the
image M(p)I is given by M(p)I(z,y) = I(f.(p;z,v), f,(P; ,y)) where f.(p;z,y) and f,(p;z,y) represent
the coordinate transformation imposed by the 2D rigid motiée use bilinear interpolation to compute the intensity
values at points that fall in between the stored samples dfnage.

The motion operators can be composed. The registrationeofhthgeM (p)I according to the position vectey
is denoted byM(gp)I. By doing this we are using the notatiarp for the composition of the two elements
of SE(2),q andp. We denote the inverse ¢f by p#, i.e., the vectorp” is such that when composed withwe
obtain the identity element of SE(2). Thus, the registratibthe imageM (p)I according to the position vecter”
obtains the original imagk so we haveM (p#p)I = M(pp*)I = I. Note that, in general, the elements of SE(2)
do not commutej.e, we havegp # pq, and M(qp)I # M(pq)I. Only in special cases is the composition of
the motion operators not affected by the order of their apgihn, as for example when the motiopsandq are
pure translations or pure rotations.

The notation for the position vectors involved in the segtaton problem is as follows. The vectpr; represents
the position of the background world image relative to theea in framef. The vectorq ¢ represents the position
of the moving object relative to the camera in frarhe

IFor simplicity, we take the pixel intensities to be real valualthough, in practice, they are integer valued in the egog - - 255]. The
analysis in the paper is easily extended to color images bgifgjyey color either by the perceptual attributeEghtness hue andsaturation

or by the primary colorsed, green andblue, see [28].
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B. Observation model

The observation model considers a scene with a moving objeftont of a moving camera with 2-D parallel
motions. The pixelz,y) of the imagel; belongs either to the background world imageor to the object world

imageO. The intensityI ;(x,y) of the pixel (z,y) is modeled as
L(z,5) = M(p})B(w.y) [1 - M(af)T(@,9)| + M(@})O(@,y) M(af)T(@,y) + Wy(ey), (@)

whereT is the moving object templatgys and q¢ are the camera pose and the object position, Whg stands
for the observation noise, assumed Gaussian, zero meanylated

Equation (1) states that the intensity of the pixely) on frame f, I;(z,y), is a noisy version of the true
value of the intensity level of the pixél:, y). If the pixel («,y) of the current image belongs to the template
of the object, T, after the template is compensated by the object positien,registered according to the vec-
tor q?}ﬁ, then M(q?)T(x,y) = 1. In this case, the first term of the right hand side of (1) isozend the
image intensityl;(x,y) reduces to a noisy version of the second term. This secomd, tM(qu)O(a:?y), is
the intensity of the pixel(z,y) of the moving object. In other words, the intensity(z,y) equals the object
intensityM(q?)O(x,y) corrupted by the nois&V(z,y). On the other hand, if the pixél:,y) does not belong
to the template of the object/,\/l(qf)T(x,y) = 0, the pixel belongs then to the background world imdge
registered according to the inverpé of the camera position. In this case, the inten$ityz, y) is a noisy version
of the background intensity\/l(pf)B(a:,y). We want to emphasize that, rather than modeling simply W t
different motions, as usually done in other approaches pghatess only two consecutive frames, expression (1)

models theocclusionof the background by the moving object explicithlso, equation (1), which composites the

image in the sequence by overlaying on the background intagérage of the moving object at the appropriate
position, assumes that the object is opaque. Transparendyg be taken into consideration by affecting the middle
term in (1) with a transparency index. We do not pursue thie.he

Expression (1) is rewritten in compact form as
Iy = {M@E})B [1 - M(af)T| + M(a})O M(af)T+ W, | H, @

where we assume thd§(x,y) = 0 for (z,y) outside the region observed by the camera. This is takenafare
equation (2) by the binary imagd whose(x, y) entry is such thaH(x,y) = 1 if pixel (x,y) is in the observed
imagesI; or H(z,y) = 0 if otherwise. The imagd is constant with valud.

Basically, the model in (2) describes the images in the sempias a noisy version of a collage of 2-D images:
the background, described by the background world infagand the moving object, described by the object world
imageO. This model, which we have proposed in [3], [1], [4] is simita the one used by Jojic and Frey in [33]
to capture flexible moving objects. We will see that modelimg templatel’ of the moving object as a fixed binary
matrix, i.e., that the object is rigid, enables us to develogery simple segmentation algorithm.

In (2), each image in the sequence is obtained by first regigtéhe background with respect to the camera

position, as given by, then registering the object with respect to the backgrpasdgiven byq;, and, finally,
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by clipping the composite of the background plus object l® field of view of the camera—operatdf. Since
the background is first registered according to the cametidomdahe clipping operatoH does not depend on the
frame indexf.

Fig. 2 illustrates model (2) for 1-D framek(x), wherez is now a scalar. The top plot, a sinusoid, is the
intensityB(x) of the background world image. The templ&éx) of the moving object is shown on the left of the
second level as the union of two disjoint intervals. Thernstyy levelO(z) of the moving object is also sinusoidal,
and is shown on the right plot on the second level. The freguef this sinusoidal intensity is higher than the
frequency of the background intensiB(x). The camera windoH is the interval shown in the third level. It clips
the region observed by the camera. The two bottom curves shioframesl; andI,. They are given by a noise-
free version of the model in expression (2). In between thaseframes, both the camera and the object moved:
the camera movefl pixels to the right, corresponding to the background motiothe opposite direction, while the
object moved pixels to the right relative to the camera. The observatiod@hof expression (2) and the illustration
of Fig. 2 emphasize the role of the building blocks involvedrépresenting an image sequerde,1 < f < F'}

according to the generative video framework, [30], [31R][329].

B(z)
N
T(z) O(x)

[\ AAAA
/ \

11(33)

TN T N T
IQ(Z)
AN N AV N e

Fig. 2. lllustration of the 1-D generative video image forroatand observation model.

C. Energy minimization: Penalized likelihood estimation

Given F frames{I;,1 < f < F'}, we want to estimate the background world im&)ethe object world imag®,
the object templatd’, the camera posdp, 1 < f < F'}, and the object positiongys,1 < f < F'}. The quantities
{B,0,T,{ps},{qs}} define the generative video representation, [30], [31]],[829], the information that is
needed to regenerate the original video sequence.

The problem as stated may be very difficult. As an examplesiden that the object moves in front of a
constant intensity backgrounte., the background has no texture. This image sequence idifmglisshable from

an image sequence where the object template is arbitrariérged with pixels whose intensity equals the intensity
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of the background. Without additional knowledge, it is nosgible to decide whether a pixel with intensity equal
to the background intensity belongs to the background ohéonhoving objectj.e., no algorithm can segment
unambiguously the moving object. Although extreme, thignegle illustrates the difficulties of segmenting objects
from backgrounds that have large patches with low textuee (he example in Fig. 1).

To address this issue, we assume that the object is smah. i¥hh agreement with what the human visual
system usually implicitly assumes. We incorporate thisst@int into the segmentation problem by minimizing a
cost function given by

Cpr, = CyL + a Area(T) 3)

where Cyy, is the ML cost function, derived belowy is a non-negative weight, andirea(T) is the area of the
template. Minimizing the cosf’pr, balances the agreement between the observations and thel (teyth Cyp))
with minimizing the area of the template. The temmrea(T) can be interpreted as a Bayesian prior and the
cost function (3) as the negative log posterior probabilityose minimization leads to the Maximum a Posteriori
estimate, as usual in Bayesian inference approaches [ldéhnl also be motivated through information-theoretic
criteria like Akaike's AIC [48] or the Minimum Description éngth principle [9]. Different basic principles lead
to different choices for the parameterbut the structure of the cost function is still as in (3). Btatians usually
call the generic form (3) penalized likelihoodPL) cost function [23]. Our choice for the weightis discussed
in section IV.

From the observation model (2) and the Gaussian white naisengption, the likelihood is given by

p(B,0, T, {ps,as} 1 {I;}) = [] N(If@,y);M(pjj‘)B(w,y)[1—M<qu)T(x,y)] +M(qﬁ‘)0(z,y)M(q?)T(I,y),ﬁ) @
fizy

By maximizing the logarithm of the likelihood (4), we deritke ML term of the penalized likelihood cost
function (3) ad

F
cu = [ [ le {1@.y) — MEF)BG. ) [1 - M@})T(,9)] ~ M@0, y) M} )T(x, )} H(z,y) dz dy , 5)

where the inner sum is over the full set bfframes and the outer integral is over all pixels.

The estimation of the parameters of (2) using thé&rames rather than a single pair of images is a distingugshin
feature of our work. Other techniques usually process onty or three consecutive frames. We use all frames
available as needed. The estimation of the parametersghrthe minimization of a cost function that involves
directly the image intensity values is another distingimghfeature of our approach. Other methods try to make
some type of post-processing over incomplete templatenatgs. We process directly the image intensity values,
through penalized likelihood estimation.

By describing the shape of the moving object by the binaryptate T, we are able to express the ML cost
function as in (5),.e. in terms of an integral whose region of integration is inslegent of the unknown shape.

This enables developing a computationally simple algorito estimate the shape of the object. The same type of

2We use a continuous spatial dependence for simplicity. Thiablasz andy are continuous whilg is discrete. In practice, the integral is

approximated by the sum over all the pixels.
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idea has been used in the context of the single-image inyeloased segmentation problem, for example, Ambrosio
and Tortorelli [7] adapted Mumford and Shah theory [43] byngsa continuous binary field instead of a binary
edge process.

The minimization of the functional’p, in (5) with respect to the set of generative video constr§8sO, T}
and to the motiong{ps},{qr},1 < f < F} is still a highly complex task. To obtain a computationakas$ible
algorithm, we simplify the problem. We decouple the estiorabf the motions{{ps},{qs},1 < f < F'} from
the determination of the generative video constrydds O, T}. This is reasonable from a practical point of view
and is well supported by our experimental results with redées.

The rationale behind the simplification is that the motiorthaf object (and the motion of the background) can be
usually inferred without knowing precisely the object tdatp. To better appreciate the complexity of the problem,
consider an image sequence with no prior knowledge availabicept that an object moves with respect to an
unknown background. Even with no spatial cues, for examptbe background texture and the object texture are
spatially white noise random variables, the human visuatesy can easily infer the motion of the background
and the motion of the object from only two consecutive franié@wever, this is not the case with respect to the
template of the moving object; to infer an accurate templaeneed a much higher number of frames that enables
us to easily capture thegidity of the object across time. This observation motivated ogmragch of decoupling
the estimation of the motions from the estimation of the ri@ing parameters.

We estimate the motions on a frame by frame basis using a sisggjuential method, see [1] for the details. We
first compute the dominant motion in the image, which comesis to the motion of the background. Then, after
compensating for the background motion, we compute thecblj@tion. We estimate the parameters describing
both motions by using a known motion estimation method, $6¢ Pfter estimating the motions, we introduce the
motion estimates into the penalized likelihood cost fumrcnd minimize with respect to the remaining parameters.
Clearly, this solution is sub-optimal, in the sense thas iam approximation to the penalized likelihood estimate of
the entire set of parameters, and it can be thought of as tal guiiess for the minimizer of the penalized likelihood
cost function given by (5). This initial estimate can thenréined by using a greedy approach. We emphasize that

the key problem we address in this paper is finding the ingfisss in an expedite way, not the final refinement.

[11. MINIMIZATION PROCEDURE

In this section, we assume that the motions have been cgrestimated and are known. In reality, the motions are
continuously estimated. Assuming the motions are knowa prioblem becomes the minimization of the penalized
likelihood cost function with respect to the remaining paeters,i.e., with respect to the template of the moving

object, the texture of the moving object, and the textureheflhackground.

A. Two-step iterative algorithm

Due to the special structure of the penalized likelihoodt doaction, we can express explicitly and with no

approximations involved the estimatte of the texture of the object world image in terms of the tertglB. Doing
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this, we are left with the minimization af’py, with respect to the templat® and the texture of the background
world imageB, still a nonlinear minimization. We approximate this mifgation by a two-step iterative algorithm:
() in step one, we solve for the backgrouBdwhile the templateT is kept fixed; and (ii) in step two, we solve
for the templateT while the background is kept fixed. We obtain closed-form solutions for the miraers in
each of the steps (i) and (ii). The two steps are repeateatiitely. The value ofCrr, decreases along the iterative
process. The algorithm proceeds till every pixel has besigasd unambiguously to either the moving object or
to the background.

The initial guess in iterative algorithms is very relevamtiie convergence of the algorithm—a bad initial guess
may lead to convergence to a local optimum. As an initial gue® may start with an estimate for the background
like the average of the images in the sequence, includingobarrobust statistic technique like outlier rejection,
see for example [12]. The quality of this background estar@dgpends on the occlusion level of the background
in the images processed. In [1], we propose a more elabaebmitjue that leads to better initial estimates of the
background. However, sophisticate ad-hoc methods to ezatne background result in computationally complex
algorithms. In this paper, instead of using these algosthwe use a continuation methdds., we relax the cost
function. We start from a cost for which we know we can find thabgl minimum, and then we gradually change
the cost, keeping track of the minimum, to end at the desiosd ftinction. Due to the structure of the penalized
likelihood cost function (3), the continuation method isigaimplemented by relaxing the weight as in annealing
schedulese.g, stochastic relaxation [22]. We start with a high value dosuch that the minimum of the cost (3)
occurs at’f‘(:c,y) = 0, Y, ,—it is clear from (3) that this is always possible. Then, wedgilly decreasex and
minimize the corresponding intermediate costs, till wechet¢he desired cost and the correct segmentation. In
section IV, we discuss the impact of the final valueoof

To provide good insight into the problem, we start by stugyihe cost function (3) when there is no penalty
term,i.e, whena = 0. The problem reduces to minimizing the tety,, i.e., the ML cost function given by (5).
This we do in the remaining of this section. In section 1V, vaene back to the general penalized likelihood cost

function; we will see that the ML-analysis extends gradgftd penalized likelihood estimation.

B. Estimation of the moving object world image

We express the estima@ of the moving object world image in terms of the object tertgl®. By minimiz-
ing Cyr, in (5) with respect to the intensity valu®(z, y), we obtain the average of the pixels that correspond to

the point(z,y) of the object. The estimat® of the moving object world image is then

N 1
0=T4 ;M(Qf)lf : (6)

This compact expression averages the observafiorgistered according to the motieyy of the object in the
region corresponding to the templaieof the moving object.

We consider now separately the two steps of the iterativerittgn described above.
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C. Step (i): estimation of the background for fixed template

To find the estimatd of the background world image, given the templatewe register each term of the sum
of Cyr, in (5) according to the position of the camepa relative to the background. This is a valid operation

because”y, is defined as a sum over all the spdde, y)}. We get
oo B 2
Cnr = // > {M(pf)lf -B|1- M(pfq?)T] — M(psq})O M(pfq?)T(w,y)} M(pp)Hdzdy.  (7)
JJ =

Minimizing the ML cost functionCy, given by (7) with respect to the intensity vali&(x,y), we get the
estimateﬁ(x,y) as the average of the observed pixels that correspond toitkeé (@:,y) of the background.

The background world image estimdBeis then written as
Y {1 - M(Pfq?&)T} M(ps)Iy

B |
ey [1 - M(pquf)T} M(py)H

(8)

The estimateB of the background world image in (8) is the average of the whbdensI; registered ac-
cording to the background motiop;, in the regions{(x,y)} not occluded by the moving objecte., when
M(pqu?:)T(.T,y) = 0. The termM (p;)H provides the correct averaging normalization in the denaior by
accounting only for the pixels seen in the correspondinggiena

If we compare the moving object world image estimﬁegiven by (6) with the background world image
estimateB in (8), we see thaO is linear in the templatdl’, while B is nonlinear inT. This has implications

when estimating the templafB of the moving object, as we see next.

D. Step (ii): estimation of the template for fixed background

Let the background world imagB be given and replace the object world image estinﬁtgiven by (6) in
expression (5). The ML cost functiofiy;r, becomes linearly related to the object templ@teManipulatingCyyr,

as described next, we obtain

CuL = // T(z,y) Q(z,y) dz dy + Constant , 9)

whereQ, which we call thesegmentation matrjxs given by

Q(I,y):Ql(I,y)*QQ(I,y), (10)
Fof-1
Qiey) = 3 0 3 M(@n)Ty () ~ Mg (. v)]* (11)
f=2g=1
Qur.) = 3 [Map)Ty(e.) - Mlarp})Bla,y)] (12)
f=1

On first reading, the reader may want to skip the derivatiorexgressions (9) to (12) and proceed till after

equation (21) on page 13.
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Derivation of expressions (9) to (12Replace the estima® of the moving object world image, given by (6), in

expression (5), to obtain

F 2
Char. = // Z {I - M(p})B |1 - M(af)T| - %ZM(Q?qg>Ig M(qj?)T} Hdrdy. (13)

g=1
Register each term of the sum according to the object posijio This is valid becaus€, is defined as an

integral over all the spacf(x,y)}. The result is

CmL = //Z{ (as)If —M(pr}#)B] +

In the remainder of the derivation, the spatial dependesg®i important here, and we simplify the notation by

F 2
M(asp})B Z (a9)1 ] }M(qf)dedy. (14)

omitting (z, y). We rewrite the expression fary, in compact form as

F F 2
1
C’ML://Cdxdy, where C;{{Ifo}vL Bf*lezg T} Hy, (15)
= g=
Ip = M(apls(z,y), By =M(asp})B(z,y), and  Hy=M(qs)H(z,y). (16)

Manipulating C under the assumption that the moving object is completedibld in the F' images TH; =
T,V,), and using the left equality in (19), we obtain

F
C=T {Z 22,8y — B3] — %
f=1

>, 2} EF:[If—Bf} . an

The second term o€ in (17) is independent of the templa®. To show that the sum that multipli€B is the
segmentation matriK as defined by expressions (10), (11), and (12), WRtasing the notation introduced in (16):

F f-1 F
1
Q=) > [Zf+I]-2L,L,) - ) [I7+Bj —2L;B)] . (18)
f=29=1 f=1
We now need the following equalities:
F 2 F F F f-1 F
SNzl =317,  and D> [I+IH =(F-1) Z 2. (19)
g=1 f=1g=1 f=2g=1 g—1

Manipulating (18), using the two equalities in (19), we adivta

F
Q=) [21;B; - B}] — — [ZIQ+2ZZIJJ] : (20)
f=1

f=2g=1

The following equality concludes the derivation:

F F f—1
> 1, ZIQ +2) 3 Iy, . (21)
g=1 f=2g=1

O
We estimate the templaf€ by minimizing the ML cost function given by (9) over the terad T, given the

background world imag®. It is clear from (9), that the minimization @¥y, with respect to each spatial location
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of T is independent from the minimization over the other logaioThe templat&‘ that minimizes the ML cost

function Cyp, is given by the following test evaluated at each pixel:

'i‘(x,g) =0
Ql(l'v y) < Q2 (1'7 y) . (22)
T(z,y) =1

The estimatd’ of the template of the moving object in (22) is obtained byottieg which of two accumulated square
differences is greater. In the spatial locations where tmimulated differences between each framiq )1,
and the backgrounM(quf)B are greater than the accumulated differences between edicbfro-registered
framesM(qy)I; and M(q,)I,, we estimatéf‘(x, y) = 1, meaning that these pixels belong to the moving object.
If not, the pixel is assigned to the background.

The reason why we did not replace the background world imatjmateﬁ given by (8) in (5) as we did with the
object world image estimat® is that it leads to an expression f6%,;, in which the minimization with respect to
each different spatial locatiol (z, y) is not independent from the other locations. Solving thigby minimization
problem by a conventional method is extremely time consgmin contrast, the minimization of'\;;, over T
for fixed B results in a local binary test, which makes our solution cotatonally very simple. This closed-form
solution is rooted on our assumptionrajid shape, which contrasts to tiexibleshape model and the probabilistic
learning approach of [33], where the solution is not in ctbfarm.

We illustrate the template estimation step for a sequencé-bf frames obtained with the generative video
building blocks of Fig. 2. We synthesized an image sequegcesing the model in (2). The camera position was
chosen constant and the object position was set to incré@sarlly with time. The frame sequence obtained is
represented in Fig. 3. Time increases from bottom to topmRtee plot of Fig. 3 we can see that the background

is stationary and the object moves from left to right.

frame sequence

Space

Fig_.|_3. 1-D image sequence synthesized with the generatil@ovionstructs of Fig. 2. Time increases from bottom to top.
he evolutions of the matrice€; and (32 (in this experiment,Q,; and Qs are vectors because the frames

are 1-D) are represented by the plots in Fig. 4. The left piprasents the evolution &,, while the right plot
represent€),. Time increases from bottom to top. At the beginning, whely anfew frames have been taken into

account, the values df); and Q- are small and the test (22) is inconclusive. As more obsenstare processed,
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the absolute value of the difference betwd@nand Q. rises and the test becomes unambiguous, see the evolution
of the segmentation matri® = Q; — Q2 shown on the left plot of Fig. 5. When enough frames were pesbs

Q takes high positive values for pixels that do not belong sotdmplate of the moving object, and negative values
for pixels belonging to the template, see the shap@ah the top of the left plot of Fig. 5 (the straight line at the
bottom represent§) = 0) and the template of the moving object in Fig. 2.

Q1 Q2

\
i

il
4

&
JAQJA:’ r\ |

time

space space
Fig. 4. Evolution ofQ; and Q2 for the image sequence of Fig. 3. Time increases from bottorofo t

test

time

Space space
Fig. 5. Template estimation for the image sequence of Fig. 3: kebdlution of the segmentation mat@. Right: template estimates. Regions
classified as belonging to the object template are light. dtegiclassified as not belonging to the template are dark. Eliddty regions

correspond to the test (22) being inconclusive. In bothspltime increases from bottom to top.
On the right plot of Fig. 5, we show a grey level representatibthe evolution of the result of the test (22). Time

increases from bottom to top. Regions classified as belgnirthe object template are light. Regions classified
as not belonging to the template are dark. Middle grey regioorrespond to the test (22) being inconclusive.
Note that, after processing a number of frames, the regiomither light or dark, meaning that the test (22) is
unambiguous at every spatial location. The right plot of. Bigllustrates the convergence behavior of the template
test—the estimates of the template of the moving object contire statement above about the evolution of the
segmentation matrig) in the left plot of Fig. 5,.e., we see that the sequence of estimates of the template gesver
to the true template, represented in Fig. 2.

The top row of the right plot in Fig. 5 shows the final estimatehe template of the moving object. It is equal

to the actual template, represented in Fig. 2. In this exanpk template of the moving object is the union of two
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disjoint intervals. We see that the segmentation algoritboovers successfully the template of the moving object

even when it is a disconnected set of pixels.

IV. PENALIZED LIKELIHOOD

As anticipated in section Il when we formulated the problémay happen that, after processing thevailable
frames, the test (22) remains inconclusive at a given pixel), i.e, Q1(z,y) ~ Qz(z,y). In other words, it is
not possible to decide if this pixel belongs to the movingeabjor to the background. This ambiguity comes
naturally from the fact that the available observationsiar@greement with both hypothesis. We make the decision
unambiguous by looking for themallestemplate that describes well the observations, throughljzen likelihood
estimation. Minimizing the penalized likelihood cost ftina (3), introduced in section Il, balances the agreement

between the observations and the model, with minimizingattea of the template.

A. Penalized likelihood estimation algorithm

We now modify the algorithm described in the previous sectio address the minimization of the penalized

likelihood cost functionCpy, in (3). Re-writeCpy, as

Cp1, = Cur, + aArea(T) = Oy, + « // T(z,y) dz dy , (23)

whereC\yy, is as in (5),« is hon-negative, andrea(T) is the area of the template. Carrying out the minimization,
first note that the second term in (23) does not depen@oneither onB, so we getﬁpL = 0 andBp;, = B.

By replacingf) in Cpr, we get a modified version of (9),

Cpr, = // T(z,y) [Q(x,y) + a] dz dy + Constant , (24)

where the segmentation matr@ is as defined in (10), (11), and (12). The penalized likelthestimate of the

template is then given by the following test, which extereist (22),

’i‘pL(:L;y) =0
Q(xv y) < - (25)
TpL(z,y) =1

B. Relaxation

It is now clear that the strategy of relaxing the parameteinas an advantage with respect to the ML-only
two-step algorithm of [4]. To emphasize this point, considsing ML as in section IlI-A initialized by estimating
the background as the average of the co-registered inpujeispae., the initial estimate of the background is
contaminated by the moving object intensity values. It maggen that the next estimate of the template, obtained
from test (22) is, erroneously, so large that, in the nexp,stiee estimate of the background can not be computed
at all pixels and the algorithm freezes and can not proceedsi@er now using the same initialization but with
a relaxation scheme for the parameterUsing the penalized likelihood test (25), with a large eafor «, the

next estimate of the template will be very small (the parametcan even be set to a value such that the template
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estimate will contain a single pixel). Using this templagtimate, the next estimate of the background will be less
contaminated by the moving object intensity values and taser to the true background. The next penalized
likelihood estimate of the template, obtained from test) @8h a slightly smallera, will then be slightly larger
and closer to the true template of the moving object. Thiaxaion proceeds until the parametereaches either
zero, leading to the ML estimate minimizing (5), or a valueyiously chosen, leading to the penalized likelihood
estimate minimizing (23).

We illustrate the impact of the relaxation procedure by gisigain a 1-D example. The moving object template
is represented on the left plot of Fig. 6. It is composed by Emgments of different lengths. We synthesized eleven
1-D images by moving the object from left to right with a cargtspeed of two pixels per frame. Each of the line
of the right plot of Fig. 6, labeled from top to bottom from 114, shows one resulting image and the full right
plot shows the image sequence. As this plot clearly shovesntiise and the similarity between the textures of the

background and the object makes it very challenging to okdai accurate segmentation.

121

1F HEKK KK KEHKK HEHK

0.8

0.6

0.4r

0.2

O3 3 3 3 5 5 5 5 5 % % *x ¥ *x

-0.2f | 1l

35 40 45 50 55 60 65 70 75 80 85 90 20 40 60 80 100 120 140
space space

Fig_.I_G. Left: 1-D templatg1111001101111100111 1}h Right: 1-D image sequence. Time increases from top to bottom. .
he plots of Fig. 7 illustrate the behavior of the algorithrithathe relaxation procedure just outlined. Evolution

occurs from the top-left plot to the bottom-right plot. Eaplot shows: i) the symmet?yof the entries of the
segmentation matrix), marked with a solid line; ii) the value of the threshold paeder«, marked with a dashed
line; and iii) the estimat&‘pL of the template, marked with stars (“*”). The top-left pleforesents the first penalized
likelihood test (25) after initializing the background iesate by averaging the images in the sequence. From this
plot we see that the threshold parametes high enough such that only one pixel is classified as béhgngp the
object templatei.e., only one entry of the symmetric segmentation matrix is abitne thresholdv. The values of

the segmentation matrix in this plot make clear thaty Mvas set to zero at this early stage, the template would be
clearly overestimated (compare with the true template énléfit plot Fig. 6), the next background estimate would
be incomplete, and the two-step algorithm could not proc&sdthe other hand, by choosing the valuecofn
such a way that only one pixel is classified as belong to thela, the algorithm is able to refine the background

estimate, leading to the second template test, representtdte second plot from left on the top of Fig. 7. Here, we

3We represent the entries of negati@g i.e, —Q, because those are the values to be compared with the weitiirough (25).
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decrease the value of the thresheldenabling a second pixel to be classified as belonging toetmplate. In this
example, the relaxation process continues umtieaches zero, leading to the ML estimate. To ease visuializat
we use a different vertical scale for the last eight plotse Tihal estimate, represented on the bottom-right plot,
shows that our method successfully segmented the movirecofspm the image sequence on the right of Fig. 6

(compare with the left plot of Fig. 6).

. s .o pree

— segmentation matrix
- - - threshold
template estimate

7w s w4 s s s 6 0 7 80 8 W 4 s s w0 e w0 75 80 6 W @ s0 s w0 e 70 75 8 5
space space space
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space
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space

Fig. 7. Relaxation for the 1-D image sequence of Fig. 6. Evaiubccurs from the top-left plot to the bottom-right plot.dBaplot shows:
i) the symmetry of the entries of the segmentation ma@xmarked by a solid line; ii) the value of the threshold parametemarked by
a dashed line; and iii) the estima®py, of the template, marked by stars (“*”). The final estimate, on lth&om-right plot, shows that our

method successfully segmented the moving object (compare hetkett plot of Fig. 6).

In general, the relaxation af can be made faster than we did for this exampke, at each step several pixels
can be added to the estimate of the template. Anyway, anyatéde procedure for our segmentation algorithm
should stop and decrease the relaxation rate whenever grbackl estimate returns incomplete. In our experiments

with real video, we decreased linearly, in four to five steps.
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C. Stopping criteria

To stop the relaxation process we could adopt as strategippoas soon as the estimeﬁe)L of the template of
the moving object stabilizes.e., as soon as no more pixels are added to it. However, to refitdvproblems with
low contrast background that motivated the use of penaliketihood estimation, we stop the relaxation when
reaches a pre-specified minimum valugn. This apgn can be chosen by experimentation, but we can actually
predict from the observation model (1) what are good chdimes. If the minimum valuenyn is chosen very high,
we risk that some pixelz, y) of the moving objecti.e., with T(x,y) = 1, is erroneously classified as belonging to
the background, since from test 28)(z,y) > —amin = ’f‘pL(x,y) = 0. In [1], using the observation model (1)
and the definition of the segmentation mat€xin (10), (11), and (12), we show that the expected value of the

entry Q(z, y) for a pixel (z,y) of the moving objectj.e,, with T(z,y) = 1, can be approximated as

F
Er_1 Q1)) ~ ~ 3 [0(e.y) - M(asp?)B(zy)] . (26)
f=1

This expression shows that, as we process more framgs; H)(x,y)} becomes more negative, reducing the
probability of Q(z,y) > —ammn, and so of misclassifying the pixdl:,y) as belonging to the backgrouhd
Expression (26) then suggests that good choices for thshbiga,n are in the interval 0, —Er—1 {Q} [. Since

in practice we can not computerE; {Q} because we do not know before hand what are the intensitislef¢he
object and the background, we assume a valtior their average square difference and chasgy in the middle

of the interval,] 0, FS? [, whereF' is a constant. In our experiments, with 1-byte per pixel dexgl imagesj.e.,
with intensities in the intervdl, 255], we usedwyn = 20, obtained by setting = 2 and F' = 10. Our experience
has shown that any other valugn not to close to the extremes of the above interval would leathé same

estimates.

V. EXPERIMENTS

We describe four experiments. The first two use challengmmgputer generated image sequences to illustrate
the convergence of our algorithm and its capability to segneemplex shaped moving objects and low contrast
video. In the third and fourth experiments we use real videguences. The third experiment illustrates the time
evolution of the segmentation matrix. The fourth experibmgments a traffic video clip.

Complex shapeWe synthesized an image sequence, the “IST” sequence,dingdo the model described in
section II. Fig. 8 shows the world images used. The left frafrmn a real video, is the background world image.
The moving object template is the logo of thestituto Superior €cnico (IST) which is transparent between the
letters. Its world image, shown on the right frame, is olediby clipping with the IST logo a portion of one of the
frames in the sequence. The task of reconstructing the totgewplate is particularly challenging with this video
sequence due to the low contrast between the object and tkgroand and the complexity of the template. We

synthesized a sequence 2if images where the background is static and the IST logo mawesd.
4In [1], using Tchebycheff inequality [45], we derive uppesumds for the probability of misclassification.
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Fig. 8. Constructs for the synthetic image sequence. Lettkdraund. Right: moving object.

Fig. 9 shows three frames of the sequence obtained accotditige image formation model introduced in
section II, expression (2), with noise varianeé = 4 (the intensity values are in the intenjal 255]). The object
moves from the center (left frame) down by translational estdtional motion. It is difficult to recognize the logo

in the right frame because its texture is confused with the&ute of the background.

Fig. 9. Three frames of the image sequence synthesized witboifsructs of Fig. 8.

Fig. 10 illustrates the four iterations it took for the twigys estimation method of our algorithm to converge.
The template estimate is initialized to zero (top left frameach background estimate in the bottom was obtained
using the template estimate on the top of it. Each templaima® was obtained using the previous background
estimate. The arrows in Fig. 10 indicate the flow of the alponi The good template estimate obtained, see bottom

left image, illustrates that our algorithm can estimate plax templates in low contrast background.

Fig. 10. Two-step iterative method: template estimates ankgoaand estimates for the image sequence of Fig. 9.

Note that this type of complex templates (objects with tpament regions) is much easier to describe by using a

binary matrix than by using contour based descriptiong $glines, Fourier descriptors, or snakes. Our algorithm
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overcomes the difficulty arising from the higher number ajrées of freedom of the binary template by integrating
over time the small intensity differences between the bamkgd and the object. The two-step iterative algorithm
performs this integration in an expedite way.

Low contrast video By rotating and translating the object shown on the left imafj Fig. 11, we synthesized
20 frames, two of which are shown in the middle and right insageFig. 11. As these images clearly show, the
noise and the similarity between the textures of the backgiand the object makes it very challenging to obtain

an accurate segmentation .

b

Fig. 11. Left: moving object. Middle and right: noisy videafnes.

Fig. 12 describes the evolution of the estimate of the mowbgect template through the relaxation process
described in section IV. The final estimate, shown in thedmttight image of Fig. 12, shows that our algorithm

was able to recover the true shape of the moving object fiedige of Fig. 11).

Fig. 12. Relaxation. Evolution of the estimate of the movingeobtemplate for the image sequence in Fig. 11. The final estifiattom-right)
coincides with the true shape of the moving object in the lefige of Fig. 11.

Robot soccerWe used a sequence 86 images, the “robot soccer” sequence, obtained from a robotes
game, see [53]. It shows a white robot pursuing the ball. Eshd, 8, and16 of the robot soccer video sequence
are in Fig. 13.

Although it is an easy task for humans to segment correctyvideo sequence in Fig. 13, even looking at a
single frame, this is not the case when motion is the only alert into account. In fact, due to the low texture of
the regions of both the field and the robot, the robot temptatenbiguous during the first frames of the sequence.

This is because several regions belonging to the field camdwmariectly classified as belonging to the robot, since
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the motion of the robot during the first frames is such thatvideo sequence would be the same whether or not
those regions move rigidly with the robot. The same happemsgions of the robot that can be interpreted as being
stationary with respect to the field. Only after the robottes, it is possible to determine, without ambiguity, its
template.

Multiple objects The robot soccer video sequence contains two moving obj@ctsalgorithm deals with multiple
moving objects by running the segmentation procedure,pedéently, for each of them. This basically requires
estimating the motions of the independently moving objeBisce the algorithm does not require an accurate
segmentation when estimating the image motion (in fact #sdoot require any segmentation at all since the
algorithm uses in further steps only the motion estimates) resolve the simultaneous estimation of the support
regions and the corresponding motion parameters by usiagtafd simple sequential method. We first estimate the
motion parameters that best describe the motion of theeeimiage. Then, the images are co-registered according
to the estimated motion. The pixels where the registereadrdifference is below a threshold are considered to
belong to the dominant region, which we assume is the baakgkoThen, the dominant region is discarded and
the process is repeated with the remaining pixels.

Applying the moving object template test, in expression),(Z&e section llI-A, the ball template becomes
unambiguous afteb frames. Figure 14 shows the evolution of the robot templRegions where the test is
inconclusive are grey, regions classified as being part efrttbot template are white, and regions classified as
being part of the background are black. The robot templatansmbiguous afted0 frames. The final robot

template estimate is shown on the right side of Fig. 14.

Fig. 14. Estimate of the robot template after frar2ed, 6, and 10 of the video sequence of Fig. 13.

Figure 15 illustrates the evolution of the segmentationrixa® introduced in section IlI-A. The curves on the
left side plot the value of)(x,y) for representative pixelsz,y) in the template of the robot. These curves start
close to zero and decrease with the number of frames prateaseredicted by the analysis in section Ill. The

curves on the right side plot of Fig. 15 represent the ewatutif Q(z,y) for pixels not in the template of the

DRAFT August 19, 2004



AGUIAR AND MOURA: FIGURE-GROUND SEGMENTATION FROM OCCLUSION 23

robot. For these pixel€Q(z, y) increases with the number of frames, again according tortasysis in section lIl.
Thus, while during the first frames the value @fz, y) is close to zero and the template test is ambiguous (due
to the low texture of the scene), after processing enouglyésahe absolute value @(x,y) increases and the

robot template becomes unambiguous.

a Background pixels
x10° Robot pixels oX 10 9 pi
T T T T T

—2F

0 2 4 6 8 10 12 14 16 18 20 [¢] 2 4 6 8 10 12 14 16 18 20
Frame number Frame number

Fig. 15. Evolution of the entrie€(z, y) of the segmentation matri& for representative pixels: left plots are for pix€ls, y) in the robot
template; right plots are for pixelge, ) not in the robot template.
Figure 16 shows the recovered world images for the two mowinigcts and background, after processing the

entire sequence dfj frames.

Fig. 16. Background, robot, and ball world images recoverethfthe robot soccer video sequence of Fig. 13.

Road traffic In this experiment we use a road traffic video clip. The roafitr sequence hag50 frames.
Figure 17 shows frameks, 166, and225. The example given in section | to motivate the study of trggrsentation

of low textured scenes, see Fig. 1, also uses franiesnd 77 from the road traffic video clip.

Fig. 17. Road traffic video sequence. Framés166, and225.
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In this video sequence, the camera exhibits a pronouncexingamotion, while four different cars enter and
leave the scene. The cars and the background have regioow téxture. The intensity of some of the cars is very
similar to the intensity of parts of the background.

Figs. 18, top and bottom, show the good results obtained aféigmenting the sequence with our algorithm.
Fig. 18, bottom, displays the background world image, wkig. 18, top, shows the world images of each of
the moving cars. The estimates of the templates for the caFg. 18 become, from left to right, unambiguous

after 10, 10, and 14 frames, respectively.

e

Fig. 18. Top: Moving objects recovered from the road trafiideo sequence of Fig. 17.; Bottom: Background world imageveea from
the the road traffic video sequence of Fig. 17.

The CPU time taken by our algorithm to process a sequence agasdepends on several factors, in particular,
the level of relaxation used. With little or no relaxatios, @sed in our experiments with the IST, the robot soccer,
and the road traffic sequences, to process a typical sequériXtevideo frames ofl60 x 120 pixels takes about
1.75 sec with a non-optimized MATLAB implementation, running ar2.4 GHz Pentium IV laptop. To process this
sequence with the same implementation of the algorithm bimgua high degree of relaxation where the threshold

is decreased very slowly may taRé sec or ever80 sec on the same machine.

VI. CONCLUSION

We develop an algorithm for segmenting 2-D rigid moving cklgdrom an image sequence. Our method recovers
the template of the moving object by processttigctly the image intensity valueg/e model both theigidity of
the moving object over a set of frames and treelusionof the background by the moving object. We estimate
all unknowns (object and camera motions and textures) bylgoritam that approximates the minimization of a
penalized likelihood (PL) energy functional. We first esitmthe motion estimates, and then use a two-step iterative
algorithm to approximate the minimization of the resultocwst function. The solutions for both steps are in closed
form and so computationally very simple. Convergence iseae€ll in a small number of iterations (typically three
to five iterations). Experiments show that the proposedrélgo can recover complex templates in low contrast

Scenes.
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