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Abstract from pixel to segment matching.
We apply our results to the problem of video editing,

In this paper, we propose a method for jointly comput- more specifically frame interpolation. To produce higher-
ing optical flow and segmenting video while accounting for quality results, we also integrate matting (extraction of fore-
mixed pixels (matting). Our method is based on statistical ground and background colors) into our algorithm. Matting
modeling of an image pair using constraints on appearance has been shown to be an effective tool for handling observed
and motion. Segments are viewed as overlapping regionsmixed color pixels [5].
with fractional () contributions. Bidirectional motion is
estimated based on spatial coherence and similarity of seg-> previous work
ment colors. Our model is extended to video by chaining the
pairwise models to produce a joint probability distribution
to be maximized. To make the problem more tractable, we
factorize the posterior distribution and iteratively minimize
its parts. We demonstrate our method on frame interpola-
tion.

Early work in optical flow centered around efficient
methods using image gradients and hierarchical approaches
[8, 13]. Black and Anandan [2] expanded upon these meth-
ods using robust statistics to handle discontinuities in the
flow field. Szeliski and Coughlin [16] use 2D splines to
approximate pairwise image flow.

] Layered or segmentation approaches were proposed to
1. Introduction allow for discontinuities while being able to enforce con-
straints on the flow within the segments. Wang and Adel-

Motion estimation is inherently ill-posed, and techniques son [18] were arguably the first to develop this idea, using
proposed for solving it range from spatial regularization [8], the affine model for flow. They proposed an iterative ap-
use of global or parametric motion models [2], to segmen- proach to create and remove segments, based on the pixel-
tation [18]. Segmentation-based approaches partition thewise flow computed using a method similar to [2]. For seg-
image into regions, with each region assuming a paramet-mentation, several methods use an expectation maximiza-
ric motion model (such as affine motion). Recently, color tion approach [9, 1, 20]. These methods include using mix-
segmentation approaches have gained in popularity, bothture models [9], minimum description length encoding for
for optical flow computation [7, 14] and stereo [17, 22]. segment creation [1] and spatial coherence [20]. Differ-
They use the reasonable assumption that similarly coloredent constraints for flow vectors within segments have been
neighboring pixels have similar motions (or depths). Color used, including smoothness constraints [21, 4] and parame-
discontinuities are used to delineate object boundaries anderized motion models [3]. Unfortunately, results obtained
thus motion discontinuities. However, segments tend to beusing flow-based segmentation tend to be unpredictable at
statically-determinegbrior to actual motion estimation. object boundaries due to the local aperture problem. One

The problem with using precomputed static color seg- approach for joint segmentation and flow computation is
ments is the inability to recover from segmentation er- described in [10], but the patch-based method is computa-
rors. Segmentation of a single image is typically ambigu- tionally expensive.
ous without the context of neighboring images. In this pa-  Instead of segmenting based on just flow, there are tech-
per, we propose a technique for producing temporally con- niques that use color information [7, 14] or a combination
sistent segmentations. That is, segments across neighboringf flow and color [11]. Color-based segmentation has also
images have similar shapes and colors. Using the consistenbeen successfully used in the context of stereo and view in-
segmentations, we convert the motion estimation problemterpolation [17, 22].



Mtu’ Mu! Dtu’ Dut

gfu
St P! S# Loz
Affine Translation
Figure 1. Affine movement within large seg- X! X

ments can be approximated using an over-

segmentation with translational movement. Figure 3. Factor graph of proposed approach.

can be performed much more efficiently.

We formulate the simultaneous estimation of flow, seg-
mentation, and matting as a single generative model using
appearance and motion constraints. The generative model
is cast as a factor graph [12]. A factor graph defines a func-
tion as a product of it's factors, and it can be used to express
a wide variety of models, such as Markov Random Fields
and Bayesian networks. In Section 3.2, we describe the fac-
tor graph for an image pair, depicted in figure 3, followed
(a,d) by generalization to image sequences. The variable nodes

: are the imageX; andX,,, the segmentation parametdrs
S, and the motion parameteM, D. Following the prop-
erty of a factor graph, the joint distribution is equal to the
product of the function nodegt, ¢*“, and f“, which are
themselves functions of the variables.

We begin by describing our generative model for a single
3. Our approach image expressed by the functiofisand ¢, for imagesX*

and X" respectively, in the factor graph. We assume that

Our work is motivated by the application of high- e_ach image consists of a set of_ col_or segments._ To handle
quality video editing. This requires not only good optical Pixels which may receive contribution from multiple seg-
flow estimation, but also accurate segmentation and back-M€nts, each pixel can be assigned to two segments with a
ground/foreground separation. The degree to which an im-corresponding alpha value for blending.
age should be segmented and the complexity of the motion 10 make the inference problem tractable, we factorize
model are interdependent. One can adopt a relatively coarséhe posterior distribution and iteratively minimize its parts
segmentation with affine, 3D planar, or even higher degreeUsing a variational approach. In practice, this translates
motion models [1, 18, 20]; the alternative is a fine segmen- {0 an algorithm that iteratively computes the segmentation
tation with a simple translational motion. We use the latter given the current estimate of the motion vectors, followed
strategy. by_computing'the motion vectors given the segmenta}tion.

As shown in figure 1, an object undergoing some com- ThiS process is repeated until convergence. Alternatively,
plex motion can be reasonably well approximated as a col-Other techniques such as loopy belief propagation and sam-
lection of small regions with simple motions (translation in P!ing could be used for maximizing the function defined by
our case). We chose this strategy to reduce the possibilitythe factor graph.
of not finding object, and thus motion, boundaries. In ad-
dition, incrementally enforcing temporal consistency with 3.1 Overlapping segments as a generative model
smaller (andcadaptive regions is easier than with large re- of a single image
gions. Temporal consistency involves ensuring similarity of
segment shape and color across time as well as spatial co- We model each image as a set of segments, each with
herence (figure 2). Since the number of segments is muchcorresponding appearance and motion. Each segient
smaller than the number of pixels, segment correspondencéias a distribution over the pixel colors and coordinates de-

Figure 2. Consistent segmentation:
Cropped original frames, (b,e) segmenta-
tions computed independently, (c,f) consis-
tent segmentations.



scribed by paramete®,.. In our work, we used the Gaus- orsc}, ¢ and positionr;, given the segment indices$, s?:
sian model described by the meap and covariance ma-
trix 3, for the segment’s color distribution. We also used  p(c}, ry|s}, ¢.1)
the Gaussian model with meay), and covariance matrix 9 0
A}, to describe the spatial distribution of the segment’s pix- plei,vilsi, ds2)
els. Therefore, the parameters describing the color and
coordinate variation in the segment are givendy =  Where N (z;u, $%) is the usual normal distribution with
(> Sk, My, Ag). Other possible parameterizations of the meanu and covariance matriX.. The observed color of the
probabilistic constraints on the segment’s shape and appearPixel is related to the segment colors, using alpha-blending,
ance include mixtures of Gaussians, color histograms, feain our last factor of the model:
ture mixtures, or image patch mixtures.
The segment parameters describe the extent of the p(cilci,ci, ;) = Ni(ci; i + (1 — ag)c;, ). (2)
within-segment pixel similarity and variability. In addition
to this generalized description, the segments also have their If we assume that the observations defining the inXge
realization in the image, which could be defined, for exam- are the pixel colorg; and coordinates; of all pixels, then
ple, by the index mai$ = {s;|s; € {1,..., K}}, wherei the product of all factors is in fact a normalized distribution
denotes the pixel index, and = k indicates that thé-th
pixel belongs to thek-th index. For each segmeht we f=p({ci,ct,c2 vy, sk, 82} ) =
also treat adiddenthe particular realization of coloks; j, 1 ‘ 4 el
for the segment pixels. I (s p(splapler xilsip(e
Treating the colors inside the segment as hidden enable
us to model segment overlaps and alpha-blending of their
boundaries when necessary. In particular, instead of a single
index map{s;}, we can assign each pixeto two hidden
segment indices! ands? and a hidden alpha valug. The
observed color of the p|xel is expressedcase o;c; st Tt
(1 — ai)c; q2. In our model, we handle boundaries between

two segments onIy For short, we use the notatiohs=
o1 andc? = c 52 Note that the pixels that are not on the

boundary are captured by the cage= s?

This parametrization of the varlablllty in the data cor-
responds to a generative model of a single image, which
generates pixel colors and positions by the following hier-
archical statistical process. First, hidden index paifss?) In this section, we consider a statistical model of a pair
are sampled from a uniform distribution. Then, two hidden of images with corresponding segments. Such image pairs
pixel colorsc} andc? are generated with the assumption can be found, for example, in a video sequence, a collec-
that the positiorr; of the pixel is observed. Then, the al- tion of photographs of the same (possibly dynamic) scene,
pha valuex; is generated from a prior distribution (either or even in a collection of photographs or video sequences
uniform or the one favoringe = 0 or o = 1). The gen- containing similar objects. While the modeling framework
erative process ends by generating the observed pixel colowe develop here is rather general, our focus in this paper is
c; by a noisy alpha-blending of the two parent pixel colors on closely matching image pairs, leading to applications in
c} andc? . (Note again that non-boundary pixels would motion analysis.
simply have the two hidden parents belonging to the same  When computing our motion vectors we will be making

N(C417 iu’sl 5 Esl )N(I‘,, nst, Asl)
N(Cfv ,UJ§2 ) Es‘f )N(ru T]SZ, Asf)v

ivri‘s) (Cl|Cl, 370‘73)'

She prior ona is constructed to favor values close to one,
"and this is expressed through normalized factgrs ).

If we were to only segment the image, we could develop
an algorithm that jointly segments the data and learns the
parameters) and {®;,} X |, using either the exact expec-
tation maximization (EM), or a faster variational version.
However, once we introduce new constrains among seg-
ments in gpair of images, exact inference will become in-
tractable and approximate algorithms will be needed.

3.2 Modeling an image pair

segment..) o _ _ the critical assumption that the segmentations of the images
The first set of distributions in the generative model are consistent. That is, if two pixels belong to the same seg-
would correspond to the priors ment in imageX*, then their corresponding pixels in the
other image X¢, also belong to the same segment. Fig-
p(s}) = p(s?) = 1/K. (@) J g g J

ure 2 illustrates an example of a non-consistent and consis-
but since they are constant, these factors would have no intent segmentation. As a result, our model of an image pair
fluence on the inference in the factor graph. Hence, we cannot only incorporates the motion vectors of the segments,
omit these whenever it leads to more compact equations. but also the consistent segmentation constraint.

The following pair of factors for each pixelcorrespond To differentiate between the hidden variables associated
to the conditional distribution over the two hidden pixel col- with X* andX", we use superscriptsand?’.



3.2.1 Segment mapping variables 3.2.3 Constraints on the variables of an image pair

The segment correspondence is defined by two mappingsOur model of image pairs will be broken into two parts. The
the mappingM** of segments describin’ to the seg- first expresses our desire for segmentations across images to
ments describing*, and the mappin®1“¢ (which is sim- be consistent. The second relates the motion variables of the
ilarly defined). The two mappings should be mostly consis- segmentations.
tent, but given that certain pieces of scene could disappear In the first part, we enforce a consistent segmentation
from one image to the next (especially in dynamic scenes),across images. To do this, we place constraints on the seg-
and that one image may be over-segmented in certain rement mapsS**, §**, St andS>“. One constraint en-
gions, deviations from 1-1 correspondence are allowed. Insures a locally consistent segmentation within each image.
addition, optimal 1-1 segment matching is NP-hard; the useAnother constraint enforces segment shapes to be consis-
of dual maps increases the robustness of the approximatéent across images. Shape consistency is accomplished by
inference (i.e., reduces local minima problems). favoring segment assignments for which neighboring pix-
Each mapping is defined by a set of variablek = els belong to the same segment within an image, and to
{mk}k 1, one for each segmerit, which point to the the same corresponding segment across images. These con-
correspondmg segment in the other image. For example; straints are formulated as the following multiplicative fac-

mi* = j indicates that thé-th segment of the imagX® tors:

corresponds to thg-th segment oX". By symmetry, in . 16, 1t Lt 1t
this example we would expect thait!* = k, which is most hi = H _ (clsi # 551+ (L= )ls; ™ = 557]) x
often the case in the experiments we report here, but the deeid

flexibility of allowing m',. # k is important for modeling < T (els?* #5371+ (1= e)[s7" = 557),
occlusion and disocclusion events in sequences, as well as jeei\i

matching photographs in which many segments may need
to remain unmatched.

While multiple segments may have the same mapping,
we insist that each segmehthas a mapping in the other
image. More specificallyni* € {1,..., K*}, whereK™ is

whereg; is a small [5x5] neighborhood around pixeande
is a value close to 0 that controls how much we favor locally
consistent segmentations. In our experiments,0.01. We
can then apply the same constraint across image pairs:

the number of segments in the generative mod& bf ptu :H(g[sl,u # m“‘(s”)] +(1—¢) [51,u _ mt“(sl’t)]) %
g J 1 7 [
j€6,,.£+dtzu
3.2.2 Segment displacement variables XH( 2% 4y u(sl B+ (1—e)s Lu _ mtu(sl,t)])
J i ’

In addition to the mapping variables, we also define bidirec- 7€+t +atv

tional displacement field (flow) between the pixels in two .

images. The displacement fielof* = {d{*} is defined as ~ Wherem™ (k) = my" andeli ;. denotes a small neigh-

a set of flow vectors for each segménin the imageX®. borhood around the pixel with coordinatesr- d:* in image

The actual dense image flow is constructed by assigningX". 7} +d;" denotes the coordinates to which thth pixel

to each pixel the flow associated with its segment. Simi- iS going to move according to the displacement fiBitt'.

larly, we define the flovD“ = {d}*}. Assuming the seg- In both constraints, the segment index pdirs? receive an

ments are not occluded and taking the displacement to beasymmetric treatment, with the firstindex being the primary

the shift in segment centroids, we hayg + di* = n* o one, and the second index being only influenced by the as-

signment of the first one in the matching neighborhood.
The second part of our model for image pairs concerns

our motion variabledM andD. Ouir first factor states that

the mean color of corresponding segments from imXge

to X* should be similar:

andn; rut d“ttu 7n',. However, we allow deviations from

this in order to deal with partial or total occlusion of seg-

ments. Thek-th segment oiX* can be mapped to theth

segment irX* according tdVI*“, but some part of segment

¢ may be occluded by another object. Hence, the flow in

D' may deviate from the shift in the segments’ centroids. 2 = N (ks v, ™), ©)
Having introduced new variables, we now turn the

reader’s attention to the new constraints needed to properlywith analogous factors* for the mapping from imagX®“

capture correlations among variables describing a pair ofto X®.

images. As before, these constraints are expressed in terms As we stated before, in most cases, the motion vector for

of factors whose product defines the optimization criterion a segment can be computed by finding the shift in the cor-

to be optimized using variational inference. Each factor is a responding segments’ centroids, assuming consistent seg-

function of the subset of the variables in the model. mentation across images. To handle exceptions, such as



when a segment is occluded, we will allow a segment’s mo- distant frames as well, e.g.,
tion di* to be one of the differences between any matching

segments’ centroids within a neighborhood: P= % 1A e e (8)
t
vh=1— 1—[di* =nt —n.]), (4)
F jl;[k ( & ! J ]) We used parameterization (7) for computational efficiency

reasons.
wheree,, is defined as the set of all segments in the neigh-

borhood ofk. More specifically, this neighborhood includes 4
each segment which has at least one pixéin the neigh-
borhood ofn}, for which s{ = j. This hard constraint reg-
ularizes the mapping and displacement estimation, while
still allowing some deviation of the segments’ flow. This
approach is similar to that taken by [17] for occluded seg-
ments.

Ouir final factor enforces smoothness in the computed ve-
locities. That is, the displacement vectet$ should be
similar for neighboring segments:

Inference

In the previous sections, we introduced a number of hid-
den variables and parameters. We can show that the normal-
ization constang is only a function of the parameters, such
as the segmentation consistency parametérich controls
the Markov random field on segment indicgsthe inter-
image color noise covariance matricgsand the variance
¢ for motion regularization. Experimental results have been
fairly robust to different settings af; the results shown in
H N(dt, dtu SN (d; —dv,,, ) (5) this paper were obtained with= 0.01. The covariance ma-

tricesvy) were held constant and set equal for all segments.
In practice,® should be set to some scalar of the image

In a single factor, all the constraints between the sets ofnoise.d was set conservatively to 20.0.
hidden variables and parameters associated with individual Inference is based on minimizing the free energy [15]
images can be expressed as:

JEek

F:/HQlogQ—/HQlogP, (©)

.
hthtu>
( H Ak ) (H i ) (H which is the lower bound on the likelihood of the dga P

with P given by (7). The form of the approximate posterior
( H huhut> : over the hidden variable3() is chosen so as to speed up

the inference while keeping as much of the needed uncer-
tainty and correlation among hidden variables. We found

whereK* is the number of segments of ima¥eé andl? is the following factorization of)) to be particularly useful:

the number of pixels in the image. Similar notation is used

for the parts of the other imagX". Lt 2, H Lt 24 1t 2t

The probability distribution over all the variables de- HH< 5787 )a(e;, €7 sy 87 )q(a§)> X
scribing the image the pair is then expressed as

“ 1 qtt—1 tt+1  qt,t+1
L pgtupe ®) <[1 H g(m ™Y Ay )g(my ),
Z b

t k=1

t =1

where Z is the normalization constant, arfd and f* are By using this form ofQ, the free energy reduces to many
the generative models of individual images defined by over- 2dditive terms, and each factor ¢f and each parameter

lapping segments as in the previous section. of P is only influencing a small number of these additive
terms. Thus minimization of" with respect to either indi-
3.3 Modeling a sequence of images vidual distributions in@ or parameters of can be done

efficiently if all other parts of and P are kept fixed, i.e.,
A straightforward extension of the image pair model is W& €an compute the segmentation keeping the flow fixed,

the following joint probability distribution, and vice-versa. Iterating these minimizations leads to a re-
duction in free energy in each step.
p_ 1 Hft {1 0 Some of the factors in th€ distribution have a con-
Z I ’ strained form. The distribution over hidden blended col-

t .
ors for each pixely(c;”", c>"|s;", s7") is expressed by a

obtained by chaining the model of (6). Note, however, that Gaussian distribution, which is the form the exact poste-
the model can be made stronger by adding terms connectingior has, too, wheny; is given. The posterior distributions



over the matting variables are expressed by Dirac functions
q(al) = 8(at — @t). The distributiong(s) ', s>") is fully
expressive in principle; itis &* x K* table of probabilities
that add up to one, but some entries in the table are forced to
be zero to speed up the searchd¢s, *, s>") that reduces

the free energy. In particular, the columns and rows corre-
sponding to the segments which have been far away from
thei-th pixel during learning, are zeroed.

Finally, the posterior over the mapping and displacement
is assumed to be deterministic (or Dirac, which is in ac-
cordance with the hard constraints on the deformation field
vh), g(mb*, di*) = mi™ = mi"6(dy" — di*). The up-
date on each of these posteriors reduces to searching for the

~t,u

mappingi, *, which reduces the free energy the most. The

displacemenﬂfg“ is set to either the new segment displace-
ment for this mapping, or to one of the old displacements of
the segments in the neighborhood, whichever has the best (©)
color correspondence.

The free energy’ is iteratively reduced with respect to
the parameters a? and(@ until convergence. At this point,
the displacemenid);* define the dense flow field useful for
a variety of applications, such as frame interpolation, object
segmentation, etc.

The image segmentation is initialized using a quad-tree pha matting. Some flow vectors have been incorrectly com-
approach that recursively breaks the image into smaller segputed, but these are mostly limited to areas of low texture
ments based on the variance of the color within the segmentsuch as the blue sky (resulting in imperceptible artifacts in
The flow vectors are initialized to 0, from which the map- the interpolated views).

Figure 5. Forest results: Input images (top
row), flow field (bottom).

pings with highest overlap are found. Each example was run for 80 iterations, after which, seg-
ments that had inconsistent mappings where assigned flow
5 Results vectors equal to the average flow vector within a neighbor-

hood of the segment. The number of segments per image

In this section, we show three results of frame interpo- with inconsistent mappings was typically smatl (0).

lation. Our first example uses the first 5 even frames from . )
the MPEG dataset of a merry-go-round scene. This is a dif-6. Discussion
ficult scene for several reasons: there are many small and
thin independently moving objects, ordering between ob-  Our technique is generally applicable to video since it
jects is not always preserved, and some of the vertical barauses only color consistency and similarity in extracting flow.
are transparent due to motion blur. To test our algorithm, Results show that our decision to combine flow estimation
we synthesize frame 3 using the matting and flow informa- with segmentation and matting was a reasonable one.
tion computed using our algorithm. The results can be seen However, our technique fails in the presence of signifi-
in figure 4. The flow information for most small objects, cant occlusions, where large groups of segments appear or
including many thin vertical bars looks reasonable, as candisappear. This is because our technique has no explicit oc-
be seen in figure 4(d). Because of alpha blending, the fi- clusion reasoning. In addition, since it relies on color sim-
nal rendered result has smooth boundaries as shown by théarity, it also fails when colors or intensities change dra-
highlighted area. The slight blurriness in the interpolated matically (e.g., when the camera exposure or the lighting
frames is mostly caused by resampling. condition suddenly changes). To mitigate this problem, the
Figure 5 shows the results for a pair of photographs matching criteria would have to be modified or the frames
(433 x 500). This example demonstrates the ability of the would have to be preprocessed to match their histograms.
algorithm to find correct flow vectors even when the dis-  For a video of a rigid scene, we could incorporate epipo-
placements are large-(30 pixels). lar geometry into the formulation to constrain flow. In such
Our third example shows results of our algorithm on the a case, depth ordering would be easy, and rendering inter-
popular garden sequence, seen in figure 6. Once again, thpolated views can be performed in a back-to-front manner.
rendered interpolated view has soft boundaries due to the alHowever, for videos of dynamic scenes, such ordering does
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Figure 4. Fair results: (a) Frame 2 segmentation, (b) Frame 4 segmentation, (c) Frame 2 a map, (d)
Frame 2 horizontal flow, (e) Frame 2, (f) Interpolated frame 3, (g) Frame 3, (h) Frame 4, (i-) Close-up
views.

0

Figure 6. Garden results: (a) Frame 2 segmentation, (b) Frame 4 segmentation, (c) Frame 2 « map, (d)
Frame 2 horizontal flow, (e) Frame 2, (f) Interpolated frame 3, (g) Frame 3, (h) Frame 4, (i-l) Close-up
views.



not exist. We currently assume that segments with larger[6] A. Criminisi, P. Perez, and K. Toyama, “Region filling and
f|OWS are Closer to the camera. Object removal by exemp|ar-based InpalntlnHﬁEE Trans.
L . | P i I.9, no. 13, pp. 1200-1212, 2004.
In cases where motion is significant, holes may appear in on Image Frocessingol. 9, no PP
the interpolated frame. We currently fill holes by iteratively [7] B. Heisele, U. Krebel, and W. Ritter, “Tracking non-rigid,
using the average of boundary colors. A more sophisticated r2“5°7" 'g%g?’ems based on color cluster flo@YPR pp. 253-
inpainting algorithm (e.g., [6]) can be used instead. ' '
i ; ; [8] B. Horn and B. Schunck, “Determining optical flowArtifi-
Ong future d|rect|(_)n_|s _to use the se_gment flows for cial Intelligence vol. 17. pp. 185-204, 1081
grouping (based on similarity of flow). This could be used
for applications such as recognition. In addition, temporally [9] A. Jepson and M. Black, “Mixture models for optical flow
consistent segmentation would be helpful for automatic seg- ~ computation,CVPR pp. 760-761, 1993.

mentation of moving objects. [10] A.Kannan, N. Jojic, and B. Frey, “Generative model for lay-
ers of appearance and deformation, Atgtats'05, 2005.

7. Conclusions [11] S. Khan and M. Shah, “Object based segmentation of video
using color, motion and spatial informatiofGVPR pp. 746-
751, 2001.

Flow estimation is a particularly difficult problem due t0 15 £ kschischang, B. Frey, and H. Loeliger, “Factor graphs and
ambiguities in textureless areas, occlusions, and mixed pix- "~ the sum-product algorithmlEEE Trans. on Information The-
els. In our case, we use flow for the purpose of high-quality ~ ory, vol. 47, no. 2, pp. 498-519, 2001.

frame interpolation. As such, extractipgausibly correct 73] B Lucas and T. Kanade, “An iterative image registration
flow is adequate. However, detecting flow discontinuities at technique with an application to stereo visioRfoc. DARPA

object boundaries (which is non-trivial) is critical. We have Image Understanding Workshapp. 121-130, 1981.
shown that our technique is capable of accurately delineat-[14] p. Mukherjee, Y. Deng, and S. Mitra, “Region based video
ing these boundaries. coder using edge flow segmentation and hierarchical affine

; i ; region matching,’Proc. SPIE, Visual Communications and
Ou_r design deC|S|(_)ns are based_ on both ex_pedl_enc_y a_nd Image processing/ol. 3309, pp. 338-49. 1998.
effectiveness. Matching segments instead of pixels is signif- _ _ _
icantly more efficient without sacrificing visual quality. In  [15] R. Neal, and G. Hinton, *A view of the EM algorithm that
addition, it reduces the ill-posed nature of flow estimation. ~Justifies incremental, sparse, and other variants,” In Jordan,

. o T . M.l., editor Learning in Graphical ModelsKluwer, Dor-
We avoid committing to a initial fixed segmentation for flow drecht, pp. 355-368, 1998.

estimation; instead, we adaptively reshape segments base . . : . .
T P . y P 9 HG] R. Szeliski, and J. Coughlin, “Spline-based image registra-

on both spatial and temporal evidence. tion,” 1JCV, vol. 22, no. 3, pp. 199-218, 1997.

We also deliberately factored in matting to account for (17] H. Tao, H. Sawh 4R K A global matchi

; ; Ctrig it . Tao, H. Sawhney, and R. Kumar, “A global matching
mixed pl?(els: As results ShOW’. the eX_traCtﬁdlstrlbutlons . framework for stereo computationCCV, pp. 532-539, 2001.
help to significantly reduce typical artifacts (such as haloing _ o _
at object boundaries) in interpolated frames. In addition, it [18] lJ- Wagg and E-IEAggSILOH, “Reprlesentlgg moving llmgges with
permits extraction of very thin objects, which would have ayers, Troc. o rans. on image Frocessingl. s, no.

a _ 5, pp. 625-638, 1994.
been very difficult to recover otherwise.
[19] J. Wang, Y. Xu, H. Shum, M. Cohen, “Video tooning,”
ACM SIGGRAPH and ACM Trans. on Graphipp. 574-583,
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