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Abstract hypotheses are. Using several image cues such as color, tex-

ture, and boundary, the model is learned for a generic fore-
In this paper, we address the problem of video object seg-ground object, which is then object category independent.
mentation, which is to automatically identify the primary An example of object hypothesis produced by the approach
object and segment the object out in every frame. We pro-[9] is shown in Fig.2.
pose a novel formulation of selecting object region candi- By utilizing those figure-ground segmentations with ob-
dates simultaneously in all frames as finding a maximum jectness measure, Vicente et al27] obtain "object co-
weight clique in a weighted region graph. The selected segmentation” from several static images. In contrast to im
regions are expected to have high objectness score (unaryage co-segmentation methods like,[26, 14], their method
potential) as well as share similar appearance (binary po- focus more on segmentirapjects(such as bird or a car).
tential). Since both unary and binary potentials are unre-  Lee et al. extend similar idea to video object segmenta-
liable, we introduce two types of mutex (mutual exclusion) tion in [15]. Instead of only using static objectness measure
constraints on regions in the same clique: intra-frame and from [9], dynamic cue is also used to measure how likely
inter-frame constraints. Both types of constraints are ex- a region contains a moving object. They point out that an
pressed in a single quadratic form. We propose a novel object region in video should move differently from its sur-
algorithm to compute the maximal weight cliques that sat- roundings. Specially, their measure compares the optical
isfy the constraints. We apply our method to challenging flow histogram of the region to its surroundings. This does
benchmark videos and obtain very competitive results thatnot require any assumptions about camera motion, while
outperform state-of-the-art methods. being sensitive to different magnitudes of motion. Given
the scored regions, toR” highest-scoring regions in each
frame are collected together to form a region candidate pool
1. Introduction and Related Work C. While many regions ir€ belonging to the foreground
object,C may also contain other regions. Similarity based
Given an unannotated video, our task is to automatically on un-normalized color histogram is computed for every
identify the primary object, and segment that object out in pair of the regions in the pool. Finally, spectral clustgrin
every frame. Unsupervised video object segmentation isis performed to obtain multiple binary inliers and outliers
important for many potential applications, such as agtivit partitions of the pool. Each cluster (inlier) corresponuls t
recognition and video retrieval. Existing methods explore a hypothesis of foreground object regions. Then the ob-
tracking of regions or keypoints over timé, 5, 27] or per- tained clusters are ranked according to the average object-
form low-level grouping of pixels from all frames using ap- ness score of its member regions. The larger is the average
pearance and motions cues’] 10]. However, as pointed  score, the more likely a cluster is to contain the primary ob-

out in [15], these methods lack an explicit notion what jectin video.
a foreground object should look like video,and therefore, We observe that the region candidate p6atombines
an "over-segmentation” result is usually obtained. regions across all frames together and discards valuable in

Recently, exploring object-centered segmentation in formation ofwhichframe each region originates from and
static image has become a very attractive topic, where sig-whereit is located in this frame. The proposed approach
nificant progress has been achieved/] 1]. In those meth-  aims to leverage these information to obtain a better region
ods, multiple object hypotheses in form of binary figure- selection result. We do this by utilizing binary appearance
ground segmentation are generated. And the ranking of hy-relation between regions in different frames and by enforc-
potheses based on their scores implies how plausible thesng mutual exclusion (mutex) constraints on selected re-


latecki
Text Box
 CVPR 2012


gions. For fair comparison, we adopt the same definition In our framework, we also constrain the maximum weight
of region objectness in video a&). cligue to satisfy the nonlinear, mutex constraints.

We have the following three insights about selecting pri- N 1965, Motzkin and Straus f] established a connec-
mary object regions in video, which make our approach tion between maximal cliques and the local maximizers of a
very different from [L5]: (1) The selected regions in a clus- certain standard quadratic function. Since then, many-meth
ter should have high objectness score (unary potential) asPds compute MWCs as solutions of the quadratic function
well as share similar appearance (binary potential) acrosg€laxed to a simplex. In particular, the approach ][
video frames. This implies the optimal way to select re- has been proven to be a powerful model for many vision
gions is to maximize binary and unary potentials simulta- Problems, such as common pattern discovefy gnd find-
neously, as apposed td9] in which only binary potentials ~ ing stereo correspondencel]. These approaches compute
are considered during spectral clustering. (2) The lopatio Cliques with the maximum average weight. However, they
of the object in two neighboring frames should be relatively cannot guarantee that mutex constraints are satisfied.
close, considering that the movement of the objectis uguall ~ Recently, [€] introduced a new optimization method
smooth. This information is extremely important consid- that can be interpreted as finding MWCs that satisfy linear
ering there may be overlap between foreground and back-equality constraints. This algorithm has built in preferen
ground color, which makes the similarity between regions for discrete solutions, and most of the time it converges at
very noisy. (3) We also utilize the common assumption in & discrete solution which is locally optimal. However, con-
video segmentation that the primary object appears in ev-straints (2) cannot be expressed in a linear equality form,
ery frame. It may change its appearance and shape, due t¥hich means that the algorithm ing] cannot be applied to
partial occlusion or self-occlusion, but it is present icfea ~ Solve our problem.
video frame. Therefore, we select exactly one regionin ev- T the best of our knowledge, this is the first time video
ery frame as the object region. This prevents the regionobject segmentation is formulated as finding constrained
cluster to be dominated by regions from the same frame,MWCs. Single static image segmentation has been for-
which is very likely to happen, since overlapping regions Mmulated as finding maximal cliques in a very recent paper
in a single frame are much more likely to have similar ap- [13], where maximal cliques are used to compose multiple
pearance than true object regions in two different frames.figure-ground hypotheses into larger interpretationisi )
Hence, this constraint guarantees that the region sefectio of the entire image. Their algorithm adopts a two step solu-
will not bias to regions in one frame, and pushes the re- tion: step 1 is sequential greedy heuristic, and step 2 is lo-
gion selection process to discover the true object regionscal search heuristic. A similar approach is proposedjn [

even under significant variations of shape and illumination Where image segmentation is formulated as finding maxi-
across the entire video. mum independent set, which is a dual problem to finding

We observe that insights (2) and (3) can be expressedmaXimal cliques. However, in this paper only unary poten-
tials (node weights) are considered.

as mutex constraints on the object region selection process In Sections. 3. and4 introd he ed iah
They strictly prohibit some regions to appear in the same. r? ect_lon ' 'hanh , We introduce .t € edge welg ts d
clique. In particular, insight (3) prohibits two regionsin In the region graph, the mutex constraints on regions, an

the same frame from belonging to the same clique, and in-€Xpress region selection as finding constrained MWCs, re-

sight (2) prevents two regions from adjacent frames that Zpec.tl\ﬁly. In ﬁectloﬁ, we utilize the r.egllc?ns slc;:-lected Ind
are relatively far away from belonging to the same clique. ection4 to achieve a more accurate pixel-level foregroun

We observe that these two constraints cannot be enforced ir?bje_Ct segment_anon. A de_scr|pt|0n of o_ur algorithm for
spectral clustering[1] used in [.5] solving constrained MWCs is presented in Sectioriol-

o . . lowed by the experimental results in Sectian

For our approach to be successful, it is of primary im-
portance th{;\t Fhese constraints are strictly enforceq.qTo e o Region Graph Construction
sure that this is the case, we propose a novel optimization
method. Two example results of our system are shown in  Our goal is to segment a foreground object in video with-
Fig. 1. We express the region selection problem as the out any model of the target. Since we assume no prior
problem of finding constrained Maximum Weight Cliques knowledge on the size, location, shape or appearance of the
(MWCs) in a weighted grapty, where each region corre- target object, we first produce a bag of object "proposals” in
sponds to a node. The diagonal entries of the affinity matrix each frame usingg]. The model used ing] is learned for a
A of G hold the objectness score of each node. The off di- generic object from Berkeley Segmentation data, and there-
agonal entries represent the appearance similarity batweefore, it is category independent. Each proposal is a region
two regions. The maximum weight clique in graghis in the image, an example is shown in g
the clique with the largest sum of its weights, which means  For each frame in the video, we retriekeregions. (We
unary potentials and binary potentials are both consideredset X' = 300 in all experiments.) Given a video consist-



(b)
Figure 2. Object proposals produced bY. [(a) A video frame (b) Proposals ranked in order of "objestst.

ing of N frames, we havd({ x N regions in total. Our Each region is also described using its Lab color his-
goal is to discover a small subset of regions that contain thetogram. The similarity between two regiomandv is com-
same foreground object across all the frames. We construcputed as:
a weighted graplté = (V, A), in which each node corre-
sponds to one of th& x N regions, andA is its adjacency
matrix. The weightA(u, u) of the nodeu represents the
"objectness” of the region, while the weightA(u, v) be-
tween two nodes andv represents the similarity between
the two regions. Both are defined below.

We follow the computation of the region "objectness” in
[15]. Specifically, for a regiom

Afw,v) = D~ g i) )

where?,, . (u, v) is thex?-distance between unnormalized
color histograms of. andv, and(2 denotes the mean of the
x2-distance among all the regions. Consequently, if two
regions have similar color and similar size, their affingy i
high.
A(u,u) = ob(u) = sob(u) + mob(u), 1) . )
3. Mutex Constraints between Regions

combines its static intra-frame objectness scofgu) and
motion inter-frame objectness sconeob(u). The static
scoresob(u) is computed using9). It reflects the confi-

One of the key contributions of the proposed work to
video segmentation lies in the utilization of hard, mu-

dence that a region contains a generic object. Severat stati tex_ (short_for mutual exclu_sion) consiraints. They specify
cues are used to compute this score, such as the probabilitWh'Ch regions cannot be simultaneously selected as part of

of a surrounding occlusion boundary, and color differences¥he segmenta‘uon squ_t|on. They allow us to ehmm_ate un-
with nearby pixels. reasonable configurations of regions, which otherwise have

In [15], the motion objectnessiob(u) is introduced to large joint potentials, since both the unatyu, «) and bi-

complement to the static score in the case of videos. It mea—Faﬁé p()ftentlals4f(u, v) arelimlrlehable. rurthfermortﬁ, tthti uti-
sures the confidence that regiarcorresponds to a coher- 1zed Inference framework aflows us to enforce that the so-

ently moving object in the video. Optical flow histograms lutions satisfy all the constraints. The proposed mutex con

are computed for the regiom and the pixelsz around it straints are based on the fpllqwmg two insights.
within a loosely fit bounding box. The score is computed !ntra—frame mutex constraint: we assume that a true ob-
as: ject should appear |ayeryframe, and within each frame,
mob(w) = 1 — exp(—x2yuy, (1, 7)) ) on!y oneproposal region should be selected. Howe\{er, the
Flowi ™ ) object may be partially occluded or self occluded. This con-
where xfclow (u,um) is the x2-distance betweenL;- straint implies that only one object regions candidate pro-
normalized optical flow histograms. The motion score es- duced by P] is selected for each frame. The same constraint
sentially describes how the motion of the region differ&ifro  is also utilized in the problem of object co-segmentation
its closest surrounding regions. Both static score and mo-from static imagesZ7]. The fact that exactly one object
tion score are normalized using the distributions of scoresregion candidate is selected in each frame is essential for

across all regions in the video. a good selection of candidates mainly for two reasons: 1)



Since many regions in the same frame overlap, their affini- by solving the following maximization problem
ties are usually much higher than affinities of true object re

gions in different frames due to inter-frame variationssu maximize f(x) = x" Ax

as illumination change. Hence, by excluding affinities of s.t. x € {0,1}" and xT Mx = 0.
regions from the same frame from consideration in a single

clique, the comparison of affinities from different frames The goal of b) is to select a subset of vertices of graph
becomes more informative. 2) Since we guarantee to selecsuch thatf is maximized and the mutex constraints are sat-
one region foreveryframe, the region selected can be fur- isfied. Sincef is the sum of unary and binary affinities of
ther used as location prior. the elements of the selected subset, the larger is the subset
Inter-frame proximity constraint: two regions selected the larger is the value of. However, the size of the sub-

in two neighboring frames should be not spatially far away set is limited by mutex constraints. The probleB) is a

from each other, since the change of the location of the samecombinatorial optimization problem and is NP-ha#il [

object in adjacent frames should be smooth. By settinglV = A —yM with a sufficiently largey, we

We encode these two constraints through a binary mutexreformulate problems) into the following dual form:

matrix M defined over all vertices of grapgh as

(%)

maximize xTWx = xTAx — yxTMx

6
1, if wandv are in the same frame stt.x e {0,1}". ©)
or (if w andv are in adjacent frames
M (u,v) = andd(C(u), C(v)) > ) Finally, we relax 6) to
0, otherwise o T T -
4) maximize x~ Wx = x* Ax — yx~ Mx e
s.t. x € [0,1]™.

whereC'(u) andC(v) are the centroid of two regions, add
is their Euclidean distance in pixelsreflects the maximum
spatial displacement allowed betweeandv. We setr =
100 for all the experiments in order to allow for fast moving
objects.

In Section6 an algorithm to solve problenT) is described.
In all video segmentation experiments, we obtained discret
solutions that satisfy all mutex constraints.

Since the maximal clique seeking algorithm we use con-
verges to a local optimum, multiple initializations are re-
quired to promise a better performance. We rank the regions
4. Finding Objects as Constrained MWCs in graphG according to their unary scoré(u, u), and find

the top{ best regions. Each time, we use one region

We formulate a region selection problem as finding con- selected from those top-best regions to initialize the max-

strained maximum weight cliques in graph. The input is imal clique seeking algorithm. We denote the initializatio

a weighted grapliz = (V, A), whereV = {vy,...,v,}is asx(g), then we setx ), = 1 and(x()); = 0 for all
the set of nodes representing the regions in all video framesi # . Starting from thex ), we obtain a maximal clique
n is the number of nodes, antlis a symmetria: x n affin- indicated by a binary vector*. x* is a local maximizer of
ity matrix with all nonnegative entries, i.e4,;; > 0 for all xT Ax while satisfyingx*? Mx* = 0.
,j=1,...,n. Therefore, we obtail,. maximal cliques in total. We se-
The selected regions are identified with an indicator vec- lect the best one according 10 Ax. We find the selected
torx = (z1,...,x,) € {0,1}", where a given region; is regions as one entries in the indicator vector of this sofuti
selected if and only if:; = 1. Since the solution satisfies the constrainisiefined in Sec

3, we select only one region in each frame, and guarantee
every two regions selected in neighboring frames are rela-
tively close to each other. These regions reflect the rough
appearance and location of the object in each frame.

We are also given a symmetric relatioh C V' x V' be-
tween vertices of the graph. We call a mutex(short for
mutual exclusion) relation and represent as binary matrix
M e {0,1}™*™ If M(i,j) = 1 then the two vertices, j
cannot belong to the same maximum cliqué.(i,7) = 0 . .
for all verticegsi. In other words, muteg reéregents in- 5. Foreground Object Segmentation
compatible vertices that cannot be selected together. For- The obtained segmentation of the object in video in form
mally, this requirement can be expressed as a constraint oiyf selected regions is not very precise. In particular, the
the indicator vectosx € {0,1}": if M(i,j) = 1, then  segmentation error is lower-bounded by the object region
z; + x; < 1. This formulation is equivalent to the require-  candidates produced bg][ The error may come from the
mentx ™ Mx = 0. inaccuracy of the original superpixel extraction or meggin

We obtain the regions of primary object in a given video Therefore, we follow the strategy of utilizing the selected



regions to learn the appearance model for both foregrounc &
and background, e.g.1p, 27]. In addition, we also utilize b
the location priors. It is particularly easy in our framewor
since we have exactly one object region in each frame. Fi-
nally, we use GrabCu®[]] to infer a more accurate pixel-
level object segmentation. For efficiency, rather thanltabe 3 ot
ing pixels in three consecutive frames at once by construct- @) ® ©
ing a space-time graph as i, we simply run the Grab-  Figure 3. (a) A single frame and the probabilities of the foeind
Cut [27] for each frame separately. This is possible in our objectf; = 1. (b) Color prob.P{(f:). (c) Location prob.P}(f;).
framework, since the data term, defined below, which is ob- (d) The joint foreground probPg(f:) - PL(f:)
tained by our constrained MWCs is very informative.

We denote the pixels in each frame®s- {p1,...,pn},
and their labels = {f1,..., fn}, fi € {0,1} with 0 for
background and 1 for foreground. Then the energy function
for minimization is:

(d)

wherec indicates the confidence of the location prior, the
larger is o, the lower is the confidence. We compute
Pe(f;)- PL(f:) as the probability of foregroung{= 1) and
background f; = 0). As illustrated in Fig3(b), the color
E(f) = Z Di(fi) +0 Z Vii(fis ) (8) probability is not particularly informative in a global dea
i€s i,jeN of the whole frame, and the main information comes from
where\ consists of 8 spatially neighboring pixels. the possibilty map of the location shown in FE{c). How-
For the smoothness terii, we use the standard contrast- €Ver, the color information is informative if constraineyl b
dependent function defined i), which favors assigning  the location probability as illustrated by the joint probiy

the same label to neighboring pixels that have similar color Shown in Fig3(d).

Similar to [L5], our data termD;(f;) defines the cost of After obtaining the data ternb and smoothness term
labeling pixelp; with label f; as: V', we use the popular method if][to find the optimalf
. . that minimizes the energy functioB)( and obtain the final
Di(fi) = —log(1 = P{(f:) - Pi(fi)) (9  foreground objects in each video frame.

where P¢(f;) is the probability of labeling pixep; with ) L

label f; based on the appearance (color) cugsf;) is the ~ ©- Algorithm Description

probability based on location prior. Both are defined below. |, this section, we introduce a novel algorithm for find-
To computeP?( f;), we first estimate two Gaussian Mix- ing the constrained MWCsf(x) = xTWx denotes the

ture Models (GMM) in RGB color space to model the fore- objective function of Eq. 7).

ground (fg) and background (bg) appearance. Since the oyr algorithm visits a sequence of continuous points

color may vary significantly over the video frames, we {¥r) € [0,1]"}5=15... In each iteratiork, we have two

peed to learn the c;olor models over all yideo fra_lmes,_ which steps. First, giver:yék), for any pointy € [0,1]" in its

is an easy task since we have the object regions inferred,qighhorhood, we compute the first-order Taylor approxi-

as the constrained MWCs. The foreground GMM model 1 ation of f(y) as

fgeolom is learned from pixels in the regions selected in the ’

constrained MWCs computation. The background GMM Fy) = flym) +2(y = y) Wy

modelbge®°” is learned from pixels contained in the com- = 2y Wy — fy)

plement of selected regions in all the frames. Then given ’

these two color distributiongge’°” andbg°!°, we define  Since the second terifi(y ) in (12) does not depend an

(12)

for each pixelp;: the first-order Taylor approximation ¢f(y) only depends
P onyWy ), whichis a linear function of . This fact allows
PE(fi) = { P(pilfg ) !f fi=1 (10) an easy computation of a discrete maximizer
i \J P(pi|bgcolor)7 if f7, =0

For the computation of location probabili®y! (f;), we X(k) = areg[(?ll?f( Y Wy (13)
utilize the object regions selected in the constrained MWCs v
Given the selected region (we have only one region per@S
frame), we first compute its distance transform. #gt;) _ 1, if (Wyg)i >0
denotes the distance of pixglto the selected object region. (Xao)i = { 0, otherwise (14)

We compute
In the second step of iteratioh, we want to verify

PU(f) = { exp(— d(fi))v if fi=1 (11) whether the obtainel,, can be accepted as a valid dis-

1 —exp(— d(’”)), if ;=0 crete solution that increasgs In the case thaf (X(x)) >




F(y @), we lety 1) = Xq). In the case thaf (X)) <
f(y &) ), we estimate the local maximizer $fin the contin-
uous domain by performing a line search, i.e., by maximiz-
ing one dimensional functioh(a) = f(yx) + a(Xw) —
Y(k))) over the line segment fromyy) to y ). Itis easy to
show thath(«) obtains its maximum at defined in ((5). It

can also be shown that< « < 1, which guarantees that
line search will not reach outside the cube.

Xa) = Y)Wy
(Xao) = Y)W (X — Yi)

(15)

o= —

Thenwe sey (.41) = yx) + (X)) — Y (&)
Our algorithm stops when the followirggop condition
holds for all coordinatesof vectorx* = y ;. 1):

if (Wx*), >0, thenx; =1
if (Wx*), <0, thenx; =0

K3

(16)

We observe thatVx* = 1V f(x*). Hence(Wx*); > 0
means that the direction of the increasefafoincides the
direction ofith coordinate, whil§Wx*); < 0 means that
the direction of the increase ¢fis opposite to the direction
of ith coordinate. Therefore, the stop condition tells us that
f(x*) already has the maximum possible value for every
increase direction of. In other words, we cannot increase
f without leaving our domaif0, 1], meaning thak* is a
local maximum off over|0, 1]™.

We assume that the initial assignmeng, satisfies the
mutex constraints, i.ey(O)TMy(O) = 0. This implies
that f(y ) > 0, since all entries it are non-negative.

The proposed algorithm is summarized in the following
pseudo code:

Algorithm 1
Input: Matrix W, f(y)) > 0, ande > 0
1: repeat
2. Use (4 tofindXy) = argmaxycio1» YWY (1)

3: if i(k) =Yk then

4 Y(k+1) = Xo)

5. eseif f(x(k)_.) > f(yx)) then

6: Y(k+1) = X(k)

7. dse

8: Use (L5) to computex.

9: Y(t1) = Y(k) + (X)) — Y(&))
10: end if

11: until y (41 satisfies {6) or f(y+1)) — f(yr)) < €
Output: y (1)

In all experimental results in the next section, all solu-

7. Experimental Results

We first examine our method on the SegTrack dataset
[25]. There are six videosrfonkeydog, bird, girl, birdfall,
parachutte, penguin For each video, a pixel-level segmen-
tation ground-truth is provided for the primary foreground
object. This enables a statistical evaluation of our method
Object segmentation in these videos are extremely challeng
ing due to several facts, such as the primary object are with
large shape deformation and foreground and background
color has overlap. Same as, we do not evaluate our
method orpenguinvideo since only a single penguin is la-
beled as the foreground object among a group of penguins.

Given a video, we first producé] 300 object candidate
regions per frame. We use Lab space histograms to describe
color for each region. Each Lab channel has 20 bins. For
the color model of the foreground and background, we use
RGB color space, and two GMMs with 5 component are
learned. Same ad ], we describe motion using optical
flow histograms computed from [] with 60 bins per x and
y direction. The region’s bounding box is dilated by 30 pix-
els when computing the background histograms. To initial-
ize the maximal clique computation, each time we select
one from the besi0 object regions candidates according to
A(u,u) = ob(u). We seto = 20 for the computation of
P(f;). In the graph cut energy functioB)( § = 1 in all
our experiments.

Due to the efficiency of the proposed constrained MWCs
algorithm, on a PC with 3.4Ghz and 8GB RAM, it only
takes 2 minutes to select regions by constrained MWCs with
50 different initializations. The binary graph cut on siagl
frame takes about 0.1s in average.

We compare the results with three state-of-the-art meth-
ods [L9], [25] and [8]. The method in {5 and our method
are unsupervised. They automatically discover the primary
objectinimage as well as segment the object out. The meth-
ods in [25] and [3] require minor supervision with the object
labeled in the first frame. The results are shown in Table
Our method has the lowest average per frame segmentation
error over the 5 test videos. It also achieves the lowest seg-
mentation error on 3 out of 5 videos. Compared 18]
which also does not require manual object initializatior, w
achieve better results on 4 out of 5 videos. Some segmenta-
tion results are shown in Fid.

The results in Tablé report the average per-frame, pixel
error rate computed in comparison to the ground-truth seg-
mentation. Specially, it is computed &5

XOR(f, GT)
F

error =

(17)

tions are discrete. Thus, the proposed algorithm does notwheref is the label for every pixel in a given video, GT is

require any postprocessing to obtain discrete solutiores. W
have also verified experimentally that all obtained sohgio
satisfy the mutex constraints.

the ground-truth label, an# is the total number of frames
in a given video. Since all videos are roughly of the same
size, the average error rate over the 5 videos is computed



[ Video (No. frames)] Ours| [19 [ [29] | [d] ] | | Ours | constrained MWC]| Lower bound]

birdfall (30) 189 | 288 | 252 | 454 birdfall 189 311 295
cheetah (29) 806 | 905 | 1142 1217 cheetah | 806 1258 700
girl (21) 1698 | 1785 | 1304 | 1755 girl 1698 3063 2973
monkeydog (71) | 472 | 521 | 563 | 683 monkeydod 472 497 493
parachute (51) 221 | 201 | 235 | 502 parachute | 221 803 680
Average 542 | 592 | 594 | 791
Manual seg.: No No Yes | Yes Table 2. Segmentation error comparison. We compare oueenti

proposed method (Ours) to the region segmentation reshbits o
Table 1. Segmentation error as measured by the average numbei@ined by the region selection as constrained MWCs. Therlowe
of incorrect pixels per frame. Lower values are better. bound error is the lowest possible error of regions produmed

[9).

| | constrained MWC]| w/o constraints|

birdfall 311 589
cheetah 1258 1772
girl 3063 3742
| - | : | monkeydog 497 2024
(a) birdfall o B parachute 803 883
P st Table 3. Segmentation error comparison of the constrainétOd

optimization with and without the mutex constraints.

(b) cheetah

(c) parachute

(d) monkeydog Figure 5. The trajectories of centroids of selected regignsen

dots connected with red lines, overlaid over the first frar(e:
when inter-frame mutex constraints are used and (b) when-int
frame mutex constraints an®t used.

(e) girl

by only selecting regions from computing the constrained
Figure 4. Segmentation results. Best viewed in color. MWCs.
We can see that, for videdsrdfall, monkeydogthe re-
sults are very good merely using regions selected by con-
as average over all frames in all videos, i.e., we treat all 5 strained MWCs. Moreover, with the exception diee-
videos as a single video and applyry. tah, the pixel error is rather close to the lower bound. This
As we mentioned above, even without the pixel-based demonstrates that the proposed region selection scheme as
object segmentation described in Sectrthe object re-  constrained MWCs is a powerful tool for video segmenta-
gions selected by constrained MWCs in Sectiaione can  tion.
be regarded as the segmentation result. In TAble report As shown in Table3, the segmentation error increases
the pixel error of the constrained MWCs regions segmenta-significantly if inter-frame proximity mutex constraints,
tion results, although it is lower-bounded by the accurdcy o which express spatiotemporal coherency, are not taken as
the region candidates produced By [The lower-bound er-  input to the constrained MWC optimization. We also pro-
ror is computed as the error of the region candidate with thevide a visual illustration of the importance of these mu-
lowest error as compared to the ground-truth pixels. Thisre tex constraints in Fig.5. We compare the trajectories of
flects the lowest segmentation pixel error we could achievethe constrained MWCs region centroids computed with and



without this mutex constraints. They are shown overlaid [5] W. Brendel and S. Todorovic. Segmentation as maximum-

over the first video frame. We can see that with the con-

straints, the trajectory of the centroid is very smooth, and [6]
the selected regions are always focusing on the primary ob-
ject, i.e., the monkey in the example video. This shows [7]

that the mutex constraints significantly increase the rebus
ness of the constrained MWCs optimization. They allow
us to eliminate unreasonable region selection hypotheses,[
which result from unreliable region affinity relations, and

consequently, play a critical role in selecting correcteabj
regions.

We also examine our method on two vidéasNa Kim
andWaterskifrom [10]. While [10] focus on labeling every

pixel in image using motion and appearance cues, we au-

tomatically identify the primary object, i.e., ice skaterda

water skier, and segment them out in every frame. Qualita-

tive results are shown in Fiy

8. Conclusions

We present a novel method for video object segmenta-

tion. It utilizes mutex constraints in order to obtain rbla

segmentations of foreground object under large variations[l4
of shape, appearance, and illumination. The selection of
object regions is performed simultaneously for all frames [15)
of the video. The computation is cast as finding maximum
weight cliques in the region graph. We propose a novel al- [16]
gorithm for solving this problem. Since it yields discrete

solutions in all presented experimental results, it didreet

[11]

[12]

1

(9]

[10]

3]

quire any postprocessing to obtain discrete solutions. We[17]

have also verified experimentally that all obtained sohgio

satisfy the mutex constraints.
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