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Abstract video summarization and retrieval, [5], and nonphotoreal-
istic video rendering41, 3]. Most prior work focuses on a
This paper presents an approach to unsupervised seg-simplified formulation of VOS — that of motion segmenta-
mentation of moving and static objects occurring in a video. tion [18, 27]. Typically, these methods require that the num-
Objects are, in general, spatially cohesive and character- ber of moving objects or layers is pre-specified, and cannot
ized by locally smooth motion trajectories. Thereforeythe handle long videosl[3, 27]. Also, motion segmentation us-
occupy regions within each frame. The shape and locationing optical flow rests on the assumption of brightness con-
of these regions vary slowly from frame to frame. Thus, stancy, which is violated at boundaries that move, regultin
video segmentation can be done by tracking regions acrossin poor estimates of object contours/| 16].

the frames such that the resulting tracks are locally smooth Currently, the two predominant approaches to VOS are

T9 th|s_ end, we use a '°W"eYe! segm(_entatlon to ext_r:_;lct re'tracking interest points, and perceptual grouping of @ixel
gions in all rames. Then, similar regions are tra_ns_|t|v_ely_ from all frames. There is a number of unsatisfying aspects
ma_tched "%‘”d clustered across th_e video. R_eg|0n S|m|Ie§r|ty| about both of them. Point-based approaches group the tra-
e e s et of kel wihsmiar motons . However

gion lar d CE T gio ! lorithm th tracking points yields only a confidence map of the objects’
new circuiar ynamic-time warping (CD.TW) algorit mt. "’_‘t vicinity — not segmentation. To improve robustness, mul-
genera_llzes_ DTW to closed con_tours, without comprqml_slngtime points that fall within a fixed size and shape window
the optimality and low complexity of DTW. Our quantitative are jointly tracked along a pre-specified number of consecu-

evaluation and comparison with the state of the art SUggestyy e frames, These ad hoc choices increase complexity that
that the proposed approach is a competitive alternative 0 js o0 0rtional to the product of scales and locations of the
currently prevailing point-based methods. scanning windows. As interest points do not capture the
spatial cohesiveness of objects, this approach usually suf
. fers from multiple overlapping object detections. These ar
1. Introduction usually resolved by making heuristic assumptions about the

This paper presents an approach to unsupervised Vide&umbers, sizes, and shapes of objects present in the_video.
object segmentation (VOS). Our goal is to delineate the Iry the second approach, VO_S is formulated as cIu;terlng of
boundaries of all moving and static objects occurring in P"fels frqm all rames. The pixels are repre;ented ina mu_l-
an arbitrary video. In general, objects are spatially cohe- tidimensional featu_re space spanned overp|xgl photoapetri
sive, and characterized by locally smooth motion trajec- 20 SPace, and motion properties. The clustering gathers ev-
tories. Therefore, they occupy regions within each video '9€NCe Of pixel groupings simultaneously in all dimensions
frame. Also, assuming relatively slow camera motions, the of the feature space by using, e.g., Gaqssmn mixture mod-
shape and location of these regions vary slowly from frame _els [L4, meanshlf_t ¢, 20, spectral cluster_lngﬂ], {:md dom-
to frame. Thus, VOS can be formulated as tracking regions|nant sets 9. This, however, becomes infeasible for even

across the frames, such that the resulting tracks are yocall Moderate size videos. Attempts have been made to heuristi-
smooth. This will partition the spatiotemporal video vol- Cally split the video into small parts, and use out-of-sampl
ume into tubes that are coherent in space and time. Sincedata clusteringd, 19].

region boundaries coincide with object boundaries, a cross In this paper, we adopt an alternative, hybrid formula-
section of the tubes and any video frame will delineate all tion. We initially conduct a perceptual grouping of pixels

objects present in the frame. in the spatial domain, i.e., segment each frame, and then
VOS is a prerequisite step of a wide range of higher- track the resulting regions. This is appealing, since there
level vision algorithms, including activity recognitio®, 2], are many fast and effective algorithms for image segmen-
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Figure 1. Two example video frameésindt+1 (shown twice). In frame, the leftmost tree is split into two segmentsandk; (yellow),
and in framef+1 the tree is one segmeit;; (red). The candidate matches in framel of i, andk, are marked yellow. The two plots
show the cost of matching boundary pixelq&f, j.+1) and(k:, j¢+1). CDTW identifies the longest, best matching boundary pgetoiv
rectangles and control points). The region pairs are tigabi clustered across the video if they are spatially eeljt and have similar
intrinsic and motion properties. Each cluster correspaadsdiscovered and delineated object occurring in the video

tation. Also, there are, in general, fewer segments than in-in Fig. 1. Also, the splitting introduces new boundaries, but

terest points to be tracked, which will allow us to handle does not change the old ones. Therefore, identifying parts
relatively long videos. The higher descriptive power of re- of region contours that remain intact from frame to frame

gions relative to points can be efficiently used to specify will facilitate region tracking.

more robust tracking algorithms. Since region boundaries To meet reasonable runtime requirements, it is critical

delineate objects, tracking the right combination of regio  that the matching of region contours be computationally ef-

will immediately result in VOS, unlike tracking points. ficient. To this end, we formulate a new circular dynamic
Despite the aforementioned advantages, there is a ventime warping (CDTW) algorithm. CDTW identifies the
limited work on VOS by tracking regions’[ 15, 3]. This, longest, best matching boundary parts of two regions. It

in part, is due to the well-known irrepeatability of image generalizes the well-known DTW to cyclic sequenced.[
segmentation across the video sequence. In particular, &&DTW first estimates the optimal position where to break
low-contrast boundary between two regions in one frame and thus open the two region contours, and then applies
may be undetected in the subsequent frame, resulting inDTW to these two sequences of pixels. The optimal break-
a merger of the low-contrast regions. Conversely, a largeing points are estimated in terms of the cumulative cost of
region that contains small variations of brightness may be all pixel matches along the two contours. In particular, we
split into a set of smaller, more homogeneous regions inselect the pair of points with the maximum likelihood that
the next frame. The merges and splits cause changes in théhe associated cumulative cost is minimum and most stable.
number, size, shape, and layout of regions in two consecu-CDTW preserves all the attractive properties of DTW. That
tive frames showing the same object, as illustrated inEig. is, CDTW achieves the optimal solution with complexity
Therefore, any region tracking algorithm that makes the fol that is linear in the number of pixels in the two contours.
lowing assumptions: (i) properties of regions remain nearl

the same between two consecutive frames, and (ii) for everyl.2. Overview of Our Approach

region in one frame there exists a single corresponding re-
gion in another frame (i.e., one-to-one correspondendg) wi
yield poor performance. Existing methods to region track-
ing are often based on these two assumptiansy, 3.

The block-diagram of our approach is shown in Fig.
Step 1 Given a video, each frame is segmented into regions
by using any available low-level segmenter (e.g., mean-
shift). Step 2 Regions from every two consecutive frames
are matched. To avoid matching redundant, unlikely region
pairs, we find for each regiainn framet its matching can-

This paper presents important properties of regions thatdidates in frame + 1. The candidates are those regions that
remain invariant even under the aforementioned merges anaverlap with the estimated areaitsf displacement in frame
splits in segmentation. We make use of these invariances¢+1. We use the standard Lucas-Kanade method to estimate
and thus enable robust region tracking. In particular, the the likely area of’s displacement in the next fram8tep 3
merging and splitting may occur only between spatially ad- Contours of the candidate region pairs are matched by us-
jacent regions (whose boundaries touch). The merging haping CDTW. The matched contour parts are interpreted as
pens along shared, low-contrast boundaries — whereas thenaffected by region merging and splitting, and their asso-
remaining, non-shared boundaries remain intact, as showrciated similarity is used as the similarity of photometmcla

1.1. Contributions
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geometric properties of the two regions. We also estimatesome of its generalizations, and then present our CDTW.
motion parameters of the region pair from the displacement  Define two sequences of pointls;={b;1, .., b;»s} and
of their matched boundary partStep 4 The matched re- bj={bj1,..,bjn}. Let f={(bju,bj,) : u=1..M,v=1..N},
gion pairs are transitively clustered across the videogfth  denote a many-to-many mapping betwéemndb;. Also,
are spatially adjacent and similar in terms of photometric, |et ¢(p,., b;.) denote the cost of matching two points. Given
geometric, and motion properties. The clustering is for- start and end matchesb;,b;1) and (bias, bjn), DTW
mulated as relaxation labeling (RL) over the region pairs, finds the optimal many-to-many matching of the remaining
which simultaneously identifies all clusters without regui  points, f*, that respects their ordering and is characterized
ing any input parameters. Both CDTW and this clustering by the minimum total costf* = arg min s Zf (biu, bjv)-
are aimed at overcoming segmentation instability acrass th DTW first constructs an\/ x N cumulative  cost matrix,
video. Each cluster represents a spatially and temporallyc', whose each element(b,,,b;,) is recursively com-
coherent tube of the video volume, i.e., a discovered andputed via its vertical, horizontal, and diagonal neighbors
delineated object present in the video. c(biusbjo—1))s cBitu—1)sbjv)s c(Bitu—1),bjw_1y). Then,
Note that our approach is intended to serve as an ini-DTW uses the dynamic programming to find the mini-
tial computational step of a wide range of higher-levelalgo mum cumulative-cost pathz*, betweenc(b;;,b;,) and
rithms. Therefore, it is based purely on low- and mid-level c(bine, bjn) in O, as illustrated in Fig2. Elements ofC
cues. We do not make any specific assumptions about: obthat are included iar* represent the optimal matchesfit,
ject intrinsic, layout, and motion properties, number of ob gnd the associated minimum cogtr*) = Zf* c(biu,bjv)-
jects, and camera motion that are common in prior work. Note that vertical or horizontal moves ifi* ‘are the result
In addition, we do not require any input parameters (ex- of many-to-many matching. This allows robust matching of
cept those required by image segmentation). As a result,contours with different lengths and deformations.
the extracted space-time video tubes may correspond t0  There are a number of extensions of DTW for matching
distinct objects, but also to groups of objects (or parts) if ¢yclic sequences that guarantee the optimal solution. For
members of the group are adjacent and have similar MO-gxample, a brute-force approach, referred to as BCDTW,
tions. A top-down inference may subsequently improve our recomputes DTW for every cyclic shift of one of the two
purely bottom-up results with much less effort than if it sequences, increasing complexity@/ N2). Also, A*-
were to start from all pixels or interest points of all frames ;.o algorithms add new source and termination elements to
Our approach is capable of handling partial occlusiongscal C, and then search far between these two new elements
changes, and in-plane rotation. Complete occlusions anctlz’ 11]. Their complexity is betwee®(M N log N) and
abrupt affine transforms usually require higher-leveloeas O(MN?). However, for our video object segmentation,
ing which is beyond our scope. _ this complexity is too prohibitive. There are also a num-
In the sequel, Se describes CDTW, Se@ explains  par of extensions that do not guarantee the optimal solu-
region clustering, and Seé presents experimental results. tion, but have low complexity. For example, ACDTW][
achieves currently the best accuracy vs. complexity trade-
2.CDTW off in matching MPEG-7 silhouettes. ACDTW concate-
This section presents our Step 3 — region matching _natesC to itself, [CC], and then searche§ for the qptimal
where the goal is to identify the longest, best matching path under a number of ad hoc constraints; e.g., it favors
boundary parts of two regions. Such formulation of region the path slope to b&//)M, and penalizes a large number of
matching is aimed at addressing segmentation instability, SUCCESSive vertical or horizontal moves in the path.
because parts of region boundaries are invariant to the re- Unlike the related work, our objective is to avoid any
gion merging and splitting. A large volume of work on heuristic assumptions and preserve complexit@)6i/ V)
shape matching is not suitable for our purposes, due to then deriving our CDTW. We reason that if the start and end
associated high complexity. Matching point clouds repre- points ofb; andb; were known, we could directly use DTW
senting region boundary pixels can be computationally effi- with its nice properties. Therefore, we formulate CDTW as
cient [L3]. However, this approach ignores an important cue the problem of identifying the start and end point&pénd
that boundary pixels form an ordered sequence in the im-b;. Note that it only suffices to identify a single true match
age. Therefore, it is typically inferior to methods based on between any two points,, andb;,, along the optimal path,
aligning pixel sequences?, 11]. These methods are based and then declare them as the start poihts;andb;, are
on DTW that guarantees the optimal alignment of two open also the end points, becauseandb; are cyclic. Below, we
contours withM and N pixels, with complexityO(M N). first introduce some notation, and then derive our CDTW.
Because of these attractive properties, in this paper, ®le se Let v* denote the optimal path i@ of two closed con-
to extend DTW to cyclic sequences, and use it for region toursb; andb;. Let m=(b;.,b;.) denote a pair of points
matching. Below, we first review the classical DTW and from the two contours, and’,, denote all elements af'
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in the vicinity of m. By construction ofC, for anym in

C, we immediately know a bottom-up pathy,,,, from the

bottom row ofC' to m with the minimum cumulative cost, | ;

as well as a top-down patlr,,,,, from the top row ofC' to ! | !

m with the minimum cumulative cost. Let,, denote the Region1 Region2 Regi;nz Region2
union of these pathsyt,, = 7, U 7 |,,,. Note that even if ; i
m € w*, in generalg,, # w*, becauser* starts and ends
at the same element 6f, whereasry,,, andr |, start from
matrix elements different fromn.

The main rationale behind our derivation of CDTW is
that if m lies onz*, oris located in a vicinity oft*, then it
is very likely thatsr,, and=* will share many elements of
C, my,~m*. This means that the cumulative costs of these |

paths will be relatively small and clogér,,,)~c(7*). As a ) . IA Vg WY W L
corollary, if men*, for elements o' in the vicinity of m, Figure 2. The cost matrix of matches between boundary pofels
neCy,, we expect thatr,,~7*, ande(m,, ) ~c(m,, ) ~c(7*). region 1 and region 2. The matching results of three algmsth
Otherwise, ifwr,, andw, were very different fromw* in are shown as three folded paths in the cost matrix, and irhtee t

this case, it would mean that* consistently discards the rectangles containing region 2. The corresponding pattisent-
minimum cost elements @ (the strict proof of this claim is angles have the same color. The methods BCDTW (.blue path and
beyond our scope). Converselyyifandn lie in the remote rectangle) and ACDTWI] (cyan path and rectangle) yield match-

areas ol from 7r* thenc(rr,,)>c(m*) ande(r,)>c(x*), ing errors (see the contr_ol points). Our_ CDTW (yellow pathkl an
. . . rectangle) has no matching errors despite serious chakeng
otherwiserr* is not optimal.

From the above rationale, to estimate the optimal posi-

tion where to break and*ope_n closed contdyrandb;, we  standard log-polar shape-context descriptor with 21 bins.
find an element of”, ", W'th*the maximum probability  The shape descriptor is aligned with the image’s gradient
that it lies on the optimal path™. This probability is max-  gjrection atu on the boundary. The size of the descriptor

imum if the cost of the associated “greedy” pathr...-) i is dynamically adjusted for every region to be a small per-
minimum and stable, i.e., if all elementf C'inthe vicin-  centage (1%) of the region size. This allows us a certain
ity of m*, n € C,, @lso generate similarly minimum costs  gegree of scale and in-plane-rotation invariance. Theeshap
¢(m). More formally: descriptor and boundary contrastatogether form vector
. . bi, and thus we compute(b;,, bj,)=|/bin—bjs||. Fig. 2
m-=max P(m e ), shows that our CDTW outperforms the method ACDTW of
=max P({mp~m*}, {VneCy,, mp~mm}), [1], with significantly lower complexity.
=max P({m,,~m* P{m, ~m, M, ~m*)).
mea })ngm : i ) 3. Region Tracking
1)
The probabilities used for computing)(are specified using This section presents our Step 3, where the goal is to
the above rationale, as cluster similar, adjacent regions across the video. The sim
ilarity is defined in terms of region photometric, geometric
P({mp, ~ 7*}) o exp(—pc(mm)), and motion properties. In Se2, we explained how to com-
P{mp~mp H{mm~n*}) oc exp(—Ale(mn)—c(mm)]), pute the cost of matching region photometric and geometric

(2) propertiesc(i, j) = ¢(w*), by using CDTW. The similar-
wherel/X and1/u are the ML estimates of the mean val- ity of this matching is defined ag(i, j) = exp(—c(3, j)).
ues of the corresponding exponential distributions over th Next, we explain how to estimate the similarity of motion
elements of”. parameters characterizing region pairs.

After identifying m*, we run the standard DTW of¥ If ¢+ moves so that it appears as regiprin the next
starting fromm*, and thus obtainr*. The associated cost frame, then the matched pairs of boundary pixels ahd
c(m*) is directly used as the cost of matching the two re- j can be used to estimai&s motion parameters. We de-
gions. For small, fixed neighborhoods,, the complexity  fine these motion parameters as the homography matrix
of CDTW isO(MN). H(i,j). H(i,7) is estimated using the standard RANSAC

In our implementation, we use the following definition algorithm on the pixel matches that lie along the optimal
of the cost of matching two boundary pixet$b;.,, b;. ). At pathz*(i, j), found by CDTW. The similarity of the mo-
each pixelu of the boundary of region, we compute the  tions of region pairgi, j) and(k, ), denoted as(i, j, k, 1),
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is estimated by using the Frobenius nosfi, j, k, 1)
exp(— || H (i, ) — H(k, )| ).

The similaritiess(-) are used for tracking regions across
the video. To this end, as mentioned in Sécwe com-
pute s(-) for each regioni; in frame ¢ and its allowed
candidate matche§j; 11, kiy1,...} in frame¢+1. Then,
we construct an attributed grapls, that will allow us
to transitively cluster similar and adjacent regions.dn

they do not end up in the same cluster, €L, 1) = —1.

Also, if region paira is a good match and is a poor
match, or vice versa, them and b should belong to the
same cluster only if they move the same, ir¢l,,0) = —1
andr(0,1) = —1; otherwise, ifa and b move differ-
ently then RL should keep them in separate clusters, i.e.,
r(1,0) = 1 andr(0,1) = 1. Finally, if « andb are com-
plete mismatches in terms of shapes and motions then they

nodes are the region pairs, and arcs connect the region pairshould not be clustered together, i0,0) = 1. Suppose
whose respective members are the same or spatially adjafor the moment that the similarities are Boolean variables,

cent (i.e., boundaries touch), as illustrated in Bigror ex-
ample, noddi,, j;+1) is connected tdi;, l;11), (ki, jir1),
(je+1,me42), because regions andj.+; appear in these
graph nodes. Alsoi;,j;+1) is connected t@n;, o,41) if
regionsi; andn; are spatially adjacent, gt,1 and o1
are adjacent. Such graph connectivity facilitates thesiran
tive grouping of only spatially adjacent regions into a #ng
cluster. InG, the attribute of each nodg, j) is s(z, j), and
the attribute of each ardi, j), (k,1)) is s(i, j, k, 1).

After constructingG, we cluster the regions from all
video frames by using relaxation labeling (RL) 6h It

is worth noting that we have tried to use other formulations .

of graph partitioning. For example, we have implemented
loopy belief propagation on the MRF, usiagand the unary
and pairwise potentials defined in termssgf). In all our

experiments, RL is faster and outperforms the loopy-BP for-

mulation. Recent formulations of graph partitioning based
on learning the potential functions are not applicable far o
purposes, because, as mentioned in $eour approach is

aimed at addressing unsupervised object segmentation in a

bitrary videos. Below, we explain our RL formulation.
To simplify notation, we will use letterg andb to de-
note nodes of7 (e.g.,a = (i,j) andb = (k,1)). RL
assigns label\, € {0,1} to eacha € G. All nodes
that are connected by arcs @& and have), 1 are

grouped within the same cluster. Nodes that are not con-

nected inG and have)\, = 1 belong to different clus-
ters. All nodes with\, = 0 do not belong to any clus-
ter. Thus, RL simultaneously identifies all clusters présen
in G, without requiring any input parameters. For each
a € G, RL iteratively computes the likelihoog(),) by
collecting evidence on the labels of neighboring nodes of
N(a)={b : b#a, a,b are connected by an arc i}, as:

p(Aa) = pA)[1+g(Na)]/ Doy, P(Aa)[1+4(Aa)],(3)
q(Aa) D beN(a) 2oxy T(Aas Ap)P(Ab) 4)

wherer(\,, Ap) is the correlation between the events that
has label\, andb has label\,. (-) is defined as a function
of costsc(-) andh(-). Also, we have that(-)e[—1, 1].

To definer(-) we use the following intuition. If both
shapes and motions of region pairandb are similar then
a andb should belong to the same cluster, i"€1,1) = 1;
otherwise,r(1,1) should work to repek from b so that

s(a),s(b), s(a,b) € {0,1}. By listing exhaustively all 0
and 1 combinations of(a), s(b), s(a, b), and the resulting
suitable values of(-) we arrive at a disjunctive normal form
(DNF) that is equivalent to the following Boolean formula:

r(Aas M) = 2 [[5(a) - 5(5)] XOR 5(,0)| — 1. (8)
Real values of the correlation(-)e[—1, 1], can be obtained
by definings(-)=1—s(-) and using real values &f-) in (5).

The likelihoodsp()\,), VaeG, are initialized to ran-
dom values. After convergence, RL assigns the maximum-
likelihood label to eachu in G. Each obtained cluster
of the region pairs represents a spatially and temporally
coherent subvolume of the 3D space-time video volume.
CDTW of two regions whose boundary lengthlig* pix-
els takes about 0.2sec in our C-implementation on a 3GHz
2GB RAM PC. All steps of our VOS (excluding low-level
segmentation) on 100 frames, each of siz@x512, take

I,about 30sec in the same implementation.

4. Results

This section presents our quantitative and qualitative
evaluation on 94 videos. For quantitative evaluation, we
use the well-knowrActivity database ] that consists of
90 videos of 10 distinct human activities (e.g., walking,
jumping-jack, hand-waving, bending, etc.). Each activ-
ity has 9 videos, and each video has between 30 and 120
frames. The videos are manually segmented into the fore-
ground (person) and background to obtain the ground truth
VOS. In Activity videos, the person moves in front of a
fairly uniform, static background. This dataset tests aur i
variance to object articulation. We also use the following
four videos for qualitative evaluation and comparison: (1)
Kwanice-skater video; (2{lousesequence from CMU mo-
tion database; (Foastguardvideo; and (4)Gardenvideo.
These four videos introduce additional challenges: artic-
ulated object motions amidst the cluttered background (in
Kwan), affine transforms (itHousg, presence of dynamic
texture and non-static camera (water surfaceCioast-
guard), camera motion and layered motions @arden).
Also, the videos contain shadows and motion blur that neg-
atively affect low-level segmentation.
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Quantitative results: Most prior work on VOS presents Background Foreground
only qualitative evaluation. Note that estimating the accu Videos | Meanshift| Ours | MeanShift| Ours
racy of tracking of points associated with a moving object Jack 14.03% | 0.98% | 59.11% | 0.51%
does not evaluate VOS. We uBetivity videos to estimate: Run 30.70% | 0.35% | 73.10% | 5.39%
(i) the average VOS errat and (ii) howe varies as a func- Skip 14.59% | 0.53% | 73.21% | 5.52%
tion of the total number of segments per frame. We also Wa_lk_ . 8.18% | 0.68% | 54.76% | 2.51%
. . . 10 activities | 16.88% 0.64% 65.04% 3.48%
consider two common low-|evel segmentation algorithms — Table 1. The VOS error averaged over the 9 videos for each hu-

the meanshift and N-cuts — in order to evaluate our perfor-
mance vs. the quality of the low-level segmenter usad.

computed for each object occurring in the 3D video volume. the meanshift.

To this end, we consider the ground-truth (manually anno-

man activity, and over 90 videos of all 10 activities fréutivity
database, using: (1) the meanshift only; and (2) our approgtt

tated) subvolume of the object and all subvolumes extracted Background Foreground
by our approach. Lef denote all pixels from all frames Videos NCut Ours NCut Ours
that belong to the ground-truth subvolume representing the Bend 14.67% | 3.92% | 18.52% | 0.03%
object. Also, letD denote all pixels from all frames that Jump 20.57% | 9.24% | 16.34% | 0.05%
belong to a subvolume extracted by our approach. Given PJump | 10.93% | 2.27% | 0.30% | 0.30%
G, we automatically selech that has the largest overlap Side 21.93% | 7.09% | 12.92% | 0.73%
with G. If the ground-truth subvolum@ extends over more Wave-l | 15.95% | 7.57% | 3.89% | 0.42%
frames than the selectdd, then we repeat the selection of 10\’;?:\{5;5% EEZ" g'zgfojf’ 523512‘(1;:" 8'32(?0;?
thg b_est overlap W'“G over the remaining time intervals. Table 2. (Same as Tab: (1) N-cuts only; and (2) our approach
This is repeated until the enti@ is covered. Note thatat ...\ cuts.
each time instance only one is selected. Then, we com-
putee(G)= ZintervalsminD % ”

Tablesl and2 showe estimates or\ctivity videos, com- “ -
puted in the following four cases: the frames are only seg- 5@ o~ A
mented by the meanshift and N-cuts, and these low-level :, /'/ /
segmentations are processed by our approach. Note that Ta- £, r ’
bles1 and 2 do not serve to compare our approach with . —
meanshift and N-cuts, but to quantify how much we im- . —
prove object segmentation performance when we account T amberofregions

for the region splits and mergers, and motion information.
The manual annotation @fctivity videos labels 1 object in
the foreground (moving person) and 3 objects in the bac
ground (ground, wall, window in the wall). As can be seen,
our approach succeeds in producing VOS that is spatially

and temporally coherent, despite a large degree of regionegits, because the superposition of the camera and boat
merging and splitting in the two base low-level segmen- ,qions still produces a spatially and temporally coherent
tations. Averaged over all 98ctivity videos, the mean-  ¢,,pvolume in the video.
shift (resp. N-cuts) produces-65% (resp. e=12.5%) on Fig. 5 shows comparison with the approach of]that
the foreground, whereas our algorithm yields onhB.5% uses loopy-BP based many-to-many matching of meanshift
(resp.e=0.30%) on the foreground. regions across the video, but ignores region motion parame-
Fig. 3 shows howe varies as the number of regions ters. For fair comparison, our results presented in Faye
present in the N-cuts segmentation increases. As can bgjso obtained by ignoring the motion information in the ex-
seen, oversegmentation has negative effects on our perforpression §), simplifying our approach only to CDTW and
mance. The main reason is that N-cuts produces more UnRL on adjacent pairs of regions. As can be seen, our simpli-
stable segmentations across the video frames as this numbejed approach gives more coherent VOS on these examples.
increases, because new regions do not correspond to newig. 6 shows comparison with the approach o#]that uses
objects, and thus do not have repeatable boundaries. dominant sets to conduct out-of-sample, space-time ctuste
Qualitative evaluation: Fig. 4 illustrates that our ap- ing of all pixels from the video. As expected, we are more
proach gives coherent VOS on example videos fAxtiv- successful in delineating the boundaries of the entireitree
ity database an@oastguardrideo, despite a large degree of each frame oGardenvideo, whereas these contours flicker
instability of the meanshift segmentation across the fame in the dominant-sets based VOS. The meanshift experiences
The camera motion i@oastguardrsideo does not affect our  difficulties in segmenting the image area occupied by flower

Figure 3. The VOS error on the foreground averaged over the 90
k_Activity videos vs. the total number of regions per frame, using:
(1) N-cuts only and (2) our approach with N-cuts.
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Figure 4. VOS of jumping-jack and skip videos frohetivity database, an@oastguardvideo: (top row) original sequence; (middle row)
VOS using only the meanshift of each frame; (bottom row) gapreach with the meanshift. The extracted subvolumes arkadavith
unique colors. We succeed in identifying that regions omlipy objects (person or coastguard boat) and split in trensteft should be
tracked together. We also improve VOS on dynamic-textueasre.g., the trace of the boat's motion on the water surface

(top row) original sequence; (middle row) results of]; (bottom row) results of our simplified approach (no motfmarameters) with the
meanshift. The extracted subvolumes are marked with uriqles. We identify and track fewer subvolumesHnuseand Kwan than

[13]. Also, in the example frames from the walk video, the apphoaf [13] merged the person’s head with the background, whereas we
successfully delineate the entire person in each frame.

texture. It produces numerous, unstable regions that are to tages, one of the major obstacles toward successful region-
small to have any characteristic shape differences. Theséased VOS seems to be a high degree of irrepeatability of
small, blobby regions are easily confused by CDTW as sim- image segmentation characterizing currently availabie lo
ilar, which in turn produces errors in their tracking. We an- level segmentation algorithms. We have presented impor-
ticipate that the use of a more sophisticated image segmentant region invariances to this irrepeatability — nameigtt
tation algorithm than the meanshift will improve our VOS parts of region boundaries remain intact under the region

on such highly textured image areas. merging and splitting. This observation has been used to
formulate matching regions across the frames as identify-
5. Conclusion ing parts of region boundaries that match. We have general-

_ _ _ ized DTW to CDTW that is capable of optimally matching
We have argued that video object segmentation (VOS)closed region contours with linear complexity, without re-
by tracking regions has many fundamental advantages ovekorting to heuristic assumptions. Tracking regions bygisin

the approaches based on tracking points or jointly cluster-our CDTW has been shown to produce competitive results
ing of all pixels from all video frames. Despite these advan-
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