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ABSTRACT to tracking failure. An explicit representation of the con-
We present an approach to visual tracking based on dividinga  tour would enable such errors to be prevented.
target into multiple regions, or fragments. The target [see
sented by a Gaussian mixture model in a joint feature-dpatia
space, with each ellipsoid corresponding to a differerg-fra
ment. The fragments are automatically adapted to the image
data, being selected by an efficient region-growing procedu
and updated according to a weighted average of the past and
present image statistics. Modeling of target and backgtoun In this paper we present a technique that overcomes these
are performed in a Chan-Vese manner, using the framewodknitations. Like Adam et al ], we split the target into a
of level sets to preserve accurate boundaries of the targgtumber of fragments to preserve the spatial relationsHips o
The extracted target boundaries are used to learn the dgnanthe pixels. Unlike their work, however, our fragments are
shape of the target over time, enabling tracking to continu@daptively chosen according to the image data, by cluster-
under partial and total occlusion. Experimental resultsion ing pixels with similar appearance, rather than using a fixed
number of challenging sequences demonstrate the effectivarrangement of rectangles. This adaptive fragmentatipn ca

e Spatial information that captures the joint probability of
pixels is often ignored. This leads to an impoverished
tracker that is not able to take advantage of the wealth of
information available in the spatial arrangement of the
pixels in the target.

ness of the technique. tures all the secondary cues and also ensures that each frag-
ment captures a single mode of the distribution. We classify
1 INTRODUCTION individual pixels, as in%, 6], but by incorporating multiple

fragments we are better able to preserve the shape of multi-

Recent interest in visual tracking has centered aroundnen-| Medal targets. The boundary is represented by a level set
learning of multiple cues to adaptively select the most disUSing & Chan-Veses] model that enables level set tracking
criminative ones. With this focus, significant progress hadC Pe formulated in a Bayesian manner and leads to more
been achieved by algorithms such as those of Avidirahd stable convergence qf the algorltr_]m. To address Fhe prob-
Collins et al f]. In these approaches, tracking is formulateg!em of drastically moving targets with untextured !‘eg|di19,
as a classification problem in which the probability of eacH€cently proposed approach ¢ffis employed to impose a
pixel belonging to the target is computed. While the resultglopal smoothness term in order to produce accurate sparse
have been impressive, several limitations remain: motion flow vectors for each fragment. The fragment mod-
els are updated automatically using the estimated contalr a
e Although the tracker locks onto the most discriminativethe image data, and the previous shapes are used to track the
cue, itignores important but secondary cues. This is besbject through partial and total occlusion.
cause the distribution is modeled as unimodal. For ex-
ample, the model may capture the skin of a person’s face,

. 2. APPROACH
but not the hair.

« These algorithms produce a strength image indicatin o represent the target_being trgcked, we use the fo.rr_nul_atio
the probability of each pixel belonging to the object be- f level sets due to their numen.cal stability and their iil
ing tracked, but they provide no mechanism for deter!® accuraterTrepresent a generic contayr. 2Let I'(s) -
mining the shape of the object. And without a multi- [2(s) y(s)]",s € [0,1], be aclosed curve iR*, and define
modal distribution, the strength image does not maké" implicit functioné(z, y) such that the zeroth}evel setof
this possible. isT,i.e.,¢(xz,y) = 0ifand only_ IfF.(s).: [,y]" for some

s € [0,1]. Let R~ be the region inside the curve (where

e Occlusion of the target can cause the learner to adapt o > 0) and R* the region outside the curve (whepe< 0).
occluding surfaces, thus causing the model to drift from Our goal is to estimate the contour from a sequence of im-
the target. If the occlusion is long enough, this can leadges. Letl; : x — R™ be the image at timé that maps a



pixel x = [z y]" € R? to a value, where the value is a
scalar in the case of a grayscale image £ 1) or a three-
element vector for an RGB image(= 3). The value could

also be a larger vector resulting from applying a bank of tex- (a)

ture filters to the neighborhood surrounding the pixel, anso o2 S
combination of these raw and/or preprocessed quantities. W
use Bayes'’ rule and an assumption that the measurements ar
independent of each other and of the dynamical process to f
(b) (©)

)

model the probability of the contolirat timet given the pre-
vious contourd’y.;—; and all the measuremenfs.; of the
causal system as Fig. 1. (a) Probabilities determined by individual fragments
_ are combined to compute (b) our strength image. For compar-
JF
PTelTo:e; Lox—1) o p(d; ‘Pt), \p(It II) p(efTo:e—1), ison, the strength image computed using (c) a single Gaussia
target background shape [10] and (d) a linear separation over a linear combination of

(1)  multiple color spacesi] are also shown. Our fragment-based
whereI;” = {¢7(x) : x € RT} captures the pixels inside GMM representation more effectively represents the multi-
Ty, I = {&(X) : x € R~} captures the pixels outsidg,  colored target.
and¢;(x) = [xT I(x)T]" is a vector containing the pixel
coordinates coupled with their image measurements. 2.2. Computing the strength image
2.1. Fragment modeling We follow the recent approach of formulating the object

) . . . tracking problem as one of binary classification between tar
Assuming conditional independence among the pixels, thget and background pixel§][ In this approach, a strength
joint probability of the pixels in a region is given by image is produced indicating the probability of each pixe! b

p(IF|Ty) = H pe(E1(0)|TY), @) longing to the target being tracked. The strength image is

Xe Rx computed using the log ratio of the probabilities:

wherex € {—,+}. One way to represent the probability of B (X)) o

a pixel¢;(x) is to measure its signed distance to a separating 5(x) = log (p_(x)> =07 (x) — T (x), ®)
hyperplane inR™, wheren = m + 2, as in |2, 6], or using a

single covariance matrix, as in(]. A slightly more general Where¥*(x) = —logp.(x). Positive values in the strength
approach would be to measure its Mahalanobis distance tol&age indicate pixels that are more likely to belong to thte ta
pair of Gaussian ellipsoids representing the target ant-bac9et than to the background, and vice versa for negative salue
ground. None of these approaches, however, is able to eaptuftn €xample strength image is shown in Figarellustrating
the subtle complexities of multi-modal regions. As a resultthe improvement compared with (] and [6]. The strength
we instead represent both the target and background appe#fage is used to update the implicit function, which enables
ance using a set éfagmentsin the joint feature-spatial space, thg level set machinery to enforce smoothness on the negulti
where each fragment is a separate Gaussian ellipsoidngetti object shape.

y = &;7(x) for brevity, the likelihood of an individual pixel is

then given by a Gaussian mixture model (GMM): 2.3. Segmentation

ke ‘ Our fragment-based representation of the target is sim-
pe(YIT) =Y mpu(yITs, ), (3) ilar to that of Adam et al T but with two signif-
j=1 icant differences.  First, we use fragments to model

wherer; = p(j|T,) is the probability that the pixel was the background as well as the target, and secondly,

drawn from thejth fragmentk, is the number of fragments ©OUr fragments are automatically determined and adapted

in the target or background,**  7; = 1, and by the image data rather than being fixed and hard-
1]‘:1 J ’

coded. The challenge is to compute the model parame-
71(y - N;)T (Z;)fl (y— M;)} 7 ']Eers wis ,uz;, DIRI "ZL’HI’. e ,/L,;,.El_, X
2 rom the current contouf’;. This is essentially a problem

(4) of segmentation. We tried the graph-based algorithm8pf [

whereps € R™ is the mean and’} the n x n covariance but found it to unacceptably merge regions with distinct col

matrix of thejth fragment in the target or background modelors. We also experimented with mean-shift segmentatipn [

(depending upor), andn is the Gaussian normalization con- but it was not only too slow for a tracking application but it

stant. also tended to oversegment the image.

(YTt j) = neXp{



Instead, we implemented a region-growing algorithm. Ini-introduce the regularized Heaviside functifif{z) = H%
tially a pixel in the image is selected at random, and a sinas a differentiable threshold operator to rewrite the alasve
gle fragment is created to hold the pixel. Neighboring pix-
els are added to the segment if they are withistandard FE(¢) = / H(p)¥t (X)+(1—H () U~ (X)+u|VH(¢)|dX,
deviations of the Gaussian model of the fragment, with an )
appropriate relaxing of the threshold for small regiond tha where(T fQ IV H($)|dx, and — R*UR- is the image

;j_?] not yet h*avedenough p|xgzli for the|(rj Togelf;c_o.betlrehabledomam W|thE _ fQ F(,y, 6, ds. 6,)dx, the associated
e meary; and covariance:; are updated efficiently us- Euler-Lagrange equation is given by

ing a running accumulation of first- and second-order statis
tics. Once the fragment has finished growing, a new pixel is

selected at random, and the procedure is repeated for a new - {8@] ay [a%}

fragment. This process continues until all pixels have been Vo

added to a fragment, at which point small fragments are dis- h(¢) (‘If+( ) =¥ (x) — pdiv <V¢|>)

carded and the remaining fragments are labeled as target or

background depending upon whether the majority of pixelsvhere¢, = 8¢>/8x, ¢y = 00/0y, h(¢) = 0H/0¢, and
are within or without a manually drawn initial contollp, V¢ = [ G ¢y] is the gradient of. To avoid the difficulty
respectively. Any fragment for which the pixels are roughlyof solving this PDE explicitly fors, we instead take the value

evenly distributed is split alony to form two fragments, one on the left-hand side as an indication of the error, and apply
labeled foreground and the other labeled background. Ifinal gradient descent iterations] jwith

we chooser; based on the size of the fragments. v
o) = 641901 (00— w9+ v (7).
(8

Vol

wherek is the iteration number, div is the divergence operator,
and we have used the approximatibyp) ~ |V¢|, which
is accurate as long as the level set function is smooth away
from the boundary. The sign in the equation comes from the
convention thap > 0 inside the boundary.

Note that unlike the traditional level set formulation, sur

is not based upon intensity edges. Rather, we have adopted
the Chan-Vese approach] [of modeling the foreground and
background regions explicitly. This approach results in a
large basin of attraction, so that the iterations aboveamifi-
verge to the target from a wide variety of initial curves,twit

out being significantly distracted by local noise in the data
Since the curve evolution is not required to be monotonk, th

initial curve may be inside the target, outside the target, o
Fig. 2. (a) Image of ElImo. (b) Foreground regions. Out-some combination of the two.
put of competing algorithms (¢) Graph-based segmentation
[8] accidentally merges regions with distinct colors and (d)2 5. Fragment motion

Mean-shift segmentation’], even with a large scale parame- o _ -
ter, oversegments the image. While the minimization above is not extremely sensitive to

the initial contour, nevertheless it is beneficial for therco

dinate systems of the target and the model fragments to be
approximately aligned. Such alignment increases the accu-
racy of the strength image, due to the use of spatial informa-

Maximizing the probability of {) is equivalent to minimizing 0N in the joint spatial-feature vectors. As a result weksee

the following energy functional over the level set functjgh ~ "€COVerprior to computing the st.rength image, approximate
motion vectors between the previous and current image frame

N B for each fragmentu} = (ur,v}),i=1,..., k.
E(¢) = /R+ W (x)dx + / T (xX)dx + pl(T),  (6) To find the motion vectors, we utilize the recent joint fea-

ture tracking approachs] to track feature points. Once the

wherey is a scalar that weights the relative importance of thefeature points have been tracked, the motion vector of each

shape term, which is assumed for the moment to consist onfyagment is computed by averaging the motions of the fea-

in measuring(T"), the length of the curve. At this point we tures within the fragment. Note that there is little risk list

2.4. Level set formulation



averaging, since outliers are avoided by the smoothness tera database which consists of shape information of different
incorporated by the joint Lucas-Kanade approach, which emsbjects.

ables features to be tracked even in untextured areas, &8 sho

in [3]. Feature selection is determined by those image loca- 4. CONCLUSION

tions for whichmax(emin, 7€max ), Whereemyi, anden, ., are

the two eigenvalues of th2 x 2 gradient covariance matrix, We have presented a tracking algorithm based upon model-

andn < 1is a scaling factor. ing the foreground and background regions with a mixture of
Gaussians. The GMMs are used to compute a strength image
3. EXPERIMENTAL RESULTS indicating the probability of any given pixel belonging tet

foreground. This strength image is embedded into a level set

The algorithm was tested on a number of challenging selracking framework in which .the target chation is_estimhte
quences captured by a moving camera viewing comple;?y updating a level set fgnctlon. Extenswe experimental re
scenery. Most of the sequences presented here are choserp8§§S show that the resulting algorithm is able to compute ac
that the tracker can be evaluated for objects undergoing siguraté boundaries of multi-colored objects undergoingtira
nificant scale changes, extreme shape deformation, and uf?@P€ changes, unpredictable motions, and complete occlu-
predictable motion. Some of these sequences were obtain&{Pn 0N complex backgrounds. Future work will involve uti-
from Internet sources, with high compression, to demotestra 12iNg the extracted shapes to learn more robust priors, and
the performance of the algorithm even in poor quality videos@Utomating the initialization.

Figure 3 shows the results of the algorithm on a sequence of
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Fig. 3. Results of our algorithm on EImo sequence (top) and Monkeyence (middle). Results of FragTraék(bottom) on
the Monkey sequence.

frame 184
i

frame 092

frame 001 frame 075 frame 165 frame 212 frame 247

Fig. 4. Results of our algorithm on two sequences in which the tasgeccluded, showing the hallucinated contour in frames
137 (top) and 092 (second row). The third row shows a sequenebich multiple fish swim in a tank and are all tracked by
the algorithm. Note especially the camouflaged small blde(fisagenta outline) at the bottom of frames 017 and 045. The
bottom row shows the objects classified based on shape iafammobtained from the contour.



