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Abstract from the target. A more accurate contour representa-
tion would enable such errors to be prevented.

We present an approach to visual tracking based on di-
viding a target into multiple regions, or fragments. The
target is represented by a Gaussian mixture model in a
joint feature-spatial space, with each ellipsoid corresgo
ing to a different fragment. The fragments are automati-
cally adapted to the image data, being selected by an effi-
cient region-growing procedure and updated according to
a weighted average of the past and present image statis-
tics. Modeling of target and background are performed in a
Chan-Vese manner, using the framework of level sets to pre-  In this paper we present a technique that overcomes these
serve accurate boundaries of the target. The extracted tar-limitations. Like Adamet al. [1], we split the target into a
get boundaries are used to learn the dynamic shape of thenumber of fragments to preserve the spatial relationships
target over time, enabling tracking to continue under total of the pixels. Unlike their work, however, our fragments
occlusion. Experimental results on a number of challenging are adaptively chosen according to the image data, by clus-
sequences demonstrate the effectiveness of the technique. tering pixels with similar appearance, rather than using a

fixed arrangement of rectangles. This adaptive fragmenta-

tion captures all the secondary cues and also ensures that
1. Introduction each fragment captures a single mode of the distribution.

We classify individual pixels, as in [2, 6, 10], but by in-

Recent interest in visual tracking has centered aroundcorporating multiple fragments we are better able to pre-
on-line learning of multiple cues to adaptively select the serve the shape of multi-modal targets. The boundary is
most discriminative ones. With this focus, significant represented by a level set using a Chan-Vese [5] model that
progress has been achieved by algorithms such as those a#nables level set tracking to be formulated in a Bayesian
Avidan [2], Collinset al. [6], and Grabneget al. [10]. In manner and leads to more stable convergence of the algo-
these approaches, tracking is formulated as a classificatio rithm. This work extends the variational work of [21] by
problem in which the probability of each pixel belonging to allowing multimodal backgrounds, extreme shape changes,
the target is computed. While the results have been promis-and unpredictable motion. To address the problem of dras-
ing, several limitations remain: tically moving targets with untextured regions, the reent

proposed approach of [3] is employed to impose a global

e Important but secondary cues are often ignored be-smoothness term in order to produce accurate sparse mo-

cause of the employment of linear classifiers. As a tion flow vectors for each fragment. The fragment models
result, even though the object may be tracked, many gre updated automatically using the estimated contour and

pixels that do not correspond to the dominant cue arethe image data, and the previous shapes are used to track the
misclassified when the data are not linearly separable.gpject through occlusion.

This limitation prevents an accurate determination of
the target object’s contour. 2. Approach

e Spatial information that captures the joint probability
of pixels is often ignored. While many tracking ap-
proaches use local spatial information in the form of
texture measures or spatial means [2, 10], such meth-
ods do not take advantage of the wealth of information
available in the global spatial arrangement of the pix-
els in the target which have proved useful in classic
template-based and recent techniques [12, 14].

e Occlusion of the target can cause the learner to adapt To represent the target being tracked, we use the formu-
to occluding surfaces, thus causing the model to drift lation of level sets due to their numerical stability andithe
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ability to accurately represent a generic contour [15, €L L
I'(s) = [z(s) w(s)]T, s € [0,1], be a closed curve in
R?2, and define an implicit functiow(x,y) such that the

zeroth level set ot is T, i.e., ¢(x,y) = 0 if and only if (@)

I'(s) = [x,y]* for somes € [0,1]. Let R~ be the region o2 g
inside the curve (where > 0) and R™ the region outside
the curve (where < 0).

Our goal is to estimate the contour from a sequence of L

images. Letl; : x — R™ be the image at timethat maps (b) (c) (d)

apixelx = [z y]T € R? to a value, where the value is a Figure 1. (a) Probabilities determined by individual fragments are
scalar in the case of a grayscale image=€ 1) or a three- combined to compute (b) our strength image. For comparison,
element vector for an RGB image:(= 3). The value could  the strength image computed using (c) a single Gaussian [16] and
also be a |arger vector resu|ting from app|y|ng a bank of (d) alinear separation over a linear combination of multiple color
texture filters to the neighborhood surrounding the pixel, o SPaces [6] are also shown. Our fragment-based GMM representa-
some combination of these raw and/or preprocessed quantiyon more effectively represents the multi-colored target.

ties. Similar to [21], we use Bayes’ rule and an assumption

that the mgasurements are independent of e_gch other and %herewj = p(j|T;) is the probability that the pixel was
the dynamical process to model the probability of the con- grawn from thejth fragment, is the number of fragments
tourT" at timet given the previous contoul%y.; ; and all in the target or backgroun@j‘?:l 7; =1, and

the measurementfs., of the causal system as 7=

_ . 1 * *\ *
p(Tel o, Do—1) o< p(I;[Ty) p(I; [T) p(TeTo:e—1), p«(YITs, 7) zneXp{—2(y—uj)T (=) -t
—_——— — ) — —(—

target background shape 4)
Q) wherey; € R" is the mean antl; then xn covariance ma-
wherel;” = {£;(x) : x € Rt} captures the pixels inside trix of the jth fragment in the target or background model
Ty, I, = {&(x) : x € R~} captures the pixels outsidg, (depending upor), andn is the Gaussian normalization
and¢;(x) = [xT I(x)T]" is a vector containing the pixel ~constant.

coordinates coupled with their image measurements.

2.2. Computing the strength image

2.1. Fragment modeling We follow the recent approach of formulating the ob-

Assuming conditional independence among the pixels, ject tracking problem as one of binary classification be-

the joint probability of the pixels in a region is given by tween target and background pixels [2, 10]. In this ap-
proach, a strength image is produced indicating the prob-
p(I|Ty) = H P« (Er(X)|Ty), 2 ability of each pixel belonging to the target being tracked.
XER* The strength image is computed using the log ratio of the
probabilities:

wherex € {—,+}. One way to represent the probability

of a pixel£;(x) is to measure its signed distance to a sepa- Py (X) B N

rating hyperplane iiR™, wheren = m + 2, as in [2, 6], or S(x) = log (p_ (x)) =V (x) = U7 (x), ®)
using a single covariance matrix, as in [16]. A slightly more

general approach would be to measure its Mahalanobis diswhere?*(x) = — log p,(x). Positive values in the strength

tance to a pair of Gaussian ellipsoids representing the tarimage indicate pixels that are more likely to belong to the
get and background. None of these approaches, howevettarget than to the background, and vice versa for negative
is able to capture the subtle complexities of multi-modal values. An example strength image is shown in Figure 1,
regions. As a result, we instead represent both the targeillustrating the improvement achieved by considering spa-
and background appearance using a sétagfimentsn the tial information. The strength image is used to update the
joint feature-spatial space, where each fragment is a sepaimplicit function, which enables the level set machinery to

rate Gaussian ellipsoid, similar to [11]. Lettiyg= £;(X) enforce smoothness on the resulting object shape.
for brevity, the likelihood of an individual pixel is thengin _
by a Gaussian mixture model (GMM): 2.3. Segmentation

k. Our fragment-based representation of the target is
pe(y|ly) = ijp*(y‘pt,j), (3) similar to that of Adamet al. [1] but with two signifi-
= cant differences. First, we use fragments to model the



background as well as the target, and secondly, our
fragments are automatically determined and adapted by
the image data rather than being fixed and hardcoded.
The challenge is to compute the model parameters
ui'w..,/i;;,zf,...,Zkt,/il_,...,p,;,El_,...7Z,;
from the current contour’;. This is essentially a problem
of segmentation. We tried the graph-based algorithm of [9]
but found it to unacceptably merge regions with distinct
colors. We also experimented with mean-shift segmentation
[7], but it was not only too slow for a tracking application
but it also tended to oversegment the image. In addition, we
considered the greedy Expectation-Maximization approach
of Vlassiset al. [20], but its estimate of the number of
components was too unreliable for our purposes. ,
Instead, we devised a region-growing algorithm, in- —
spired by work on Spatially Variant Finite Mixture Models () (d) )
(SVFMM) [17, 18]. Initially a pixel in the image is selected 7'9ure 2. () Image of Elmo. (b) Foreground regions and (d) back-
atrandom, and a single fragment is created to hold the pier.gIrOUInOI regions found. by our segmentation algorithm. (c) The six
. . . . foreground spatial ellipsoids overlaid.
Neighboring pixels are added to the segment if they are

within 7 standard deviations of the Gaussian model of the ~
fragment, with an appropriate relaxing of the threshold for

small regions that do not yet have enough pixels for their

model to be reliable. The mear} and covariance’; are

updated efficiently using a running accumulation of first-

and second-order statistics. Once the fragment has finished

growing, a new pixel is selected at random, and the proce-

dure is repeated for a new fragment. This process contin-gigyre 3. The output of competing algorithms on the Elmo im-
ues until all pixels have been added to a fragment, at WhiChage, for comparison. &FT: Graph-based segmentation [9] acci-
point small fragments are discarded and the remaining frag-dentally merges regions with distinct colorsiaRT: Mean-shift
ments are labeled as target or background depending uposegmentation [7], even with a large scale parameter, oversegments
whether the majority of pixels are within or without a man- the image.
ually drawn initial contour’y, respectively. Any fragment
for which the pixels are roughly evenly distributed is split . ) . . )
alongl’, to form two fragments, one labeled foreground and this point W? mtroduce.the regularlzed Heaviside function
the other labeled background. Finally, we chossdased H(z) = {3.= as a differentiable threshold operator to
on the size of the fragments. rewrite the above as

This efficient, simple procedure is quite effective at di-
viding the target and background into multiple fragments, E(¢) = / H(¢) U (x)+(1—H (¢)) ¥~ (X)+u|VH(¢)|dx,
as shown in Figure 2, and it is much faster than time- ° )
consuming EM [11]. For comparison, we also show the where/(I') = [, |[VH(¢)|dx, andQ = R* U R~ is the
output of graph-based and mean-shift segmentations in Figimage domain. Withe = Jo F(2,y, ¢, ¢u, dy)dx, the as-

(b)

ure 3. sociated Euler-Lagrange equation is given by
2.4. Level set formulation OF O TOF o [OF
0 = - — 4= el e
Maximizing the probability of (1) is equivalent to min- 99 Oz [3%] dy [5¢J
imizing the following energy functional over the level set . B . (Vo
function [5]: = h9) (‘I’ (X) = ¥ (x) — pdiv (IWI))

E(¢) = / \Iﬁ(x)dx—k/ U™ (x)dx + pb(T), (6) where ¢, = 9¢/0z, ¢, = 0¢/dy, h(¢p) = O0H/0¢,

R ) Vo = [¢. ¢,]" is the gradient ofs, and div is the di-
wherep is a scalar that weights the relative importance of vergence operator. To avoid the difficulty of solving this
the shape term, which is assumed for the moment to con-PDE explicitly for ¢, we instead take the value on the right-
sist only in measurind(T"), the length of the curve. At hand side as an indication of the error, and apply gradient



descent iterations [5] with the traditional Lucas-Kanade and Horn-Schunck formula-
tions are combined into a single differential frameworkeTh
D = B 4|V g (\p(x) — U (x) + pdiv <§j;|>) ., functional to be minimized is given by
8 al ‘ :
wherek is the iteration number, and we have used the ap- Ejix = Z(ED(Z) + XiBs(i)), (10)
proximationh(¢) ~ |V¢|, which is accurate as long as the =1
level set function is smooth away from the boundary. The whereN is the number of feature points, and the data and

sign in the equation comes from the convention that 0 smoothness terms are

inside the bound_ary. N _ Ep(i) = K,+ ((f(ui,vi;f))2) (11)
Note that unlike the traditional level set formulation,

ours is not based upon intensity edges. Rather, we have Es(i) = ((ui—a;)* + (v; —9;)%). (12)

adopted the Chan-Vese approach [5] of modeling the fore-
ground and background regions explicitly. This approach
results in a large basin of attraction, so that the iteration
above will converge to the target from a wide variety of ini-
tial curves, without being significantly distracted by lbca
noise in the data. Since the curve evolution is not required
to be monotonic, the initial curve may be inside the target,
outside the target, or some combination of the two. Note
that our multi-modal spatial-feature models are able te cap
ture much more complex targets than [5], in which the fore-
ground and background regions are modeled simply by their
average grayscale values. Ziu; = e, (13)

In these equations, the energy of featiuie determined by
how well its motion(u;, v;)T matches the local image data,
and by how far the motion deviates from the expected value
(4;,9;)T. The latter is computed by fitting an affine motion
model to the neighboring features, where the connections
between features are computed by a Delaunay triangulation.

Differentiating &/ ;1 - with respect to the motion vectors
(ui,v)T, i =1,..., N, and setting the derivatives to zero,
yields a2N x 2N sparse matrix equation, who&& — 1)th
and(2:)th rows are given by

where

g [Nt Ky (L) K« (L)
z K, * (Is1y) Ai + K (I 1)

2.5. Fragment motion

While the minimization above is not extremely sensitive
to the initial contour, nevertheless it is beneficial for toe .
ordinate systems of the target and the model fragmentstobe ¢, = {)‘ﬂfi - K, x (Irft)} )
approximately aligned. Such alignment increases the accu- Aiti = Kp x (Iy 1)
racy of the strength image, due to the use of spatial informa-  This sparse system of equations can be solved using Ja-
tion in the joint spatial-feature vectors. As a result weksee cobi iterations of the form

to recoverprior to computing the strength image, approx- (k)

. . : : ri1 B Jeets?) 4+ Ty 0+ T
imate motion vectors between the previous and current im- af o ug ) Jeal Vi T (14)
age frame for each fragment} = (u},v),i =1,...,k*. Ai  Joz + Jyy
One way to solve this alignment problem would be to ey oy Jey@ T 0 4 (15)
compute the motion of the target using traditional motion Y = U= N+ Tt ’
1+ xTT + yy

estimation techniques. However, existing dense motion al- )
gorithms do not perform well on complex imagery in which Where Jue = K, * (I3), Joy = K, * (Lo1y), Jur =
highly non-rigid, untextured objects undergo drastic moti ~ Kp * (Ie1e), Jyy = K, x (1)), andJy, = K, « (I,1;).
changes from frame to frame, such as the videos consideredf? Practice, Gauss-Seidel iterations with successiverever
in this work. Moreover, dense motion computation wastes !axation yield increased convergence. An example outputis
precious resources for this application, since we only needShown in Figure 4.
approximate alignment between the fragments. In a sim- Once the/V features have been tracked, the mean mo-
ilar manner, traditional sparse feature tracking alganigh ~ tion vector of each fragmenf; is computed using the mo-
are not suitable for recovering the motions of the individua tons of the features within the fragment. Note that there
fragments. Due to their independent handling of the fea- 1S little risk to this averaging, since outliers are avoided
tures, such algorithms often yield some percentage of unrelY the smoothness term incorporated by the joint Lucas-
liable estimates. Kanade approach, which enables features to be tracked
To solve this dilemma, we utilize the recent joint feature €VEN in untextured areas, as shown in [3]. Feature se-
tracking approach of [3]. Starting with the well-knowp- lection is determined by those image locations for which
tic flow constraint equation max(emin, emax) IS above a threshold, whewkg,;, and
emax are the two eigenvalues of tlzex 2 gradient covari-

flu,v;1) = Lu+I,o+ 1, =0, 9) ance matrix, ang < 1 is a scaling factor.



7;,0:15 = Z (glt (X) - p’;,O:t)T(S;,O:t)_l(glt (X) - ﬂ}(,O:t)'

Xer*

A fragment is declared as occluded if the cardinalityzgf

is less than a constant (0.2% of the image size in our im-

plementation). The updated mechanism is overrided for oc-

! cluded fragments, whose spatial model is adapted to that
: e of the target as a whole and whose appearance model re-

¢ W A
Figure 4. Joint Lucas-Kanade (right) produces smoother motion

O[nains unchanged throughout the occlusion. Finding such
occluded fragments can serve as a good cue for handling
partial occlusion, however we do not handle cases of partial
occlusion. The number of fragments is fixed throughout a
2.6. Updating fragment models sequence and only its statistics are modified using the up-
date strategy.

vectors than standard Lucas-Kanade (left). The vectors are colore
by the fragment in which they are contained.

This paper proposesdaptivefragments, i.e., fragments
that are determined by the image data rather than being3
hardcoded. Once the target has been tracked to the cur="
rent image framé;, the GMMs representing the targetand  The algorithm was implemented in Visual C++ and runs
background must be updated. We accomplish this objectiveat 6-10 frames per second, depending upon the size of the
in the following manner. First, for each pixel, we find the object and motion. The algorithm was tested on a number of

Experimental Results

fragment that contributed most to its likelihood: challenging sequences captured by a moving camera view-
B , ing complex scenery. Most of the sequences presented here
¢(x) = argjzrf?’fk*p*(&t ()Tt 7)- (16)  Were chosen so that the tracker could be evaluated for ob-

L .. Jects undergoing significant scale changes, extreme shape
Then the statistics of each fragment are computed using itSyeformation, and unpredictable motion. The first row of

associated pixels: Figure 5 shows the results of the algorithm on a sequence of

) 1 a Tickle Me EImo doll* The benefit of using a multi-modal
it = B Z £1,(%) (17) framework is clearly shown, with accurate contours (green
77 Xezjg outlines) being computed despite the complexity in both the
N 1 T target and background as EImo stands tall, falls down, and
e = 1z Xzzj* &1, (0&1 (07, (18)  sitsup.

] The second row shows the output on a sequence in
whereZ¥ = {x: ((x) = j,sgn(x)) = b(x)}, b(+) = 1, which a monkey undergoes rapid motion an_d drastic shape
b(—) = —1, andy’, is u} at timet. The appearances are changes. For example, as the mgnkey swings arou.nd the
then updated using a weighted average of the initial valuesi'®®, its shape changes substantially in just a few image
and a function of the recent values: frames, yet the algorithm is able to remain locked onto the

target as well as compute an accurate outline of the animal.
Wie = QG+ (1—al)uj, (19) Additional results involving occlusion are displayed ireth
Sieo= apEi + (1-aj)T, (20)  thirdand fourthrows of Figure 5. In our approach, the shape

of the object contour is learned over time by retaining the
whereji} ., is a function of the past and present statistics, output of the tracker in each image frame. To detect oc-
e.g., clusion, the rate of decrease in the object size is detednine

. VA over the previous few frar_nes. Once th_e object is determined
Dr=0€ - 21) to be occluded, a search is performed in the learned database

Z‘;:O e—At-1) to find the contour that most closely matches the one just
T oAt prior to the occlusion using a Hausdorff distance. Then as
Tot = T:to I (22) long as the target is not visible, the subsequent sequence
’ d g e M) of contours occurring after the match is used to hallucinate
the contour. Once the target reappears, tracking resumes.
This approach prevents tracker failure during complete oc-
clusion and predicts contours when the motion is periodic.
The third row in the figure shows a sequence in which a per-

B, = Z (€1, (X) M},o)T(E}o)fl(fu (%) — 1o son is completely occluded by a tree. Our approach predicts

—%
Hj o0

where) is a constantX = 0.1). The weights are computed
by comparing the Mahalanobis distance to the two models:
o = B350/(B50 + B 0.4), Where

Xez: Ihttp://www.ces.clemson.edu/ stb/research/adafrag



both the shape and the location of the object and displays the4. Conclusion

contour accordingly. The fourth row shows a more complex We h d K laorithm based d
scenario where a girl, moving quickly in a circular path (a e have presented a tracking algorithm based upon mod-

complete revolution occurs in just 35 frames), is occluded eling the foreground and background regions with a mix-

frequently by a boy. Our approach is able to handle this ture of Gauss_ia_ms._ A simple and_ efficient region growing
difficult scenario as well. procedure to initialize the models is proposed, and compar-

ison with state-of-the-art segmentation algorithms show i
The final row of Figure 5 shows the results of track- proved results with regard to over- and under-segmentation
ing multiple fish in a tank. The fish are multicolored and The GMMs are used to compute a strength image indi-
swim in front of a complex, textured, multicolored back- cating the probability of any given pixel belonging to the
ground. Note that the fish are tracked successfully despiteforeground. This strength image computation is embedded
their changing shape. Moreover, note that the small blueinto a level set tracking framework in which the target lo-
fish near the bottom of the tank is camouflaged and yet iscation is estimated by updating a level set function. Joint
recovered correctly due to the effective representatidgheof ~ feature tracking and model updating are both incorporated
object and the background using multiple GMMs. to improve performance. Extensive experimental results
) o ) show that the resulting algorithm is able to compute accu-
To provide quantitative evaluation of our approach, We y4te houndaries of multi-colored objects undergoing irast
generated ground truth for the experiments by manually la- shane changes, unpredictable motions, and complete occlu-
beling the object pixels in some of the intermediate frames gjon on complex backgrounds. Future work will involve uti-

(every 5 frames for the monkey and tree sequences, every 1Qing the extracted shapes to learn more robust priors, (e.g
frames for ElImo, and every 4-6 frames for the girl sequence, [8]), and automating the initialization.

avoiding occluded frames in the latter). We computed the
error of each algorithm on an image of the sequence as th
number of pixels in the image misclassified as foregroundeheferenceﬁ

or background, normalized by the image size. [1] A. Adam, E. Rivlin, and I. Shimshoni. Robust fragments-
. . based tracking using the integral histogram. Hroceed-
We compared our algorithm with two approaches. In ings of the IEEE Conference on Computer Vision and Pattern
one, the strength image was computed using the linear RGB Recognition (CVPR006.
histogram representation of Collies al. [6]. In the other, [2] S. Avidan. Ensemble tracking. IRroceedings of the IEEE
the strength image was computed using a standard color his-  Conference on Computer Vision and Pattern Recognition
togram, similar to [21, 22, 13, 19]. In both cases the con- (CVPR) 2005.

tours were extracted using the level set framework, but the [3] S. T. Birchfield and S. J. Pundlik. Joint tracking of features
fragment motion was not used. To evaluate the importance and edges. liProceedings of the IEEE Conference on Com-

of using fragment motion, we also ran our algorithm with- puter Vision and Pattern Recognition (CVRR)ine 2008.
out this component. Note that both versions of our algo- [4] T. Brox, A. Bruhn, and J. Weickert. Variational motion seg-
rithm were automatic, whereas the linear RGB histogram mentation with level sets. IRroceedings of the European

and the RGB histogram were manually restarted after every _ Conference on Computer Visigpages 471-483, May 2006.
occlusion to simulate what they would be capable of achiev- [9] T- F. Chan and L. A. Vese. Active contours without edges.
ing even with a perfect module for handling full occlusion. IEEE Transactions on Image Processing0(2):266-277,

Feb. 2001.

Figure 6 plots the average normalized error for the four [6] R. Collins, Y. Liu, and M. Leordeanu. On-line selection of
sequences. Our algorithm, with or without motion, per- discriminative tracking feature$EEE Transactions on Pat-
forms better than the two alternatives on the Elmo, tree, tern Analysis and Machine Intelligencg7(10):1631 - 1643,

Oct. 2005.

and girl sequences. While the motion does not help sig-
nificantly in the first two sequences since the motion of the [7] D- Comaniciu and P. Meer. Mean shift: A robust ap-
target is not large from frame to frame, there is a noticeable ~ Proach toward feature space analy$istE Transactions on
improvement in the latter sequence. The difference is even I\Pﬂag;e;r:xfznalyss and Machine Intelligenc24(5):603-619,
more pronounced in the monkey sequence, where the rapid[s] D Cremer.s F. R. Schmidt, and F. Barthel. Shape priors in
motion of the monkey causes all of the techniques except . . ’ ' '

for th lqorith il h | variational image segmentation: Convexity, Lipschitz conti-
or the proposed algorithm to fail. We have also compared nuity and globally optimal solutions. IRroceedings of the

our technique against a color-based version of FragTrack  |EEg Conference on Computer Vision and Pattern Recogni-

[1] which also loses the monkey due to its quick movement. tion (CVPR) June 2008.
We omit these results here due to space constraints, and beqg] p. Felzenszwalb and D. Huttenlocher. Efficient graph-based
cause FragTrack does not compute a pixelwise classifica- image segmentatiorinternational Journal of Computer Vi-

tion. sion 59(2):167—181, 2004.
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Figure 5. The top two rows shows the results of our algorithm on the EImdviorkey sequences, in which target undergoes shape
deformation and large unpredictable motion. The next two rows shasudtseon sequences in which a person walks behind a tree and
a girl runs in circles around a room; the hallucinated contour is showmeetarget is completely occluded, in frames 137 and 106,
respectively. The fifth row shows the results of a sequence in which reufiglh swim in a tank and are all tracked successfully by the
algorithm. Note especially the camouflaged small blue fish (magenta owtitieg bottom of frames 017 and 045. The last row shows the
comparison of our results (red contour) with Linear RGB Histogramy[6li¢w) and standard color histogram [21, 22, 13, 19] (blue) on
the girl sequence.

[10] H. Grabner and H. Bischof. On-line boosting and vision. tic space-time video modeling via piecewise GMNEEE
In Proceedings of the IEEE Conference on Computer Vision Transactions on Pattern Analysis and Machine Intelligence
and Pattern Recognition (CVPR)olume 1, pages 260-267, 26(3):384-396, Mar. 2004.
June 2006.

[12] J. Ho, K.-C. Lee, M.-H. Yang, and D. Kriegman. Visual
[11] H. Greenspan, J. Goldberger, and A. Mayer. Probabilis- tracking using learned subspaces. Rroceedings of the
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Figure 6. Normalized pixel classification error for the four sequen€ag algorithm outperforms implementations based upon [6] and
[21, 22, 13, 19], showing the importance of spatial information fotwapg accurate target representation. Motion marginally assists our
algorithm, except when the drastic movement of the target (Monkexgesathe tracker to fail without it.
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