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Abstract

This paper addresses the problem of tracking objects
which undergo rapid and significant appearance changes.
We propose a novel coupled-layer visual model that com-
bines the target’s global and local appearance. The local
layer in this model is a set of local patches that geometri-
cally constrain the changes in the target’s appearance. This
layer probabilistically adapts to the target’s geometric de-
formation, while its structure is updated by removing and
adding the local patches. The addition of the patches is
constrained by the global layer that probabilistically mod-
els target’s global visual properties such as color, shape
and apparent local motion. The global visual properties
are updated during tracking using the stable patches from
the local layer. By this coupled constraint paradigm be-
tween the adaptation of the global and the local layer, we
achieve a more robust tracking through significant appear-
ance changes. Indeed, the experimental results on challeng-
ing sequences confirm that our tracker outperforms the re-
lated state-of-the-art trackers by having smaller failure rate
as well as better accuracy.

1. Introduction

Visual tracking is an important research area in computer
vision. In practice, the holistic approaches [0, 11, 5, 16],
that globally model the target’s appearance, have proven to
be very successful. However, scenarios that contain rapid
structural appearance changes present such models with se-
rious difficulties. The reason is that such visual changes
lead to reduced matches and drifting which eventually re-
sult in the trackers’ failure.

To address these problems, approaches to tracking using
sets of simple local parts have been proposed [15, 1, 3, 12,

, 18]. Flock-of-features, proposed by Kolsch and Turk [9]
and later extended by Hoey [7], was one of the early at-
tempts. In flock-of-features a set of simple features (e.g.
optical flow features) are used to independently track indi-
vidual parts of the object. If a feature violates simple flock-
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Figure 1. Illustration of the proposed coupled-layer visual model.
The local layer is a geometrical constellation of visual parts that
describe the target’s local visual properties. The global layer en-
codes the target’s global visual features in a probabilistic model.

ing rules based on a distance to other features, it is replaced
by a new feature using a predefined fixed color distribution.
Since the set of features is geometrically unconstrained, the
tracker is likely to get stuck on the background and tracking
fails. Yin and Collins [ 18] use the Harris corner detector to
determine only the stable regions for tracking and enforce a
single global affine transformation constraint to avoid drift-
ing. However, the number of stable regions is highly depen-
dent on the object texture. If the object’s color is homoge-
neous, no stable regions will be found and the tracking will
fail.

To avoid such problems, Fan et al. [4] proposed to track
a target with a set of kernels which are connected by a
global affine transformation constraint. To enable handling
slightly more involved changes in the appearance, Mar-
tinez and Binefa [15] connected multiple kernels together
in triplets and constrained them with a local affine trans-
formation. However, each kernel and the connections have
to be carefully manually initialized based on the target’s
structural properties. This is undesirable in many tracking
scenarios. Furthermore, the set of kernels is fixed and the
tracker therefore cannot adapt to the target’s larger appear-



ance changes.

A four-part fully-connected structure has been proposed
by Badrinarayanan et al. [1] for face tracking. The visual
model is composed of four patches, constrained by a flexi-
ble fully-connected graph. Because the number of parts is
low, the problem can still be solved efficiently using a parti-
cle filter, however, this approach is not suitable for a larger
sets of parts. Another drawback is that it requires manual
initialization of positions for each patch. Chang et al. [3]
used Markov random fields to encode the spatial constraints
between parts. Only subsets of parts are connected in this
case, making larger sets of parts easier to process. However,
this approach still assumes that individual parts are manu-
ally initialized and cannot update the part set.

More flexible geometrical constraints that allow remov-
ing and adding parts during tracking have been presented
by Kwon and Lee [12]. A star model connects all the parts
to the center of the object. This model is simple enough
that individual parts can be removed or added. The authors
propose a likelihood function landscape analysis and part
proximity to detect bad parts and remove them. New parts
are added to the visual model using corner-like stable re-
gions in the estimated object area. We consider this recent
work to be the closest to our own research. While this ap-
proach provides a good mechanism for gradually adapting
the visual model in a controlled manner, the mechanism of
introducing new patches is rather nonrobust. The patch ini-
tialization fails for objects that lack textured surface and is
not directly constrained to the object. On the other hand a
rapid part removal can lead to false structural changes in the
geometrical model and possible tracking failure.

In this paper we propose a coupled-layer visual model
that combines the target’s global and local appearance (Fig-
ure 1). The local layer L; is a geometrical constellation
of visual parts (patches) that describe the target’s local
visual/geometrical properties. As the target’s appearance
changes or a part of it gets occluded, some of the patches
in the visual model cease to correspond to the target’s visi-
ble parts. Those are identified and gradually removed from
the model. The allocation of the new patches in the local
layer is constrained by the global layer G; that encodes the
target’s global visual features. The global layer maintains
a probabilistic model of target’s global visual features such
as color, shape and apparent motion and is adapted during
tracking. This adaptation is in turn constrained by focusing
on the stable patches in the local layer.

The main contribution of the paper is the coupled con-
straint paradigm implemented within our Bayesian formula-
tion of the two-layer model. We also integrate the proposed
adaptive visual model within a Bayesian tracker that allows
tracking through significant appearance changes. We argue
that this robustness is achieved by the coupled-constrained
updating of the visual model through the feedback loops

between the global and the local layer. The experiments
on the challenging sequences with significant appearance
changes confirm that our tracker outperforms the state-of-
the-art trackers by smaller failure rate and at greater (statis-
tically significant) accuracy.

The rest of the paper is organized as follows: Sec-
tion 2 describes the proposed visual model and the resulting
tracker. In Section 3 we perform extensive experimental
comparison with the state-of-the-art, and in Section 4 we
discuss the method and draw the conclusions.

2. A coupled-layer visual model

During tracking, the proposed coupled-layer visual
model is used as follows. Starting from an initial posi-
tion (predicted by the Kalman filter in our case), the local
model’s geometrical structure is adapted to maximally ex-
plain the visual data — thus locating the target (Section 2.1).
A mechanism is used to identify and remove the patches
from the local visual model that no more correspond to the
target (Section 2.2). The remaining patches are used to up-
date the visual information of the global layer and then the
global layer is used to allocate new patches in the local layer
if necessary (Section 2.3).

2.1. The local layer

The local layer £; of the the target’s visual model at
time-step ¢ is described by a geometrical constellation of
weighted patches:
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where x,(f) represents the image coordinates of the i-th

patch and the weight wt(i) represents the belief that the tar-
get is well-represented by the i-th patch. The target’s center

is defined as the weighted average over the patches, i.e.,

c =y SN wx, where W, is a normalization fac-

tor W, =
set of all patches at time-step ¢ by X; = {ng) Yic1:N, -

During tracking, we start from an initial estimate X,
and the set of current image measurements Y, and seek
the value of X, that maximizes the joint probability
p(Yq, Xt\f(t). By treating the local-layer visual model £,
as a mixture model, in which each patch competes to ex-
plain the target’s appearance, we can decompose the joint
distribution into

va’l wt( ). In the following we will denote the

p(Y1, X Xy) Zp (Y, Xe|Xe,20), (2

where p(z(¥)) is the i-th patch’s prior and is approxi-
mated using the corresponding weight, ie., p(z¥) =
(Z / ZJ 1 wt . In our model, we assume that the position



of the ¢-th patch is dependent only on its direct neighbors,
and we can write

(Y1, X|Xy, 27) o p(Yi x|, 67,29), (3)
where 5,@ and é,(f) denote the set of the i-th patch’s local
neighbors’ positions in the new and initial constellation, re-
spectively. In our implementation, the local neighbors are
the set of patches that are directly connected with the i-th
patch in a Delaunay triangulated mesh of an entire set of
patches. The conditional joint distribution can now be fur-
ther decomposed in terms of visual and geometrical models
as

p(Yt7 Xgi) |51(5i)7 égi)7 z(i)) =

p(Y x|, ),

where we have assumed that the measurement at the i-th
patch is independent from the other patches. The visual
model of the i-th patch is encoded by a gray-level histogram
hEQf which is extracted when the patch is initialized in the
constellation and remains unchanged during tracking. Let

hgi) be a histogram extracted at the current location of the

patch xﬁ”. We define the visual likelihood of the i-th patch
as
i _ () R
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where p(-, ) is the Bhattacharryya distance between the his-
tograms [16]. We constrain the local geometry using an

elastic deformation model

(@) 2(8)

; _ (i) _ (i) A(i)ygo(3)
p(x{? el 6y o e el —AETEDRT ()

where A(Ey) , éﬁi)) is an affine transformation matrix com-
puted from correspondences between the ¢-th patch’s initial
and current neighborhoods. Note that this geometric model
assumes that the deformations of the constellation are lo-
cally approximately affine. Therefore, during adaptation of
the local layer to the target’s current appearance, we seek an
approximately affine deformation of an initial set of patches
X, that maximizes the joint probability in (2).

We determine the unknown deformation by optimiz-
ing (2) for X, using the standard cross-entropy method [ 7].
However, due to the high dimensionality of the problem at
hand, (2) may contain many local maxima that may cause
the method to take a long time to converge. We therefore
write our deformation model as a composition of a glob-
ally affine deformation A&, that is equal for all patches,
and of local perturbations Aff)
the patches:

which may vary between

x( = Af%” + AL, )

In our implementation we therefore first optimize (2) w.r.t.
the global affine deformation A&, After convergence, we
fix the value of A& and sequentially optimize the positions

of each patch x,(f).

2.2. Updating the local layer

Recall from (1) that there is a weight w,gl) associated with
each patch that reflects the relevance of the corresponding
patch in the mixture of patches. After adapting the set of
patches to the target’s appearance, as described in the pre-
vious section, each patch is analyzed and its weight is in-
creased or decreased by A, by applying the following two
consistency rules:

e Visual consistency: If the Bhattacharryya distance be-
tween the patch’s reference and the current histogram
exceeds a threshold Tijstr; then its weight is de-
creased; if the distance falls below a threshold Tyisir.0
the weight is increased.

e Drift from majority: If the median of the distances
from the patch to all other patches in the set is greater
than a predefined threshold Ti,ajor, then the patch’s
weight is decreased.

The weight of a patch can be interpreted as a frequency
at which each patch has been selected as belonging to the
object (increasing weight) minus the frequency at which the
patch was selected as a possible outlier (decreasing weight).
When normalized, these weights can be regarded as a prob-
ability that a patch belongs to the object. Patches with
low probability (lower than Tx) are considered as either
outdated or mispositioned and are removed from the set.
To allow a good coverage of the target in the image, new
patches have to be added in the local layer. The patches
are allocated by sampling their position from a probability
density function (pdf) that determines locations in the im-
age which are likely to contain the target. This pdf is con-
structed from the global layer and is described in the next
section. The weight w,gl) of the allocated patch is initialized
with a value of twice the threshold for patch removal, i.e.,
wo = 2Tr. The remaining question is how many patches
should be allocated. Let N, denote the number of patches
in the local layer after removing the irrelevant patches. We
define N;™" to be the local layer’s capacity, i.e., the maxi-
mum number of patches allowed in the local layer at time-
step t. To allow the number of allocated patches to grow
with the target’s size, we always try to allocate at most
NAU < NP — N, 4 1 new patches. To prevent sudden
significant changes in the estimated capacity, we adapt it
using the autoregressive scheme:

Ntcill) = acapNtcap + (1 - acap)Ntv (8)

where N; = N2!' + N; and oy, is an exponentially forget-
ting factor.

2.3. The global layer

The global layer G, captures the target’s global visual
properties, in particular color C, apparent motion M;, and



shape S,
Gr = {Cy, My, St} 9

When required, this information is used to allocate new
patches in the local layer. The allocation is implemented
by drawing positions from the following distribution

p(X‘Ot,Mt,St) O(p(0t7Mt75t|X)' (10)

Assuming that the visual cues are independent given a po-
sition x, then (10) factors as

p(x|Cy, My, Sy) o< p(Cy|x)p(M;|x)p(St]x). (11)

In the following we describe the models for each of the
cues. The global color model is encoded by two HSV his-
tograms h!” and h?, the first corresponding to the target and
the second to the background. Let I(x) be a pixel value at
the position x in image I. Using the histograms, the prob-
ability that a pixel corresponds to the background or fore-
ground is p(x|F) = hf(I(x)) and p(z|B) = hZ(I(x)),
respectively. The likelihood that a pixel at the location x
belongs to the target is therefore

p(x|F)p(F)
p(F)p(x|F) + (1 — p(F))p(x|B)

Both histograms are updated during tracking as follows.
After the local layer is fitted to the target (Section 2.1), a
histogram flf is extracted in the current image from the re-
gions that correspond to the patches of the local layer. The
background histogram fltB is extracted from a ring-shaped
region defined by the convex hull of the patches in the local
layer. These histograms are used to update the global color
model by a simple autoregressive scheme

p(Cilx) = (12)

htF+1 = thf + (1 - aF)}iltF (13)
htB+1 = OéBhtB + (1 — OéB)hF,

where o and o g are fixed constants that determine the rate
of adaptation.

The apparent motion model is defined by the local mo-
tion model from [ 1]. Briefly, the local motion model [11]
first determines salient points {x;}~*, with sufficient tex-
ture in the image. It then computes the motion likelihood
p(x;|My) at each salient point x; by comparing the local
velocity of a pixel v(x;) (estimated by Lucas-Kanade opti-
cal flow [14]) with the global velocity v; estimated by the
tracker. As in [ 1 1], the motion likelihood at salient point x;
is defined as

p(X7,|Mt) X (1 - wnoise)e_AM(d(V(Xi)’Vt)) + Whnoise (14)

where d(v(x;),v;)) is the distance between two velocities
and wyise 18 Uniform noise. Finally, to obtain a dense esti-
mate, the set of salient points is convolved with a smoothing

kernel. We therefore define the motion likelihood as

N,

L&
p(My]x) o ?;P(XHMQ‘I’E(X—XQ, (15)

where K is a normalization factor, ®x(x) is a Gaussian
kernel with covariance ¥ and [V is the number of salient
patches. The covariance is estimated automatically from the
weighted set of salient points using the multivariate Kernel
Density Estimation [10].

The shape model is a weighted superposition of the
past At approximate object shapes. An approximate ob-
ject shape at time-step t is defined as an object-centered
region P, which is calculated by a convex envelope over
the patches from the local layer. To maintain the growing
capability we dilate each hull by the size of a local patch.
We define a function s(x, P;) = 1 if x € P; and 0 other-
wise and the shape likelihood model for a pixel at x is thus
defined as

Ay
P(Silx) o Y as's(x, Pry), (16)
=0

where ag is a weighting factor which reduces the influence
of the older shapes.

As mentioned above, (11) is used for allocating new
patches in the local layer. We do not sample (11) directly,
but rather discretize it first, by calculating its value for each
pixel in the image. This discretized distribution is then used
to draw positions for new patches from the potential target
region. To make sure that the patches are allocated only
in regions whose likelihood of containing the target is high
enough, we set to zero those regions of the discretized dis-
tribution, whose value is smaller than 30% of the maximal
value from p(x|Cy, My, S¢). To avoid duplicating patches
in the local layer, the regions of the discretized distribution
that correspond to existing patches are set to zero.

2.4. Tracking with the coupled-layer visual model

Recall that the proposed coupled-layer visual model
starts from an initial estimate of the target’s position and
then refines its estimate by adapting to the current image
as described in Section 2.1. The center of the target can
then be identified as a weighted average c; of the patches’
positions. During tracking we require prediction of the lo-
cal layer’s patches to initialize the adaptation of the visual
model. We also require an estimate of the target’s velocity
in the global layer’s apparent motion model. We therefore
apply a Kalman filter [8] with a nearly-constant velocity
(NCV) dynamic model [ 1 3] to filter the estimates of the tar-
get’s center c;. Thus, at time-step ¢, the target’s velocity v
estimated by the Kalman filter is used to initialize the local

layer patches X, = {fcgi)}i:l: ~, by predicting the location



of the patches from the previous frame:

% =x\", 4+, (17)
In the first frame, the tracker is manually initialized by
placing a rectangular region over the target. We give no
other a-priori structural information and the set of patches
in the local layer is uniformly initialized in a grid pattern
within the rectangular region. The weights of the patches
are initialized to the value wg. We summarize the relevant
steps of our tracker in Algorithm 1.

Algorithm 1 The coupled-layer visual tracker.
Initialization:

i Input: Place a rectangular region over a target.

ii Distribute patches in a regular grid in the region and
assign uniform weights.

Tracking: For time-stept =1,2,3...

1. Predict the target’s velocity v; using the Kalman fil-
ter and initialize the local-layer patches with the NCV
model (17).

2. Adapt the local layer patches by maximizing
p(Y, X|X;) (Section 2.1), recalculate the target’s
center c; and update the Kalman filter estimate.

3. Identify/remove irrelevant patches from the local layer
(Section 2.2).

4. To maintain numerical stability (e.g. Delaunay trian-
gulation works better if the input points are not too
close to each other) and decrease redundant compar-
isons, merge patches in the local layer that are too close
to each other.

5. Using the remaining patches, update the visual cues of
the global layer (Section 2.3).

6. If required, construct a discretized distribution
p(x|Ct, My, St) and sample positions of new patches
for the local layer.

3. Experimental results

We have analyzed the performance of the proposed local-
global tracker (LGT) from Algorithm 1 on several examples
of tracking either a nonrigid object or an object that un-
dergoes a significant appearance change. Our tracker has
been implemented in Matlab/C and runs at approximately 4
frames per second on an Intel Core 2 Duo 6600. The pa-
rameters in our tracker were set as follows. The maximum

dinosaur torus
Figure 2. Samples from the experimental video sequences.

number of iterations in the cross-entropy was 10, with 50
samples per iteration. We set A, = 0.1 and A\, = 0.015.
For the adaptation of the local layer (Section 2.2) the fol-
lowing parameters were used: A, = 0.1, This¢ro = 0.4,
Thistrri = 0.8, Tinajor = 40, Tp = 0.1 and acap = 0.8.
To update the global layer, parameter values ap = 0.95,
ap = 0.5, )\M = 1, Wnoise = 0.01, At = 7, and ag = 0.7
were used. We would like to emphasize that all the param-
eters were kept constant for all the experiments.

We have compared our tracker, i.e. LGT, with five re-
lated state-of-the-art reference trackers, which address the
problem of object appearance changes: a color-based parti-
cle filter [16] (PF), an online boosting tracker [5] (OBT), a
flock-of-features tracker [9] (FOF), a piecewise-affine ker-
nel tracker [ 1 5] (PAKT) and the basin-hopping Monte Carlo
tracker [12] (BHMC). The experiments involved tracking
a hand, a human body, and objects with challenging view
changes (Figure 2). The basic properties of the experimen-
tal sequences are collected in Table 1'.

Table 1. An overview of the video sequences.

| Sequence | Type | Comments | Len. |
hand arti. body part | rapid motion 242
hand2 arti. body part | rapid motion 267
gymnast. | articulated rapid motion 206
diver articulated rotation 214
dinosaur | rigid elab. struct. 324
torus rigid empty center 262

The target was tracked in each sequence R = 30 times
by each tracker. For comparison, we recorded the number

I'The annotated sequences, as well as a reference implementation of the
tracker are available at http://vicos.fri.uni-1j.si/lukacu/
research/tracking/.



Figure 3. Results for the hand sequence. Results are shown for trackers FOF (first row), PF (second row) and LGT (last row).

of times each tracker failed and had to be reinitialized. We
also recorded the tracked trajectories. The tracking fail-
ure was automatically determined by measuring the over-
lap between the ground-truth region Qgt and the region
estimated by the tracker Q. The overlap was measured
as F(QL, Q") = Qi NnQY/QL U A failure was pro-
claimed at time-step ¢ if F(Q%, Q%) < 0.09. This threshold
is based on our observation of the behavior of the estimated
region, produced by a tracker vs. the ground truth region.

To evaluate the tracker accuracy with respect to the other
trackers, we have performed a one-sided standard hypothe-
sis test [2] on the estimated trajectories.

3.1. Results

Table 2 shows the average failure rates for each tracker.
We see that the LGT is indeed superior to the reference
trackers as the average failure rate is the lowest for all the
sequences. Looking at the number of failures per sequence,
we also see that the sequence hand2 was the most difficult
to track for all trackers. Visual properties of the hand, such
as color, are similar for the entire arm, making trackers that
rely heavily on color more vulnerable to drifting. Further-
more, due to homogeneous color, skin contains only few
distinct local regions, which makes it difficult to reliably
estimate local motions on the object. The problem of color
ambiguity and background clutter was also apparent in the
sequence hand in Figure 3, where the PF tracker (second
row), which relies only on color information, confused the
head for the hand on the third image from the sequence. Be-
cause of the difficulty of estimating the local motion from
small regions, the FOF tracker (first row), which uses a set
of optical flow features for tracking, failed. On the other
hand, the LGT tracker succeeds in tracking (third row) since
it integrates multiple cues at a global level to handle back-
ground clutter and enforces geometrical constraints at a lo-
cal level to handle local ambiguity.

The sequences gymnastics and diver are the only two

Table 2. Average number of failures per sequence.

PAKT | FOF | PF BHMC | OBT | LGT

[15] [] [16] | [12] [5]
hand 22.6 10.0 | 4.3 29.9 10.0 | 0.2
hand2 40.0 13.1 | 10.1 | 454 31.0 | 1.9
gymnast. | 3.0 3.7 4.7 9.7 4.0 0.2
diver 24 2.2 4.3 3.9 7.0 1.2
dinosaur | 8.2 2.7 2.2 15.6 7.0 0
torus 10.6 6.0 2.5 23.4 13.0 | 0

sequences that include camera motion (following the tar-
get). It is worth noting that the objects do not move much
spatially in these sequences, but rather significantly change
their appearance. PAKT and BHMC do not explicitly as-
sume the object’s translational motion (do not estimate the
object’s velocity), but rather assume Brownian-like motion.
For this reason their failure rate is somewhat lower for these
two sequences in comparison to other sequences. Never-
theless, the LGT outperformed both trackers in these se-
quences. Figure 4 compares the BHMC tracker (first row)
and LGT tracker (second row) on several frames of the gym-
nastics sequence, in which the target significantly changes
its appearance as well as scale. We can see from the es-
timated bounding boxes that the size of the object is often
poorly estimated by the BHMC tracker which leads to fail-
ures (Table 2). On the other hand, the LGT successfully
tracks the target through the scale change.

The advantages of the LGT tracker are also evident in the
sequences dinosaur and torus for the case of rigid objects
with more complex structure that undergo rapid orientation
and translation changes with respect to the camera. Even
though these kinds of objects are not as deformable as a hu-
man body or a hand, the changes in the appearance are still
hard to describe without a predefined geometrical model for
a specific object. As seen in Figure 5, when tracking a torus,
the PAKT and OBT reference trackers drift from the object
several times during the sequence, while the LGT tracker



Figure 4. Results for the gymnastics sequence. Results are shown for trackers BHMC (first row) and LGT (second row).

successfully accomplishes the task. In the case of the PAKT
tracker (first row) the problem lies in its inability to follow
fast movements because of the locality of the optimization
and the limited adaptation capabilities due to a fixed parts
set. The OBT tracker (second row) on the other hand fails
many times because it focuses on the more visually inter-
esting central region, which, however, belongs to the back-
ground. The LGT tracker (third row) does not have these
problems and can successfully track the object throughout
the sequence.

Table 3. RMS errors with respect to the ground truth. In all cases
the LGT produced smaller RMSE and (-)* denotes that the differ-
ence was statistically significant.

PAKT | FOF | PF BHMC | OBT | LGT
(51 [ ™ (o] | [r2] [5]

hand 18.5" | 19.7" | 144" | 27.4" 17.5" | 9.1

hand?2 18.7* | 17.4* | 16.6" | 26.1* | 22.5" | 10.3

gymnast. | 17.1* | 23.1* | 22.8" | 27.6" | 21.3* | 11.3

diver 18.1" | 14.6 16.5" | 21.1% 17.1* | 13.7
dinosaur | 23.6* | 19.2* | 23.3" | 35.1" | 30.3" | 11.5
torus 15.2" | 14.8" | 164" | 21.5" 14.8" | 5.1

Table 3 shows the tracking accuracy in terms of the aver-
age RMSE. From the comparison of the RMSEs of the ref-
erence trackers and the proposed tracker we can conclude
that the proposed tracker, LGT, outperforms all the refer-
ence trackers in accuracy at a standard significance level
a = 0.05 (L, = 1.564) except in one case (tracker FOF on
the sequence diver) where the difference is not statistically
significant. The better accuracy can be largely attributed
to the two-stage optimization of the local layer, that first
finds a good globally affine match for the entire set of the
patches and then fine-tunes positions of individual patches
to better match the target’s new appearance. The difference
is less significant in the cases of the gymnastics and diver
sequences because the targets do not move very much spa-
tially, which makes the drawbacks of some of the related
trackers less apparent.

4. Discussion and conclusion

We have proposed a coupled two-layer visual model for
efficient tracking of targets that undergo significant appear-
ance changes. The proposed model is a coupled combina-
tion of a local and global layer. The local layer is a set
of local patches that geometrically constrain the changes in
the target’s appearance. The set probabilistically adapts to
the target’s appearance by maximizing the joint distribution
over the model’s geometrical constraints and visual obser-
vations. As the target’s appearance significantly changes,
some of the patches in the visual model cease to correspond
to the target’s visible parts. Those patches are identified
by the local layer and gradually removed from the model.
The allocation of the new patches in the local layer is con-
strained by the global layer that encodes the target’s global
visual features. The global layer maintains a probabilistic
model of the target’s global visual features such as color,
shape, and the apparent motion and is adapted during track-
ing. This adaptation is in turn constrained by focusing on
the stable patches in the local layer. We believe that it is ex-
actly this constrained coupled updating between the layers
that results in the robust tracking.

We have incorporated the proposed visual model in a
tracker and compared the tracker to the state-of-the-art on
several challenging sequences. The results show that our
tracker outperforms the related trackers by smaller failure
rate and at a greater accuracy. The experiments have shown
that even in the cases when the background’s color is similar
to the target’s, tracking will not fail. The reason is that the
global layer uses many more features, such as foreground-
background similarity, shape, local motion, and temporal
proximity from the Kalman filter to determine which re-
gions in the image potentially contain the target. Therefore
new patches are more likely initialized on the target. Only
after these patches have been validated by the local layer
over several frames, they start to play a stronger role in the
model. Similarly, the global layer is updated only by using
the stable patches from the local layer. These constrained
feedbacks between the two layers, allow the tracker to track
the target through scale and appearance changes as shown
in the experiments. In the same respect, the tracker is ex-



Figure 5. Results for the torus sequence. Results are shown for trackers PAKT (first row), OBT (second row) and LGT (last row).

pected to handle partial occlusions, since the occluded parts
are removed from the model. As long as at least some of
the occluder’s visual properties are different from the tar-
get’s, new patches will only be allocated on the target. On
the other hand, since we do not impose a strong prior model
on the targets’ appearance and shape this makes it difficult
to cope with situations when the objects appearance is very
similar to the background, in which case more conservative
update mechanism would be required.

In future work, we will analyze the tracker’s perfor-
mance if more complex descriptors are used at the local
layer. Note that we currently employ three visual cues in
the global layer (foreground/background color, apparent lo-
cal motion, and shape), however, other cues can be used as
well. Since the discriminative properties of different visual
cues may vary with time, our tracker would benefit from
a mechanisms for on-line selection of salient cues in the
global layer. While the constrained adaptation of the model
can address particular cases of occlusion, we have so far not
explored any mechanisms for explicitly handling the com-
plete long-lasting occlusions. In the future research we will
extend our framework to address these issues as well.
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