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Abstract
In this paper we address visual tracking of articulated
objects. We present a new visual tracker, inspired by the
Local-Global tracking methodology, that uses superpix-
els to reduce the sample set that the model has to consider
when determining which areas in the image belong to the
target. This reduction enables effective use of classical
machine-learning techniques to model the global appear-
ance of the object as well as a more rational organization
of the local object description. We present experimental
results that demonstrate the feasibility and computational
performance improvements of the proposed approach as
well as point out some directions of our future work.

1 Introduction
Visual tracking is an important research area in com-
puter vision with applications in surveillance, activity
recognition, sport analysis, human-computer interaction
and many other fields. In practice, the holistic ap-
proaches [5, 2], that globally model the target’s appear-
ance, have proven to be very successful. However, sce-
narios that contain rapid structural and other kinds of ap-
pearance changes lead to reduced matches and drifting
which eventually result in the trackers’ failure.

To address the appearance changes robustly, ap-
proaches using sets of simple local parts have been pro-
posed. These local parts describe only parts of the object
and are therefore more adaptable to geometry changes.
Finding a good match for a geometrically constrained
constellation of parts is a high-dimensional optimization
problem with many local maxima that is hard to solve
even for a manually initialized set of parts [10, 3]. How-
ever, in a more complex tracking scenario some parts be-
come outdated after a while and have to be replaced. Be-
cause of the rapidly changing structure the geometrical
model is usually simplified and an add-remove scheme
(which parts to replace) is introduced to the algorithm.
Several such trackers have been presented over the past
years [6, 14, 8].

Recently, the idea of local geometrically constrained
parts and add-remove scheme was formalized as a Local-
Global tracking hierarchy [12]. In the context of this
methodology the parts represent a local (bottom) layer of
the hierarchy that is responsible for accurate short-term

tracking. As some parts become outdated and are re-
moved from the visual model, new parts have to be added.
This is the main task of the global (top) layer that forms
the global appearance model of the object which is re-
sponsible for robust long-term tracking. The global ap-
pearance model is not suitable for direct tracking, how-
ever, it can use various appearance cues to infer possi-
ble regions of the target that are not yet covered by any
of the active parts. The global appearance model is up-
dated with time as well with the reliable information from
the local layer. Such tracker can be robust and accu-
rate if both layers of the visual model are implemented
well. The authors of [12] have shown that above state-
of-the-art tracking results can be achieved even by orga-
nizing relatively simple computer vision concepts in the
proposed way. In this paper explore an extension to the
original LGT tracker [12] that combines superpixel seg-
mentation [11] with classification methods to model the
global appearance of an object.

The rest of the paper is organized as follows: Sec-
tion 2 presents the related work and highlights our con-
tributions. Section 3 briefly describes the basic LGT vi-
sual model and presents the proposed improvements to
the model. In Section 4 we perform preliminary experi-
mental evaluations, and in Section 5 we discuss the im-
provements and draw conclusions.

2 Related work
Superpixel algorithms group pixels into perceptually
meaningful regions. The image, partitioned in superpix-
els is usually over-segmented, however, superpixels cap-
ture image redundancy and provide a convenient primi-
tive concept from which to compute image features, that
greatly reduces the complexity of subsequent image pro-
cessing tasks. Superpixels have become popular in many
computer vision tasks, most notably as object segmenta-
tion [4]. Recently, superpixels have also been used for
visual tracking. In [13] superpixels are used directly to
infer the position of the object using mean-shift cluster-
ing of superpixels. The visual size of the object must stay
the same during tracking as this tracker relies on this in-
formation for robust tracking. Superpixels have also been
used to vehicles [9], however, the visual model is even
more limited in this case as it contains prior knowledge
suited only for vehicle tracking.



On the other hand, machine learning approaches have
become popular in visual tracking under the term “track-
ing by detection”. On-line boosting [5] is one of the best
known approaches, followed by the multiple-instance-
learning [2]. This kind of tracker is able to track the
object by discriminating between the object and its im-
mediate neighborhood as well as adapt to changes in
the environment. A clear limitation of these approaches,
which stems from a fixed set of spatial features used, is
the assumption about non-articulated objects that do not
change their (visual) size.

Instead of using superpixel segmentation or machine
learning directly to track the target, we propose to use
both aforementioned concepts within the Local-Global
tracking methodology to model global appearance of the
target. In the original LGT tracker [12], the global visual
model of the target is composed of three visual modali-
ties (that are considered independent): color, motion and
shape. Each modality is modeled in a domain-specific
way, however, they all supply a mapping from a pixel
in the image to the probability that this pixel belongs to
the target. The contribution of this paper is the the intro-
duction of superpixel segmentation to partition the image
into homogeneous regions that can be considered as in-
dividual entities in the global appearance model instead
of raw image pixels. Because of a lower number of sam-
ples and their limited dimensionality, classical machine-
learning classifiers can be used to effectively learn the
appearance of the object. Image-aware partitioning is
also used to initialize local parts better thus reducing
their number and therefore improving performance of the
tracker even further.

3 Superpixel Local-Global Tracking
In this section we present a theoretical description of our
work. In the beginning we briefly summarize the segment
of the original LGT visual tracker that we have preserved,
i.e. the local layer of the visual model. From there we
move on to the presentation of our new global layer that
uses superpixel segmentation and machine-learning algo-
rithms and after that explain how superpixels can also be
beneficial for object agnostic initialization of the tracker.

3.1 The Local Layer
The local layer Lt of the the target’s visual model at
time-step t is described by a geometrical constellation of
weighted patches

Lt = {x(i)
t , w

(i)
t }i=1...Nt , (1)

where x
(i)
t represents the image coordinates of the i-th

patch and the weight w(i)
t represents the belief that the

target is well-represented by the i-th patch. We denote
the set of all patches at time-step t by Xt = {x(i)

t }i=1:Nt
.

Each patch is very small and is compared to the im-
age only using a simple gray-scale histogram. This ex-
tremely simple visual description provides low computa-
tional complexity and a good short-term tracking support,

especially when using more such patches together, how-
ever, it is not sufficient for more than a certain period of
time, usually a few frames.

During tracking, we start from an initial estimate
X̂t and a set of current image measurements Yt. We
seek the value of Xt that maximizes the joint probability
p(Yt,Xt|X̂t). By treating the local-layer visual model
Lt as a mixture model, in which each patch competes to
explain the target’s appearance, we can decompose the
joint distribution into

p(Yt,Xt|X̂t) =

Nt∑
i=1

p(z
(i)
t )p(Yt,Xt|X̂t, z

(i)
t ), (2)

where z
(i)
t is the appearance property of the i-th patch

that determines the prior, and p(z(i)t ) = w
(i)
t /

∑Nt

j=1 w
(j)
t

quantifies the representativeness of the i-th patch for the
tracked model using weights of the patches. The details
about the optimization algorithm that takes into account
the ad-hoc geometric properties of the patch set can be
found in [12].

3.2 The Global Layer
The main function of the global layer is long-term appear-
ance modeling with the primary goal of providing local-
layer potential positions for new patches. In this section
we describe how to use superpixel segmentation a binary
classifier to discriminate between foreground (target) and
background regions in the image. The overview of the
idea is illustrated in Figure 1.

In our proposed approach, we use the popular SLIC
superpixel algorithm [1] to segment an image. We have
selected this specific algorithm because of three advan-
tages: the number of superpixels can be given in ad-
vance1, the resulting superpixels have uniform size, and
computational performance. The original method oper-
ates in the Lab color space, however, we have modified it
to work in the YCbCr color space as the conversion from
the RGB color space is much faster and the two provide
a nearly identical segmentation for our purpose.

We characterize each superpixel as a sample vector
containing the center position (x(i)t and y(i)t ) and a mean
color in the YCbCr color space (Y (i)

t , Cb(i)t , and Cr(i)t ),
which can be retrieved directly from the algorithm, as
well as the estimated local motion (ẋ(i)t and ẏ(i)t )

St = {s(i)t }i=1...St
,

s
(i)
t = {x(i)t , y

(i)
t , Y

(i)
t , Cb

(i)
t , Cr

(i)
t , ẋ

(i)
t , ẏ

(i)
t }, (3)

where St denotes the number of superpixels at frame t.
Estimating local motion in the image is usually done us-
ing one of the optical-flow algorithms. This approach is
adopted in [12] to compare local image motion with the
motion of the object, however, it is only able to estimate
motion in stable regions. We avoid the calculation of

1Note that the number of superpixels for a specific image can in fact
be lower than specified because of merging, however, the algorithm nev-
ertheless provides an uniform segmentation across the entire sequence.



optical-flow altogether and estimate the motion using the
distance between two most similar superpixels in frames
t − 1 and t using their position and color similarity as a
5-dimensional vector

{ẋ(i)t , ẏ
(i)
t } = {x

(i)
t , y

(i)
t } − {x

(j)
t−1, y

(j)
t−1},

s
(j)
t−1 = argmin

s
(k)
t−1∈St−1

‖d(i)t − d
(k)
t−1‖, (4)

where d(i)t = {x(i)t , y
(i)
t , Y

(i)
t , Cb

(i)
t , Cr

(i)
t } denotes the

5-dimensional vector. To complete the initial definitions
of the model, we define two relations. Let the first one, lt,
be a mapping from image coordinates to the appropriate
superpixel, and the second one, nt, a neighborhood re-
lationship between the superpixels in St (two superpixels
are neighbours if they appear next to each other in image-
space)

lt : R2 → St ∪ ∅, nt : St → St (5)

To train a classifier, we have to separate our data into
two sets, positive and negative samples (in our case su-
perpixels). As the a-priori labels are not available during
tracking, we have to rely on the local layer to provide the
mapping. We define the positive sample subset of St as
those superpixels, that are occupied by the patches with
their weight higher than a threshold

Ft = {s(i)t | ∃{x
(j)
t , w

(j)
t } ∈ Lt : x

(j)
t lt s

(i)
t ∧w

(j)
t > λF },

(6)
where λF denotes the patch weight threshold that dis-
cards potentially misperforming patches. The negative
sample subset for St are those superpixels, that are not in
the Ft, nor are they neighbors with one of the superpixels
in Ft

Bt = St−{s(i)t | s
(i)
t ∈ Ft ∨ (∃s(j)t ∈ Ft : s

(j)
t nt s

(j)
t )}.

(7)
Removing the neighborhood of Ft is important as

these regions are the most likely to belong to the target.
By excluding them from the training set we essentially let
the classifier decide if they belong to the target or not.

As already mentioned, the proposed global layer Gt
is represented as a binary classifier. Any binary classifier
could be used, however, in our current implementation
we have tested a decision tree classifier. The classifier is
trained using the data from several past frames. When a
new patch is required (the criterion for that is described
in [12]), the classifier is used to predict which superpix-
els from the current frame belong to the object. The su-
perpixels that are already covered with an existing patch
(s(i)t ∈ St : ∃{x

(j)
t , w

(j)
t } ∈ Lt : x

(j)
t lt s

(i)
t ) are filtered

out and a new patch is initialized in the center of one of
the remaining randomly chosen superpixels using its size
to optimally cover the described region.

When and how the global layer Gt is updated is very
important because a stable global appearance model is

Table 1: Results for tracking accuracy (higher is better), fail-
ure rate (lower is better) and processing speed (FPS, higher is
better).

Tracker → LGT SLGT
Sequence ↓ acc. fail. speed acc. fail. speed
bicycle 0.524 1.000 1.459 0.501 1.000 4.603
bolt 0.444 0.067 0.859 0.418 2.667 4.047
car 0.492 0.000 1.839 0.465 0.067 4.910
cup 0.627 0.000 2.352 0.746 0.000 4.713
david 0.596 0.000 2.804 0.474 0.667 5.010
diving 0.445 1.133 2.586 0.424 1.467 4.066
face 0.596 0.000 2.584 0.430 0.000 5.048
gymnastics 0.483 1.333 2.695 0.476 0.867 3.970
hand 0.552 0.133 2.103 0.529 0.267 4.131
iceskater 0.548 0.000 3.362 0.438 1.867 4.728
juice 0.714 0.000 2.773 0.572 0.000 5.072
jump 0.566 0.000 1.417 0.553 0.000 4.189
singer 0.232 0.000 2.995 0.223 0.000 4.922
sunshade 0.551 0.267 1.884 0.480 1.533 3.573
torus 0.672 0.000 2.236 0.691 0.067 4.421
woman 0.348 1.133 3.035 0.396 2.267 4.971
Average 0.524 0.317 2.312 0.488 0.796 4.523

crucial for long-term tracking. In a preliminary exper-
iment we have tested two simple update strategies: (a)
only train the model in the beginning of the sequence and
(b) re-train the model every several frames, when enough
new training samples are available. From the results of
the experiment te have selected the second strategy as the
better one and set the update interval to 10 frames, which
means that every 10 frames a new decision tree is used to
classify superpixels.

3.3 Tracker Initialization
The original LGT tracker is initialized using only a
bounding box of the object and expects no other a-priori
structural information. The initial set of patches is there-
fore uniformly initialized in a grid pattern within the rect-
angular region. Besides that all have the same (prede-
fined) size. In the proposed tracker, superpixel segmenta-
tion is used to select the number of initial patches as well
as their position and size. Using the input bounding box
we select superpixels with more than 90% of their pixels
falling within the region. We assume that these superpix-
els belong to the object and initialize patches using their
center and size (one patch per superpixel). This approach
implicitly provides a number of initial patches and po-
sitions them in a more object-specific, but nevertheless
homogeneous, constellation.

4 Results
To evaluate the performance of the proposed tracker we
have performed a comparative experiment with the origi-
nal LGT tracker using the VOT2013 [7] sequence dataset
that contains 16 annotated video sequences. We have also
used the official VOT2013 testing methodology. A com-
parison of results with the original LGT tracker for track-
ing accuracy, failure rate and tracking speed are shown in
Table 1.

The results indicate that the proposed tracker does not
outperform the original tracker in terms of accuracy or



Figure 1: Overview of the single frame processing for SLGT tracker. The local layer is the same as in the original tracker and is
only mentioned as a reference, while the global layer is presented in detail.

failure rate on average even though these scores are in
many specific cases comparable or do even surpass the
reference ones. This is mainly due to several sequences
that are specifically challenging for the current imple-
mentation, such as bolt, sunshade (hard to separate back-
ground from foreground) and iceskater (articulated with
large scale changes). Small objects are also hard to track,
because the size of a superpixel is fixed. Another im-
portant problem, that is responsible for a lot of failures is
the case of new samples that are not similar to the training
samples. In this specific case it would be better to classify
those samples as background because misclassified fore-
ground samples negatively influence the performance of
the local visual model. Such strategy has not been imple-
mented so far, however, we plan to investigate it together
with introduction of prior knowledge into the model as
such knowledge exists for many real-world tracking sce-
narios.

In terms of processing speed, however, the improve-
ment is clear. We have conducted both evaluations on the
same machine in the same circumstances using the same
reference code-base (written mostly in Matlab). The
∼ 100% improvement can therefore only be explained
with the new superpixel segmentation of image space and
smarter local patch management.

5 Conclusion
In this paper we have presented a visual tracker, based
on the Local-Global tracking methodology, that uses su-
perpixel segmentation in order to reduce the operational
domain for the global layer of the visual model. This re-
duction has enabled us to model the global appearance
of the target using classical machine-learning algorithms.
We have tested our approach using decision trees, how-
ever, other classifiers can be used instead. Many of these
algorithms implicitly support feature selection, therefore
the proposed tracker is able to choose between position,
color, and motion cues depending on the current context.

Preliminary experiments have shown that the pro-
posed tracker is behaving in a predictable way and is al-
ready performing well on given benchmark sequences.
We have identified important issues that will have to be
addressed to develop the tracker to its full potential. As
our future work we will also investigate how could an
analysis of classification results be used for occlusion and
failure detection and how multiple classifiers can be used

in the same visual model to form a better multi-view ap-
pearance representation of the object.
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