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Locator-Checker-Scaler Object Tracking Using
Spatially Ordered and Weighted Patch Descriptor
Han-Ul Kim, Student Member, IEEE, and Chang-Su Kim, Senior Member, IEEE

Abstract— In this paper, we propose a simple yet effective
object descriptor and a novel tracking algorithm to track a
target object accurately. For the object description, we divide
the bounding box of a target object into multiple patches and
describe them with color and gradient histograms. Then, we
determine the foreground weight of each patch to alleviate the
impacts of background information in the bounding box. To this
end, we perform random walk with restart (RWR) simulation.
We then concatenate the weighted patch descriptors to yield the
spatially ordered and weighted patch (SOWP) descriptor. For the
object tracking, we incorporate the proposed SOWP descriptor
into a novel tracking algorithm, which has three components:
locator, checker, and scaler (LCS). The locator and the scaler
estimate the center location and the size of a target, respectively.
The checker determines whether it is safe to adjust the target
scale in a current frame. These three components cooperate with
one another to achieve robust tracking. Experimental results
demonstrate that the proposed LCS tracker achieves excellent
performance on recent benchmarks.
Index Terms— Visual tracking, object tracking, bounding box
descriptor, discriminative tracker, and tracking with multiple
estimators.

I. I NTRODUCTION

G

IVEN an initial state (or bounding box) of a target
object in a frame, the objective of visual tracking is
to estimate its states in subsequent frames. Visual trackers
can be employed in a wide variety of image processing and
computer vision applications, including surveillance systems,
self-driving cars, and human-computer interface. Many efforts
have been made for visual tracking, and recent advances in pattern recognition and machine learning have enabled the design
and implementation of sophisticated tracking systems, called
discriminative trackers (or tracking-by-detection systems).
In general, a discriminative tracker models the appearance
of a target object using a classifier. It detects the target
object in a series of frames sequentially, while updating the
classifier using tracking results. Positive and negative samples,
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corresponding to foreground and background image regions
respectively, are employed to train the classifier. However,
when training samples are assigned false labels or when
sample descriptors cannot clearly distinguish between positive
and negative samples, the classifier may be corrupted, degrading the tracking performance. To overcome these drawbacks,
various algorithms have been proposed to reduce the impacts
of the false labeling [1]–[3] and to describe positive and
negative samples more distinguishably [4]–[6]. However, it
is still challenging to develop a reliable object descriptor,
since the bounding box of a target object often contains
background features due to object deformation, occlusion,
and size variation. Attempts have been made to alleviate the
effects of undesirable background features [4], [7], but these
approaches require prior knowledge or predefined parameters,
the validity of which is hard to verify.
In this work, we propose a novel descriptor, called spatially ordered and weighted patch (SOWP), to represent the
appearance of an object faithfully and suppress background
information in a bounding box systematically. To construct
the SOWP descriptor, we divide the bounding box of a
target object into patches and describe each patch using color
histograms and a gradient histogram. We then concatenate the
patch descriptors within the bounding box to convey structural
information of the object. Moreover, to reduce the effects of
background, we scale each patch descriptor with a weight,
which represents the importance of the patch in the object
description. For the patch weight computation, we perform
random walk with restart (RWR) simulation [8] twice: one for
foreground clustering and the other for background clustering.
Experimental results show that even a simple tracker based on
the SOWP description provides competitive results in a recent
tracking benchmark [9].
Another important issue in visual tracking is to adapt
to target scale variations. Even though many trackers deal
with scale variations [10]–[12], it still remains a challenging
problem. When the appearance of a target is distorted by
object deformation and occlusion, a tracker often estimates the
scale of the target unreliably. Incorrect scale estimates, in turn,
cause a model drift, eventually resulting in a tracking failure.
Therefore, it is essential to develop robust scale estimation
techniques.
In this work, for robust scale estimation, we present a novel
tracking algorithm that consists of three components: locatorchecker-scaler (LCS). The locator and the scaler estimate
the state of a target object. Specifically, the locator estimates
the center location of a target using a fixed scale, and then the
scaler adjusts the target scale at the estimated center position.
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However, the scale estimation is unreliable in case of object
deformation and occlusion. Thus, we adopt the checker to
identify safe frames for the scale adjustment. By adapting
scales only in safe frames, the proposed tracker achieves
reliable tracking. Experiments show that the proposed tracker
outperforms the recent trackers in [11] and [13]–[19] on the
benchmark [9]. Moreover, the proposed tracker also provides
excellent performance on other benchmarks [20], [21].
In summary, this work has the following contributions.
• We develop the simple yet effective SOWP descriptor.
It employs the RWR-based adaptive weighting to suppress the background information in a bounding box.
• We propose the LCS tracker, which incorporate the locator, the checker, and the scaler to achieve robust tracking.
• The proposed algorithm yields outstanding performance
on the recent benchmarks [9], [20], [21] and outperforms
the trackers in [11], [13]–[17], and [19].
This work extends the conference paper in [22] as follows.
• We provide additional experiments to analyze the SOWP
descriptor [22]. Specifically, we incorporate the descriptor
into a more sophisticated tracker and analyze its efficacy
by performing more extensive experiments.
• We propose the LCS algorithm to address target scale
variations, and evaluate it extensively.
The remainder of this paper is organized as follows:
Section II reviews related work. Section III explains the
proposed SOWP descriptor, and Section IV describes the proposed LCS tracker. Section V discusses experimental results.
Finally, Section VI draws conclusions.

effects of background pixels. In [4] and [7] pixels near the
center of a bounding box are emphasized with bigger weights
since they are more likely to contain foreground information
than boundary pixels are. However, these schemes do not take
into account an object shape. They may yield erroneous results
when a target object has a complex shape or is occluded.
In this work, we also attempt to suppress background pixels,
but, in contrast to [4] and [7], the proposed SOWP descriptor
in Section III uses a weight adaptation method to consider a
target shape.
Recently, instead of traditional hand-crafted features, several
trackers have adopted neural networks to extract features
from bounding boxes. Wang and Yeung [33] used a stacked
denoising autoencoder [34] for the bounding box description.
Wang et al. [35] proposed a domain adaptation method to
adjust a pre-trained network for representing a specific target.
Ma et al. [17] used a deep convolutional neural network [36]
to generate a feature map for the correlation filtering [13].
Nam and Han [10] proposed the multi-domain convolutional
neural network, which was pre-trained to obtain generic representation for visual tracking. The Nam and Han’s tracker
achieves outstanding results on the benchmark [9]. In [37]
and [38] Siamese networks are used to measure the similarity
between target and candidate boxes.

II. R ELATED W ORK
This section briefly reviews related work in visual tracking,
which is relevant to the proposed algorithm. For a comprehensive review of visual tracking, we refer the readers to recent
surveys in [9], [20], [23], and [24].
A. Bounding Box Description
In visual tracking, a target object is located using a
bounding box, which is described by a feature vector. This
bounding box description influences the tracking performance significantly [25]. Various attempts have been made to
design effective low-level features for tracking. For instance,
Comaniciu et al. [4] adopted a color histogram in their meanshift tracker. Some trackers [11], [13], [26] use histograms
of oriented gradients (HOGs) [27] to encode local edge
information. Also, Haar-like features [28] and local binary
patterns [29] are employed to exploit texture information in
visual tracking [1], [3], [30]. Furthermore, Li et al. [31] combined intensity histograms, local binary pattern histograms,
gradient histograms, and Haar-like features, based on a random
decision tree, for discriminative description. Chen et al. [6] utilized both intensity and gradient information. Similarly, many
trackers [15], [16], [32] combine multiple diverse features to
describe bounding boxes effectively.
The aforementioned descriptors, however, may become
unreliable when a bounding box includes background information. Thus, researches have been carried out to reduce the

B. Discriminative Tracking
Trackers can be classified into either generative or discriminative ones in general [2], [39]. A generative tracker models
the target appearance itself and then locates the target by
searching for a candidate similar to the model. On the other
hand, a discriminative tracker trains a classifier to separate
the target from the background and then determines the target
position yielding the best classification score. The proposed
LCS tracker in Section IV is a discriminative one. Hence, we
focus on the review of discriminative approaches only.
Since Avidan [40] formulated visual tracking as a classification problem, many discriminative trackers have been proposed
based on various classification schemes, such as boosting
variants [1], [2], [30], support vector machines (SVMs) [3],
[15], [26], correlation filters [13], [16], [32], and neural
networks [10], [33], [35], [37], [38]. Generally speaking, these
classifiers are updated online with tracking results to adapt to
target appearance changes. The online learning, however, may
cause a drift problem. In other words, when tracking results are
erroneous, the classifier is learned with false samples and the
contaminated classifier, in turn, may provide further erroneous
results. Therefore, false sample suppression is essential so as
not to degrade the classification accuracy.
For the false sample suppression, Grabner et al. [1] proposed a semi-supervised approach, which trains a classifier
with labeled samples in the first frame and unlabeled samples
in subsequent frames to reduce adverse impacts of false labels.
Babenko et al. [2] adopted the multiple instance learning,
which uses a bag of multiple samples, instead of a single
sample, to overcome the ambiguity in the foreground labeling.
Hare et al. [3] employed the structured SVM [41], which
accepts structural information between samples, instead of
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Fig. 1. Construction of an SOP descriptor: Given a bounding box, we decompose it into multiple patches in (a). Then, we construct patch descriptors by
computing color and gradient histograms in (b). We normalize each histogram in the patch descriptors in (c). We then concatenate the patch descriptors and
further normalize the box descriptor to yield the SOP descriptor in (d).

their binary labels, as input. In this paper, we also utilize the
structured SVM to reduce the effects of false samples.
In discriminative tracking, it is also an important issue
to adapt to target scale variations. Some trackers [12], [14],
[37] simply generate candidates on various scales and then
determine the best candidate to maximize the classification
score. However, this simple scheme increases the search space
(i.e., the set of candidates) too much, which results in a higher
computational complexity and also yields more erroneous
results. To overcome this problem, Danelljan et al. [11]
used two independent classifiers for the translation estimation
and the scale estimation, respectively. Their tracker estimates
the target center on a fixed scale and then adjusts the
target scale around the estimated center. This two-step
approach performs well in practice. Thus, we adopt a similar
approach in this work, by employing the locator and the
scaler. Nam and Han [10] used the bounding box regression
technique [42] to refine a target scale.
An evaluation scheme can be employed to identify erroneous tracking results and correct them. Kalal et al. [39]
developed a tracking system, composed of a tracker, a detector,
and a learning system. The detector corrects the tracker if necessary, and the learning system estimates erroneous detection
results to avoid such errors in the future. Zhang et al. [15]
utilized trackers in previous frames to evaluate tracking
results and restore a degraded tracker due to bad updates.
Biresaw et al. [43] proposed the track-evaluate-correct framework, which determines an uncertain tracker based on an
online performance measure and corrects inaccurate results
with the assistance from neighboring trackers. Ma et al. [32]
employed the correlation filter and the random fern classifier as
a tracker and a detector, respectively. Their integrated system
yields better results than the single correlation filter. These
trackers [15], [32], [39], [43] are related to the proposed LCS
tracker, in that they evaluate tracking results. However, unlike
these trackers, the proposed tracker employs a delayed update
scheme to suppress the drift problem.
In [44] and [45], multiple estimators are integrated to yield
more accurate tracking results. Biresaw et al. [44] developed
the tracker-level fusion algorithm, which conducts online
tracking quality assessment to combine different trackers and
improve the overall performance. Lee et al. [45] proposed
the multihypothesis tracker, combining multiple component
trackers using texture, color, and illumination-invariant

features, respectively. The proposed LCS tracker also uses
multiple estimators. However, unlike [44], [45], the role of
each estimator in the proposed tracker is clearly separated.
III. P ROPOSED A LGORITHM : SOWP D ESCRIPTOR
Let x = (c, w, h) denote the bounding box (or state) of a
target object, where c, w, and h are the center coordinates,
width, and height of the target, respectively. The contents in
x are encoded into a feature vector φ(x). As the study in [25]
pointed out, the performance of a tracker is strongly dependent
on this feature extraction or bounding box description. For
visual tracking, it is essential to design an effective method
for bounding box description.
We propose an accurate and reliable description method,
called the SOWP descriptor. First, in Section III-A, we
introduce the spatially ordered patch (SOP) descriptor, which
exploits multiple low-level features and structural information
in a bounding box. Then, in Section III-B, we develop an adaptive foreground weighting scheme, and apply the foreground
weights to the SOP descriptor to yield the SOWP descriptor.
A. SOP Description
In the SOP description, a bounding box x is regarded as
an ordered set of non-overlapping patches, and each patch
is described by low-level features. In other words, the SOP
descriptor φ(x) for the bounding box x is constructed by
concatenating the feature vectors of all patches according to
their spatial orders,
φ(x) = [f1 T , · · · , f N T ]T

(1)

where fi is the feature vector of the i th patch and N is the
number of patches in the bounding box.
Fig. 1 illustrates the process of the SOP description.
In Fig. 1(a), we divide a bounding box into N patches,
where N = 8 × 8. In Fig. 1(b), we construct each patch
descriptor fi by extracting multiple low-level features: three
color histograms and a single gradient histogram. Then, in
Fig. 1(c), we normalize the l2 -norms of the four histograms,
respectively, to equalize their contributions. Then, in Fig. 1(d),
we concatenate the patch descriptors and further normalize the
concatenated vector to set its l2 -norm to 1. The resultant vector
is the SOP descriptor.
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Fig. 2. Examples, in which non-target objects belong to the same category
as a target one does. Target objects are within yellow boxes.

Fig. 3. Inclusion of background information within a bounding box due to
a complex object shape. In this video, the background information causes a
drift problem, causing the tracker to lose the target object eventually.

Note that the concept of the SOP descriptor has been used
in computer vision, since it conveys structural information in a
bounding box effectively, by preserving the orders of patches
within the box. For example, HOG, which represents a bounding box by concatenating the oriented gradient histograms
of patches, is widely used in object detection [27], [42].
However, whereas the goal of object detection is to identify
objects in a certain category, that of object tracking is to
track a target object and distinguish it from non-targets. Object
tracking is challenging, since the non-targets may belong to
the same category as the target does. For instance, in Fig. 2,
for successful tracking, the object descriptor should be able
to distinguish the target sprinter (or dancer) from the other
sprinters (or dancers), who have similar shapes or colors as
the target. In such a case, the descriptor, composed of a single
type of features, may be insufficient.
Therefore, we extract multiple low-level features from each
patch to construct its feature vector fi in (1). As will be
detailed in Section V-B, we evaluated various combinations
of five low-level features: RGB color histogram, Lab color
histogram, HSV color histogram, intensity histogram, and
HOG [42]. We found that the combination of a 24-dimensional
HSV color histogram (8-dimensional histogram for each color
channel) and a 31-dimensional HOG [42] provides superb
tracking performance. Consequently, we describe each patch
with the 55-dimensional feature vector.
Also, in (1), we empirically set the number of patches within
a bounding box to N = 64. Too many patches increase the
complexity due to a high descriptor dimension. In contrast, a
smaller number of patches cannot describe object structures
faithfully. We test N from 36 to 100 and select N = 64 by
considering both the tracking performance and the complexity,
as will be described in detail in Section V-B.

bounding box. The foreground weight of a patch represents
the likelihood that the patch belongs to the foreground.
Fig. 4 summarizes the process of the SOWP description.
First, we construct a graph by employing patches inside and
around the bounding box as nodes. Second, we perform RWR
simulation twice on the graph to compute the foreground and
background stationary distributions, π tF and π tB , respectively.
Third, we compare these two distributions to obtain the foreground weights. Finally, by modulating the magnitudes of the
patch descriptors in the SOP descriptor using the foreground
weights, we obtain the SOWP descriptor. Let us describe each
step in detail subsequently.
We employ the RWR simulation to compute foreground
weights. In RWR [8], [46], [47], a random walker traverses a
graph G = (V, E), where V = {v 1 , . . . , v M } is the node set,
M is the number of nodes, and E is the edge set. Suppose
that edge ei j ∈ E connects nodes v i and v j . Then, with
the transition probability ai j , the walker at v j traverses to v i .
The transition matrix A records these transition probabilities,
i.e., the (i, j )th element of A is ai j . Note that ai j = 0 if
there is no edge from v j to v i . Unlike the ordinary random
walk, RWR enforces the walker to return to specified nodes,
according to a restart distribution r = [r1 , . . . , r M ]T , with a
(k)
(k)
restart probability . Let p(k) = [ p1 , . . . , p M ]T denote the
probability distribution of the walker at the kth iteration. Then,
we have the recursion
p(k) = (1 − )Ap(k−1) + r.

It can be shown [47] that, as k approaches infinity, p(k)
converges to the stationary distribution π = limt →∞ p(k) ,
regardless of an initial distribution p(0) . The stationary distribution π satisfies
π = (1 − )Aπ + r,

B. SOWP Description
Ideally, the bounding box of a target object should contain foreground information only. However, as illustrated in
Fig. 3, it often includes background information as well, which
corrupts the descriptor and the classifier. Specifically, the
background information may be used for training the classifier
improperly, and then the wrongly trained classifier may detect
a bounding box with more background pixels. This series of
background expansion in a bounding box eventually results
in a tracking failure in the video in Fig. 3. To overcome
this problem, we assign foreground weights to patches in a

(2)

(3)

and it can be obtained by applying (2) recursively. The
stationary distribution π represents the affinity of each node
to the specified nodes in the restart distribution r, since
the random walker is compelled to return to the specified
nodes at each iteration. This property can be exploited for
data clustering. For example, RWR has been adopted in data
mining [8], [46], interactive image segmentation [48], and
saliency detection [49], [50].
In this work, we adopt RWR to achieve foreground clustering and background clustering in a bounding box. To this
end, we first define the node set V , which consists of patches
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Fig. 4. Construction of an SOWP descriptor: We define the set of inner, boundary, and outer patches in (a), all of which become nodes in the graph. We
compute the stationary distributions π tF and π tB , by carrying out the RWR simulation twice with different restart distributions, in (b). We obtain the foreground
weight vector ρ t , by comparing π tF with π tB , in (c). Finally, we apply the foreground weights to the SOP descriptor to yield the SOWP descriptor in (d).

within and around the bounding box. For instance, in Fig. 4(a),
the thick black rectangle depicts the bounding box, which is
composed of N = 8 × 8 patches. These inside patches are
classified into two categories: boundary patches and inner
patches. A boundary patch shares the boundary with the
bounding box, while an inner patch does not. In Fig. 4(a),
there are 28 boundary patches and 36 inner patches, which
are depicted in red and yellow, respectively. Additionally, we
consider outer patches which are outside the bounding box but
share the boundary. In Fig. 4(a), they are depicted in blue. Let
bnd
out denote the sets of inner, boundary, and
in
t , t , and t
outer patches of a bounding box at the tth frame, respectively.
All these patches become nodes in V .
Next, we define the edge set E. If nodes (i.e. patches) v i
and v j are 8-neighbors, they are connected by edge ei j , which
is assigned a weight, wi j , according to the feature vectors fi
and f j of the patches. Specifically,
wi j = exp(−γ fi − f j 2 )

(4)

where γ is a scaling parameter. Then, we define the transition
matrix A by normalizing the edge weights as
wi j
.
(5)
ai j = 
i wi j
As mentioned previously, ai j is the probability that the walker
at v j traverses to v i . A high wi j means that the two patches
v i and v j are similar to each other, and ai j is proportional
to wi j . Therefore, the random walker at a certain patch moves
to a more similar patch with a higher probability.
We perform the RWR simulation on the graph G = (V, E)
twice using two different restart distributions rtF and rtB ,
which are associated with foreground and background regions,
respectively. Then, as in (3), we obtain the foreground and
background stationary distributions, π tF and π tB . Specifically,
π tF = (1 − )Aπ tF + rtF ,

(6)

π tB = (1 − )Aπ tB + rtB .

(7)

These stationary distributions π tF and π tB represent probabilistic shapes of a target object and its background, by
forming clusters around the restart distributions rtF and rtB ,
respectively.
Contrary to the patches near the center of the bounding
box, the patches near the box boundary are likely to have

background features. In other words, many patches in in
t are
belong to the
foreground patches, while many ones in out
t
background. Based on these assumptions, we determine the
foreground and background restart distributions rtF and rtB by

bnd
κtF × π tF−1 (i ) if v i ∈ in
t ∪ t
F
rt (i ) =
(8)
out
0
if v i ∈ t

0
if v i ∈ in
t
rtB (i ) =
(9)
κtB × π tB−1 (i ) if v i ∈ bnd
∪ out
t
t
where κtF and κtB are the normalizing parameters to make rtF
and rtB probability distributions. Notice that we employ the
stationary distributions at the previous frame to estimate the
restart distributions at the current frame, since the shape of a
target object changes smoothly between consecutive frames in
a typical video. Fig. 4(b) illustrates the stationary distributions
π tF and π tB , which represent the likelihoods that each patch
belongs to the foreground and the background, respectively.
The i th patch is likely to contain foreground information,
when it has a large π tF (i ) and a small π tB (i ). Therefore, we
define the foreground weight ρ t (i ) of the i th patch as
ρ t (i ) =

1


1 + exp −α(π tF (i ) − π tB (i ))

(10)

where α controls the steepness of the logistic function.
Fig. 4(c) shows the foreground weights, where red and blue
colors depict large and small weights, respectively. We see
that the patches, which are assigned relatively large weights,
reveal the object shape.
Finally, as in Fig. 4(d), we use the foreground weights, when
concatenating the patch descriptors, and obtain
φ(xt ) = [ρt (1)f1 T , · · · , ρt (N)f N T ]T .

(11)

which is the SOWP descriptor for the bounding box xt . This is
similar to the SOP descriptor in (1), but the patch descriptors
are multiplied by the corresponding foreground weights.
IV. P ROPOSED A LGORITHM : LCS T RACKER
We propose the LCS tracker, composed of locator, checker,
and scaler. First, the locator finds the center position of a target
in a current frame, based on its previous state. Second, the
checker determines whether it is safe to adjust the target scale
in the current frame. Third, the scaler estimates the size of
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the target to adapt to scale variations. Let us describe each
component in detail, and explain how they cooperate.

Then, to avoid the abrupt change between the consecutive
weight vectors ut −1 and ut , we update ut by mixing ut −1 and
u∗ . More specifically,
ut = (1 − ηu )ut −1 + ηu u∗

A. Locator
The locator is a classifier to identify the target center.
For this purpose, we employ the structured SVM [41] that
uses structural information between samples, instead of binary
labels, for the training. Therefore, the structure SVM does not
require a heuristic binary labeling process during the classifier
update, and outperforms the binary SVM. Note that the Struck
tracker [3] also adopts the structured SVM to alleviate adverse
impacts of false labels and yields excellent performance in a
recent tracking benchmark [9].
Let xt −1 = (ct −1 , wt −1 , h t −1 ) be the target state at the previous frame t − 1, where ct −1 , wt −1 , and h t −1 are the target
center, width, and height, respectively. To estimate the target
center ct at the current frame t, we first set a square search
region,
which is centered at ct −1 and has a side length of
√
2 wt −1 h t −1 . Then, we sample candidate states within the
search region using the sliding window method. At this stage,
every candidate has the same size wt −1 × h t −1 . To describe
the contents in each candidate state x, we encode it into the
SOWP descriptor φ(x) via (11). We then determine the current
state xt to yield the highest score,
xt = (ct , wt −1 , h t −1 ) =

arg max utT−1 φ(x)
x

(12)

where ut −1 is the weight vector of the classifier (i.e. locator)
updated at the previous frame t − 1.
After the state estimation, we update the weight vector ut
to adapt to the appearance change of the target. To this end,
we sample bounding boxes on a polar grid around the current
object location and extract their descriptors. The structured
SVM constrains that the bounding box xt should yield a larger
score than a nearby box x by a margin, which decreases as the
intersection over union overlap ratio, IoU(xt , x), between the
two boxes increases. Specifically, the objective function of
the structured SVM is given by

max{0, (xt , x) − uT δ(xt , x)}
u∗ = arg min λu2 +
u

x

(13)
where (xt , x) = 1 − IoU(xt , x), δ(xt , x) = φ(xt ) − φ(x),
and λ = 0.0001 is a regularization parameter. In (13), the
regularization term u2 prevents the weight vector u∗ from
having too large a magnitude. Also, the loss term
(xt , x) − uT δ(xt , x)



= 1 − IoU(xt , x) − uT φ(xt ) − uT φ(x)

(14)

means that, if there is a less overlap between x and xt , the classification score of uT φ(x) should be much lower than the highest score uT φ(xt ). In this way, the weight vector u∗ in (13) is
optimized such that the score margin, u∗T φ(xt ) − u∗T φ(x),
becomes bigger as the overlap IoU(xt , x) gets smaller in
general. For the optimization in (13), we employ the stochastic
variance reduced gradient (SVRG) technique [51].

(15)

where ηu = 0.1 is a learning rate.
B. Checker
After the locator determines the target center ct , the scaler
adjusts the width wt and the height h t . However, the scale estimation should be performed cautiously. When a target undergoes occlusion or abrupt illumination changes, its appearance
is distorted, and the scale estimation becomes unreliable. Note
that these incorrectly estimated scales contaminate the classifier during the training, and the contaminated classifier causes
inaccurate tracking results in subsequent frames. Therefore, it
is essential to identify safe frames for the scale estimation, in
which a target appearance is not distorted. The checker is a
binary classifier that is employed for this purpose.
Let xt be the estimated state of the locator in (12). Then,
the checker computes a safety score c by
c = wtT−1 φ(xt )

(16)

where wt −1 is the weight vector of the checker at the previous
frame t − 1. A positive score, c > 0, indicates that the current
frame t is safe and the scaler can adjust the target scale. On
the contrary, a negative score means that frame t is unsafe.
For an unsafe frame, only the locator should be employed and
the scaler should be bypassed. In such a case, the box size
is unchanged from the previous frame, i.e. wt = wt −1 and
h t = h t −1 .
The checker encodes the appearance information of the
target object in safe frames only into the weight vector w.
Since the target appearance may change gradually even in safe
frames, we should update w, as well as the weight vectors u
of the locator. However, the update of w may also cause a
drift problem. To avoid misclassifying unsafe frames into safe
ones, we adopt a more conservative approach to the update of
w than to that of u. Specifically, instead of updating w every
frame, we employ a delayed update scheme. Suppose that τ is
the latest frame with a negative safety score, c < 0. Then, for
the following safe frames, we do not update w. Instead, we
wait until another unsafe frame t is detected. We then use the
information in the safe frames from τ +1 to t −1 to update wt
at frame t.
For updating wt , we collect training samples from frames
τ + 1 to t − 1 as follows. As positive samples, we gather
the bounding boxes whose IoU overlap ratios with the target
states are greater than 0.9. On the other hand, to collect various
negative samples, we choose bounding boxes from the entire
images. Specifically, we employ the object proposal technique
in [52] and then select the proposals whose IoU overlap ratios
with the target states are less than 0.3. Then, we optimize the
objective function of a binary SVM,

max{0, 1 − yx wT φ(x)} (17)
w∗ = arg min λw2 +
w

x
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Algorithm 1 LCS Tracking

Fig. 5.

An example in which a target object experiences scale variations.

where yx = 1 if a sample x is positive, and −1 otherwise.
Thus, the loss term, 1 − yx wT φ(x), penalizes a weight vector
w when the score wT φ(x) is smaller than 1 for a positive
sample x. On the contrary, it penalizes w when the score is
larger than −1 for a negative sample.
Then, we update wt via
wt = (1 − ηw )wt + ηw w∗

(18)

where the learning rate ηw is fixed to 0.2. An exception is
the case t = τ + 1, in which there is no safe frame between
frames τ and t. Then, we update wt using samples from the
current frame t. However, since the current frame is declared
as unsafe, we use a smaller learning rate ηw = 0.1 to reduce
the impacts of unreliable information.
and update vt by
C. Scaler
Fig. 5 shows an example in which a target becomes smaller
gradually. In such a case, the locator cannot provide accurate
results, since it considers only candidates of the same size.
In other words, the search space excludes the true state of
a target regarding scale, thereby leading to a tracking error.
The problem can be alleviated by considering candidates of
various sizes. However, this approach may generate too many
candidates, increase false positives, and reduce the tracking
reliability. Hence, for scale estimation, we adopt the approach
of modern trackers [11], [16], [18], [32], which decomposes
the problem of target state estimation into the two subproblems
of translation estimation and scale estimation. It first estimates
the center of a target using a fixed scale and then determines
the scale of the target at the estimated center location. Despite
its simplicity, this approach enables robust scale estimation,
by reducing the number of candidates efficiently.
Notice that the scaler becomes active only if the checker
declares that the current frame t is safe. In such a case, given
the target state xt = (ct , wt −1 , h t −1 ) estimated by the locator,
the scaler samples bounding boxes to refine the scale. The
sampled boxes are x = (ct , s · wt −1 , s · h t −1 ) with scale factors
s ∈ {0.90, 0.91, · · · , 1.10}. Then, the scaler updates xt to the
optimal box, yielding the highest score,
xt = (ct , wt , h t ) =

arg max vtT−1 φ(x)
x

(19)

where vt −1 is the weight vector of the scaler.
To update the weight vector vt , we carry out a similar
procedure to the locator update. Given the optimal estimate
xt = (ct , wt , h t ) in (19), we extract bounding boxes x =
(ct , s · wt , s · h t ) and the corresponding descriptors φ(x) for
s ∈ {0.50, 0.51, · · · , 1.50}. Then, we find the optimal v∗ by

v∗ = arg min λv2 +
max{0, (xt , x)−vT δ(xt , x)} (20)
v

x

vt = (1 − ηv )vt + ηv v∗ ,

(21)

in the same way as (13) and (15), respectively. The scaler uses
the same learning rate ηv = 0.1 as the locator does.
D. LCS Tracker
Algorithm 1 summarizes how the proposed LCS tracker
employs and updates the locator, the checker, and the scaler
to track a target object in frame t. Given a previous state
xt −1 = (ct −1 , wt −1 , h t −1 ), we first estimate the target center
ct using the locator. We then compute a safety score c using
the checker. When frame t is declared as safe, i.e. c > 0,
we estimate the target scale (wt , h t ) using the scaler. Then,
we update the locator and the scaler to account for the target
appearance variation. On the contrary, when frame t is unsafe,
we maintain the target scale without the adjustment and update
the checker with training samples, which are extracted from
previous safe frames. However, if there is no previous safe
frame, i.e. t = τ + 1, we train the locator, the scaler, and the
checker by employing samples in the current frame t.
V. E XPERIMENTAL R ESULTS
We assess the proposed SOWP descriptor and LCS tracker
comparatively to conventional trackers on a recent benchmark
in [9]. Furthermore, we report the results on other benchmarks [20], [21] as well for more comprehensive evaluation.
A. Datasets
The object tracking benchmark (OTB) [9] consists of
100 video sequences and provides the ground truth bounding boxes. Each sequence is annotated with its challenging
attributes, such as illumination variation, scale variation, occlusion, and background clutters. Precision and success rate plots
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TABLE I

TABLE II

PR/SR S CORES OF THE SOP AND SOWP D ESCRIPTORS U SING
VARIOUS L OW-L EVEL F EATURES . A B OLD -FACED N UMBER D ENOTES
THE H IGHEST S CORE IN E ACH T EST. T HE B EST PR/SR S CORES
A RE A CHIEVED BY SOWP U SING ‘HSV+HOG’ F EATURES

T HE PR/SR S CORES AND THE P ROCESSING S PEEDS OF THE BASE
T RACKER A CCORDING TO THE N UMBER OF PATCHES IN A
B OUNDING B OX . A P ROCESSING S PEED I S M EASURED
IN F RAMES P ER S ECOND (FPS)

are used to evaluate a tracker. The precision is the proportion
of frames, in which the distance between an estimated object
location and the ground truth is smaller than a threshold. The
success rate is the proportion of frames, in which the overlap
ratio between an estimated bounding box and the ground
truth is larger than a threshold. The precision at the distance
threshold of 20 pixels is employed as the representative
precision (PR) score, and the average success rate, which is the
area under the success rate curve over all overlap thresholds,
is used as the representative success rate (SR) score. Since a
small perturbation of an initial bounding box can lead to quite
a different tracking result, the one pass evaluation (OPE) may
be insufficient. Thus, the spatial robustness evaluation (SRE)
and the temporal robustness evaluation (TRE) are also carried
out. SRE varies an initial box with shifting and scaling, and
TRE tests a tracker by starting it at 20 different initial frames.
The Temple Color 128 (TC) benchmark [20] contains
128 video sequences and the results of 16 conventional
trackers, which are combined with 10 color models, such as
RGB, Lab, and HSV histograms. TC benchmark also employs
precision and success rate plots to evaluate a tracker.
The VOT 2015 challenge [21] includes 60 video sequences
and provides the results of 62 conventional trackers. It adopts
two evaluation metrics. First, the accuracy is the overlap ratio
between an estimated bounding box and the ground truth.
Second, the robustness counts tracking failures in a video
sequence, i.e., the number of frames in which the overlap ratios
are zero.
B. Descriptor Analysis
The SOWP descriptor has three controllable parameters,
γ in (4),  in (6) and (7), and α in (10). In this work, they
are set to γ = 10.0,  = 0.75, and α = 35.0 to yield
the best tracking performance. Note that they are fixed in all
experiments.
Let us use the locator in Section IV-A as a simple
base tracker to analyze the effectiveness of the proposed
SOWP descriptor. Hence, the base tracker estimates only the
translation of a target object, without considering the scale
variation. Table I analyzes the impacts of using multiple
low-level features. In this test, OPE is performed on the
OTB benchmark, and the average PR/SR scores are reported.

Each color histogram is 24-dimensional, the intensity
histogram is 8-dimensional, and HOG [42] is 31-dimensional.
We can make the following observations: First, the
performance of the SOP descriptor is significantly improved
by combining a color histogram and HOG, instead of using
one of the features only. This is because color and gradient
histograms convey different types of information and are
complementary to each other. Second, the patch weighting
further improves the tracking performance in most cases.
Specifically, the SOWP descriptor outperforms the SOP
descriptor for every combination of features, except for
‘RGB+HOG,’ by employing the adaptive patch weighting.
In Table I, the SOWP descriptor using ‘HSV+HOG’ features yields the best performance. It is hence employed in the
remaining experiments unless otherwise specified. The base
tracker (PR/SR = 0.860/0.585) performs better than the Struck
tracker [3] (PR/SR = 0.638/0.461), which ranked 1st in the
benchmark [9]. In other words, the base tracker improves
the PR and SR scores by 34.8% and 26.9%, respectively,
as compared with Struck. Both Struck and the base tracker
consider translational motion only and use the structured
SVM as their classifiers. However, whereas Struck describes
a bound box with Haar-like features, the base tracker uses the
SOWP descriptor. This test confirms the efficacy of the SOWP
descriptor.
Table II lists the PR/SR scores of the base tracker according
to the number N of patches in a bounding box. It also
presents the processing speeds in frames per second (FPS).
We implement the tracker in C++ without parallelization and
perform experiments using a 2.40GHz CPU. Note that the best
performance is obtained when a bounding box is divided into
8 × 8 patches. Fewer patches provide a lower performance
since they cannot represent object structures faithfully. On the
other hand, if a bounding box is divided into too many patches,
individual patch descriptors, composed of histograms, become
unreliable, and the tracking performance is also degraded.
Also, too many patches reduce the processing speed because
of a high dimension of the object descriptor. Therefore, we fix
the number of patches to N = 8 × 8.
Fig. 6 shows the evolution of foreground weights in (10),
which reflect the shapes of target objects over time faithfully. Without the adaptive weighting, the tracking fails on
the ‘Singer2’ sequence, as shown in Fig. 3. In contrast,
in Fig. 6(c), the base tracker traces the singer successfully
using foreground weights. It is worth pointing out that the
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Fig. 6. The evolution of foreground weights through video sequences: From
top to bottom, (a) ‘Basketball,’ (b) ‘Lemming,’ and (c) ‘Singer2.’
TABLE III
T HE PR/SR S CORES AND THE P ROCESSING S PEEDS OF
C OMBINATIONS 1, 2, AND 3 ON THE OTB B ENCHMARK .
B OTH SOP AND SOWP D ESCRIPTORS
U SE ‘HSV+HOG’ F EATURES

foreground weights implicitly reshape rectangular bounding
boxes to reflect the deformation of a target at different frames.
Thus, those weights facilitate more reliable object description,
especially when a target is occluded or changes its shape.
C. Tracking Component Analysis
Table III summarizes the PR/SR scores of the proposed
tracker on the OTB benchmark, when we use different combinations of the locator, the checker, and the scaler. We
use only the locator for ‘Combination 1,’ the locator and
the scaler for ‘Combination 2,’ and all three components
for ‘Combination 3.’ We see that the scaler improves the
SR scores by enabling the tracker to adapt to target scale
variations. However, the scale estimation without the checker
lowers the PR score significantly. This is because, when target
appearance is distorted due to challenging factors, including
occlusion, deformation, and motion blur, the scaler fails to
estimate the target size correctly and causes a tracking error.
The checker is essential for robust scale estimation.
Also, Table III includes the performances when the SOWP
descriptor is replaced by the SOP descriptor. We see that, for
all three combinations, SOWP provides better PR/SR scores
than SOP via the adaptive patch weighting. The computational
complexity of the patch weighting is relatively low.
Table III compares the processing speeds as well. The
computational load due the scaler is light, and the speed
of Combination 2 is comparable to that of Combination 1.
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On the other hand, the checker demands a heavy computational
load and reduces the speed about tenfold, since it uses a lot
of negative training samples obtained by the object proposal
scheme [52]. A smaller number of samples can be used to
reduce the complexity, but in such a case, the robustness of the
checker is degraded and the overall performance is lowered.
The complexity reduction of the checker, without lowering the
performance, is a future research issue.
Fig. 7 shows the SR scores of the three combinations
according to the various challenging factors [9]. Although
the scaler improves the overall SR score, it decreases the SR
scores especially in case of occlusion, deformation, and motion
blur, which interfere with accurate scale estimation. However,
when the scaler is integrated with the checker, the proposed
LCS tracker achieves robust scale estimation. Therefore, the
SR scores of Combination 3 are significantly higher than those
of Combination 1 for all the challenging factors.
Fig. 8 compares tracking results of the three combinations.
In the ‘Car1’ sequence, a car gets smaller gradually, and the
scale estimation is necessary for its accurate tracking. Hence,
Combinations 2 and 3 outperform Combination 1. However,
Combination 2 misses a target in ‘Jogging2,’ where the target
suffers from occlusion. It estimates the scale incorrectly at
frame 52 due to the occlusion, and it cannot trace the target
at frame 66 successfully. In contrast, Combination 3 does
not adjust the target scale during the occlusion and restores
the target after the occlusion. ‘Skating2.2’ is a challenging
sequence with scale variation, occlusion, and deformation.
Combination 1 fails to provide accurate results. Combination 2
yields erroneous scale estimation since the target is also
occluded and deformed during the scale variation. In contrast,
Combination 3 provides reliable tracking results.
Finally, we carry out a test to see if the checker can be
replaced by the locator score. In this alternative approach, after
the locator identifies a target center via (12), we compare the
locator score utT−1 φ(xt ) with a threshold, instead of employing
the checker to compute the safety score in (16). Then, we
employ the scaler only if the locator score is larger than the
threshold, which is set to 0.15 to yield the best performance.
However, this replacement of the checker lowers the PR/SR
scores to 0.826/0.611, which are significantly worse than the
original scores 0.858/0.639 of the LCS tracker. Note that a
structured SVM is trained to just predict a larger score for a
target sample than the other samples with structured margins.
Thus, locator scores are relative in the sense that even the best
box can yield a very low score. The scores are useful to locate
the best box among candidate boxes, but they are not suitable
to determine whether the contents in the best box are distorted
or not. Therefore, we train the checker, which is a binary SVM,
to assign positive scores to target samples and negative scores
to background samples. In this way, the safety score of the
checker is non-relative, and it is more appropriate for finding
irregularities in the bounding box than the locator score is.
D. Comparative Results on OTB Benchmark
We compare the proposed LCS tracker with conventional
trackers: 31 trackers, whose results were reported in the
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Fig. 7. The SR scores of the proposed LCS tracker on the OTB benchmark according to the 11 challenging factors [9]: IV (illumination variation), SV (scale
variation), OCC (occlusion), DEF (deformation), MB (motion blur), FM (fast motion), IPR (in-plane-rotation), OPR (out-of-plane rotation), OV (out-of-view),
BC (background clutters), and LR (low resolution). In this test, OPE is performed. Combination 1 uses only the locator, Combination 2 the locator and the
scaler, and Combination 3 the locator, the scaler, and the checker.
TABLE IV
C OMPARISON OF THE PR/SR S CORES OF THE P ROPOSED LCS T RACKER AND R ECENT S TATE - OF - THE -A RT T RACKERS
IN THE OPE M ETHOD , A CCORDING TO THE 11 C HALLENGING FACTORS

Fig. 8. Tracking results of Combinations 1, 2, and 3 on (a) Car1, (b) Jogging2,
and (c) Skating2.2.

benchmark [9], and recent state-of-the-art trackers KCF [13],
DSST [11], TGPR [14], MEEM [15], MUSTer [16], HCF [17],
SRDCF [18], HDT [19], MDNet [10]. The source codes of
these recent trackers are publicly available.
Fig. 9 plots the precision and success rate curves of the
top 10 trackers in the OPE, SRE, and TRE methods. We
see that, in OPE and SRE, the proposed tracker provides the
second best PR and SR scores after MDNet [10]. In contrast,

in TRE, the proposed tracker outperforms MDNet, yielding
the best performance among all tested trackers. These results
can be interpreted as follows. For challenging sequences, by
employing more discriminative features based on a convolutional neural network, MDNet causes less tracking failures
than the proposed tracker. On the other hand, the proposed
tracker tends to yield a higher overlap ratio between a tracking
result and the ground truth in the normal tracking operation,
by suppressing background information in the bounding box
based on the RWR simulation. Note that TRE tests a tracker,
by starting it at 20 initial frames, and then averages the
performances over all 20 cases. Thus, it less penalizes tracking
failures than OPE and SRE do.
Table IV reports the PR/SR scores of the trackers in the
OPE method according to the 11 challenging factors. We
observe that, in most cases, the proposed LCS tracker yields
the second best PR/SR scores after MDNet. Note that MDNet,
HDT, and HCF require heavy computational loads since they
employ deep convolutional neural networks. On the contrary,
the proposed tracker yields competitive results, by employing
relatively simple features of color and gradient histograms.
Table IV also confirms the effectiveness of the proposed
SOWP descriptor. By comparing Table IV and Fig. 7, we can
observe that even Combination 1 outperforms most state-ofthe-art trackers despite its simplicity.
Fig. 10 shows tracking results of the top 5 trackers in
Table IV, which are MDNet, HDT, HCF, SRDCF and the
proposed LCS tracker. ‘Shaking’ and ‘Ironman’ contain severe
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Fig. 9. Comparison of the precision and success rate plots on the OTB benchmark. The representative score for a precision plot measures the score at the
threshold of 20 pixels, and the representative score for a success rate plot is the area under the curve over all overlap thresholds.
TABLE V
C OMPARISON OF THE PR/SR S CORES ON THE TC B ENCHMARK A CCORDING TO THE 11 C HALLENGING FACTORS . I N T HIS T EST, THE OPE M ETHOD
I S U SED . N UMBERS IN PARENTHESES IN THE F IRST C OLUMN R EFER TO THE N UMBERS OF THE S EQUENCES W ITH THE C ORRESPONDING
ATTRIBUTES . T HE B EST R ESULTS A RE B OLDFACED , AND THE S ECOND B EST O NES A RE U NDERLINED

illumination variations and background clutters. Moreover,
‘Ironman’ also suffers from fast motion, motion blur, and
rotation. In such cases, it is essential to construct a robust
descriptor that can distinguish a target from the background.
The proposed tracker deals with these challenging factors
successfully using the SOWP descriptor. MDNet, HDT, and
HCF also provide comparable results by employing deep convolutional networks to construct feature maps, which represent
target contents effectively. In contrast, SRDCF fails to trace the
targets. ‘Freeman1’ undergoes scale variations. HDT and HCF
estimate target centers successfully but do not consider the
varying scales. The other trackers perform the scale estimation
effectively. ‘Human9’, ‘ClifBar’, and ‘Box’ experience illumination variations, motion blur, and occlusion, respectively. The
targets also undergo scale variations. SRDCF fails to perform
reliable scale estimation in these sequences. Although MDNet
yields competitive results in ‘Human9’ and ‘ClifBar’, it misses

the target in ‘Box’ due to occlusion. In contrast, the proposed
tracker tracks all three targets successfully. Finally, ‘Girl2’ and
‘Skating1’ are also challenging due to illumination variations,
occlusion, deformation, motion blur, and background clutters.
However, the proposed LCS tracker traces the targets in these
challenging sequences accurately as well.
E. Comparative Results on TC Benchmark
We also test the proposed LCS tracker on the TC benchmark [20]. For comparison, we use the results of the 16 conventional trackers, which were reported in [20]. Fig. 11 shows
the precision and success rate plots of the top ten trackers in
the OPE method. The proposed tracker outperforms the second
best tracker MEEM [15] considerably, achieving score margins
of 0.047 in PR and 0.059 in SR. Table V reports the PR/SR
scores according to the 11 challenging factor. It is remarkable
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Fig. 10. Tracking results of the proposed LCS tracker and the conventional MDNet [10], HDT [19], HCF [17] and SRDCF [18] on the (a) Shaking,
(b) Ironman, (c), Freeman1, (d), Human9, (e) ClifBar, (f) Box, (g) Girl2, and (h) Skating1 sequences.
TABLE VI
C OMPARISON OF THE P ROPOSED LCS T RACKER AND THE T OP 9 P UBLISHED T RACKERS IN THE VOT2015 C HALLENGE .
T HE B EST R ESULTS A RE B OLDFACED , AND THE S ECOND B EST O NES A RE U NDERLINED

that the proposed tracker yields the best PR/SR scores for all
the challenging factors.
F. Comparative Results on VOT2015 Benchmark
Finally, we assess the performance of the proposed LCS
tracker on the VOT2015 challenge [21]. The proposed

tracker is compared with 62 recent trackers, whose results
were reported in [21]. Table VI lists the accuracy and
robustness scores of the proposed tracker and the top 9
published trackers in [21]. The proposed tracker provides the
second best accuracy score and the seventh best robustness
score.
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Fig. 11. Comparison of the precision and success rate plots on the TC benchmark. The representative score for a precision plot measures the score at the
threshold of 20 pixels, and the representative score for a success rate plot is the area under the curve over all overlap thresholds.

VI. C ONCLUSIONS
In this paper, we proposed the SOWP descriptor for robust
visual tracking. We decomposed the bounding box of a target
object into multiple patches and encoded them into color and
gradient histograms. Then, we described the object appearance
by concatenating the patch descriptors. In the concatenation,
we assigned different weights to those patches according to
their relevance to the target appearance, by performing the
RWR simulation of the foreground and background walkers. We thus suppressed the background information in the
bounding box efficiently. The SOWP descriptor was evaluated
extensively, and it was shown that even a simple tracker
using the SOWP descriptor provides competitive results on
the benchmark [9].
Moreover, we also developed the LCS tracker, composed of
the locator, the checker, and the scaler. The locator finds the
center location of a target, and the scaler estimates the target
size to account for scale variations. The checker identifies
safe frames, in which target scales can be adjusted reliably.
We evaluated the LCS tracker using the SOWP descriptor on
the benchmarks [9], [20], [21]. It was demonstrated that the
proposed algorithm yields promising performance. A limitation of the LCS tracker is the relatively high computational
complexity of the checker. Although the checker is essential
for robust scale estimation, it is a computational bottleneck in
the LCS tracker. Its complexity reduction is one of the future
research issues.
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