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ABSTRACT

Recently, the target object can be represented as sparse coefficient vector in visual tracking. Due to this
reason, exploitation of the compressibility in the transform domain by using L1 minimization is needed.
Further, L1 minimization is proposed to handle the occlusion problem in visual tracking, since tracking
failures mostly are caused by occlusion. Furthermore, there is a weighted parameter in L1 minimization that
influences the result of this minimization. In this paper, this parameter is analyzed for occlusion problem in
visual tracking. Several coefficients that derived from median value of the target object, mean value of the
arget object, the standard deviation of the target object are, 0, 0.1, and 0.01 are used as weighted parameter
of L1 minimization. Based on the experimental results, the value which is equal to 0.1 is suggested as
weighted parameter of L1 minimization, due to achieved the best result of success rate and precision
performance parameter. Both of these performance parameters are based on one pass evaluation (OPE).
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| . Introduction tracking stills be a hot topic in the computer
vision area. It is because many applications in
In recent years, visual tracking or object the computer vision area need visual tracking
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such as surveillance [1], human-computer
interaction, robotics [2], and etc. Further, the
challenging problems also still remain in this
research field such as illumination variations,
background clutters, scale variations, deformation,
motion blur, fast motion, in-plane rotation, out-
plane rotation, out-of-view, low resolution, and
occlusion. And a factor that mostly made
tracking fail is an occlusion.

To solve this problem, researchers propose
L1 minimization [3-5] that adapt from compress
sensing [6]. Bao et al. [5] proposed accelerated
proximal gradient approach in order to make
L1 tracker more robust and faster than the
previous  work  [3]. Besides uses L1
minimization, their method also use particle
filter to modeling the motion.

Recently, sparse representation is used
collaborative model which is consists of
discriminative approach and generative
approach in visual tracking [7]. And this

method uses L1 minimization to represent the
target object as sparse coefficient vector [7].
Furthermore, there is a weighted parameter in
L1 minimization and this value influence the
result in visual tracking.

In this paper, the weighted parameter of L1
minimization is analyzed for occlusion problem
in visual tracking. The remainder of this paper
is presented in Section 2. In Section 3,
Experimental results ar described. Finally, the
occlusion is presented in Section 4.

II. Sparse Generative Model

Our tracking is based on sparse generative
model [7]. In this method, sparse coefficient
vector is used to represent the target object.
And this vector can be calculated by

et 2
malll’l[5”A1 _DazHZ +/\”CYZH1] (1)

where 4, o, D, and )\ are represent vector
from each patch, sparse coefficient vector,
dictionary that represent the target object in the
first or initial frame, and the weighted
parameter, respectively. Then, the sparse
coefficient vector is arranged to histogram by

V= [0‘17@2"“7@\1] )]

where v is the proposed histogram for each

candidate region.

Due to handle the appearance variations of
the target object, we wupdate the template
histogram and the updated template histogram
can be calculated as follows

¢n :,u¢[)+(1_:u)¢f if SF < SE}? (3)

where ¢,, ¢, ¢y w, SF, and SF, are
represent new proposed template histogram
from first/initial frame, proposed template
histogram before update, a weight, similarity
value of the result, and similarity threshold,
respectively. The weight p is equal to 0.95 and
the OSF,, is equal to 0.7. Moreover, particle
filter is used as motion model in this method.

lll. Experimental Results

The image sequence “FaceOccl” from [8] is
used to analyze the weighted parameter A of
L1 minimization. This sequence consists only an
occlusion problem and the number of frames in
this sequence are 892 frames. We use several
values to represent A such as median value,
mean value, standard deviation value, 0, 0.1
and 0.01. Further, the number particle that we
used in this research is 50.

Two performance parameters are used in our
experiment. These parameters are: success rate
and precision; and both are based on one pass
evaluation (OPE). A success rate is calculated
based on area under curve (AUC) and the
threshold. Further, a precision is calculated
based on centroid distance between the result

and the ground truth and also with the
threshold.
Success plots of OPE
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Fig. 1. Success plots of OPE
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Precision plots of OPE
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Fig. 2. Precision plots of OPE

The AUC can be calculated by using
R;NR,
R,UR;’
R is the ground truth. Fig. 1. and Fig. 2. are

AUC= where R, is the result and

represent the result of success rate and the
precision, respectively.

Based on the results, A which has value is
equal to 0.1 give the best result both of success
rate of OPE and the precision of OPE.

IV. Conclusion

In this research, the weighted parameter of
L1 minimization is analyzed for occlusion
problem in visual tracking. Based on the
experiment with use several values to represent
A such as median value, mean value, standard
deviation value, 0, 0.1, 0.01, best result both of
success rate of OPE and the precision of OPE
are achived by the A which has value is equal
to 0.1.

Several issues still remain about this research
such as how to find the optimal value of
weighted parameter in L1 minimization for all
challenging problem in visual tracking (i. e,
illumination variations, ~background clutters,
scale variations, deformation, motion blur, fast
motion, in-plane rotation, out plane rotation,
out-of-view, low resolution, and occlusion) and
etc.
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