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Abstract Motivation

« We identify the major drawbacks of a very computationally Motivated by the superior performance of KCF using multiple templates,
efficient and state-of-art-tracker known as the Kernelized which Is sometimes even more prominent than using non-linear kernels,
Correlation Filter (KCF), which uses a fixed scale and a we re-formulate the filter update rule to incorporate previous templates
heuristic update strategy of the filter taps. and multi dimensional features In non-linear kernel spaces Iin one

framework that uses fixed-point optimization. These two ideas were
 We show that we can use multiple templates for the filter claimed to be infeasible when they are applied jointly.

tap update along with non-linear kernel and multi-
dimensional features in a joint fixed-point optimization by
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* Our proposed method addresses the fixed-scale drawback KCF_Lin_HOG 3.35 2.79 3.07 o
by computing the MAP scale estimate over multiple scales KCF Lin Gray Multi 3.41 3.20 3.30 <
rather simply using ML scale estimate. >
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Problem Formulation 4 %D A
Multiple Templates: We aim to solve the filter a; = =
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Experiments Qualitative results:

Quantitative Comparison on VOT2014/2015 Datasets:

We compare our method against state-of-art trackers on
VOT2014 and different versions of our tracker on VOT2015.
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