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Abstract A task of finding physically the sample points among multiple images captured from different viewpoints is called
as key point matching for which discriminative local feature representation is very important. We categorize proposed methods
in the past into three groups: (1) real-valued feature representation, (2) binary feature representation and (3) feature represen-
tation by deep learning, respectively. In this paper, we briefly overview the classic real-valued feature representation and
especially focus on investigating the recent binary feature representation. In addition, we introduce a new trend that utilizes
deep learning for nonlinear feature representation. Open source software, dataset and implementation techniques are also
reviewed.
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7. 3
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return x;

}
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CPU
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