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» Simple Interpretation

> Takes only one parameter k
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» Implementation difficulties
» Generates too many corners

> Result is not always
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Four steps derived from Mauricio Use centroids of the
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2. CIUStering Of Corners requires parameters
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4

. Translate Clusters to Polygon
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We proposed three Algorithms to solve the problem, using pure
geometry or cluster-based approaches.

Implications from the Results

The cluster-based algorithms need two pre-processing steps. One of
them can be spared without loss of quality. This choice can be
made with regard to the data.

The Voting Algorithm performs better than the Mwwc Algorithm.
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