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Convolutional Neural Nets Training Features as Distance
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tool for deep learning that is well-suited to |
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Objective

ldentify class characteristics of footwear
outsole images automatically.

Background

In shoe print analysis, it is often useful
to determine the frequency of a given
shoe print (or features of the print) In a
local population. Machine learning tools,
such as neural networks, are an inexpensive
and efficient way to automatically identifty
these features, which may inform about the
orevalence of such features.
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to add complexity to the feature set.
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