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Lexicographic Matching

o lexicographic sorting of feature vectors [Fridrich et al. 2003]
o compare i-th sorted vector to K neighbors
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Block-Based?

o reported typical runtimes (single-thread)

blocks  SIFT

Zernike moments

GRIP database (0.75 MP) 54S 4s
Erlangen database (8 MP) 4900S 1265

[Cozzolino et al. 2014]

[Christlein et al. 2012], matching step only

GRIP DB image TP_C01_013 blocks

block-based

kD tree matching
is the method of
choice for most
accurate CMFD



Working Assumptions

o copied regions are
:!‘_|_ spatially connected
NN subsets of feature
f : vectors {f;}

o we focus on rigid

translations only

o feature vectors can be
qguantized to integers,
fi—xi €N

goal
o find all repeated occurrences of connected patches of integers
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Bit Twiddling For One Dimension

d
d o shift/AND for all blocks
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Summary

BitMatch

replace feature-matching with index-based bit-wise operations to find
all exact duplications

current implementation has some (limited) benefits, but in general
lexicographic matching works surprisingly well

Back to the Roots?
re-evaluation of kD-tree predominance highly recommended

Future Work: Exact Matching?
make working assumption of scalar feature-vector representations work

source code available: ws.binghamton.edu/kirchner
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