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‘ Meet the Leatherbacks
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‘ Meet the Leatherbacks (cntd.)
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‘ Pineal Spots
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‘ ldenti cation

What

» Leatherbacks nesting in colonies by the thousands (e.g. in Trinidad)
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N ldenti cation

What
» Leatherbacks nesting in colonies by the thousands (e.g. in Trinidad)
Why
» To determine population variables (reproduction, longevity, su rvival rates)

» To determine migration

How

» Sifting through photo database: manually!?

» Marking (transponders, tagging)
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N Outline

» Introduction

» Scale-Invariant Feature Transform (SIFT, Lowe in 2004)
» Matching of Images

» Results

» Concluding Remarks
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‘ SIFT: Example
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SIFT: Extrema Detection in Scale-Space

Firstly, convolve image | (x;y) with a difference-of-Gaussian function

D(xiy; )=(G(xy k) Gxy; ) 1(xy)

where
1 2, y2y—0 2
G(xy; )= ¢ (x+y®)=2
Note
Gx;y;k ) G(xy; ) (k 1) 2 G
Secondly, detect the local extrema of D(x;y; ) inscale-space.
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‘ SIFT: Extrema Detection in Scale-Space (cntd.)

Example with just one space-dimension
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‘ SIFT: Selection of Keypoints

Lots of local extrema are found!

Reject keypoints when
» Local contrast is low (make Taylor expansion of D(x;y; ))

» Located along edge
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‘ SIFT: Descriptor Assignment
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SIFT: Bene ts of Keypoints & Descriptors

The image has been reduced to a setof keypoints and descriptors !

Keypoints are local points of interest, furnished with location, b est tting scale,
and orientation with respect to the gradient.

The descriptors are de ned such that they appear invariant to image scaling
plus rotation and, to a considerable extent, invariant to chang e in illumination,
3D camera viewpoint, occlusion, clutter, or noise.

David G. Lowe: Distinctive image features from scale-invari ant keypoints,
International Journal of Computer Vision, 60, 2 (2004) 91-110
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SIFT: Descriptor Matching

Compare descriptor ~ ; ofimage | with all descriptors 2 of image 1°.

Descriptors ; and descriptor jo are said to match if

d( i; jo):mip d( i; )

and
d( i; )< 07 min d( i ; %) ie.itexcels!
j
(the best t should be considerably better than the second best)

otherwise it is rejected.

Because of the latter, matching is  not necessarily symmetric!
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‘ Matching of Images

Preprocessing
» Cropping (manually) to isolate pineal spot
» Convert to grayvalue images (speci c ltering, PCA, ...)

» Compute and store keypoints & descriptors
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Matching of Images (cntd.)

Let ng be the number of  bidirectionally matching descriptors.

Image Matching Algorithm
if ng > 10

Presumed positive
else if ng < 3

Presumed negative
else

Additional test required
end
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‘ Matching of Images (cntd.)

Additional Tests
» Regression: compute the distances between keypoints in each im age.

» Image registration: use the keypoints as control points, check th e grayvalues
around the control points.

Image registration:
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N Results

Example database of Leatherback images

Nr. of images 613
Nr. of false positives 0
Nr. of false negatives 0
Nr. of pairs processed 187,578
Nr. of pairs retained 73
for manual inspection (i.e. 0.04%)
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‘ Concluding Remarks

» Continued testing on larger datasets
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The End
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