Scale Invariant Feature Transform (SIFT)

1. Build Gaussian Scale Space

· Definition: a convolution of an image with a variable scale (sigma) Gaussian

· Pyramidal construction

i. Octaves as levels of pyramid

ii. Octave represents doubling of sigma

iii. Algorithm samples 3 scales per octave plus 2 extra (5 total images)

· Each sample is a convolution

iv. Each octave is half the size of the previous one

v. An image is doubled in size for the first octave (gives more keypoints)

vi. No limit to the number of octaves (except image size)

2. Build Difference of Gaussian Space (DoG)

· Subtract adjacent images in Gaussian Space

· This approximates Laplacian of Gaussian

3. Find keypoints (SIFT features) on the DoG

· Minima or maxima of 26 neighboring points (9 above, 8 at, 9 below); see figure in slides

4. Localize keypoints

· Precise location of a keypoint determined by fitting a 3D (x, y, sigma) quadratic curve to the sample points around a keypoint

· Uses Taylor expansion (3x3 linear system)

· If the new offset is larger than 0.5 in any dimension, repeat this process with the closer sample point

5. Filtering

· Check for contrast

i. Look at the DoG value at the keypoint

ii. If < 0.03, throw the keypoint out

· Check for “well-defined peak” (edge-iness)

i. Ratio of two derivative expressions (trace and determinant of Hessian matrix)

6. Orientation assignment

· Uses the standard arctan() on the points in the Gaussian image where the keypoint came from (determined from keypoint’s scale) to calculate orientation

· Orientation(s) assigned from the histogram of orientations in the region around the keypoint

· Multiple orientations improve stability of keypoints

7. Descriptor

· Original SIFT

i. Orientation histogram of gradient magnitudes in the region around the keypoint (16x16 sample area)

ii. Coordinates of descriptor and gradient orientations rotated relative to keypoint orientation to achieve rotation invariance of the descriptor

iii. Each point weighted by a Gaussian function

iv. One orientation histogram for each 4x4 sample region (gives 4x4 histograms)

v. Each histogram has 8 orientations (thus 4x4x8=128 total elements in the descriptor)

vi. Trilinear interpolation used to distribute the value of each gradient sample to adjacent histogram bins (reduces boundary effects)

vii. Descriptor vector normalized to unit length, capped, and renormalized again to reduce effects of illumination change

· Distribution of values in the vector is more important than magnitudes

· PCA-SIFT[image: image1.png]



