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Visual Words: Indexing, Bags of Words Categorization

5. Matching Local Features
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. Current Challenges and Research Directions

Part-Based Models for Categorization



Motivation

e Global representations have major limitations
e Instead, describe and match only local regions

e Increased robustness to
> Occlusions

> Articulation

> Intra-category variations
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Approach

1. Find a set of
distinctive key-
points

2. Define a region
around each
keypoint

3. Extract and
normalize the
region content

fa
g 4. Compute a local
| . il <= il descriptor from the
e.g. color e.g. color normalized region
" Nopixels d(fA,fB)<T

5. Match local
descriptors
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Requirements

e Region extraction needs to be repeatable and precise
~ Translation, rotation, scale changes
> (Limited out-of-plane (=affine) transformations)
> Lighting variations

e We need a sufficient number of regions to cover the
object

e The regions should contain “interesting” structure
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Many Existing Detectors Available

e Hessian & Harris ‘Beaudet ‘78], [Harris ‘88]

e Laplacian, DoG 'Lindeberg ‘98], [Lowe 1999]
e Harris-/Hessian-Laplace 'Mikolajczyk & Schmid ‘01]

e Harris-/Hessian-Affine 'Mikolajczyk & Schmid ‘04]

e EBR and IBR ‘Tuytelaars & Van Gool ‘04]

e MSER 'Matas ‘02]

e Salient Regions 'Kadir & Brady ‘01]

e Others...
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Keypoint Localization

* Goals:
> Repeatable detection
~ Precise localization
> Interesting content

= Look for two-dimensional signal changes
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Hessian Detector [eaudet7s]

e Hessian determinant

I, I,
Hessian (I) = I

Xy Yy

Intuition: Search for strong
derivatives in two
orthogonal directions
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Hessian Detector [eaudet7s]

e Hessian determinant

I, I,
Hessian (I) = I

Xy Yy

det(Hessian(I))=1_1_—1I°

XX Yy Xy
In Matlab:
Ixx.*lyy —(Ixy)’\2
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Hesslian Detector — Responses [seaudet7s)

Effect: Responses mainly
on corners and strongly
textured areas.
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Hesslian Detector — Responses [seaudet7s)
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Harris Detector [Harrisss;

e Second moment matrix
(autocorrelation matrix)

I*(c,) 11, (aD)}

H(0;,0p) = g(O'I)*|:Iny(O-D) I5(0,)

Intuition: Search for local
neighborhoods where the
image content has two main
directions (eigenvectors).

K. Grauman, B. Leibe
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Harris Detector [Harrisss;

e Second moment matrix
(autocorrelation matrix)

I*(c,) 11, (aD)}

H(0;,0p) = g(O'I)*Lny(O-D) I5(0,)

1. Image derivatives
8x(0p), 8,(0p),

K. Grauman, B. Leibe
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Harris Detector [Harrisss;

e Second moment matrix

(autocorrelation matrix) - \
I)?(O-D) Iny(O-D) . . I

1. Image derivatives
8x(0p), 8y(0p),

2. Square of
derivatives
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Harris Detector [Harrisss;

e Second moment matrix
(autocorrelation matrix)

I} (c,) 11,0,
Iny(O-D) Ii(O-D)

1. Image
derivatives

uo,;,0,)= 8(0-1)*|:

2. Square of
derivatives

3. Gaussian
filter g(o;)
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Harris Detector [Harrisss;

e Second moment matrix
(autocorrelation matrix)
IX(o,) 1.1,(0,)

1.1,(0,) I;(op) 1. Image
derivatives

ﬂ(GI,O'D)=g(O',)*[

2. Square of
derivatives

3. Gaussian
filter g(o;)

4. Cornerness function - both eigenvalues are strong

har =det[u(o,,0 ,)]—altrace(u(o,,0,))] =
gD —[gU I ) —algU))+gU)]

5. Non-maxima suppression
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Harris Detector — Responses [Harrisss]

¢

Effect: A very precise
corner detector.
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Automatic Scale Selection

f(Iil...im (x,0)) = f(Iil...im (x',0%))

Same operator responses if the patch contains the same image up
to scale factor
How to find corresponding patch sizes?

©
=
o
5
|—
c
Ig
=
c
(o)
o
o
Q
o
)
o
2,
o)
o
©
=
2
>

K. Grauman, B. Leibe

19



©
=
o
5
|—
c
Ig
=
c
(o)
o
o
Q
o
)
o
2,
o)
o
©
=
2
>

Automatic Scale Selection

e Function responses for increasing scale (scale signature)
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Automatic Scale Selection
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Automatic Scale Selection

sdmTTTITTTT T T T T T T T T T T T T
o] ra
2.0 3.80 s 10

K. Grauman, B. Leibe

4?1 |

£, , (x.0)

19

22



©
=
o
5
|—
c
Ig
=
c
(o)
o
o
Q
o
)
o
2,
o)
o
©
=
2
>

Automatic Scale Selection
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Automatic Scale Selection

e Functionr

——

N/

scale

f(Iil...im (x,0))
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Automatic Scale Selection
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What Is A Useful Signature Function?

e Laplacian-of-Gaussian = “blob” detector

K. Grauman, B. Leibe
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Laplacian-of-Gaussian (LoG)
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Results: Laplacian-of-Gaussian
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Difference-of-Gaussian (DoG)

e Difference of Gaussians as approximation of the
Laplacian-of-Gaussian

K. Grauman, B. Leibe
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DoG - Efficient Computation

e Computation in Gaussian scale pyramid

step o%=2

Scale
(next
octave)
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Results: Lowe’s DoG
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Building a Descriptor
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01 Actual implementation uses 4x4 descriptors from 16x16
which leads to a 4x4x8=128 element vector



