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0. Preview

1. Vision retrieval demands general domain

2. Features

3. Searching and finding



ÅColor invariance from RGB

ÅColor constancy



shadows  shading  highlights  ill. intensity  ill. Colour

I                   - - - - -

R,G,B            - - - - -

r,g,b             +            +            - +            -

c1,c2,c3        +            +            - +            -

Hue              +            +            +                +            -

l1,l2,l3          +            +            +                +            -

m1m2m3      +            +             - +            +

- no invariance 

+ invariance

1.3 Computational colour constancy

Conclusion

2 Colour Invariance



Kernel Density Estimation for Object 
Recognition

Kernel density estimation of color images

2 Text, colour, shape and texture
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Density estimation

Object recognition: noise propagation 

2 Colour Invariance
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Density estimation

Object recognition: noise propagation 

2 Colour Invariance
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Object recognition: noise propagation 

2 Colour Invariance
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Density estimation

Object recognition: noise propagation 
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Density estimation

Object recognition: histogram construction

2 Colour Invariance
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Density estimation

Object recognition: variable kernel density estimation

2 Colour Invariance
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Density estimation

Object recognition: variable kernel density estimation
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Density estimation

Object recognition: noise propagation 

2 Colour Invariance



#

#

High certainty

Low certainty

color invariant value

color invariant value

uncertainty

image

Density estimation

Object recognition: variable kernel density estimation
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Density estimation

Object recognition: variable kernel density estimation

2 Colour Invariance
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Density estimation

Object recognition: variable kernel density estimation
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Density estimation

Object recognition: variable kernel density estimation
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Feature distributions



Colour invariance

matching

2 Colour Invariance

ÅHistogram of color invariant features

ÅInvariant features from color histograms
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Colour invariance

Invariant distributions vs distributions of invariants

2 Colour Invariance
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Colour invariance

Invariant distributions 

2 Colour Invariance
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Invariant distributions 
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Colour invariance

Results

2 Colour Invariance



Local shape and texture



ñShapeò in a broad sense: no segmentation

+ colour, gradient, shape and texture merge into one feature 
describing the (differential geometric) appearance of the object, 
hence requiring some form of segmentation as well.

This is called ñbroad shapeò here.

ñShapeò in a narrow sense: succesful segmentation

+ the geometry of the object given as indicator image b( x ) on g( x ), 
(loosely speaking: a binary image) after successful segmentation.

This is called ñnarrow shapeò or just ñshapeò here.

Direct ñshape distanceò: transform one shape into another

+ the difference between two shapes by deformation

Shape

narrow versus broad versus direct

2 Text, colour, shape and texture



Shape

narrow versus broad versus direct

2 Text, colour, shape and texture



Problem: partitioning a colour image into disjoint regions 
corresponding to objects in the image

Methods: kmeans, (split and merge -quadtree and -
delaunay triangulation, seed-based region growing)

Homogeneity criterion

Segmentation

Region-based colour image segmentation

2 Text, colour, shape and texture



2 Colour Image Processing

Region-based segmentation

Fitting lines in RGB-space (matte objects)



3D plot of whole image 3D plot of highlight with 
plane fitted

3D plot of highlight

Segmentation

Region-based colour image segmentation: fitting planes

2 Text, colour, shape and texture

Method in RGB-space (shiny objects)



Original image Result: fitting lines Result: fitting planesResult: mean&var

Segmentation

kmeans [Gevers, IEEE PAMI, 2002] 

2 Text, colour, shape and texture



skin pixels, not-skin pixels

RGB - space versus rgb - space

Conclusion: a range in normalized rgb-space specific for skin.

Region-based segmentation

Skin detection

2 Text, colour, shape and texture



Region-based segmentation

Skin detection: results

2 Text, colour, shape and texture



The 2-D Gabor function is:
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Region-based segmentation

Texture: 2-D Gabor filters

2 Text, colour, shape and texture



Original image K-means clusteringFinal segmentation

Region-based segmentation

Texture [Minh, Gesuebroek, ECCV, 2002] 

2 Text, colour, shape and texture



2.2 Region-based segmentation

2-D Gabor filters                                   [Minh, Geusebroek, ECCV, 2002]  

2 Colour Image Processing


