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Introduction

The performanceof an object categorizationsystem

dependsmainly on two ingredien ts:

² a suitable representation of the image(pixel values,

color histogram, etc.)

) traditionally main focus in Computer Vision

² a powerful classi¯cation algorithm (NearestNeighbour

Classi¯er, Bayesclassi¯er, etc.)

) core topic of Machine Learning
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The Bestof Both Worlds

What representation?

) invarian t local image descriptors

² invariant to transformations (translation, scaling,etc.)

² have proven to be very successfulin Object Recognition

Which classi¯er? ) Supp ort Vector Mac hine

² improved performance(e.g. over generative models)

² abilit y to control generalization
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How to do it?

SVM needsa kernel function on setsof local features
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Problem:

² local featuresare not ordered

² imageshave di®erent number of interest points
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ExistingApproaches

² Wallra ven et.al.a: averageover the distanceto the

best match

) match individual features

² Kondor and Jebarab: computesimilarit y of two

distributions

) comparestatistics

a C. Wallra ven et al, Recognition with Local Featur es: the Kernel Recipe, Pro c. of ICCV'03
b R. Kondor and T. Jebara, A Kernel between Sets of Vectors , Pro ceedings of the ICML, 2003
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A KernelbetweenSetsof Vectors

Bhattacharyya kernel on distributions:

K (p;p0) =
Z p

p(x)
p

p0(x) dx

² naÄ³ve approach: histogramsof local features

) impractical becauseof dimensionality

² ¯t a Gaussianand usesu±cient statistics (¹; §)

to capture more structure ) map local featuresto some

feature space(kernel trick)
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Experimental Setting

Experiments

wereperformedusing the ETH-80 databasea:

² local descriptors: SIFT-features (D. Lowe),

JET-features (C. Schmid)

² kernel-functions: Kondor's kernel, Wallraven's approach

² SVM + one-vs-restmulti-class scheme

a B. Leib e and B. Schiele, Analysing Appearance and Contour Based Methods for Object Cate-
gorization , CVPR'03
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Results

Leave-one-outperformanceon a subsetof ETH-80

(5 out of 41 views,grayvalues)

SIFT JET

Kondor 71% 75%

Wallraven 74% 63%
compareto:

kNN + Â2 on color histogram: 68%

SVM + Â2 on color histogram: 77%

SVM + RBF-kernel on raw pixels: 84%
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DiscussionandFuture Work

Discussion

² results still preliminary

² parametershave to be tuned (e.g. minor kernel in

Kondor-kernel)

² promising approach

Future work

² include spatial information

² other kernelson sets
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DetailedResults

Wallra ven Kondor Wallra ven Kondor

apple 84% 86% 56% 72%

pear 90% 86% 70% 90%

tomato 90% 88% 70% 92%

cow 64% 52% 60% 64%

dog 58% 52% 54% 56%

horse 32% 26% 48% 46%

cup 80% 82% 62% 82%

car 90% 94% 82% 98%

mean 74% 71% 63% 75%

SIFT-features of D.Lo we JET-features of C.Schmid
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