Intro duction
Our Approach
Experiments
Conclusions

RandomSulwindaws for Robustimage
Classi cation

Raphal Mar@e, Pierre Geurts,Justus Piater, Louis Wehenlel

Institut Monte o re, University of Lipge, Belgium

CVPRO05,22th June 2005

Da

[m] [l = =

Mar€e et al. Random Subwindows + Extra-T rees 1/ 25)



Intro duction
Our Approach

Experiments
Imageclassi cation

Image classi cation
Conclusions

e Givena training setof N labelledimages(i.e. eachimageis
newimages

assaiated with a class),build a model to predict the classof
@ Challenges

s To avoid manualadaptationto speci ¢ task

o To be ableto discriminatebetweena lot of classes
@ To be robustto uncontrolledconditions

@ lllumination/scale/viewpoint/o rientation changes
o Partial occlusions,cluttered backgrounds
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Approaches

o GeneralschemgMOO04]

» Detection of \interesting" regionsin images[MTS* 05]
e Harris, Hessian,MSER, edge-based|ocal variance, ...
s Descriptionby feature vectas [MS05

@ SIFT, PCA, DCT, moment invariants, ...

¢ Matching of featurevectas

@ Neaest neighbor with Euclidian, Mahalanobisdistance, . ..
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Approaches

o GeneralschemgMOO04]

» Detection of \interesting" regionsin images[MTS* 05]

e Harris, Hessian,MSER, edge-based|ocal variance, ...
@ Randomextraction of squae patches

s Descriptionby feature vectas [MS05

@ SIFT, PCA, DCT, moment invariants, ...

o Pixel-basednormalized representation
¢ Matching of featurevectas

@ Neaest neighbor with Euclidian, Mahalanobisdistance, . ..
@ Recentmachinelearning algaithms able to handle
SVMs

high-dimensionaldata, e.g.: Ensembleof DecisionTrees,
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Detecto: RandomSulwindaws

o Extract Subwindows of randomsizes,at randomlocations
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Descripto: 16x16Hue-Saturation-®lue
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o Resizeeachsubwindow to 16£ 16
o Descrile eachsubwindow by its 768 pixel values(in HSV) UL}
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Leaning: sulwindav classi cationmodel

e Extract Ny (>> N) sulwindows from training images
o Randomdetecta, 16x16HSV descripta

s Label eachsubwvindow with the classof its parent image

0 Ha

@ Build a subwindow classi cationmodel by supervisedleaning
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Leaning: Extra-Trees[Geu02 GEWO0%

a,| a,| a,]| a,|.... |azda,la,iClass
[]| 60| 0.4 99 17].... | 1 |0.23164 C1
[7]] 60]0.37113) 23|..... |29 |0.07230| C1
]| 75|0.03210| 1|.... |77 |0.0§258 c1
] 2] oq 88| c2
] 3|02 .12145| C2
[ 2[00 54100 C3

Ensembleof T decisiontrees, generatedndependently

@ Top-down growing by recursivepartitioning

@ Internal test nodescompae a pixel-lccation-channelto a
threshold(a < v;), terminal nodesoutput classprobability
estimates

s Choiceof internal tests at random

s Fully develomd (perfect't on LS)
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Recognition:aggregatiorof sulwindavs and tree votes
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Metho dology

Experiments

e Standad classi cationdatasets(4 in the paper + 4)

o Multi-class (up to 201 classes)
s lllumination/scale/viewmint changespartial occlusions,
cluttered backgrounds

e Standad protocols

s Independenttest set or leave-one-ouwalidation
s Directly compaableto other resultsin the literature

o Parameters

s Number of learning subwindows: N,, = 120000(total)
@ Number of treesbuilt: T = 10
o Number of test subwindows: Ny .est = 100 (per image) %
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Datasets:ETH-80[LS03 (8 classes)
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Datasets:ZuBuD [SSVO03 (201 classes)
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Datasets:WANG [CWO04 (10 classes)

Mar§e et al.

Random Subwindows + Extra-T rees (13 / 25)






Intro duction
Our Approach
Experiments
Conclusions

Datasets

Datasets:AR ExpessionVariant FacesMB98] (100 classes)
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Datasets: TSG-20[FSPB0% (20 classes)
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Datasets

Datasets:IRMA [LGD'" 05] [ICS09 (57 classes)

(ImageCLEF 2005 [iCS05])

(courtesy of TM Lehmann, Dept. of Medical Informatics, RWTH Aachen, Germany)
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Results:Misclassi catiorerra rates

DB Is/ts class us worst best
COIL-100| 1800/5400 | 100 || 0.50¢ || 12.50+ | 0.10% mooa
COIL-100 100/7100 100 || 13.58 50% 24y [Mooa]

ZuBuD 1005/115 201 | 4.35¢ 5% O [mooa)
ETH-80 3280/3280 8 25.49; || 35.15, | 13.60s [Lso3
WANG 1000/1000 10 || 15.90¢ | 62.5¢ | 15.90s [pknosa)
MNIST | 60000/10000| 10 2.13 12 0.50% [pkNO4b]
AR EVF 100/600 100 || 15.83¢ || 29.83 12% [tcz* o5
TSG-20 40/40 20 5.0% 2.5 O [FsPBOS]
IRMA 9000/1000 57 14. % 73.3% 12.6x icsog

Mar§e et al.

Random Subwindows + Extra-T rees

(18 / 25)



Intro duction
Our Approach
Experiments

: Result:
Conclusions esults

COIL-100:robustnesgo viewmint changes

40%

Extra-Trees + Random Subwindows —s—
30%
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test image azimuthal angle

error rate

o COIL-100: erra rate dependingon azimuthaltest angle,leaning
only from the frontal view (0%):
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Someobservationssulwindov classi cation
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Robustnesso orientationchanges
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o RandomSubwindows

s Aggregationof a large amount of information
@ Useboth local, global, (un)homogeneousegions,. ..
s Pixel-basecharmalizedrepresentation
& Normalization to a "xed size
@ HSV limits the e®ectof illumination changes

¢ Toleranceto partial occlusionsand cluttered backgrounds
o Extra-trees

o Accurateevenwith high-dimensionatiata (variancereduction)
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@ Novelimageclassi cationmethad that...

s combinesRandomSubwindowns and Extra-Trees
¢ Yyieldsquite good resultson a variety of tasks

e could be quickly evaluatedon new classi cationproblems
o few parameters(the more trees/subwindows, the better)
o fast learning (§ 6m30son ZuBuD)

8 is now implementedin Java:

http://www.montefiore.ulg.ac.be/~maree/

o fast classi cation (tree depth § 18.26 on ZuBuD)
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Extensionsand Future Work

o Method

s Compaisonwith other detectas and other descriptas
o Compaisonwith other machineleaning algaithms

o CART, Bagging, Boosting, Random Forests: [MGPWO05]
@ KNN, SVM

o Filtering Subwvindaws for heavilycluttered backgrounds?

o Evaluation

@ ALOI, Butter®ies, Birds, Caltech101,NORB, ..., ?
@ Ongoingreal-world applications: metal powders,marbles,
°owers, licenseplates, . ..
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