
A D IFFUSION WAVELET

APPROACH FOR 3-D M ODEL

M ATCHING

Authors: K.P . Zhu, Y.S. Wong, W.F. Lu, J.Y.H. Fuh

Presented by: Raphael Steinberg



SCHEDULE

ºIntroduction

ºDiffusion Maps

ºWavelets and Diffusion Wavelets

ºFisherõs Discriminant Ratio (FDR)

ºRetrieval Procedure

ºResults

ºConclusions

2



I NTRODUCTION

ºCurrently - A larger than ever number of 

3D Models in CAD, computer games, 

multimedia, molecular biology, computer 

vision and more

ºThere is a need for 3D Retrieval 
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I NTRODUCTION (2)

ºTagging are not always available or 

sufficient to describe the model we 

require

ºCombine topological information 

with multi -scale properties
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ºModel Reusability (CAD/Animation)

ºModel Matching

ºVideo Retrieval ( 2.5D/Virtual 

environments)

ºEcommerce

ºCorrecting defects

ºEfficient Representation

ºMany other usesé

MOTIVATION FOR 3D RETRIEVAL
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OBSTACLES IN RETRIEVAL

ºPartial retrieval - Non-transitive

ºFunctional description

ºHow to match text tags with vertices 

and texture?

ºOrthonormal coordinate system
6
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3D M ODEL MATCHING ðPRIOR ART

ºFeature vectors using wavelets to 

mesh vertices ðlocalized in both 

space & frequency ð

Paquet et. al. 2000

ºRandom sampling for comparison ð

Osada et. al. 2001
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SPHERICAL HARMONICS (SH)

ºGlobal method in Euclidean space

ºlacks multi -scale analysis 

ºLegendre polynomials solve the 

Laplace equation in Spherical 

coordinates

Vranic et. al. 2001
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SPHERICAL WAVELETS (SW)

ºMulti -scale in Euclidean space 

ºLacks connectivity on the manifold

Tannenbaum et. al. 2007
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DIFFUSION MAPS I NTRODUCTION

ºOriginally suggested by Stephan Lafon

and  R.R. Coifman from Yale Math, 

circa 2005

ºMany other manifold learning 

techniques exist

ºData analysis based on geometric 

properties of the data set 12



MANIFOLD LEARNING ALGORITHMS
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MANI - Manifold learning Matlab tool



DIFFUSION MAPS
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Åvi is a feature vector 
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DIFFUSION MAPS

ºAssumptions

Å Points are sampled uniformly on the 

manifold

Å Smooth manifold (no fractals in our 

case)

Å Fixed boundary conditions

Å Enough points = feature vectors 

(NƂÐ)
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1) Use RBF Gaussian Kernel to choose Ȅ

2) Normalize W to create a Stochastic Matrix

DIFFUSION MAPS ALGORITHM
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DIFFUSION MAPS ALGORITHM (2)

3) Diffuse by taking higher powers of t 

òThe diffusion distance is equal to the 

Euclidean distance in the diffusion 

map spaceó , Nadler et. al. 2005

4) Cut manifold according to dominant 

eigenvalues
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DIFFUSION MAPS CODE EXAMPLE
function checker();

close all;

tetha =2*pi*rand( 1,500);

z=[cos(tetha );sin( tetha )];

figure( 1);scatter(z( 1,:),z(2,:),'b*');hold on;

N=size(z,2);

epsilon= linspace(0.01,.3,10);

%epsilon=.3;

W=nan(N);

summer= nan(1,length(epsilon));

for k= 1:length(epsilon)

for i=1:N

parfor j= 1:N

W(i,j)=exp( -sum((z(:,j) -z(:,i)).^ 2)/2/epsilon(k));

end

end

summer(k)=sum(sum(W));

end

figure;scatter (log(epsilon),log(summer));title('Epsilon - linear region')

p=polyfit (log(epsilon),log(summer), 1);

d=2*p(1);%manifold dimension

M=W* diag(1./sum(W,2));

[U V]= svds(M);

sync=max(U(:, 2));

figure( 1);scatter(U(:, 2)./sync,U(:,3)./sync,'rd ')

title('Original manifold as stars and reconstructed manifold as 

diamonds')

end
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PROBLEMS WITH MESH SIMPLIFICATION
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