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Why shape

* User interviews show:
for object retrieval, shape is more important tha|
color and texture

» Problem: effective shape is more difficult than
effective color and texture

» Check yourself: e.g. with Blobworld:
http://elib.cs.berkeley.edu/photos/blobworld/start.html
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Typical problems

¢ What is the matching transformation?
» No one-to-one correcpondence

* Occlusion
* Noise

Typical problems

« Partial match: only part of query appears in
part of database shape
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What is shape?

Plato, "Meno", 380 BC:
"figure is the only existing thing that is found
always following color"

What is shape?
"terms employed in geometrical problems":
"figure is limit of solid"




Levels of Shape

* Global:
—image
— object

* Local (weak):
—image
— object

Types of Object Shape

* Point pattern
» Curve

» Contour

* Region

Global Image

¢ Fourier transform

« Discrete cosine transform (used in jpeg)

* Wavelet transform

Global Image

Transformation from color in spatial domain to
color variation in frequency domain

No explicit shape encoding, but intensity
transitions at object boundaries

« Because whole image is encoded, no matchin
of individual shapes

Global Object

» Matching of a single, whole, object
» Features:

— Elementary descriptors

— Moments

— Modal matching

— Fourier descriptors

— Curvature scale space
« Drawbacks:

— Relies on perfect segmentation

— Sensitive to noise and occlusion

Local Object

Matching local descriptors
Weak segmentation
Features:

— Corners, relative position

— Corners, curvature




Global, Region

Elementary descriptors
e AreaA
Perimetet
« Compactness=I2/(47A)
Circularity, roundneséd/c
Centroid (center of mass)
* Major and minor axea,, A,
Eccentricity f\||/[|Al]
* Minimal bounding box are#&,,=h b
Rectangularityd/A,,

Global, Object
Moments
 Object uniquely defined by infinite
sequence of momenks, ;
m,= Iom xPy9 dxdy

P.q

* In terms of pixels [1,n]x[1,m] imag&X,y):

Mye =22, f(xy)x"y"

x=1 y=1

Global, Object
Moment invariants

» Translation invariant: central moments

- _Moss, M
Hpq = Iobj% Mo g%y Mo % dxdy

* Invariant under uniform scaling with factor:

_ Hpgla™"?

I7qu (p+q+2)/2
0,0

Global, Object
Moment invariants

Rotation invariant:
§1= Mot Hop
& 2= (Moo~ Moo + 4 Hys?
637 (Ma - 3Hpp) + (3My1 - Hoo)®
0a= (Moo * Hiol® + (o + Ho)?
5= (Mao - 3hs2) * (Hao + Hag) [(Hap + Hap)? - (kay * Hos)] +
(31 ~ Hog) * (Has *+ Hoa)l 3(Hao * Mro)? - (Has + Ha)’]
&= (Moo~ HO2) [ (Hao + Hup) - (Mos + Mogl® 1+ 4y (Mao *+ Hip) (Hoy * Hoo)

Reflection and rotation invariant:

7= (3 Hag - Hog )( o+ Hial (Hao + Mip)?~ 3(Hyy + Hog)] +
(Htap - 3H15) (Mo *+ Hog)l (Mo + Mo (Mo + Hos]

Global, Object
Example: QBIC

Features:

Area, compactness, eccentricity,major axis
orientation, moment invariants up to degree 8

Curves, Contours

Modal Matching

» Take n samples along contour

* Matrix D=(d;) describes interaction
between points andj

» Determine n modes, or eigenshapes, the
eigenvectors ob:

De = J¢g




Curves, Contours

Modal Matching

Curves, Contours

Fourier Descriptors

* nmodesg of query,n modesg’ of target » FD of some shape signature:
* Some dissimilarity measures between — Complex Coordinates: z(t)
modesm(g,g’)

— Central Distance: r(t)
— Chordlength: r*(t)

— Curvature: K(t)

— Cumulative Anglesd(t)
— Area function: A(t)

For fixedi,, determine valug, of j for
which m(g,,§") is minimal

If i for which m(g,g,") is minimal isi, then
pointi of query and point j of target match

Complex Coordinates Central Distance

Zt) = [X(O —xJ +ily(®) -yl r(®) = ([X() = xJ> [y() - yJ9)*?

X= M0 %= W ®

Chordlength Cumulative Angular Function

r*(t) = length of chord in object perpendicular * Also called turning angle function
to tangent ap, as a function op o ¢ (1) =[6(t) - (0)]mod(2r)




Curvature Function

< K(t) = (1) - 6(t-1)

91t = arctanw
X(t) = x(t +w)

e Wis jumping step in selecting next pixel

Area Function

At) = % %00 %Oy 0)|

Fourier Descriptors
« Fourier transform of the signature s(t)
= %Es«)exp(

=N
* u,n=0,1,..,N-1, are called FD denoted &,

- j2mt

¢ Normalised FD

Where m=N/2 for central distance, curvature and angular function
m=N for complex coordinates

FD Convergence Speed

« Finite number of coefficients are used to approximate the signal.
Partial Fourier sum of degreeof u(t) is given by

(Su)®) = Y a(kye™

ki<n

« For piecewise smooth functiar(t), there exists one-to-one
correspondence betweerft) and the limit of their Fourier series
expansion

lim (S,u)(t) = u(t)
N
« For shape retrieval application, number of coefficients to represent

shape should not be large, therefore, the convergence speed of the
Fourier series derived from the signature function is crucial

FD Convergence Speed

» How fast get the FD coefficients below a
threshold?

Signature Number of normalized Number of normalized
functions FD coefficients >0.1 coefficients > 0.01
() 15 120
() 40 360
At) 20 210
2(t) 10 50 ~fast
[0} 40 280
K(t) o ® ~slow

FD Matching

« Similarity between a query shape and a
target shape in the database is

d=(3 (10 17

wheref, = (frf2 S f) and f, =(fl f2,...f,") arethe

q g
feature vectorsof thetwo shapesrespectivly




FD Performance

« PrecisionP is the ratio of the number of relevant retrieved shapesthe total
number of retrieved shapes

* RecallRis the ration of the number of relevant retrieved shaptesthe total
numbem of relevant shapes in the whole database
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Curves, Contours

Local descriptors

To process the shape locally on salience: search for
local maximum {s(t)}

Supported by perceptual evidence that:
— humans focus on high curvature points
— humans keep the memory of figure by a few, salient points
— humans are very poor in quantitative measurement of overall sh

hpe

Curves, Contours

Local descriptors

Location:x(t)
Tangent(t) = X' (t)
Curvaturex(t) = ¢ (t) = x" (t)

Curves, Contours

Curvature Scale Space

» Smooth curvature along contour

Curves, Countours
Curvature Scale Space
» ContourC(s)=(x(s),y(s))
« Convolution with Gaussian kernel of width

X, (S) = X(5)* @t) = jx(s)go(t -s)dt

2
e 202

1
t)y=— =
20=

same fory(s)

Curvature Scale Space

* Increasingo: positions of zero crossings
move together, then annihilate

» Number of zero crossings decreases until
contour is convex

» Matching: match points of annihilation in
(s, 0)-plane:

http://www.ee.surrey.ac.uk

[Research/VSSP/imagedb/
demo.html




Hausdorff distance
* Finite point sets A, B:
d(A,B)=mad, ;n, Ming, 5, d(a,b)
« Infinite point sets (curves, regions):
d(A,B)=sup, 5, infy, 5, d(a,b)
» Hausdorff distancél(A,B)=max{d(A,B), d(B,A)}

Local Object
Affine Invariant Ratio

Affine invariance

given4 pointsa,b,c,d and
stheintersecton of acandbd,
thenare

las| and Icsl

|ab]Jed]

invariant
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Local Object
Projective Invariant Ratio

Projective invariance: cross ratio

Projectivenvariancg5 points):
sin(@, +6,)sin(@, +6,)

sin@g,)sin(@, +6, +6,)

Which similarity?

discrete metric:

_ if Aequals B
d(A,B) = Zotherwise

exact congruence matching
metric, invariant under all homeomorphisms!
but lacks robustness properties

Which algorithm?

class of algorithms:

* voting schemes
— alignment (Ullman, Huttenlocher)
— geometric hashing (Wolfson et al.)

— generalized Hough transform (Ballard)
pose clustering (Stockman)

Which algorithm?

class of algorithms:
* subdivision schemes

— decision problem, translation+scaling
(Huttenlocher, Rucklidge)

— optimization problem, affine transformation
(Hagedoorn, Veltkamp)

— combination with alignment (Mount)
— combination with matchlist (Breuel)




Example 1: application

6800 hieroglyphs, 72000 polylines
from Center for Computer-aided
Egyptological Research:
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Example 1: problem
find B's for which there is g: d(g(A),Bie ?

A B
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Example 1: similarity

turning function distance

< WL

similarity is function distance

Example 1: similarity

turning function distance

d(A B) =§'nintve T| O,(s+1) -0, (s) +8° ds%

Opls)

Example 1: properties

« triangle inequality
« translation, rotation invariant
« deformation robust

Example 1: algorithm

« 0*(t)=/ g(s) ds - [ f(s) ds - a1t

 Naive evaluation: compute each of O(mn)

shifts in O(m+n) time

¢ Incremental evaluation: O(mn log mn) time

@pla)

Oala)




Example 2: Weighted Point Set

« Certainty of position
low weights should match easier

 Certainty of existence
high weights should match easier

« Amount of some property
match one distribution with another

» This example: amount of curvature

Example 2: similarity
Earth Mover's Distance between
{(p1.Wa), ... (P W)} @nd {(012,Uy), - (G U}

min_ > >" f,d;

i=1 j=1

d:min(Zw,ZuJ)

f, 20
Z fiJ Swuzfu sU;
2.2 f =minw, 3 u)

no triangle inequality for unequal total weights

Example 2: similarity
transportation distance between
{(P1WD, ... (P W)} and {(0l,Uy), -, (G U}

ming anzm: fid;
d= i=1 j=1
2w
f;20, DY fi=>w
5 g
U w
fy =< fy=w
Ty T

triangle inequality for unequal total weights

Example 2: EMD result
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With EMD, 2"d apple not as "2 match

- [ ‘ S EaTe
. ™ L i =y
Example2: § . § =
PTD i T |80 -
Result : @ |G -
i B o ol )
o | 5 e & | @
FoAE AR R
ol D ke A
[ sietets | - . ar
| il ik = 5L
| g —
Example 2: %5550 S ==
PTD T A el
Result :
demo e i




Example 2
Counter example

Example 2
3D models

» Polyhedral models

* In fixed grid, select those vertices with high

curvature

Experimental results
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“Princeton database”: 133 models classified by
function into 25 classes

FETER RN

“Utrecht database”: 512 models classified by shape
into 6 classes

e =

Example 2:

PTD
Result

demo
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