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@ Segmentation
@ Preprocessing

© Segmentation Approaches
@ Thresholding
@ Clustering
@ Hierarchical Clustering
@ Partitional Clustering

© Cluster Validity

@ mage Segmentation
@ Region Growing
@ Edge Detection
@ Discontinuity Detection |
@ Split and Merge
@ Motion Segmentation (oA

© Haindl MI-ROZ - 05 2/61

©={X;,i=1,...,n} data space

Pe =BG, 5% ) feature vector

Q={w,...,wk} class label space

df :© —=Q segmentation / classification / clustering

/ unsupervised learning / partition
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©={X;,i=1,...,n} data space

2e =g, 05 feature vector

Q={w,...,wk} class label space

df :© —Q segmentation / classification / clustering
/ unsupervised learning / partition

@ 0=UL, 6

(oTiA]
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data space

2o =1bga e 5w feature vector
Q=A{w1,...,wk} class label space
df :© —=Q segmentation / classification / clustering
/ unsupervised learning / partition
0 @ - U,': el
Q@ 9,NO; =0 Vi#j
(gTiA)
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©={X;,i=1,...,n} data space

2e="pg5,0 0050 feature vector

Q={w,...,wk} class label space

df :© —Q segmentation / classification / clustering
/ unsupervised learning / partition

@ 9=Ur, 9

Q@ 9,NE; =10 Vi j

Q 1(9;) = True vi
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©={X;,i=1,...,n} data space

e =1bga 05w 4 feature vector

Q={w,...,wk} class label space

df :© —=Q segmentation / classification / clustering
/ unsupervised learning / partition

0 @ - U,': @I

Q@ 9N =0 Vi #j

Q f(O;) = True Vi

O f(©;U0)) = False i # j,©; adjacent ©;
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@:{X,-,izl,...,n}
SG—=rbarsy el
Q={w,...,wk}

data space
feature vector
class label space

df :© —Q segmentation / classification / clustering
/ unsupervised learning / partition

Q0 6= Ulel i

Q@ 0,NO; = Vi j

Q 1(9;) = True vi

O f(©;U0)) = False i # j,©; adjacent ©;
Q VX, X € O, = X,, Xs € connected path
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©={X;,i=1,...,n} data space

2o =1bga e 5w feature vector

Q=A{w1,...,wk} class label space

df :© —=Q segmentation / classification / clustering
/ unsupervised learning / partition

0 o=, 0;

Q@ 9,NO; =0 Vi#j

O f(9;) = True Vi

O f(©;U0)) = False i # j,©; adjacent ©;
Q VX, Xs € ©; = X,, Xs € connected path
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I
©={X;,i=1,...,n} data space
2e="pg5,0 0050 feature vector
Q={w,...,wk} class label space
df :© —Q segmentation / classification / clustering
/ unsupervised learning / partition
0 o=U~L, 6
Q@ 9,NE; =10 Vi j
Q 1(9;) = True vi

O f(©;U0)) = False i # j,©; adjacent ©;
Q VX, X € ©; = X,, X € connected path
mixture probability density decomposition

K K
p(©) =) Pwi)p(Olwi) =Y _ f(Olw;)
i=1 =il
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Stirling number of the second kind:

S(n, K) = %g(_l);{—;( fl< ) ”

5(15,3) = 2375101, 5(100,5) ~ 1088, 5(106, 10) ~ 10%° =
evaluate all possible clustering is impossible
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pixels r, s are connected if
@ r,s are adjacent (4-connectivity, 8-connectivity)

e X,, X; are similar in some sense

* * Kk %k * *
*x I x *x I % r
*x Kk % * *
4 8 D
I} I} /!
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r,s are 4-connected if s € I?
r,s are 8-connected if s € /8
r,s are m-connected if s € I* Vs € IPAIZN I} =0

connected path fromrp tor, & Vi=1,...,n—1r,riy1 are
connected
0 01 0 01
010 010
1 10 1 10
e 1"
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r,s are 4-connected if s € /*

r,s are 8-connected if s € /8

r,s are m-connected if s € [} Vse IPAIZNI} =0

connected path fromrptor, & Vi=1,...,n—1r,riy; are
connected
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@ Outlier Removal
@ Missing Data
@ Data Normalization

(oTiA]
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@ Outlier Removal
@ Missing Data

@ Data Normalization

Outlier Removal
X € N = | Xoutiier| > p + 30

(oTiA]
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© Outlier Removal
@ Missing Data
© Data Normalization
Missing Data
@ discard

@ replace missing values with the corresponding mean / several
kNN training samples

@ predict from the underlying distribution

@ proximity measure robust to missing data
b — 0, both x;,y; available;
"1 1, otherwise.

d
— S Y ki

I(X,Y)= p
d—> i1 biyiplo [TiA)
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© Outlier Removal
@ Missing Data

© Data Normalization

Data Normalization
@ have a same scale
@ have i =0
@ have a common standard deviation 6 = 1

@ resolve skewness

S (xi — p)®

skewness —
" (n— 1)v3/2
, S (x; — p)?
(n—1) .
(OTiA)
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Euclidean metric requires that all variables are measured on the

same scale (x = 0,0 =1). Xi = [xi1y-- x4 "
" ]
" @
@
02X
N0 .
4 scaling (4 x 2 clusters) (oTia)
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Euclidean metric requires that all variables are measured on the

same scale (u = 0,0 = 1). Xi = [Xidy--sxid] T
centering
I
N _ _ 1
Xik = Xik— X, Xi. =7 E X j
=1
fik = 0
(OTiA)
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Euclidean metric requires that all variables are measured on the
same scale (u = 0,0 =1). Xi = [xi1,-- x4 "

object normalization

_ /
. Xjk — Xi,. _ 1
Xik = Xi. =7 § Xi j
j=1

\/ 31 (i = %i.)?
0

!

2 _
g xi’j—l
Jj=1
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Euclidean metric requires that all variables are measured on the

same scale (u = 0,0 =1). Xi = X155 x]"
variable normalization I.
= n
N e i 1
Xik = Xk =22 Xk

\/Zle(xj,k — X k)? j=1
1

X kll2 =
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Euclidean metric requires that all variables are measured on the
same scale (u = 0,0 = 1). Xi = [Xiay--sxig]"

z-score normalization

Xik — X k

Xik = s —
o1 21 (X k — X k)
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Euclidean metric requires that all variables are measured on the
same scale (u = 0,0 = 1). Xi = [Xity--sxid] T

z-score normalization

Xik — X k

Xik = T —
a1 21Xk — X k)

variable normalization Il.

)?i,k = kai,k fk >0

(oTiA]
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Euclidean metric requires that all variables are measured on the
same scale (1 = 0,0 = 1). Xi = [Xiay--sxig]"

range normalization (< 0,1 >)

N . Xi,k — min,-{x,-7k}
max,-{x,-vk} — min,-{x,-yk}

Xik =

Euclidean metric requires that all variables are measured on the
same scale (u = 0,0 =1). Xi = [xi1,--5x]"

© appropriate scaling method not known in advance
© object normalization is seldom effective
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X, r=[n,r,n] — 3D histogram(cube)
3 € {R,G,B}
X, r={[rn,r,rs] — 3D histogram(cube) e multi-feature (multispectral) methods (thresholding —
clustering)
r e {R,G,B} @ single-feature (monospectral / single sensor) methods

e multi-feature (multispectral) methods (thresholding —
clustering)

(oTiA]
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Q X . segmentationV r3
(2] thematlc maps fusion (majority, composition)
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@ spatial clustering
o thresholding
e multidimensional measurement SC
@ hierarchical SC
- agglomerative
- divisive
@ partitional SC
e SC with thematic map modelling
@ region growing
e single linkage RG
e split and merge
e discontinuity (edge) detection
e derivative operators
e combined detection
e probabilistic relaxation
e linkage combination techniques

@ spatial model based methods
@ motion segmentation
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SA T € e e

A A

Xe>T = wp
X < T — ws

it 15
Ti< X, < To > wp

Xr>To — wo
X, < T1 — w3 (background)
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SA T C HC PC

problems:
© no contextual properties considered

& multimodal histograms

threshold
@ global

@ local

band thresholding

Xr € <05;5> — W1
Xr ¢ <O‘;6> — W2

(oTiA]
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SA T C HC PC

@ advantages
ignore spatial distribution

e stable against orientation changes
e stable against template misalignment
e stable against occlusion

@ disadvantages

& inaccurate localization
© dependent on relative objects sizes

(oTiA]
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assumptions:
@ 2 brightness regions
@ 2 values + additive Gaussian noise
o 11 <

mixture probability density

Pi

8 — )
\/§7TO’,' exp[— 20_2 ]

2
p(X) = Pip1(X) + Papa(X) = Z

SA T € e e

OP(error
( ) 0 = Pipi(T) = Papa(T)
oT
—b+ \/52 — 4ac
N2 = 2a

o2 P

_ 22 22 2 2
¢ = o1p; — o3 + 20705 In( )

012

o 2
IfU%:O’% = T]_:Tz:—p’l—guz—l——a In(&)

b= 2(in103 — p20%)

p1—p2 P1
Pl + P2 =1 LS parameters (Nlaﬂ27‘717027 Pl) estimation
T oo 1 n 5
P(error) = P» / p2(X)dX + Py / pr(X)dX e=—> [p(X:) = h(X;)]
- T ® = ——e
- [07iA) = S o7
© Haindl | MI-ROZ - 05 15/6 © difficult, numerical solution only
© Haindl MI-ROZ - 05 16/6
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cluster - set of patterns whose inter-pattern distances are smaller
than inter-pattern distances for patterns not in the same cluster

@ a homogeneity and uniformity criterion
@ no connectivity

o feature normalization - all features in equal range

(oTiA]
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cluster - set of patterns whose inter-pattern distances are smaller
than inter-pattern distances for patterns not in the same cluster

@ a homogeneity and uniformity criterion
@ no connectivity

e feature normalization - all features in equal range

little assumptions about data - exploratory data analysis

intrinsic data dimensionality

© Haindl MI-ROZ - 05
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SA T C HC PC

cluster - set of patterns whose inter-pattern distances are smaller K=2 =2
than inter-pattern distances for patterns not in the same cluster @ compact& well-separated
@ a homogeneity and uniformity criterion o ®
@ no connectivity S0 ® 9 e T T
. . . .‘ .‘ .: L% Y [ Q Q
e feature normalization - all features in equal range :. ... .. b, .
B
E ) (N ®* N L)
."‘.. L ::. !.
little assumptions about data - exploratory data analysis ‘
intrinsic data dimensionality
© optimal number of classes
& no optimal clustering method
© usually no contextual properties considered
© clustering algorithms find clusters even in entirely random data____ .
. UTiA UTiA
© results validation
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SA T C HC PC SA T C HC PC
P =
K=2 [=2 =1 =2
@ compact& well-separated e compact& well-separated
°®° 4 @ unequal size
[ ) ® A
‘ o .'. ..... oo
L
» * 0.® . t‘\\‘ L] .. -5 :\
e® ® o .'o “eiv o0’ el
LYY
@ unequal size * .
e 00 il £
¥, ® i
o elongated
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SA T C HC PC SA
N =1 =22
@ compact& well-separated
el . @ compact& well-separated
@ unequal size _
o elongated @ unequal size
® @ elongated
e o .. @ concentric
o o
L2 °t % %01 "0 Lt
% ® r LI
& l\\‘ ® °e 9, .Q ‘.l‘\“l‘..
\y i b
s e ® @ touching
L &
© e ® ®
o ©©°
@ concentric (OTiA) (OTiA]
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SA T C HC PC SA T C HC PC
P =
@ compact& well-separated
@ compact& well-separated P ) P
: @ unequal size
@ unequal size
@ elongated
@ elongated .
= @ concentric
@ concentric .
_ @ touching
® touching @ clusters within clusters
e
(] ] a [
... ‘\‘ ° '. ...:O
® . ,‘. ° .. ) ° )
® L/ o ® 9
® #‘ “,. ®ee ¢ o9
\’ .. ® ...‘Qo
. E o ©® o ®
@ clusters within clusters e ‘-‘.:‘\\‘. ‘.: .
o8 R %
. @ linearly unseparable .
(OTiA] (OTiA]
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RE=128N[I=12

compact& well-separated
unequal size

elongated

concentric

touching

clusters within clusters

linearly unseparable

s, .
e®a 'o:.o.' vt W
\\

SA T C HC PC

@ qualitative
e nominal - every of its possible different state can be given a
numerical code, e.g.
marital status (1 - single, 2 - married, 3 - divorced, 4 -
widowed)
@ binary, sex (man, woman)
e ordinal - the states of nominal variable represented by
numerical values can be arranged in a meaningful order,
(1 - very much, 2 - much, 3 - useful, 4 - not very useful, 5 -
unsuitable; A - excellent, B - very good, C - good, D -
satisfactory, E - sufficient, F - failed)
@ quantitative
e interval-scaled - ordinal & real values permitted & differences

...0 “\“\\i between succ.esswe values ar'e of equal size, e.g.
° temperature in degrees centigrade
@ non compact [OiA e metric - interval-scaled with natural zero ——o
UTIA UTIA
@ mixed
@ Haindl| MI-ROZ - 05 18/6 @ Haindl| MI-ROZ - 05 19/6
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@ nominal vector — binary vector
N N : B I
X xi €<1,ji>  Sl=374ji

N
N By X1 X
X—="X=0,...1,...00 ... 0,....1,...,0)
Nx =(2,3,5" Bx=(0,1,0,0,0,1,0;0,0,0,0,1)"

© Haindl MI-ROZ - 05 20/6

@ nominal vector — binary vector
N N : B I
X xi €<l ji>  Cl=374ji

N
N By X1 X/
X—="X= 0. ..1,...0 ... 0..1..0
Nx =(2,3,5" Bx=(0,1,0;0,0,1,0;0,0,0,0,1)"

@ ordinal vector — binary vector preserves ordering

(0] (0]

(0] B _ X1 X
X—="X= 11...10,...0
OX =(2,3,5)" Vji=5 BX:(1’1’0’0’0;1’1’170’0;l’l’l’l'fl%T
UTIA
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SA T C HC PC

distance function - real-valued function satisfying:
Q 0(r,s) = d(s, r) symmetry
@ 0(r,s) > 0 non-negativity
© J(r,r) =0 (for similarity index 6(r,r) > maxs{d(r,s)})

metric - 1.,2.,3. &:
Q If 6(r,s) =0 < X, = X, identity
Q i(r,t) <6(r,s)+ (s, t) triangle inequality

SA T C HC PC

@ Minkowski metric

I
(S(I’,S) = Z|X,-’J'—X5’j|m
j=1

invariant to translations Y = X + A
e m=1 city-block (Manhattan, chessboard) distance
e m =2 Euclidean distance
invariant to orthogonal mappings (rotations) Y = QX
RTQ=1

e m — oo sup distance, Chebychev distance

If § is a metric so is Ind, — In(maxd — §) doo(r,8) = max; |x, i — xs,i
e §(r,s) = (X, — Xs)TQ(X, — Xs) quadratic distance Q a PD
(OTiA) scaling matrix (OTiA)
© Haindl MI-ROZ - 05 21/6 © Haindl MI-ROZ - 05 22/6
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e §(r,s) = /(X, — Xs)TQ (X, — Xs) Mahalanobis distance
(metric), Q covariance matrix,
invariant to non-singular mappings, if Q = diag| |
scale invariant too
© numerically complex
© @ based on all samples not on separate clusters

L ifé T
e i(r,s) = ifo(r, 5_) - nonlinear distance
0 otherwise

© Haindl MI-ROZ - 05 23/6

@ sample correlation coefficient distance (2 sets of data)
ir,s)=1—prs

Prs = Z, ]_XrlXSI nirfhs _ Zr,s
e noros zr,rzs,s
°
1 / Xri— X1\ 2
o(r,s) = ,| - S S’J)
( ) / J:Z]_ (X,-,j -+ Xs,_j
° I
X — X
Sr.5) = She b =
Zj:l [xrj + Xs.j]
°

EAES N
o(r,s >
(r,s) = Z |Xr,J|‘|"XSJ| UTiA

© Haindl MI-ROZ - 05 24/6
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assumption - all data are binary vectors

SA T C HC PC

T7(r,r)=1 = 46(r,s)=1—1(r,s)

notation @
a1 +§
@ = Zmin{X’:"’st"} @ ¢ is metric
i=1 o(r,s) = a; +¢§
’ A T Bty €
B = Zxr’i Y @ ¢ is metric
i=1 (r S) 651 +£
73(r,s) =
l ’ a1 +€+2(8+7)
Y= sz,i — a1 o
i=1 - (r S) _ 2(&1 —I—f)
a = I-(u+h+) A R !
°
0  matching 1s I P! @ § 5
similarity measures £ = S 75(r,s) = = ( Sis + ) .
L ¢ {ao Os and 1s equally weighted (OTiA) Yar+h oty y+E& fHE (OTiA)
@ Haindl| MI-ROZ - 05 25/6 @ Haindl| MI-ROZ - 05 26/6
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@ corresponds to correlation measures

o1+ &
V(1 + B) (a1 +7)(E+ B)(E+7)

76(r,s) =

mixed data X = (X XTI XTI

nominal’ ““ordinal metric)

d(r,s) = c10n(r,s; n) + c200(r,s; 0) + c30m(r, s; m)

¢i >0 and §. are corresponding (metric) distance functions (4 is
also metric)

© Haindl MI-ROZ - 05 27/6

/=10 X,=][1,0,1,1,1,0,1,1,0,0] Xs=1[0,1,1,0,1,0,1,0,1,0]

a1=3, =3, v=2, ap=2, £=2 =0

o 7i(r,s)=32=05=03
o 7(r,s) = z3t2 = 0.5 = 0.38

3+3+2+2
342
o 73(r,5) = gryiatry = 033 =0.23
2(342
o a(r,s) = srmariars = 0.66 = 0.55

o m5(r,s) =132 +3+2+2)=05=028
342 _ 0.204 = 0.22

° 76(r8) = Tgs5s

© Haindl MI-ROZ - 05 28/6
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SA T C HC PC

10 101
8 ° 8f \
6 ® 61
4 4t
L ]
2 2,
L J ]
0 | | | | | | | 0 1 T [
2 4 6 8 10 2.7} {39 {48 {1 {93 {82 {66} {75 2 4 10 2,77 3.9 {4.8 ©1) {93} 8.2 {66 (7.5}
/
1 /1
— )
(OTiA] (OTiA]
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SA T C HC PC SA T C HC PC
10 10
8 \. 8 /\
6 \ 6
4 4
2 { 2
0 ?I_| T 1 1 0 ’—|——I—| ] —
2 4 6 8 10 .77 3.9 .8 91 3 {82 66 {75 2 4 10 2,77 ©8.9 .8 {91 {93 8.2 6 {7.5
/1 h

o )
[0riA)

(oTiA]
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10

SA T C HC PC

dendrogram

A2 B3 BRGNS

0 | ot R T S )

G G ) Ll i

4 =SS

, agglomerative divisive
, @ SAHN - sequential, agglomerative, hierarchical, nonoverlapping
. | = —_—— —— — o s.et the iteration number m =0
S 2n 8.9 W& 8% 6.3 &2 66 7.9 @ find the cluster pair such  §[(s), (t)] = minypairs{9[(7), ()]}
h © m = m-+ 1 merge s, t clusters, define clustering level
@ update dissimilarity matrix (delete entry corresponding to s, t
clusters, add new cluster val.)
© Haindl MI-ROZ - 05 29/6 © Haindl MI-ROZ - 05 29/6
SA T C HC PC SA T C HC PC
dendrogram
A2 B3 BRGNS

Sl el adey 7
thr (345)
G G ) Ll i : 2

M Ly ()

agglomerative  divisive
SAHN - sequential, agglomerative, hierarchical, nonoverlapping
O set the iteration number m =0
@ find the cluster pair such  §[(s), (t)] = minypairs{9[(i), ()]}
© m = m+ 1 merge s, t clusters, define clustering level

Q update dissimilarity matrix (delete entry corresponding to s, t
clusters, add new cluster val.)

(oTiA]

© Haindl MI-ROZ - 05 29/6

© difficult for large number of patterns
© patterns cannot move between clusters
© problem where to cut the dendrogram = number of classes

0[(k), (s, t)lsamn = asd[(k), ()] + c:d[(k), (£)] + Bo[(s), (t)] +
16[(k), (s)] = o[(k), (2)]]

© Haindl MI-ROZ - 05 29/6
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SA T C HC PC

method Qs o B Y
_ _ L 1 L @ PGM - pair group method (clusters merged in pairs)
Single-link 5 - 0 -3 _
@ U - unweighted method (all clusters members treated equally)
Complete-link % % 0 % e W - weighted method (all clusters the same importance, e.g.
smaller clusters members bigger influence)
UPGMA — e 0 0 @ A - arithmetic average
WPGMA L 1 0 0 1 -\
’ g J1(5). () = =30 >~ dlxex)
5 =1 j=1
UPGMC nszfnt ns,-tnt - (n5'745r77tt)2 0 )
@ C - centroids
WPGMC : : 2 0 0[(s), ()] = |1X(s) = X(p)lI2
Ward's ns—+nyg ne+ng _ ny 0 M ——o
nstnetng  nstnetng ns+netny umiA utiA
© Haindl MI-ROZ - 05 30/6 © Haindl MI-ROZ - 05 31/6
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Complete (+

S1(K), (5, s, = 501(K), ()14 51(k), (AN 5191CK), () -d1(K), (B)]

dissimilarity matrix (-S, + C)

|1 2 3 4
L 1 2 3 5 4
2 0
408 9 10 0 LZlsc S
507 13 5 11
(TTiA]
@ Haindl MI-ROZ - 05 32/6

Complete (+

S1(K). (5,01 = 010K ()] + 301k), (8] F 5 181(K), (5)] — 1K), (D)

1 1.1 6,
11 1 8,
ol(4),(1,2)] = 38+59F[8-9|= { o
1 1 1 7,
o(5). (1,2)] = S7+513%F 5|7 - 13 _{ @
. (1,2 3 4 1 92 3 5 4
ol U @) 3 5 4
e 11 (1,2)  (3,5)s,c A(TTiA)
© Haindl MI-ROZ - 05 32/6




SA T C HC PC

o Comglete $+z

SA T C HC PC

g Comelete s—i—!

1 2 3 5 4 v L) |1 : T T T
1,2,3,5 0
| | | ( 1 ) g (1,2) 3 5 4
. |(1,2) (3,5) (1,2) 3 5 4 124 | | |
(1,2)] 0 | | | (1.2.4) ( ) ) (1,2) (3,5) 4
(3,5)|6°13 0 (1,2) (3,5) 4 (3,5) 13 | |
4 | 89° 1011 ¢ N | (1.2,3.5)@))s (1,2,3,5) « < « 4
(1,2,3,5)s 4 ((1,2,4)(3,5))c N
(17274)C (375) \/ (172737554)5
S tree # C tree
© Haindl MI-ROZ - 05 32/6 © Haindl MI-ROZ - 05 32/6
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objective to find the optimal clustering (V partitions -
computationally unfeasible)
K has to be known in advance
objective to find the optimal clustering (V partitions - K-means (Isodata) .
computationally unfeasible) © Select K Qi i=1,...,K.
K has to be known in advance @ Compute ,uffl i=1,...,K.
: 1
Q@ V{X,i} (X, pi) =X — i) (X1 — i)z
QVI/ (5(X/,M,’) = minj{é(X/,uj)} = X — w;
© stopping criterion (no of iteration, changes ...)
Q,=j+1 goto?2.
(7.) Apply heuristic splitting / merging criteria.
© Haindl MI-ROZ - 05 37/6 © Haindl MI-ROZ - 05 37/6




SA T C HC PC

objective to find the optimal clustering (V partitions -
computationally unfeasible)
K has to be known in advance

K estimation (Elbow method)

Elbow

J(K) = 20 lIxi — pll k
,uj’-k assigned center for vector x; Ii]

© Haindl MI-ROZ - 05 37/6

SA T C HC PC

K-means (Isodata)
Q Select K ©; i=1,...,K.

@ Compute u{:_l i=1,...,K.

© V {X,i} 8(Xpm)=[(Xi— )T (X — )]z
Q VI (X, pi)=mini{6(X, 1)} = X = wi
© stopping criterion (no of iteration, changes ...)
O s GRICRO
(7.) Apply heuristic splitting / merging criteria.
patterns can move between clusters
© suboptimal partitions resulting from used heuristics

© only metric data

& sensitive to the initial 10 selection (rerun many times) .
© sensitive to outliers [o7ia)

© Haindl MI-ROZ - 05 37/6

SA T C HC PC

O K=1 i=1

@ Assign X into wg.

© i=i+1stopifi> card(S)

Q Assign X; to the first of previously generated clusters (j) for
which the first (leading) element §(X;/ X1) < threshold.

© If there is no such a cluster and K < Kiax set K = K + 1 go
to 2., otherwise leave X; unallocated (wp) and go to 3.

can classify also non-metric data
fast
© partitioning depends on data ordering

© Haindl MI-ROZ - 05 39/6

SA T C HC PC

1) K=0
Q@ K=K+ 1stopif K> Knax V VX assigned

© Assign X; into wgk if is not a member of a cluster and its
Euclidean distance from all other yet unassigned X; is
maximum. X; — uk

© Assign X; into wg if not assigned in 3. and
d(Xi, k) < threshold and X; closest to uk; otherwise go to 2.

© Recalculate ug, go to 4.

© Haindl MI-ROZ - 05 40/6
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(

unsupervised,
number of clusters K unknown,
simultaneously considers all data points as potential
centers,

& recursive,

® magnitude of each message reflects the current
affinity that one data point has for choosing another
data point as its center

Frey, B.J. and Dueck, D., Clustering by passing messages between data points, Science, vol. 315, no. 5814, pp.

972-976, 2007

SA T C HC PC

Message passing:
O similarities (xx center for x; 7)

s(i, k) = —llxi — xil[?
@ responsibility (x; — xx to be a center, alternative centers ?)
r(i, k) <— s(i,k) — max {a(i, k) + s(i, /2)}
ks.t.k#k
© availability (xx — x; to join a center, other points support ?)

a(i,k) <— minqO0,r(k,k)+ Z max{0, r(/, k)}

is.t.i¢{i,k}

a(k, k) «— > max{0,r(i, k)}
is.t.i¢{i Kk} oTiA

© Haindl MI-ROZ - 05 41/6 © Haindl MI-ROZ - 05 41/6

Message passing termination:
@ fixed number of iterations
@ changes in the messages fall below a threshold

@ local decisions stay constant for some number of iterations

© Haindl MI-ROZ - 05 41/6

problems

@ Are the resulting clusters "real” or merely an artifact of the
clustering algorithm 7

@ How many clusters are present in data?
@ How well does a hierarchy fit to data?

problems with the definition of cluster and the meaning of validity

© Haindl MI-ROZ - 05 43/6




cv

problems

@ Are the resulting clusters "real” or merely an artifact of the
clustering algorithm 7

@ How many clusters are present in data?
@ How well does a hierarchy fit to data?

problems with the definition of cluster and the meaning of validity

Validation
@ external - compares recovered structure to an a priori structure

@ internal - no a priori information, tries to determine if the
structure is intrinsically appropriate for the data

@ relative - compares two structures and measures their relative
merit

© Haindl MI-ROZ - 05 43/6

Ccv

Validity Paradigm

© Identify the clustering structure (hierarchy, clustering, cluster)
and the type of validation (external, internal, relative).

@ Select an index.
© Select a hypothesis of "no structure”.

@ Obtain (by theory or simulation) the baseline distribution of
the index under the "no structure” hypothesis.

Compute the index for the structure being tested.

© 0

Formally test the hypothesis of "no structure” by determining
whether the observed index is " unusual”.

© Haindl MI-ROZ - 05 44/6

cv

@ clustering tendency - a hypothesis that the data have a
continuous uniform distribution over some compact convex
sampling window

e scan test - unusually large count of number of patterns in the
most populous region of the sampling window indicates a
clustering

© Haindl MI-ROZ - 05 45/6

cv

@ clustering tendency - a hypothesis that the data have a
continuous uniform distribution over some compact convex
sampling window

e scan test - unusually large count of number of patterns in the
most populous region of the sampling window indicates a
clustering

e Calinski Harabash index - relative test, optimal number of
clusters (more compact and separated)  maxx CH(K)

n—K [E?
CHK) = k=1 {E_é_l]
K

E2 = Zle e,%, e,% is the sum of squared Euclidean distances
between patterns in k and pux

© Haindl MI-ROZ - 05 45/6
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e validity of partitions
o external test, a(d) no. of pairs objects in the same (different)
cluster for both classifications

a-+

()

Rand_index =

ideally compactness = isolation = 1

© Haindl MI-ROZ - 05 46/6

Ccv

e validity of partitions
o external test, a(d) no. of pairs objects in the same (different)
cluster for both classifications

Rand_index = 2 4;
()
° )
o = AT
ni(nk — 1)

where ny is number of points in the k cluster, #; , is number
of nx — 1 nearest neighbours to a k cluster point belonging to k

ideally compactness = isolation = 1

© Haindl MI-ROZ - 05 46/6

cv

e validity of partitions
o external test, a(d) no. of pairs objects in the same (different)
cluster for both classifications

d
Rand_index = at
(2)
] )
compactness = M
ni(nk — 1)

where ny is number of points in the k cluster, #; , is number
of nx — 1 nearest neighbours to a k cluster point belonging to k

Z:’il #i,k
(n—ng)(n—ne —1)
where n is number of data points, #,-7;( is number of n—n, —1
nearest neighbours to a k cluster point not belonging to k @)
ideally compactness = isolation =1

isolation = 1 —

© Haindl MI-ROZ - 05 46/6

cv

Scatter matrix for ith cluster

Si= > (X —pu)(X—pm)"

XeS;

Within-cluster scatter matrix - measure of cluster compactness

K
Sw = ZSi
il

Between-cluster scatter matrix
K
Sp =Y niui — p)(ui — )"
i=1
Total scatter matrix - independent on data partitioning
T
Sro= S(X—u)(X-p)
X

Sr = Sw+Ss (TTiA]
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Criteria invariant to nonsingular linear transformation of data
(\i eigenvalues of S;,}Sg)
@ min tr(Sy) proportional to sum of the variances
@ min % = Hf’:l ﬁ
o maxtr{S;}Sp} =S| \;
equivalent to minimizing the square error under the
Mahalanobis metric

trSt
@ max {m}

ISel _ 17! .
o maXm = Hi:l )\,

o often 0

© invariant criteria are more likely to possess multiple local

IS RG SM MS

advantages:
considers contextual properties

more robust in noisy images than edge-based methods

problems:
& inherent dependence on neighbourhood definition
© dependence on region order pixels examination
© dependence on initial seed selection

@ prior information
@ histogram peaks

© stop growing criterion

extrema ——e e
(oTiA] (oTiA]
© Haindl MI-ROZ - 05 48/6 © Haindl MI-ROZ - 05 49/6
IS RG SM MS IS RG SM MS
Merging @ O subdivided into set of disjoint regions

© segment image into regions (e.g., pixels)
@ if possible merge iteratively all adjacent regions satisfying a
homogeneity criterion

Pixel aggregation
© select number and location of seeds, homogeneity criterion

@ assign every pixel to the best seed according the criterion,
for more equal seeds assign randomly

© Haindl MI-ROZ - 05 50/6

e iteratively split and/or merge regions according to some
criterion

© Haindl MI-ROZ - 05 59/6




IS RG SM MS

e e ———————————————————————
@ O subdivided into set of disjoint regions
e iteratively split and/or merge regions according to some
criterion
O 1(©;) = False = split ©; into 4 disjoint quadrants
Q f(©;UOBy) = True = merge ©;,0
© no 1.V 2. possible = stop
f(©)=Tue s X, =wVreo,;

01 02

D41(©42
0431044

03

]
(@ (b) (© @
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IS RG SM MS

@ O subdivided into set of disjoint regions

e iteratively split and/or merge regions according to some
criterion

Q 7(©;) = False = split ©; into 4 disjoint quadrants
Q f(©;U0Oy) = True = merge ©;, 0
© no 1.V 2. possible = stop

f(©;)=True & X, =wVre o,

f(©;) = True < 0.8card(©;) < {r:r € ©;,|X, — pi| <20}

© Haindl MI-ROZ - 05 59/6

IS RG SM MS

spatial techniques
o registered images X ., X  n4i

@ constant illumination

@ stationary reference image (built if necessary from several
frames)

A(Ig,i) =

1 if |Xr1’f27r3 - Xr1,r2,r3+i| >T
0 otherwise

difference image pixel = 1 denotes motion

Accumulative difference - ignores changes occuring only between 2
subsequent frames
Frequency domain techniques

@ static background

@ several moving objects
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