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> symmetric

Y positive semidefinite - restriction to PD for simplicity
dm (X, i) = (X — i) TEH(X — ;) Mahalanobis distance
loci of const. p. density points - hyperellipsoids

dm(X, pi) = const. T
@ principal axes of the hyperellipsoids - eigenvectors of X ;
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@ axes lengths - eigenvalues of ¥;

e the hyperellipsoid volume for a given du(X, p1;) = d?,
V) | — dim unit hypersphere volume

@ axes lengths - eigenvalues of ¥;

e the hyperellipsoid volume for a given dp(X, p;) = d?,
V) | — dim unit hypersphere volume

i 1
V:V,]Z,-\zd V:V/‘Z;Pd
} :
(2)! | even @ | even
V)= V)=
lp(=1)/2(1=1 I _(1—1)/2( =1
2”/—!(2)! | odd hl—l(z)' | odd
@ discriminant function
1 _ / 1
gi(X) = —Q(X—Mi)TZ; l(X_Mi)_§ log(27)—7 log [ +log P(wi)
= n(x)=1(/+1 n(+)=0-1)(/+3 .
oA (x) =1(/+1) () =0-1)(+3) oA
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LBC LBC
o P(w;j) =+ Vi- maximum likelihood classifier SIENES
the samples create equal size hyperspherical clusters, linear
(X) S ( 1 )T T 1 = classifier
gi(X)=—=X"27"X+2(X i) X —p X5 pj— log|X; 1
' ' L &i(X) = —55 XX =2p] X+ pl i) + log P(wi)
decision surface - hyperquadrics (hyperplanes, hyperspheres, 1 g 1
hyperellipsoids, hyperparaboloids, hyperhyperparaboloids) g X) = — Ix - ﬁu,-T,u,- + log P(wi)
o o
: n(+) =1
\1“’- HL
----- ol
B S
!u.‘l
C_ .j C— .]
decision boundaries for K =2, [ =2 I
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LBC

LBC
e ————————————
decision surface - hyperplane through point Xy, orthogonal to

i — [y -
(i = pj) " (X = Xo) =0
1 0‘2 P(w,-)
Xo = 5 (wi + 1) — log (ki — 1)
2 T i =l Plwy) ’
gi(X) = gi(X)
) i
:
Ry { Ry
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LBC LBC
@ 2; = - the samples create equal size and shape
hyperellipsoids, linear classifier
@ ¥, =1/ Aulu;= const. Yi- correlation classifier 1
' e g(X) = —5(X~ pi) TETH(X — i) + log P(wi)
gi(X) =2u] X + 2log P(wj) _ 1 _
' ' &(X) = (X)X = S/ 27 i + log P(wi)
if P(wi) = P(w;) Vi,j = &i(X)=—du(X,p)
decision surface - hyperplane through point Xy, orthogonal to
1 — 1 n(x) =1 n(+) =1
(i — 1) T(X = Xo) =0
1 P(w,-)
Xo = 5(pi + 1) — log (1i — 1)
2 ki = il Pw)) ’
© Haindl MI-ROZ - 03 8/48 © Haindl MI-ROZ - 03 9/48




LBC

@ Y ; =X - the samples create equal size and shape
hyperellipsoids, linear classifier

g(X) = —2(X- Wz—l(x ) + log P(w)

g(X) = (T 'w)TX -2 (M >~ pi + log P(wi))
if P(wi) = P(wj) Vi,j = gi(X)=—dm(X, )
n(x) =1 n(+)=1

decision surface - hyperplane through point Xy but not
orthogonal to j; — p;

(= (i — 1)) (X = Xo) =0

| P(wj)
= i+ ) - Baliin (wi — 1) (owia)
2 (= )T (= y) e
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LBC

@ linearized Bayesian classifier

gi(X) = 2u] £ X — log | %] + 2 log P(w;)

n(x) =1 n(+)=1

Haindl,M., Linearised Bayesian classifier, Proceedings of International Symposium Progress in Data

Analysis, ISPRS Wuhan 1990
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LBC

o ¥, = diag[o?,...,0%] Vi- normalised Euclidean classifier
uncorrelated features with different dispersions

5(X) = Z 0 = 1) Z log o2, + 2log P(w;)
j=1 .I i
n(x) = 2/ n(+)=2-1
(OTiA)
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LBC

Assumption: conditional independence between features (seidom true)

_ p(wi)p(X|wi)  p(X,wi)
PLil) ===20 = ")
oA
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LBC

Assumption: conditional independence between features (seidom true)

(wi)p(Xlwi) _ p(X, wi)
p(X) p(X)

P(wilX) = £
chain rule:

p(X7wi) = p(Xl |X27 000 ,X/,CL),’)P(XQ |X37 000 axlawl') e 'p(X/ ‘wl)p(wl)
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LBC

Assumption: conditional independence between features (seidom true)

p(wi)p(X|wi) _ p(X, wi)
p(X) p(X)

P(wilX) =

p(xi| xj,wi) = p(xi | wi) Vj#i
p(X,wi) = p(xa |wi)p(x2 |wi) . .. p(xi | wi)p(wi)
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LBC

Assumption: conditional independence between features (seidom true)

p(wi) [Tj—y p(xj|wi)
p(X)

P(wi’XL s 7X/) =

j=1
|
1 A V.
g(X) = pw)]] p{—%} XeN
j=1 27‘('0,-2 20;

(X € N — normalised Euclidean classifier)
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LBC

Assumption: conditional independence between features (seidom true)

) Ty Pl
P(wi|X1,...,XI):p( I)HJ:IP( j’ )

p(X)
for large number of probabilities
I
gi(X) = logp(wi)+ Y _log p(xj|wi)
j=1
~ (1 (xi — wig)?
a(x) = togpla) -3 {Glogtenat) + {H B x e
j=1 i
(OTiA]
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LBC

simple learning (each feature 1D pdf independent)
for high dimensional data

low number of required parameters (reduces the
memory)

classifies well for poorly fitting feature models

Class | Clags 2

0 , {MW”J,[HL

6 4 -3 i 4

© oversimplified classifier for good feature models
& poor performance if conditional independence

LBC

Assumption: conditional independence between features except
one dependent feature for every feature

p(wi) [Tj—y p(xjlwi, x)
p(X)

p(wilx, - . x1) =

where X is a parent feature for x;

simple, efficient

improvement for not independent features

assumption is not valid
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LBC LBC
Super—pa_rent (SPQF)E) s_emi—naive Bayesian classifier SNBC classifier
Assumption: conditional independence between features except all Assumption: conditional independence between features,
are dependent on the same feature x, dependent features are removed using filter or wrapper FS
/
Wi i Xi|wi, X ) / 1oy
Y (e . g p( I)Hj—lp( Glwi, xs) (wilx ) = p(w,)szlp(XJ’w,)
where x; is a super-parent feature
simple, efficient e, @il
improvement for not independent features im provement fort not independent featutes
© Haindl MI-ROZ - 03 14/44 © Haindl
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LLBC LT

@ >; # X, for i# j quadratic classifier
gi(X) = —XTE; X425 1) TX ] ;7 i~ log [ il +21og P(wr)

decision surface - hyperquadrics (hyperplanes, hyperspheres,
hyperellipsoids, hyperparaboloids, hyperhyperparaboloids)

n(x) = 1(/+1) n(+)=(I—1)(/+3)

LLBC LT

@ X, #Xjfor i#j quadratic classifier
gi(X) = = X" X422 i) T X—p] 5 pi—log |Zi|+2 log P(w))

decision surface - hyperquadrics (hyperplanes, hyperspheres,
hyperellipsoids, hyperparaboloids, hyperhyperparaboloids)

n(x) = I(/+1) n(+)=(—1)(I+3)

° Bayesian classifier with Cholesky factorization (or UT DU)

Yi=1L; LT
I(1+3 I —1)(+2
) = L () = LZD0*2)
© Haindl MI-ROZ - 03 15/44 © Haindl MI-ROZ - 03 15/44
LLBC LT LLBC LT
o reCUrSiVe Bayesian C|aSSifier (UDU Banachiewicz factorization)
speed up for large /
Y, = Ul diag[o?,,...,02]U;
.. g -1
U; orthogonal i.e. U,-TU,- = | denote Y; = U;(X — 1) ° Ajj eigenvalues of 3
)/'2 )\i,min|yi|2 S dm(X,M;) S >\i,max|yi|2
du(X,pui) =Y =% ¢ — L
i3 or non overlapping interval estimation some classes can be
eliminated
2
dm k(X pi) = dm—1(X, i) + Y
k i
X cannot belong to w; if for some 1 < k </
dm(X, i) 2 dmi (X, 1y) = Cij [UriA) [Uia)
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LLBC

LT

LLBC LT

X=QX+R

Q [ x/lregular, R Ix1
e.g.

© Haindl MI-ROZ - 03 19/44

Q [ xIregular, R

e.g.

Alot database

i

X=QX+R

[ x1

MI-ROZ - 03

© Haindl

LLBC LT

X=QX+R
Q [ x/lregular, R Ix1
e.g.
@ Karhunen - Loeve tr. X = QX
@ variable brightness & spectrum of illumination sources
@ linear contrast modification (enhancement)
@ data normalization

e feature extraction (Tasseled cap tr., etc.)

gi(X)=XTA X+ BX+C
gi(X) = XTAX + BX+ G [OTiA)
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LLBC

LT

LLBC

LT

T: T:
Si =5 Vi iff 3 K,L,M matrices independent of S =5 Vi iff 3 K,L,M matrices independent of
w; such as: w; such as:
A = QTAQ+M A = QTAQ+M
B: = (Bi+2RTA)Q+L Bi = (Bi+2RTANQ+1L
G = C,—F(RTAN,—I—B,)R—I—K G = 5,+(RTA~,+E,)R+K
Bayesian classifier
A = -1t
B = 2u/¥t
[O7ia) G = —p! T i —In|Zi| +2 In P(w;) oTiA)
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LLBC LT LLBC LT
maximum likelihood classifier P(w;) = %
- L~ A,' = —Zl_l
- E{IX}T: S Bi = 2u/%;t
Y, = Y; _
- . 2Q G = —u/Z;pi—In|%
1%l = Q%]
X — i) TSN X — i X — i) TETNX = i
( i) Ei 5 i) ( 1 Hi) ~( i) linear Bayesian classifier ¥; =%
p(X |wi) m P(Q_l(X — R)|wi)
XeN = XeN A = 0
Bi = 2u/xt
C = —p/T'ui—In|Z;|+2In P(w)
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LLBC LT

Euclidean classifier ¥; =/

A =0
B 2u]
G = —ppi+2In P(w)

correlation classifier ;=1 A pulp; =k

LLBC LT

linearised Bayesian classifier

A =0
B = 2u/%;t
G = —p] T i —In|Zi| +2In P(w;)

normalized Euclidean classifier ¥; = diag]...]

B = 2ul B = 2u/%;?
Ci = 2In P(w; G = —p] X i —In|Z;| +2In P(w
1 ( I) [j :LLI 1 Iu’ | ’ ( ) I—:—-—o—]
© Haindl MI-ROZ - 03 23 /44 © Haindl MI-ROZ - 03 2449
LLBC LT LLBC LT
T: T:
@ Bayesian classifier in S = Bayesian classifier in S @ Bayesian classifier in S = Bayesian classifier in S
e ML classifier in S = ML classifier in S
(OTiA]

© Haindl MI-ROZ - 03

© Haindl MI-ROZ - 03 25/4%




LLBC LT

T'
T'

LLBC LT

@ Bayesian classifier in S = Bayesian classifier in S @ Bayesian classifier in S = Bayesian classifier in S
e ML classifier in S = ML classifier in S e ML classifier in S = ML classifier in S
@ linear Bayesian classifier in S = linear Bayesian classifier in @ linear Bayesian classifier in S = linear Bayesian classifier in
S (Xi=%) S (X =X)
@ Euclidean classifier (Xi=1)
o QQT =1/ (orthogonal) =
Euclidean classifier in S = Euclidean classifier in S
o QQT £/ =
Euclidean classifier in S = linear Bayesian classifier with
Yi=QQ" in S
© Haindl MI-ROZ - 03 25/44 © Haindl MI-ROZ - 03 25/44
LLBC LT LLBC LT

e correlation classifier (X, =1 A p]p; = k)
e QQT=/I AR=0 =
correlation classifier in S = correlation classifier in S
e QQT=/AR£0 =
correlation classifier in § =

= 0
2fi]
—2fi] R+2In P(w;)

v Do D

© Haindl MI-ROZ - 03

@ correlation class. constant average class energy not preserved
o QQT#£I =

correlation classifier in § =

=0
2[27- Q*T Qfl
24 @ T @ R+21In P(w))

v Do D

(oTiA]
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LLBC LT

@ correlation class. constant average class energy not preserved
o QQT £ =

correlation classifierin S =

I
o

A
B = 25/ QTQ!
G = 20 QTQ TR+2In P(w))

@ normalized Euclidean classifier (X = diagl...])
o Q= diagl..] =
normalized Euclidean classifier in S = normalized Euclidean
classifier in S
o Q# diagl...] =
normalized Euclidean classifier in S = Bayesian classifier in

5 (OTiA

© Haindl MI-ROZ - 03 27/44

SC

© let m consecutive X1,...,Xp €5, K =2
® X; statistically independent

likelihood ratio classifier: assign X to w; if

In p(Xl,...,Xm|wl) ZI P(Xlwl)

pXt, - X w2) — & (X[ w2)
_ p(X )
f(xX) = | (X | w5)
) = -3 fx)
j=1
E(FX) |} = E(F(X)|w) i
© Haindl MI-ROZ - 03 28/4%

sC

var{f(X)|wi} = % var{f(X)|wi}

m—ooo = var{f(X)|w}—=0 FfoN

© Haindl MI-ROZ - 03

SC

var{f(X)|w;} = % var{f(X) |wi}

m—oo = var{f(X)|wi}—=0 Ff-N

required property for f() (estimate):

E{f(X)]w1} 20 E{f(X)|w2} <0

is satisfied for any distribution of X:
o F(X)= (1 —p2) T X+ 5 (u3 T2 — puf
Y PD
o f(X) =73 (X —p)" T3 (X — o)

~1(X = )T I (X — ) — 3 n [

Y1)

© Haindl MI-ROZ - 03 29/4%




FC

o K=2, i1, 2, fl, fz linear classifier
- finding a threshold to separate both classes as much as possible

T/~ ~
mo = W' (fi2 — fi1)
|mo| class separation measure constant but selectable

= WT(ig -+ il)W
average sample S;,S5> variance in the W direction

© Haindl MI-ROZ - 03 30/44

FC

o K=2, i1, 2, S1, 3, linear classifier

my; = WT(ig + il)W

find W such as mi(W*) = min{mi (W)} A mg = const.

o . e o
8W(ml )\mo) = 2():2+):1)W—)\(,u2—,ul) =0
YN DA
W = 5(22 +31) (2 — fin)
(OTiA]
© Haindl MI-ROZ - 03 30/44

FC

fi1, fl2, X1, 22 linear classifier

if

mo = (f2— )" (X2 +%1)  (fi2 — fin)
W o= (S2+51) (2 — )

© Haindl MI-ROZ - 03 30/44

FC

© K=2, i1, fi2, fl, 3, linear classifier
assign X to wy if g(X)>t

g(X) = (f2 — pa) (X2 + 1) X

© no general rule for the threshold t

© Haindl MI-ROZ - 03 30/44




FC

® K=2, i1, 2, fl, S, linear classifier

assign X to wp if g(X)>t
g(X) = (i — pn) (X2 + 1) 7'X
if 5,=%, mo=2(o—fu) (X2 + 1) (2 — fa)

g(X) = (i — pn)L X

optimal minimum Mahalanobis distance classifier

© Haindl MI-ROZ - 03 30/44

FC

G(X) =[g(X),...,ex(X)]T =WTY

W:[Wl,...,WK] (77+1)><K
1K
J = mine =Y ) [IWTY — colil |2
’ W ] Xew-|| et

I

K
n; 1
= min¢ > == " ||WTY - colil |
min 20 | colil ||

Xew;
lim J=J
n—00
(OTiA]
© Haindl MI-ROZ - 03 31/44

FC

K
Jo= S P@)E{IWTY = coil |2}
i=1

K
= ZP(M,‘) /|| WTY — colil ||? p(X |wj)dX
i=1

K K
Vwd =23 P(wi) E {YYT} WT 23" P(w) Ei {Y} (colil)T =0

=1 i=1

© Haindl MI-ROZ - 03 32/44

FC

K
> = wi) EiqYYT
Z_;P( )E{YY }

ﬂ: [,ala---,,uK] = [P(wl),u}/""?P(WK):UJ%]

YW =i
W* = iflﬁ
JW*) =1+ er{i" ¥ i}
assign X to w; if gi(X) = max;{gj(X)}
g(X) = YTy
DF is the best MMSE approximation of the Bayes DF

© Haindl MI-ROZ - 03 33/44




FC

find a linear transformation R/ — RKX  such as transformed
vectors from S; are closed to each other
Y=BX+C
i =1[1,0, ..., 0]",...,dx =[0,0,...,1]"

Jo= N (@ -)T(@ - V)

i=1

= D (@ C—BX)7(d — C - BX)
i=1

oJ =

— =2) (Yi-C—-BX;))=0 :

49 Z [OTia)
@ Haind| MI-ROZ - 03 34/4

FC

1< 1 R R
CI;EIYi—B; EIXi:MY—BMX
1= 1=

. 1 < R R
Yyx = - ;(Yi — fiy)(Xi — fix) "

oJ & aq
O_B =0 — B = Zyxz X
Y = SyxXx(X — fix) + fiy (1)
(OTiA)
@ Haindl| MI-ROZ - 03 35/4

Y = Syx S5 (X — fix) + fiy (1)
O transform X — Y using linear regression function (1)
@ g(¥)=—(V - &) (V- )
@ assign X to w;if g(Y)=max{g(Y)}

© Haindl MI-ROZ - 03 35/44

FC

o X %N(:uf:zi)
gi(X)=XTA X+ BX+C

© too complex ming, g, J, unknown optimal design

© Haindl MI-ROZ - 03 36/44




DC

Geometric classifier (linear, K = 2)
Ho - Kashyap iterative learning algorithm

© Haindl MI-ROZ - 03 37/44

DC

® no pdf assumption

g,'(X):B,'X—I—C,' i=1,....K

© Haindi MI-ROZ - 03 37/44

DC

® no pdf assumption
gi(X)=BX+G i=1,...,K

S; convex polyhedron K — 1 polygonal faces (max.)

o K: wi X wj i=1,...,K
ow: wi xwj Vi,je{l,...,K}
o 1: g«(X) = arg max;{g;(X)}

© Haindl MI-ROZ - 03 37/44

DC

® no pdf assumption
g/(X):B;X+C; i=1,....K
h,'j:{XZ(B,'—Bj)X:Cj—C,‘}

X1,X> € hjj, A unit normal vector to  hj; in the point X
= nX1—X2)=0

decision surface - hyperplane

(B,' = Bj) (X1 = X2) =0 = (B,’ = Bj) normal vector to h,'j
._ B-5
|1Bi — Bjll
Xy = 4)(1 - __ ' =
|1Bi — Bjl ||Bi — Bj|

©® (Bj — Bj) defines hyperplane orientation

©® (G — G) defines hyperplane location T
© only convex S;

© Haindl MI-ROZ - 03 37/4%




T —
Vi=1,...,K ik i

iff  5(X,X;) = min;{3(X, X;)}
6(X Xj) = XTX = 2XTX; + X[ X

,hj  wj prototypes
X — Wi

squared Euclidean distance

U"1+ ALY Sj convex polyhedral region - Dirichlet
tessallat|on
(Euclidean classifier X; = p;) : ;
& piecewise linear DF cannot use it TR

lin. DF learning methods

© Haindl MI-ROZ - 03 38/44

/= A< X!/ j=1,...,nj wj prototypes
g(X) = max {gJ(X)}
) = ATx- LT
U"1+ T G S; convex polyhedral region - Dirichlet
tessallatlon
(Euclidean classifier X; = u;) y ;
© piecewise linear DF cannot use 4 'X,_ «

lin. DF learning methods

© Haindl MI-ROZ - 03 38/44

(Nonlinear Discriminant Functions )

— o A ]
_ZBU X Xk

J

g,(X) IT,V + Ci

© Haindl

MI-ROZ - 03 39/4

(Nonlinear Discriminant Functions )

g Ehy Jxm1 Jsz Jx,'(’;” + G

L 2 L2
L] L] . [ ] _,-"'
- ] -
. r __,.-*"'f
-
@ * @ ' } = o o
-
& 4 * & 4 ' _ ____,.-*"' & &
.-"'-'
@ " @ i
& & '|_| & ‘l'-']
2
P1(X) = xq P2(X) = x2

© Haindl
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DC

(Nonlinear Discriminant Functions )

DC

: yi="xT" X linearly independent
gi(X) = Z B; JXml Jsz XIT,V 1+ G L ki ky,
gi(Y) = WY
m; € {0,1} J=1...,7
k=1 | _ (! any nonlinear DF can be approximated
Y e, n= (V) o o 5 - .
] : © n > [ rapid dimensionality increase
linear fu.nctlons.y =1, n=I (1) © mapping X = Y (I —mn) Y intrinsic dimensionality
quadratic funCt'O”S_ v=2, 1= I — p(Y |w;) degenerate pdf, 3 moments
vth order polynomials & optimal mapping unknown
Y = [1Xl’<7111"' lx/'("”,...,”le..."xz",l]
© Haindl MI-ROZ - 03 39/44 © Haindl MI-ROZ - 03 40/4
DC \[«} PC NN
assign X to w; if Jlw;:
pi =t <X < pi+t
® t; - hyperellipsoid decision boundaries approximated by gi(X) = Inp(X|wi)+In P(w;)

hyperrectangles (parallelepipeds)
© overlapping parallelepipeds Xy

© Haindl MI-ROZ - 03

1 o
= I—E K(X, X; In P(w;
nn,- — ( 9 J)+ n (wl)

© Parzen classifier needs all X; as the prototype set,
too time consuming for large n;

© small n; leads to spiky approximations, big
oversmooths the pdfs

© Haindl MI-ROZ - 03 42 /44




NC PC NN

NNR ideas:
© samples close to each other in a feature space are likely to
belong to the same class — 1 — NNR
@ samples close to each other in a feature space are likely to
have the about the same a posteriori distributions of their
respective classes — k — NNR

\[@ PC NN

NNR ideas:
© samples close to each other in a feature space are likely to
belong to the same class — 1 — NNR
@ samples close to each other in a feature space are likely to
have the about the same a posteriori distributions of their
respective classes — k — NNR

suppose we have
T ={(X1,01),...,(Xn,0,)} where 0; € {w1,...,wk} is the true

suppose we have | ‘X
T ={(X1,01),...,(Xn,0,n)} where 0; € {w1,...,wk} is the true class of A
class of X; 1 - NNR
d\Jl =0 if 5(X,X) = min,-zl"_.,,, 5(X,X,)
for some metric d()
© Haindl MI-ROZ - 03 43 /44 © Haindl MI-ROZ - 03 43 /44
\'[o PC NN \[«} PC NN
NNR ideas: NNR ideas:

@ samples close to each other in a feature space are likely to
belong to the same class — 1 — NNR
@ samples close to each other in a feature space are likely to
have the about the same a posteriori distributions of their
respective classes — k — NNR
suppose we have
T ={(X1,61),...,(Xn,0,)} where 0; € {wn,..
class of X;
k — NNR
Ok =0 if 6= majority(01,...,0k) A
JEED RS DEP0 B (DX

.,wk} Iis the true

© Haindl

MI-ROZ - 03 43/44

© samples close to each other in a feature space are likely to
belong to the same class — 1 — NNR

@ samples close to each other in a feature space are likely to
have the about the same a posteriori distributions of their
respective classes — k — NNR

suppose we have
T ={(X1,01),...,(Xn,0,)} where 0; € {w1,...,wk} is the true

class of X;
(k,1) — NNR
Ok =0 if 0= majority(01,...,0,) > 1 N
5(X,X1) < 5(X,X2) <...< 5(X,Xk)
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NC PC NN

e ———
NNR ideas:
@ samples close to each other in a feature space are likely to
belong to the same class — 1 — NNR
@ samples close to each other in a feature space are likely to
have the about the same a posteriori distributions of their
respective classes — k — NNR
1-NNR 100-NNR

\[@ PC NN

Convergence

assume continuous p(X) = Xn—X in probability
assume continuous p(w|X) = P(w]|X,)—=P(w|X) in
probability

Error Bounds
finite-sample conditional probability of error

Ple #1X. %) = 3 Pwi| X) |1 = P(wi] %)

large-sample conditional probability of error

Plw#0]X,X,) =1=Y " P*(wi| X)

k — NNR Y k  Py(error) > Ppgayes(error)
il 1— NNR  Py(error) < Ppayes(error)[2 — 55 Pgayes(error)] oril
© Haindl MI-ROZ - 03 43 /44 © Haindl MI-ROZ - 03 44/48

no underlying distributions

large T computationally expensive

O O

error > Bayes rate

intolerant to noise in the features

intolerant to redundant features

sensitive to the choice of the similarity function

cannot handle missing values

® © @ @ @

provide little information regarding the structure of
the data

© Haindl MI-ROZ - 03 44 /44

Contextual information

v N

Internal to data External to data

v e

Contextual Classifier Contextual Reclassifier

v N\ v N\

topological functional data element data group
area area based based
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cc

| index space corresponding to S

context-free decision rule
assign X to w; if

P(wilX) = max {P(w;|X)}
j=1,...,K
optimal context decision rule - unsolvable
assign X to w; if

P(wi| Xk Vk € 1) = TaxK{P(wj|Xka el)}
J: LA
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cC

simplifying assumptions
© Markovianity

gi(X;) = P(wi|XkVk € I, Ur)}

© Haindi MI-ROZ - 03 48/44

cc

simplifying assumptions
@ Markovianity
© conditional statistical independence
card(l)+1
IT P@)r(Xile)

Jj=1

gi(Xr) =

© Haindl MI-ROZ - 03 48/44

Ccc

simplifying assumptions
© Markovianity
@ conditional statistical independence
© Markovianity & total probability theorem

gi(X:) =D p(XiVk € I|wi, Q) p(Qr, w;)
{Qr}

Q, ={01,.-.,0card(s,)} true classes from I,
p(XkVk € Ir|wi, Q,) multivariate GMRF

© Haindl MI-ROZ - 03 48/44




cc

simplifying assumptions
@ Markovianity
@ conditional statistical independence
© Markovianity & total probability theorem
0 3) & 2)
card(l;)
g(x)=>" TI P0Gk 2)p(Rr.w)
{@} Jj=1

© too complex - small K and /,

© Haindl MI-ROZ - 03 48/4

cC

simplifying assumptions

Markovianity

conditional statistical independence
Markovianity & total probability theorem
3) & 2)

3) and known €,

g,'(Xr) = p(w,—|Xka € Ir,Qr)

00000

or
gi(Xr) = P(Xka € /r|Qr7wi)p(wi|Qf)

© Haindi MI-ROZ - 03 48/44

cc

simplifying assumptions
@ Markovianity
@ conditional statistical independence
© Markovianity & total probability theorem
0 3) & 2)
@ 3) and known 2,
O 5) and p(0;]0n Yh # j) = p(0;l0,) JjF#r

i.e. the knowledge of true class of X, is sufficient

card(ly)
p@lwi) = I pOjlwr)
j=1
card(ly)
gi(Xr) = p(Xi¥k € 11y, w)pt "M (w;) ] plwilt))
j=1
(oTiA]
© Haindl MI-ROZ - 03 48/4

Ccc

simplifying assumptions
@ Markovianity
© conditional statistical independence
© Markovianity & total probability theorem
Q 3)&2)
© 3) and known Q,
@ 5) and p(0;|0k Yh # j) = p(6;0,) jF#r

@ 3) and neglecting of class label arrangement

card(l;)

gi(Xr) = p(XiVk € Irlwi, @ )p(wi) [ p(6))
(2} j=1
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T

simplifying assumptions

Markovianity

conditional statistical independence
Markovianity & total probability theorem

3) & 2)

3) and known Q,

5) and p(6;|0n Yh # j) = p(6;10,) JjF#r
3) and neglecting of class label arrangement
Q 4) and p(X|0,, X, 05,5 # r) = p(X/|6;)

card(l;)

&&= pOGlwd Y. p@rwi) [T pEXi18)

{Q,} Jj=1

0000 O0CO0
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