Statistical Pattern Recognition

0D ()Ll ¢, 3Lmbuks

(<90 (Mac (SlaaSun
(F€1-1o-VI1-0l)
I
(B N (300 33 a5l
D b Silos sLAS (So3TNBG)
i ' 109y (g

200)) ($30.00.0 son)

http://faculties.sbu.ac.ir/~a_mahmoudi/



Qo Cuwygd =

(clad b @3193)RBF p slassis ©
cover (swins e

(oS (silwisa j> RBF ud) e
@103 C13)85 )> RBF Juds ®

Ub)go) (sladguids o

JGs xig *

PNN e

GRNN e

cs)w) csmliiigs) '



BASOby -

slns Sy CHgo @ Ghac A ahb @ il )s
W« L)y o (curve fitting) «iais vyl
S0 (0 W)
3@ 338 (LA )3 ) Gy EIBL Jslas wlus oS3 ) b —
abls Gilb3 Bjgsl slaosly U 983 Oig @ a5 Cuw
A0
o3(a3wl RBF (sa5ub )l (saisaims slp gxinss o
SO (-0
:Ccover (swmios e
sLad @ S L G SAGBIL (Sea8Y slus Sy )y —
S Jlaial b bape Oy @ high dimensional
303 3108 (A PiyIlss

Cover, T. M. (1965). "Geometrical and Statistical Properties of Systems of
Linear Inequalities with Applications in Pattern Recognition." Electronic

Computers, IEEE Transactions on EC-14(3): 326-334.



Radial Basis Function

KOs slogwlls
hs

:3)15 3089 @D g3 aw RBF (slaaSuw js ©

Transform to M aa slopwll5

“higher”-dimensional &S
vector space

(sensory unit)ssq)g wl e
00} sLs b aSyib byly g ASui @is (sles)s —
(hidden layer)¢ 848 @) o
) 308 @ poSAs (clald § 15)e a5 clabd (@G »)5 jo —
AiS5¢,0 Jlac) (@539)9 @ «Cuwlyls
(output layer)s,ng)s @ e
GRAs slaayl @31g3 )l (b (WS)S -

cs)w) comlihys))



Radial Basis Function RBF =——

(>l MLP sislas RBF (sasub Gy )Galbw ®
O o «ssisadws $lp Mlgge VPN
A0 as3laiw) «@B L)B3»

A4 sl
39)9 sl




-
Ty
f(X)=) W (x)

1=1

Linearly
weighted
output

Output
units

Decomposition

Hidden Feature Extraction *
units :
Transformation F=m=
g
) Inputs Feature Vectors ”
cs)) comlhgSX = X Xy Xmo

http://aimmO02.cse.ttu.edu.tw/class_2008 1/nn.html



Radial Basis Function RBF =——

)23 )3 RBF (slaaSun s aias a5 aigs olas ©
3wl )lglw! 35y )| adwle v Ay (20

4004 ()

'/

‘- 1
| e AE NG =) = Y )
(R -




Sladold @0 agad sn =
x| .

2

¢(r):e_217 c>0 and r eR
* Hardy Multiquadratic

#(r)=~r?+c*/c c>0 and re®R

* Inverse Multiquadratic

p(r)=c/Jr?+c? c>0 and re %R

cs)o) camliibgs))




wol @6 -—

2

p(r)=e ** o>0 and reR

09+

0.8+

0.7 r

06 r

0.4+

0.4+

0.3

0.2F

01r

o) comliibgS
s/ coumliigs)) http://aimm02.cse.ttu.edu.tw/class_2008_1/nn.htm|



Inverse Multiquadratic -

¢(r)=c/r2 +¢® ¢>0 and

09
0.8
0.7 +
06  C39
05 |- c=4
04 [ C=3
0.3 +
0.2 C=
0.1

-10 -5 0 S 10

cs)w) comlidgs))



RBF =—

1008 @G o

G(y) = exp(-y?/20?)

0 1350388 (Sla AT 3L KPS iyl as o
] PosymS oAl sg) Vo guih)ly as o




QL @y -

3080 (3@ N sbAs sl Fyrs ) V) Swols e
(Cuw) )31)s slaain ) s)ls

SPES Cyonl (530) @I0M )3)es )5)s il asye e
303 3108 (S Al syl )s 83)5 Iy

o
© O
@ °© ...
© 0" ® o
® o°
>
X1
® Data points ® Centers

CSJLOJ c»iDUJj)(}iJJ

JAN

X A distance
2 ® ®
® o
(@)
(@) (@)
® ® e -
@ activation
. F

» distance




«/RBF //‘/@g“{ S

Cunl bd 5o5iiSIaa @) j) JSihis (agb sl
'g{&\

y =Wy (| X = ]} -+ Wy, @, (X =15, 1)
X = (Xgyeees X ) S

cs)w) comlihys))



1if |x—t, [|<=r,
0if |x—t [>T,

%(IIX—HII):{

1if |x—t, [<=r,

x—t, ) =

~

cs)) C>\“°U*I)95“Uhttp://www.ptcdb.edu ps/~agarad/courses/ANN/Courseoutline.html



1if || x—t||<= ¢

—t D=
o (Ix-t ) {Oif It [oc

~ 10
cs)W) csmlings)



JObs -

RBF (sa9% 0 XOR (sallws o
lo530)0 S 0 S Js
(0,1) (1,1)
@,
00 . .« L =(@1andt, =(0,0)

59)3 (S )s ok Jaw ay CublSs (1,1) ¢ (0,0)
33356 )1)S )53 59)3 )s oai Sy y CublSs (1,0) ¢ (0,1)




JGs -

2
_ Ikl
o ([x-t)=e
2
_ aIx=tll t
o (I x-t|)=e 2l 600 pecicidn
' \\\/ bounddry
X1 X O ?X) Px) o 0'5____..\\ (1.1)
0O 0 0 013 1 0 N ®
= 0.36 0. 5 10 o
o 1 1 0.36 0.36 1 oo 05 SURE
1 0) 1 0.36 0.36 1 .
1 1 0 1 013 0
X, @AX) 1
® @ Decision 1@
Boundary G
_, | ..-. | Q) ‘ , -
“eeeeet® X4 wl(é) n =



JU0s -

><@\'1

+1 0= _e_—”?'»'—fl”; . e‘”"»"f:”; +1

[t 0> 0then class1otherwise class 0

x1=[0:.01:1];

x2=[0:.01:1];

[X1,X2]=meshgrid (x1l,x2) ;

fl=exp (- ((X1-1) .72+ (X2-1) .*2)) ;

f2=exp (- ((X1) .2+ (X2) .*2)) ;

=-f1-£f2+1;

contour (x1,x2,z) ;

title('xor problem, decision boundary') ;
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P -3:.1:3;
a radbas (p) ;
plot(p,a)

title ('Radial Basis Transfer Function');
xlabel ('Input p') ;
ylabel ('Output a');

Radial Basis Transfer Function

08F
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p=-3:.1:3;

a radbas (p) ;

a2 = radbas(p-1.5);
a3 = radbas (p+2) ;

ad = a + a2*1 + a3*0.5;

plot(p,a, 'b-',p,a2,'b--"',p,a3,'b--"',p,a4, 'm-")
title('Weighted Sum of Radial Basis Transfer Functions');
xlabel ('Input p');

ylabel ('Output a');

Weighted Sum of Radial Basis Transfer Functions
1"‘1’ T T T T T
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net = newrbe (P, T, SPREAD)

P - input vectors.

T - target class vectors.

SPREAD - of radial basis functions, default = 1.0.
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RBF (sasu slay) -

[net] = newrb(P,T,goal,spread,MN,DF)

P - input vectors; R-by-Q matrix of Q input vectors

T - target class vectors.

SPREAD - of radial basis functions, default = 1.0.

GOAL-Mean squared error goal (default = 0.0)

MN- Maximum number of neurons (default is Q)

DF- Number of neurons to add between displays (default = 25)
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= -1:.1:1;
[-.9602 -.5770 -.0729 .3771 .6405 .6600 .4609

.1336 -.2013 -.4344 -.5000 -.3930 -.1647 .0988 .
.3072 .3960 .3449 .1816 -.0312 -.2189 -.3201];
plot(P,T,'+");
title('Training Vectors');
xlabel ('Input Vector P') ;
ylabel ('Target Vector T');

Training Vectors
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06F 5

0.4r + + -

02F " J

02t + 3 5, S
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+

04} + o

a6F t . . SS

08
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= -1:.1:1;
[-.9602 -.5770 -.0729 .3771 .6405 .6600 .4609
.1336 -.2013 -.4344 -.5000 -.3930 -.1647 .0988 .
.3072 .3960 .3449 .1816 -.0312 -.2189 -.3201];
eg = 0.02; % sum-squared error goal
sc 1; % spread constant
net = newrb(P,T,eqg,sc);
plot (P,T,'+'); :_ I Eﬁ-
xlabel ('Input') ;

X -1:.01:1;
Y sim(net, X) ;

hold on;

plot(X,Y) ;

hold off;

legend ({ 'Target',6 'Output'})

cs)w) comlidgs))



0.6

Les lyadl QAT -

06 - Cutput [

SPRED=100

nsg T T
+  Target
0.6+ Output H
0.4
n2F
SPRED=0.01
02+

9 I
A

-1

~

.8 -1 —D.IB —EI.IE —D.I!l 0z 0 D.I2 0.4 D.IE EI.IB 1
C_;)LQJ CSJJ\)[JJJ\)Q.S\JJ Input



%generate training data (input and target)
p = [0:0.4:5];

t = cos(p*pi);

%Define and train RBF Network
net = newrb(p,t);
plot(p,t,'*r') ;hold;
%generate test data

pl = [0:0.1:5];

$test network

y = sim(net,pl);
plot(pl,y,'ob");

legend('Training Data', 'Test Data');
xlabel ('input, p');
ylabel ('target, t')
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Probabilistic Neural Networks —

Input Radial Basis Layer Linear Layer

~

a-y

2
J
al = radbas (| IWLL-p | b1) a2 = purelin (LWL at +b2)

alis ith element of at where TWitis a vector made of the i 1 row of TWL1

Where...
R=

number of
elements in
input vector

=T > sl =number of

neurons in
layer 1

52 =number of

neurons in
layer 2

Probabilistic Neural Network Architecture

Input Radial Basis Layer Competitive Layer
' N N
oxr | IWLL
¢ az=v  Where .
. gl —
” dlET“ i al n: Exl
o ﬂTF LWzi——p ¢ R = number of
_ e elements in
1—’| b: ExQ input vector
X 1 o
o ° °
a1 =radbas (|| IW:1-p | bil) a? = compet( LW21 1) : &‘\5
alis it element of a1 where IWi.is a vector made of the / t row of IWu o
© = number of inputtarget pairs = number of neurons in layer 1

~ . K = pumber of classes of input data = number of neurons in layer 2 YA
cs)W) Wi




Probabilistic Neural Networks

» oslatwl slp a5 cwl RBF (saSub (,cob ®
O] CQuwls (Saisaiws

dac )y @3y YA ) yaw Qs |y spread )5 e
S aslga 1-NN

P [1 2 3 45 6 7];
[1 2 3 2 2 3 1];
= ind2vec (Tc)

net = newpnn(P,T,0.001) ;
Y = sim(net, P)
Yc = vec2ind (Y)

Yc
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Generalized Regression Networks

e

Input Radial Basis Layer Linear Layer

Where. ..

R =number of
elements in
input vector

sl =number of
neurons in

layer 1
R st E 52 §2 =number of
\__J J J neurons in

al = radbas (|| TWu=p | b.1) a2 = purelin(LW21 a1 +b2) layer 2

alis ith element of at where TWisis a vector made of the i 1 row of TWw1

»
»

X

Input Radial Basis Layer Special Linear Layer Where
/ N N N R =no. of elements
o xR |TWL1 In INnput vector
opxp |LW:
ar=y ¢ =no.of neurons
.qpu A ¢ o _’EM In layer 1
— oprod ——»
& 0 x1 P 0«1 74 © =no. ot neurons
1 —P» In layer 2
N AN ¢, @ =no ofinput
target pairs
al = radbas (Il TWii-pll b 1) a: = purelini nz) 3 &ote’a
alis i th element of a1 where TWiiis a vector made of the it row of TW11 B >
Yo
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Generalized Regression Networks -

)y oslatwl slp a5 cuwl RBF (sa5uin (,cql ©
Ol Cuwlis )gaw)3)

Oolass (Joazs RBF U «aSun o3l @0 sl o
)

D) @ (;8As (s )l Jois o)y s (3l )s @
300 8)5 YA )y Lglhbs (80)8 b Cuwlse

ompls sawlas @ a5 cwl g3l ) ol Cje o
)18 ()03 gwgss

Specht, D.F., A general regression neural network. IEEE

Transactions on Neural Networks, 1991. 2(6): p. 568-576.
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