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Neuron output
Neural Networks course (practical examples) © 2012 Primoz Potocnik
PROBLEM DESCRIPTION: Calculate the output of a simple neuron

Contents
. Define neuron parameters
. Define input vector
. Calculate neuron output

. Plot neuron output over the range of inputs

Define neuron parameters

close all, clear all, clc, format conpact

% Neur on wei ghts

w=1_[4-2]
% Neur on bi as
b =-3
% Acti vation function
func = "tansig'
% func = 'purelin’
% func = "hardlim
% func = 'logsig
W =

4 -2
b =

-3
func =
tansig

Define input vector

[2 3]

©
1

Calculate neuron output

activation_potential = p*w +b
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activation_potential)

put = feval (func,

neur on_out

activation_potenti al

_ put =
-0.7616

neur on_out

Plot neuron output over the range of inputs

[p1(:) p2(:)]*W +b );

meshgrid(-10: . 25:10);

[pl, p2]

V4
V4

feval (func,

l engt h(pl),length(p2));

r eshape( z,
pl ot 3(pl, p2, z)

grid on

1)

x| abel (' | nput

yl abel (" I nput 2")

zl abel (' Neuron out put')

Input 2

T T
L2 a
]

Indino uounap,
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Custom networks

Neural Networks course (practical examples) © 2012 Primoz Potocnik
PROBLEM DESCRIPTION: Create and view custom neural networks

Contents
. Define one sample: inputs and outputs
. Define and custom network
. Define topology and transfer function
. Configure network

. Train net and calculate neuron output

Define one sample: inputs and outputs

close all, clear all, clc, format conpact
inputs = [1:6]" % input vector (6-dinmensional pattern)
outputs = [1 2]' %correspondi ng target output vector
i nputs =

1

2

3

4

5

6
outputs =

1

2

Define and custom network

% create network
net = network( ...
1, ... % num nputs, nunber of inputs,

2, ... %nuniLayers, nunber of |ayers

[1; O], ... % biasConnect, nunlLayers-by-1 Bool ean vector,

[1; O], ... % inputConnect, nunlLayers-by-nunl nputs Bool ean matri X,
[00; 10], ... %IlayerConnect, numLayers-by-nuniLayers Bool ean matri x
[0 1] ... % out put Connect, 1-by-nunlayers Bool ean vect or

)

% Vi ew network structure
vi ew( net);
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[ >

b
< | >
Define topology and transfer function

% nunber of hidden | ayer neurons
net. |l ayers{1}.size = 5;
% hi dden | ayer transfer function
net.layers{1l}.transferFcn = 'l ogsig';
vi ew( net);
.t
.t
< | >
Configure network
net = configure(net,inputs, outputs);
vi ew( net);
.Y
¥
< | >

Train net and calculate neuron output
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% initial network response w thout training
initial _output = net(inputs)

% networ k training
net.trainFcn = "trainln;

net. perfornfFcn = ' nse';
net = train(net,inputs, outputs);

% networ k response after training
final _output = net(inputs)

initial output =
0
0

final _output =
1. 0000
2. 0000

Published with MATLAB® 7.14
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Classification of linearly separable data with a perceptron

Neural Networks course (practical examples) © 2012 Primoz Potocnik

PROBLEM DESCRIPTION: Two clusters of data, belonging to two classes, are defined in a 2-dimensional input space. Classes are
linearly separable. The task is to construct a Perceptron for the classification of data.

Contents
. Define input and output data
. Create and train perceptron

. Plot decision boundary

Define input and output data

close all, clear all, clc, format conpact

% nunber of sanples of each cl ass

N = 20;

% define inputs and outputs

offset = 5; %offset for second cl ass

x = [randn(2,N) randn(2, N)+offset]; % inputs
y = [zeros(1, N ones(1,N)]; % out put s

% Pl ot input sanples with PLOTPV (Pl ot perceptron input/target vectors)

figure(l)
pl ot pv(x,Yy);
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Vectors to be Classified
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P1)
Create and train perceptron
net = perceptron;
net = train(net,Xx,y);
Vi ewm net);
o
Hard Limit W
Input
2
.
£ >

Plot decision boundary

figure(l)
pl otpc(net. 1 W1}, net.b{1});
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Classification of a 4-class problem with a perceptron
Neural Networks course (practical examples) © 2012 Primoz Potocnik
PROBLEM DESCRIPTION: Perceptron network with 2-inputs and 2-outputs is trained to classify input vectors into 4 categories

Contents
. Define data
. Prepare inputs & outputs for perceptron training
. Create a perceptron
. Train a perceptron

. How to use trained perceptron

Define data

close all, clear all, clc, format conpact
% nunber of sanples of each cl ass
K = 30;

% defi ne cl asses
g =.6; %offset of classes

A = [rand(1,K)-q;

rand(1, K) +q] ;

B = [rand(1, K)+qg; rand(1,K)+q];
C = [rand(1,K) +g; rand(1,K)-q]:
D= [rand(1,K-q; rand(1,K) -q];

% pl ot cl asses

plot (A(L,:),A(2,:)," bs")
hol d on

grid on
plot(B(1,:),B(2,:),"'r+")
plot (C(1,:),C(2,:)," go")
plot(D(1,:),D2,:)," nt")

%text |abels for classes

text(.5-q,.5+2*qg, Class A)
text(.5+q,.5+2*q, ' Class B')
text(.5+q,.5-2*q, Class C)
text(.5-q,.5-2*qg,'Cass D)

% defi ne output coding for classes
a=1[01]";
b =1[11]";
c [1 0]";
d [0 0O]";
% % Wy this coding doesn't work?
%a=1[00]";
%b=1[11]";
%d=1[0 1]";
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%c =1[10]";
% % Why this coding doesn't work?
%a=1[0 1]";
%b=1[11]";

%d =[10]":
%c =10 1]";
2 T T T I T
_ Class A Class B
-] o DDEDED+++ ....... G i
oo B = o+ | T
: : : -+ :
oo 2 O T
I [ e DEI 0. + ++"=|- ........ i i
O & O N T+ :
+ :
O:go O 4+t L +
: : .t : :
ok PR ST e ST ST i
L # +¥ 4 ¥ :
|:|_ ............. ,. ..... _*--*_ .......................................... ............. —
e o o# :
: ¥ % : : :
= Fo g P L I e
* * ; : ;
Class D Class G
_'1 | 1 | 1 |
-1 0.5 0 0.5 1 1.5 2

Prepare inputs & outputs for perceptron training

% define inputs (conbine sanples fromall four classes)

P=[ABCD;

% define targets

T =[repmat(a, 1, length(A)) repmat(b, 1,1 ength(B))
repmat (c, 1,1l ength(C)) repmat(d,1,length(D)) ];

%l ot pv(P, T);

Create a perceptron

net = perceptron;

Train a perceptron

ADAPT returns a new network object that performs as a better classifier, the network output, and
network to adapt for xx passes, plots the classification line, and continues until the error is zero.
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E =1;
net . adapt Par am passes = 1,
I i nehandl e = plotpc(net. W1}, net.b{1});
n = 0;
whil e (sse(E) & n<1000)
n = n+l;
[net, Y, E] = adapt(net,P, T);
I i nehandl e = plotpc(net. I W1}, net. b{1},!inehandle);
dr awnow,
end
% show perceptron structure
vi ew( net) ;

[>

Hard Limit

£
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How to use trained perceptron

% For exanple, classify an input vector of [0.7; 1.2]
p [0.7; 1.2]

y = net(p)
% conpare response with output coding (a,b,c,d)

0. 7000
1. 2000

Published with MATLAB® 7.14
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ADALINE time series prediction

Neural Networks course (practical examples) © 2012 Primoz Potocnik
PROBLEM DESCRIPTION: Construct an ADALINE for adaptive prediction of time series based on past time series data

Contents
. Define input and output data
. Prepare data for neural network toolbox
. Define ADALINE neural network
. Adaptive learning of the ADALINE

. Plot results

Define input and output data

close all, clear all, clc, format conpact

% def i ne segnments of tine vector
dt = 0.01; %tinme step [seconds]

t1 =0 cdt 2 3 % first time vector [seconds]
t2 = 3+4dt : dt : 6; % second tine vector [seconds]
t = [tl t2]; % conpl ete tinme vector [seconds]

% defi ne signal

y = [sin(4.1*pi*t1l) .8*sin(8.3*pi*t2)];
% pl ot signal

plot(t,y," .-")

xl abel (' Tine [sec]"');

yl abel (' Target Signal');

grid on

ylim([-1.2 1.2])
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Prepare data for neural network toolbox

% There are two basic types of input vectors: those that occur concurrently
% (at the sane tine, or in no particular tinme sequence), and those that

% occur sequentially in tinme. For concurrent vectors, the order is not
%inmportant, and if there were a nunber of networks running in parallel,

% you coul d present one input vector to each of the networks. For

% sequential vectors, the order in which the vectors appear is inportant.

p = con2seq(y);

Define ADALINE neural network

% The resulting network will predict the next value of the target signal
% usi ng del ayed val ues of the target.

i nput Del ays 1:5; %del ayed inputs to be used

learning rate = 0.2; % learning rate

% defi ne ADALI NE
net = linearlayer(inputDelays,|earning_rate);

Adaptive learning of the ADALINE

% G ven an input sequence with N steps the network is updated as foll ows.
% Each step in the sequence of inputs is presented to the network one at
%a tinme. The network's weight and bias values are updated after each step,
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% before the next step in the sequence is presented. Thus the network is
% updated N tinmes. The output signal and the error signal are returned,
% al ong wi th new net wor k.

[net, Y, E] = adapt(net,p,p);

% vi ew network structure
vi ew( net)

% check final network paraneters
di sp(' Wi ghts and bias of the ADALINE after adaptation')

net. | W 1}
net. b{1}

Wei ghts and bias of the ADALINE after adaptation
ans =
0.7179 0. 4229 0.1552 -0.1203 -0.4159
ans =
-1. 2520e-08

|>

Linear

Output(t)

(<

Plot results

% transformresult vectors
Y = seq2con(Y); Y = Y{1};
E = seq2con(E); E = E{1};
% start a new figure
figure;

% first graph

subpl ot (211)

plot(t,y,"'b', t,Y,'r--");

| egend(' Original', " Prediction')
grid on

xl abel (' Tine [sec]"');

yl abel (' Target Signal');
ylim([-1.2 1.2])

% second gr aph
subpl ot (212)
plot(t,E 'g');
grid on
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| egend(' Prediction error')
xl abel (' Tine [sec]"');

yl abel (" Error');
ylim([-1.2 1.2])

Criginal
— — — Prediction

Target Signal

T T T T T
1 e e P i
Frediction ermor
o= PR S S -
5l
w
T T L A -
T T -
| | | | |
0 1 2 3 4 ] 4]
Time [sec)

Published with MATLAB® 7.14
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Solving XOR problem with a multilayer perceptron
Neural Networks course (practical examples) © 2012 Primoz Potocnik

PROBLEM DESCRIPTION: 4 clusters of data (A,B,C,D) are defined in a 2-dimensional input space. (A,C) and (B,D) clusters represent XOR classification problem. The task is
to define a neural network for solving the XOR problem.

Contents
. Define 4 clusters of input data
. Define output coding for XOR problem
. Prepare inputs & outputs for network training
. Create and train a multilayer perceptron

. plot targets and network response to see how good the network learns the data

. Plot classification result for the complete input space

Define 4 clusters of input data

close all, clear all, clc, format conpact

% nunber of sanples of each class

K = 100;

% define 4 clusters of input data
g =.6; %offset of classes

A = [rand(1, K)-qg; rand(1,K)+q];
B = [rand(1, K)+qg; rand(1,K)+q];
C = [rand(1,K) +q; rand(1,K)-q];
D =[rand(1,K)-q; rand(1,K) -q];
% pl ot clusters

figure(l)

plot (A(L,:),A(2,:)," k+")

hol d on

grid on

plot(B(1,:),B(2,:)," bd")
plot (C(1,:),C(2,:)," k+)
plot(D(1,:),D(2,:)," bd")
%text labels for clusters
text(.5-q,.5+2*qg,"' Cass A')
text (.5+q,.5+2*q,' Cass B')
text(.5+q,.5-2*qg,' Cass A')
text(.5-q,.5-2*qg,' Cass B')
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Define output coding for XOR problem

% encode clusters a and ¢ as one class, and b and d as anot her cl ass

a=-1, % a | b
c=-1, % -------
b= 1, % d | c
d= 1, %

Prepare inputs & outputs for network training

% define inputs (conbine sanples fromall four classes)

P=[ABCD,;

% define targets

T = [repmat(a, 1,1 ength(A)) repmat (b, 1,1 ength(B))
repmat (¢, 1,1 ength(C)) repmat(d, 1,length(D)) ];

% view i nputs |outputs

WP T

Create and train a multilayer perceptron

% create a neural network
net = feedforwardnet([5 3]);

% train net

net.divideParamtrainRatio = 1; %training set [%
net.divideParamval Ratio = 0; % validation set [%
net.divideParamtestRatio = 0; %test set [%

%train a neural network
[net,tr,Y,E] = train(net,P, T);

% show net wor k
vi em net)
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>

Hidden 1 Hidden 2 Output

Input

plot targets and network response to see how good the network learns the data

figure(2)

plot(T ,'linew dth',2)
hol d on

plot(Y ,'r--")

grid on

| egend(' Targets',' Network response','location','best")
ylim[-1.25 1.25])

T T T T T T T
T —
asl......... RTPPPRITS DT e P AP I U i
Targets
— — — Metwork response
OF R [EEETEEE PR 4
D8k ..................... ......... 4
y TR SR P ST
i I 1 i | i I
0 B0 100 180 200 280 300 2580 400

Plot classification result for the complete input space

% generate a grid

span = -1:.005: 2;

[P1, P2] = neshgrid(span, span);
pp = [P1(:) P2(:)]1";

% si nul ate neural network on a grid
aa = net(pp);

%translate output into [-1,1]
Y%aa = -1 + 2*(aa>0);

% pl ot classification regions

figure(l)

nmesh(P1, P2, reshape(aa, | engt h(span), | engt h(span))-5);
col ormap cool
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vi ew( 2)

Published with MATLAB® 7.14
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Classification of a 4-class problem with a multilayer perceptron
Neural Networks course (practical examples) © 2012 Primoz Potocnik

PROBLEM DESCRIPTION: 4 clusters of data (A,B,C,D) are defined in a 2-dimensional input space. The task is to define a neural network for classification of arbitrary point in
the 2-dimensional space into one of the classes (A,B,C,D).

Contents
. Define 4 clusters of input data
. Define output coding for all 4 clusters
. Prepare inputs & outputs for network training
. Create and train a multilayer perceptron

. Evaluate network performance and plot results

. Plot classification result for the complete input space

Define 4 clusters of input data

close all, clear all, clc, format conpact

% nunber of sanples of each class

K = 100;

% define 4 clusters of input data
g =.6; %offset of classes

A = [rand(1, K)-qg; rand(1,K)+q];

B = [rand(1, K)+qg; rand(1,K)+q];
C = [rand(1,K) +q; rand(1,K)-q];
D =[rand(1,K)-q; rand(1,K) -q];
% pl ot clusters

figure(l)

plot (A(L,:),A(2,:)," k+")

hol d on

grid on

plot(B(1,:),B(2,:)," b*")
plot(C(1,:),C(2,:)," kx")
plot(D(1,:),D(2,:)," bd")
%text labels for clusters
text(.5-q,.5+2*qg,"' Cass A')
text (.5+q,.5+2*q,' Cass B')
text(.5+q,.5-2*qg,' Cass C)
text(.5-q,.5-2*q,' Cass D
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Define output coding for all 4 clusters

% codi ng (+1/-1) of 4 separate cl asses

a=1[-1-1-1+1]";
b=1[-1-1+1-1]";
d=1[-1+1-1-1]";
c=[+1-1-1-1]";

Prepare inputs & outputs for network training

% define inputs (conbine sanples fromall

P=[ABCD,;

% define targets

T = [repmat(a, 1,1 ength(A))
repmat (c, 1,1 ength(Q))

four cl asses)

repmat (b, 1, I engt h(B))
reprmat (d, 1,1 ength(D)) 1;

Create and train a multilayer perceptron

% create a neural network
net = feedforwardnet([4 3])

% train net

net . di vi deParam trai nRati o
net . di vi deParam val Rati o
net . di vi deParam testRati o

%train a neural network
[net,tr,Y,E train(net, P,

[

% show net wor k
vi em net)

=

=)

1

=)

1

% training set [%
% val i dation set [%
%test set [A
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Hidden 1

Hidden 2

[E3

ol

Evaluate network performance and plot results

% eval uate performance: decodi ng network response

[mi] = max(T); %target class
[mj] max(Y); % predicted class
N = length(Y); % nunber of all sanples

k = 0; % nunber of missclassified sanples
if find(i-j), %if there exist mssclassified sanples

k = length(find(i-j)); %get a nunber of m ssclassified sanples

end

fprintf(' Correct classified sanples: % 1f %6 sanpl es\n',

% pl ot network out put
figure;

subpl ot (211)

plot(T")

title(' Targets')
ylin([-2 2])

grid on

subpl ot (212)

plot(Y')

title(' Network response')
x| abel (' # sanple')
ylin([-2 2])

grid on

Correct classified sanples: 100.0% sanpl es
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Plot classification result for the complete input space

% generate a grid

span = -1:.01: 2;

[P1, P2] = neshgrid(span, span);
pp = [P1(:) P2(:)]";

% sinual te neural network on a grid
aa = net(pp);

% pl ot classification regions based on MAX activation

figure(l)

m = nesh(P1, P2, reshape(aa(1,:), | ength(span),!|ength(span))-5);
set(m'facecolor',[1 0.2 .7],"'linestyle',"' none');

hol d on

m = nesh(P1, P2, reshape(aa(2,:), | ength(span),!|ength(span))-5);
set(m'facecolor',[1 1.0 0.5],'linestyle', ' none');

m = nesh(P1, P2, reshape(aa(3,:), | ength(span),!|ength(span))-5);
set(m'facecolor',[.4 1.0 0.9],"'linestyle'," ' none');

m = nesh(P1, P2, reshape(aa(4,:), | ength(span),!|ength(span))-5);
set(m'facecolor',[.3 .4 0.5],'linestyle', ' none');

vi ew( 2)
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Industrial diagnostic of compressor connection rod defects

Neural Networks course (practical examples) © 2012 Primoz Potocnik

PROBLEM DESCRIPTION: Industrial production of compressors suffers from problems during the imprinting operation where a
connection rod is connected with a compressor head. Irregular imprinting can cause damage or crack of the connection rod which
results in damaged compressor. Such compressors should be eliminated from the production line but defects of this type are difficult
to detect. The task is to detect crack and overload defects from the measurement of the imprinting force.

Contents
. Photos of the broken connection rod
. Load and plot data
. Prepare inputs: Data resampling
. Define binary output coding: 0=0K, 1=Error
. Create and train a multilayer perceptron
. Evaluate network performance

. Application

Photos of the broken connection rod
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Load and plot data

close all, clear all, clc, format conpact

% i ndustrial data
| oad dat a2. nat
whos

% show data for class 1. K

figure

plot(force','c')

grid on, hold on

pl ot (force(find(target==1),:)"',"'b")
xl abel (" Ti nme")

yl abel (' Force')

title(notes{1})

% show data for class 2: Overl oad
figure

plot(force','c")

grid on, hold on
plot(force(find(target==2),:)",'r")
x|l abel (" Ti ne")

yl abel (' Force')

title(notes{2})

% show data for class 3: Crack
figure
plot(force', ' c')
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grid on, hold on

pl ot (force(find(target==3),:)','m)
xl abel (" Ti nme")

yl abel (' Force')

title(notes{3})

Nane Si ze Bytes d ass Attributes
force 2000x100 1600000 doubl e
not es 1x3 222 cel
t ar get 2000x1 16000 doubl e
1=0K
? T T T T T T T T T
o T TP O I Nl = ot o e W -
) T DT A gl g it - o o AR I P e N~ =

Farce
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2=Crwerioad
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Time
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Prepare inputs: Data resampling
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% include only every step-th data
step = 10;

force = force(:, 1:step:size(force, 2));
whos

% show resanpl ed data for class 1. K
figure

plot(force', c')

grid on, hold on
plot(force(find(target==1),:)",'b")

xl abel (" Ti nme")

yl abel (' Force')

title([notes{1l} ' (resanpled data)'])

% show resanpl ed data for class 2: Overl oad
figure

plot(force','c')

grid on, hold on
plot(force(find(target==2),:)","'r")

x| abel (" Ti ne')

yl abel (' Force')

title([notes{2} ' (resanpled data)'])

% show resanpl ed data for class 3: Crack
figure

plot(force', ' c')

grid on, hold on
plot(force(find(target==3),:)"', ' m)

xl abel (" Ti nme")

yl abel (' Force")

title([notes{3} ' (resanpled data)'])

Nane Si ze Bytes d ass
force 2000x10 160000 doubl e
not es 1x3 222 cel
step 1x1 8 doubl e
t ar get 2000x1 16000 doubl e
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Faorce

Force

1=0K (resampled data)

T T . - i 4
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3=Crack (resampled data)

Faorce

Define binary output coding: 0=0OK, 1=Error

% binary coding 0/1
target = double(target > 1);

Create and train a multilayer perceptron

% create a neural network
net = feedforwardnet([4]);

% set early stopping paraneters

net.di videParamtrainRatio = 0.70; %training set [%
net . di vi deParam val Rati o 0.15; % validation set [%
net . di vi deParam t est Rati o 0.15; %test set [

%train a neural network
[net,tr,Y,E] = train(net,force',target');

Evaluate network performance

% digitize network response
threshold = 0.5;
Y = doubl e(Y > threshol d)"';
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% find percentage of correct classifications
correct _classifications = 100*l ength(find(Y==target))/length(target)

correct _classifications =
99. 7500

Application

% get sanpl e
random i ndex = randi (| engt h(force))
sanmpl e = force(random.i ndex, :);

% pl ot sanpl e
figure
plot(force','c')
grid on, hold on
pl ot (sanple,'b")
x| abel (" Ti nme')

yl abel (' Force')

% predict quality

g = net(sample');

% digitize network response
g = doubl e(g > threshol d)

% comrent networ k respons
i f g==target(random.i ndex)

title(sprintf('Quality: % (correct network response)',q))
el se

title(sprintf('Qality: % (wong network response)', q))
end

random.i ndex =
1881

q:
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Quality: O (correct network response)

Faorce

Published with MATLAB® 7.14
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Prediction of chaotic time series with NAR neural network

Neural Networks course (practical examples) © 2012 Primoz Potocnik
PROBLEM DESCRIPTION: Design a neural network for the recursive prediction of chaotic Mackay-Glass time series, try various network architectures and experiment with various delays.

Contents
. Generate data (Mackay-Glass time series)
. Define nonlinear autoregressive neural network
. Prepare input and target time series data for network training
. Train net
. Transform network into a closed-loop NAR network

. Recursive prediction on validation data

Generate data (Mackay-Glass time series)

close all, clear all, clc, format conpact
% data settings

N = 700; % nunber of sanples

Nu = 300; % nunber of |earning sanples

% Mackay-d ass tine series

. eyt — )
i —bylt) + ——————
yit) yl(t) R
b = 0.1;

c = 0.2;

tau = 17;

%initialization
y = [0.9697 0.9699 0.9794 1.0003 1.0319 1.0703 1.1076 1.1352 1.1485 ...
1.1482 1.1383 1.1234 1.1072 1.0928 1.0820 1.0756 1.0739 1.0759]";
% gener at e Mackay-d ass tine series
for n=18: N+99
y(n+l) = y(n) - b*y(n) + c*y(n-tau)/(1l+y(n-tau).”10);

end
% renove initial values
y(1:100) = [];

% pl ot training and validation data
plot(y, m")

grid on, hold on

plot(y(1l:Nu),'b")

plot(y,"' +k', "' markersize', 2)

| egend(' val i dation data','training data','sanpling markers','location','southwest')
xl abel ("tinme (steps)')

ylabel ("y")

ylin([-.5 1.5])

set (gcf, ' position',[1 60 800 400])

% prepare training data
yt = con2seq(y(21: Nu)');

% prepare validation data
yv = con2seq(y(Nu+1l:end)"');
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Define nonlinear autoregressive neural network

%--------- network paranmeters -------------

% good paraneters (you don't know 'tau' for unknown process)
inputDel ays = 1:6:19; % input delay vector

hi ddenSi zes = [6 3]; % network structure (number of neurons)

% nonl i near autoregressive neural network
net = narnet (i nputDel ays, hiddenSizes);

Prepare input and target time series data for network training

% [Xs, Xi, A, Ts, EWs, shift] = preparets(net, Xnf, Tnf, Tf, EW

%

% This function sinplifies the normally conplex and error prone task of
% reformatting input and target tinmeseries. It automatically shifts input
% and target tine series as nmany steps as are needed to fill the initial
% i nput and | ayer delay states. |If the network has open | oop feedback,

% then it copies feedback targets into the inputs as needed to define the
% open | oop inputs.

%

% net : Neural network

% Xnf : Non-feedback inputs

% Tnf : Non-feedback targets

% Tf : Feedback targets

% EW: Error weights (default = {1})

%

% Xs : Shifted inputs

% Xi : Initial input delay states
% A : Initial layer delay states

% Ts : Shifted targets
[ Xs, Xi, Ai, Ts] = preparets(net,{},{},yt);

Train net

%train net with prepared training data
net = train(net,Xs,Ts, Xi,A);

% view trai ned net

vi ew( net)
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[

Hidden 1 Hidden 2 OQutput

< 1l ] >

Transform network into a closed-loop NAR network

% cl ose feedback for recursive prediction
net = cl osel oop(net);

% vi ew cl osel oop version of a net
viewnet);

[

Hidden 1 Hidden 2 Output

Recursive prediction on validation data

% prepare validation data for network sinulation

yini = yt(end-max(inputDel ays)+1:end); % initial values fromtraining data
% conbine initial values and validation data 'yv'

[Xs, Xi,Ai] = preparets(net,{},{},[yini yv]);

% predi ct on validation data
predict = net(Xs, Xi,Ai);

% val i dati on data

Yv = cell2mat (yv);

% predi ction

Yp = cell 2mat (predict);
% error

e =Yv - Yp;

% pl ot results of recursive sinulation

figure(1)

pl ot (Nu+1: N, Yp,'r")

pl ot (Nu+1: N e, ' g')

| egend(' val i dation data','training data','sanpling markers',...
"prediction',"error','location',"'southwest")
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Function approximation with RBFN

Neural Networks course (practical examples) © 2012 Primoz Potocnik

PROBLEM DESCRIPTION: Create a function approximation model based on a measured data set. Apply various Neural Network architectures based on Radial Basis
Functions. Compare with Multilayer perceptron and Linear regression models.

Contents
. Linear Regression
. Exact RBFN
. RBFN
. GRNN
. RBFN trained by Bayesian regularization
. MLP

. Data generator

Linear Regression

close all, clear all, clc, format conpact

% gener ate data
[ X, Xtrain,Ytrain, fig] = data_generator();

% no hi dden | ayers

net = feedforwardnet([]);

% % one hidden layer with linear transfer functions
% net = feedforwardnet([10]);

% net .| ayers{1}.transferFcn = 'purelin';

% set early stopping paraneters

net . di vi deParam trai nRati o 1.0; %training set [%
net . di vi deParam val Rati o 0.0; %validation set [%
net . di vi deParam test Rati o 0.0; %test set [
%train a neural network

net . trai nParam epochs = 200;

net = train(net,Xtrain, Ytrain);

% vi ew net

view (net)

% simul ate a network over conplete input range

Y = net(X);

% pl ot network response

figure(fig)

plot(X, Y, color',[1 .4 0])

| egend(' original function','available data','Linear regression','location','northwest')
-~

Qutput W
Input
1

>

£ >
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100 : : : . ; . ! : .
original function | - : : : ' :

Ar % available data

Linear regression

Exact RBFN

% gener ate data
[ X, Xtrain, Ytrain,fig] = data_generator();

% choose a spread constant

spread = . 4;

% create a neural network

net = new be(Xtrain, Ytrain, spread);

% vi ew net

view (net)

% simul ate a network over conplete input range

Y = net(X);

% pl ot network response

figure(fiag)

plot (X Y,'r")

| egend(' original function','available data','Exact RBFN ,'location','northwest')

Warni ng: Rank deficient, rank = 53, tol = 1.110223e-13.
)
Layer Layer W
Input
1
™
£ >
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original function | : : : : :

a0 ®  available data

Exact REFM

RBFN

% gener ate data
[X, Xtrain,Ytrain,fig] = data_generator();

% choose a spread constant

spread = . 2;

% choose max nunber of neurons

K = 40;

% per f ormance goal (SSE)

goal = 0;

% nunber of neurons to add between displ ays
Ki = 5;

% create a neural network

net = new b(Xtrain, Ytrain, goal, spread, K, Ki);

% vi ew net

view (net)

% simul ate a network over conplete input range
Y = net(X);

% pl ot network response

figure(fiag)

plot(X Y, 'r")

| egend(' original function','available data',' RBFN ,'location', ' northwest"')

NEWRB, neurons = 0, MSE = 333.938
NEWRB, neurons = 5, MSE = 47.271
NEWRB, neurons = 10, MSE = 12. 3371

NEWRB, neurons = 15, MSE = 9.26908
NEWRB, neurons = 20, MSE = 4.16992
NEWRB, neurons = 25, MSE = 2. 82444
NEWRB, neurons = 30, MSE = 2.43353
NEWRB, neurons = 35, MSE = 2. 06149
NEWRB, neurons = 40, MSE = 1.94627
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Ferformance is 1. 84627, Goal is 0

1|:|3 r T T T T T T : -
: Train
Validation ]
Test J
10° |
1K)
]
=
[
£
o
-
['F)
o
10"}
1I:I|:| 1 1 1 | | . |
0 5 10 156 20 25 a0 a5 40
40 Epochs
M
Input
1
™
<
100 T T T T T r ! ! :
original function : : : : : :
a0+ x  availabledata  [oior i
=
X
GRNN

% gener ate data
[X, Xtrain,Ytrain,fig] = data_generator();

% choose a spread constant
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spread = .12;
% create a neural network
net = newgrnn(Xtrain, Ytrain, spread);

% vi ew net

view (net)
% simul ate a network over conplete input range
Y = net(X);
% pl ot network response
figure(fiag)
plot (X Y,'r")
| egend(' original function','available data',' RBFN ,'location', ' northwest"')
.S
Layer B
Input Layer Output
1 1 1
Z
< >
100 T T T T T T T T T
original function | : ' j
g:| - w a'l.;"a”able data , ........ ........ ......... ........ . ........ .........

RBFN trained by Bayesian regularization

% gener ate data
[X, Xtrain,Ytrain,fig] = data_generator();

% -------- RBFN ------------------

% choose a spread constant

spread = .2;

% choose nmax nunber of neurons

K = 20;

% per f ormance goal (SSE)

goal = 0;

% nunber of neurons to add between displ ays
Ki = 20;

% create a neural network
net = newrb(Xtrain, Ytrain, goal, spread, K Ki);
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% vi ew net

view (net)

% simul ate a network over conplete input range
Y = net(X);

% pl ot network response

figure(fiag)

plot (X Y,'r")

% Show RBFN centers

c = net.iwfl};

pl ot (c, zeros(size(c)),'rs")

| egend(' original function','available data',' RBFN ,'centers','location','northwest"')

% -------- trainbr ---------------

% Retrain a RBFN using Bayesi an regul ari zati on backpropagati on
net.trainFcn="trainbr';

net . trai nParam epochs = 100;

% perform Levenberg- Marquardt training with Bayesian regul arization
net = train(net,Xtrain, Ytrain);

% sinul ate a network over conplete input range

Y = net(X);

% pl ot network response

figure(fig)

plot(X Y, ni)

% Show RBFN centers

c = net.iwf1};

pl ot (c, ones(si ze(c)), ' ns')

| egend(' original function','available data',' RBFN ,'centers',' RBFN + trainbr',' new
centers','location', ' northwest')

NEWRB, neurons = 0, MSE = 334. 852
NEWRB, neurons = 20, MSE = 4. 34189

Ferformance is 4.341393, Goal is 0

107 T T T T T T T T T ]
i Train
Validation []
Test J
10° L
1K}
[}
=
]
E
[
=
2K}
o
10"k
1|:|I:l 1 1 1 | 1 1 1 | 1
0 2 4 [+ g 10 12 14 16 18 20

20 Epochs
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% gener ate data
[X, Xtrain,Ytrain,fig] = data_generator();

% create a neural network

net = feedforwardnet([12 6]);

% set early stopping paraneters
net.divideParamtrainRatio = 1.0; %training set [%
net . di vi deParam val Rati o 0.0; %validation set [%
net . di vi deParam testRati o 0.0; %test set [%A
%train a neural network

net. trai nParam epochs = 200;

net = train(net,Xtrain, Ytrain);

% vi ew net
vi ew (net)
% sinmul ate a network over conplete input range

Y = net(X);

% pl ot network response

figure(fig)

plot(X, Y, color',[1 .4 0])

| egend(' original function','available data','M.P','location',"'northwest"')
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Input
1
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original function | : : ' :
an L % availabledata i b i e

Data generator

type data_generator

%% Dat a generator function
function [ X, Xtrain, Ytrain,fig] = data_generator()

% dat a gener at or
X = 0.01:.01: 10;
f = abs(besselj(2,X*7).*asind(X/2) + (X 71.95)) + 2;

fig = figure;
plot(X f,"b-")
hol d on
grid on

% avai |l abl e data points

Ytrain = f + 5*(rand(1,length(f))-.5);

Xtrain = X([181: 450 601:830]);

Ytrain = Ytrain([181: 450 601: 830]);

plot(Xtrain, Ytrain,"'kx")

x| abel (' x")

yl abel ('y")

ylim([0 100])

| egend(' original function','available data','location','northwest')

Published with MATLAB® 7.14
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Radial Basis Function Networks for Classification of XOR problem

Neural Networks course (practical examples) © 2012 Primoz Potocnik

PROBLEM DESCRIPTION: 4 clusters of data (A,B,C,D) are defined in a 2-dimensional input space. (A,C) and
(B,D) clusters represent XOR classification problem. The task is to define a neural network for solving the XOR
problem.

Contents

1. Classification of XOR problem with an exact RBFN

N

. Classification of XOR problem with a RBFN

3. Classification of XOR problem with a PNN

o

. Classification of XOR problem with a GRNN

(S)]

. Bayesian regularization for RBFN
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Classification of XOR problem with an exact RBFN

Neural Networks course (practical examples) © 2012 Primoz Potocnik

PROBLEM DESCRIPTION: 2 groups of linearly inseparable data (A,B) are defined in a 2-dimensional input space. The task is to
define a neural network for solving the XOR classification problem.

Contents
. Create input data
. Define output coding
. Prepare inputs & outputs for network training
. Create an exact RBFN
. Evaluate network performance
. Plot classification result

. Plot RBFN centers

Create input data

close all, clear all, clc, format conpact

% nunber of sanples of each cluster

K = 100;
% of f set of clusters
g = .6;

% define 2 groups of input data
A = [rand(1, K)-q rand(1, K)+q;
rand(1, K)+q rand(1, K)-q];
B = [rand(1, K)+q rand(1, K)-q;
rand(1, K)+q rand(1, K)-q];
% pl ot data
plot (A(1,:),A(2,:), k+ ,B(1,:),B(2,:), b*")
grid on
hol d on
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Define output coding

% coding (+1/-1) for 2-class XOR problem
a = -1;
b = 1,

Prepare inputs & outputs for network training

% define inputs (conmbi ne sanples fromall four classes)
P=1[AB];

% define targets

T =[repmat(a, 1, length(A)) repmat(b, 1,1 ength(B))];

Create an exact RBFN

% choose a spread const ant

spread = 1;
% create a neural network
net = new be(P, T, spread);

% vi ew net wor k
vi ew net)
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Warni ng: Rank deficient, rank = 124, tol = 8.881784e-14.

<

>

(3

[«

Evaluate network performance

% sinulate a network on training data
Y = net(P);

% cal culate [ of correct classifications
correct = 100 * length(find(T.*Y > 0)) / length(T);

fprintf('\nSpread = % 2f\n', spread)
fprintf(' Num of neurons = %\n',net.|ayers{1}.size)
fprintf(' Correct class = % 2f 9%An',correct)

% plot targets and network response
figure;

plot(T)

hol d on

grid on

plot(Y ,'r")

ylin([-2 2])

set(gca, 'ytick',[-2 0 2])

| egend(' Targets',' Network response')
x| abel (' Sanpl e No.")

Spr ead = 1.00
Num of neurons = 400
Correct cl ass = 100.00 %
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Plot classification result

% generate a grid

span = -1:.025: 2;

[ P1, P2] meshgri d( span, span);

pp = [P1(:) P2(:)]";

% sinmualte neural network on a grid
aa = simnet, pp);

% pl ot classification regions based on MAX acti vation
figure(l)

ma = mesh(Pl, P2, reshape(-aa, | engt h(span), | engt h(span))-5);
nb = mesh(P1, P2, reshape( aa, | ength(span), | ength(span))-5);

set(mm, ' facecolor',[1 0.2 .7], ' linestyle', ' none');
set(nb, ' facecolor',[1 1.0 .5],'linestyle', ' none');
Vi ewm 2)
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Plot RBFN centers

gs')

' 2), "

, 1), net.iw{1}(:

plot(net.iw1}(:
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Classification of XOR problem with a RBFN

Neural Networks course (practical examples) © 2012 Primoz Potocnik

PROBLEM DESCRIPTION: 2 groups of linearly inseparable data (A,B) are defined in a 2-dimensional input space. The task is to
define a neural network for solving the XOR classification problem.

Contents
. Create input data
. Define output coding
. Prepare inputs & outputs for network training
. Create a RBFN
. Evaluate network performance

. Plot classification result

. Plot RBFN centers

Create input data

close all, clear all, clc, format conpact

% nunber of sanples of each cluster

K = 100;
% of f set of clusters
g = .6;

% define 2 groups of input data
A = [rand(1, K)-q rand(1, K)+q;
rand(1, K)+q rand(1, K)-q];
B = [rand(1, K)+q rand(1, K)-q;
rand(1, K)+q rand(1, K)-q];
% pl ot data
plot (A(1,:),A(2,:), k+ ,B(1,:),B(2,:), b*")
grid on
hol d on
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Define output coding

% coding (+1/-1) for 2-class XOR problem

a=-1;
b = 1;

Prepare inputs & outputs for network training

% define inputs (conbine sanples from all

P=1[AB];
% define targets
T =[repmat(a, 1, length(A))

Create a RBFN

% NEWRB al gorithm

% The follow ng steps are repeated until
% falls bel ow goal :

% 1. The network is sinulated

% 2. The input vector with the greatest
% 3.

% 4.

% choose a spread constant

A radbas neuron is added with wei ghts equal
The purelin |ayer weights are redesigned to mninize error

four classes)

repmat (b, 1,1 ength(B))];

the network's mean squared error

is found
to that vector

error
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spread

% choose nmax nunber

:21

% per f ormance goal (SSE)

K = 20;
goal = 0;
% nunber

Ki = 4;

% create a neura

net

net wor

k

of neurons

of neurons to add between displ ays

= new b(P, T, goal , spread, K, Ki);

% vi ew net wor k

Vi ew( net)
NEVWRB, neurons
NEVWRB, neurons
NEWRB, neurons
NEVWRB, neurons =
NEVWRB, neurons =
NEVWRB, neurons =
10"
LY
L3
[
o
=
o
=
4K}
(s
107
0]

0, MSE =1

4, MSE = 0.302296
8, MSE = 0.221059
12, MSE = 0.193983
16, MSE = 0. 154859
20, MSE = 0.122332

Ferdormance is 0122332, Goal is O

Train
Walidation |7
Test T
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Evaluate network performance

% si mul ate RBFN on training data
Y = net(P);

% cal culate [ of correct classifications

correct = 100 * length(find(T.*Y > 0)) / length(T);
fprintf('\nSpread = % 2f\n', spread)
fprintf(' Num of neurons %I\ n', net.layers{1}.si ze)
fprintf(' Correct class = %2f 9%AnNn',correct)

% pl ot targets and network response
figure;

plot(T)

hol d on

grid on

plot(Y ,'r")

ylim([-2 2])

set(gca,'ytick',[-2 0 2])

| egend(' Targets',' Network response')
x|l abel (" Sanpl e No.')

Spr ead = 2.00
Num of neurons = 20
Correct class = 99.50 %
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Plot classification result

% generate a grid

span = -1:.025: 2;

[ P1, P2] meshgri d( span, span);

pp = [P1(:) P2(:)]";

% sinmualte neural network on a grid
aa = simnet, pp);

% pl ot classification regions based on MAX activati on
figure(l)

ma = mesh(Pl, P2, reshape(-aa, | engt h(span), | engt h(span))-5);
nb = mesh(P1, P2, reshape( aa, | ength(span), | ength(span))-5);

set(mm, ' facecolor',[1 0.2 .7], ' linestyle', ' none');
set(nb, ' facecolor',[1 1.0 .5],"'linestyle'," ' none');
Vi ewm 2)
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Plot RBFN centers

gs')

' 2), "

, 1), net.iw{1}(:

plot(net.iw1}(:

Page 61 of 91



1.5
0.5

Published with MATLAB® 7.14

Page 62 of 91



Classification of XOR problem with a PNN

Neural Networks course (practical examples) © 2012 Primoz Potocnik

PROBLEM DESCRIPTION: 2 groups of linearly inseparable data (A,B) are defined in a 2-dimensional input space. The task is to
define a neural network for solving the XOR classification problem.

Contents
. Create input data
. Define output coding
. Prepare inputs & outputs for network training
. Create a PNN
. Evaluate network performance

. Plot classification result for the complete input space

. plot PNN centers

Create input data

close all, clear all, clc, format conpact

% nunber of sanples of each cluster

K = 100;
% of f set of clusters
g = .6;

% define 2 groups of input data
A = [rand(1, K)-q rand(1, K)+q;
rand(1, K)+q rand(1, K)-q];
B = [rand(1, K)+q rand(1, K)-q;
rand(1, K)+q rand(1, K)-q];
% pl ot data
plot (A(1,:),A(2,:), k+ ,B(1,:),B(2,:), b*")
grid on
hol d on
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Define output coding

% coding (+1/-1) for 2-class XOR probl em

a
b

11
2;

Prepare inputs & outputs for network training

% define inputs (conbine sanples from al

P =

four c
[A B];

% define targets

T =

[repmat (a, 1,1 ength(A))

Create a PNN

% choose a spread const ant

spread
% create a neura

net

. 5;

net wor k
newpnn( P, i nd2vec(T), spread);

% vi ew net wor k
vi ew net)
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Evaluate network performance

% si mul ate RBFN on training data

Y = net(P);
Y = vec2ind(Y);

% cal culate [ of correct classifications

correct = 100 * length(fi

fprintf('\nSpread
fprintf(' Num of neurons
fprintf(' Correct class

nd(T==Y)) /

= % 2f\n', spread)

%\ n' , net.layers{1}. si ze)

% 2f

%A n',correct)

% pl ot targets and network response

figure;
plot(T)

hol d on

grid on
plot (Y ,'r--")
ylin([0 3])

set(gca, 'ytick',[-2 0 2])

| egend(' Targets',' Network response')
x| abel (' Sanpl e No.")

Spr ead
Num of neurons
Correct class

0. 50
400
100. 00

%

Page 65 of 91

l ength(T);




T T I | T T T
Targets
— — — Metwaork response
2 T
0 | | | i ! 1 |
a0 &0 100 150 200 280 300 380

Sample MNo.

Plot classification result for the complete input space

% generate a grid

span = -1:.025: 2;

[ P1, P2] = nmeshgrid(span, span);

pp = [P1(:) P2(:)]";

% sinmualte neural network on a grid
aa = simnet, pp);

aa = vec2ind(aa)-1.5; % convert

% pl ot classification regions based on MAX activati on
figure(l)

ma = mesh(P1, P2, reshape(-aa, | engt h(span), | engt h(span))-5);
nb = nmesh(Pl, P2, reshape( aa,l engt h(span), | ength(span))-5);

set(ma, ' facecolor',[1 0.2 .7],'linestyle',  none');
set(nb, ' facecolor',[1 1.0 .5],"'linestyle', ' none');
vi ewm 2)

Page 66 of 91

400



plot PNN centers

gs')

' 2), "

, 1), net.iw{1}(:

plot(net.iw1}(:
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Classification of XOR problem with a GRNN

Neural Networks course (practical examples) © 2012 Primoz Potocnik

PROBLEM DESCRIPTION: 2 groups of linearly inseparable data (A,B) are defined in a 2-dimensional input space. The task is to
define a neural network for solving the XOR classification problem.

Contents
. Create input data
. Define output coding
. Prepare inputs & outputs for network training
. Create a GRNN
. Evaluate network performance

. Plot classification result

. plot GRNN centers

Create input data

close all, clear all, clc, format conpact

% nunber of sanples of each cluster

K = 100;
% of f set of clusters
g = .6;

% define 2 groups of input data
A = [rand(1, K)-q rand(1, K)+q;
rand(1, K)+q rand(1, K)-q];
B = [rand(1, K)+q rand(1, K)-q;
rand(1, K)+q rand(1, K)-q];
% pl ot data
plot (A(1,:),A(2,:), k+ ,B(1,:),B(2,:), b*")
grid on
hol d on
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Define output coding

% coding (+1/-1) for 2-class XOR probl em

a
b

-1,
1;

Prepare inputs & outputs for network training

% define inputs (conbine sanples from al

P =

four c
[A B];

% define targets

T =

[repmat (a, 1,1 ength(A))

Create a GRNN

% choose a spread const ant

spread
% create a neura

net

. 2;

net wor k
newgr nn( P, T, spread) ;

% vi ew net wor k
vi ew net)
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Evaluate network performance

% simul ate GRNN on training data
Y = net(P);

% cal culate [ of correct classifications

correct = 100 * length(find(T.*Y > 0)) / length(T);
fprintf('\nSpread = % 2f\n', spread)
fprintf(' Num of neurons %I\ n', net.layers{1}.si ze)
fprintf(' Correct class = %2f 9%AnNn',correct)

% pl ot targets and network response
figure;

plot(T)

hol d on

grid on

plot(Y ,'r")

ylim([-2 2])

set(gca,'ytick',[-2 0 2])

| egend(' Targets',' Network response')
x|l abel (" Sanpl e No.')

Spr ead = 0.20
Num of neurons = 400
Correct class = 100.00 %
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Plot classification result

% generate a grid

span = -1:.025: 2;

[ P1, P2] meshgri d( span, span);

pp = [P1(:) P2(:)]";

% sinmualte neural network on a grid
aa = simnet, pp);

% pl ot classification regions based on MAX acti vation
figure(l)

ma = mesh(Pl, P2, reshape(-aa, | engt h(span), | engt h(span))-5);
nb = mesh(P1, P2, reshape( aa, | ength(span), | ength(span))-5);

set(mm, ' facecolor',[1 0.2 .7], ' linestyle', ' none');
set(nb, ' facecolor',[1 1.0 .5],'linestyle', ' none');
Vi ewm 2)
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plot GRNN centers

plot (net.iw{1}(:, 1), net.iw{1}(:,2), gs')
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Bayesian regularization for RBFN
Neural Networks course (practical examples) © 2012 Primoz Potocnik

PROBLEM DESCRIPTION: 2 groups of linearly inseparable data (A,B) are defined in a 2-dimensional input space. The task is to define a
neural network for solving the XOR classification problem.

Contents
. Create input data
. Define output coding
. Prepare inputs & outputs for network training
. Create a RBFN
. Evaluate network performance
. Plot classification result
. Retrain a RBFN using Bayesian regularization backpropagation
. Evaluate network performance after Bayesian regularization training

. Plot classification result after Bayesian regularization training

Create input data

close all, clear all, clc, format conpact

% nunber of sanples of each cluster

K = 100;
% of fset of clusters
q = .6;

% define 2 groups of input data
A = [rand(1, K)-q rand(1,K)+q;
rand(1, K)+q rand(1, K)-q];
B = [rand(1, K) +q rand(1, K)-q;
rand(1, K)+gq rand(1, K)-q];
% pl ot data
plot (A(L,:),A(2,:), k+ ,B(1,:),B(2,:)," b*")
grid on
hol d on
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Define output coding

% coding (+1/-1) for 2-class XOR problem
a = -1,
b = 1,

Prepare inputs & outputs for network training

% define inputs (conbine sanples fromall four classes)
P=1[AB;

% define targets

T =[repmat(a,1,length(A)) repmat(b,1,1ength(B))];

Create a RBFN

% choose a spread constant

spread = .1;

% choose nmax nunber of neurons

K = 10;

% per f ormance goal (SSE)

goal = 0;

% nunber of neurons to add between displ ays
Ki = 2;

% create a neural network

net = new b(P, T, goal , spread, K, Ki);

% vi ew net wor k
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Vi em net)

NEWRB, neurons = 0, MSE =1

NEWRB, neurons = 2, MSE = 0.928277
NEWRB, neurons = 4, MSE = 0. 855829
NEWRB, neurons = 6, MSE = 0.798564
NEWRB, neurons = 8, MSE = 0.742854

NEWRB, neurons = 10, MSE = 0. 690962

Ferormance is 0.680867, Goal is O

1I:I 1 1 1 1 1 1 1 1
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1,:,'1 ] ] ] ] ] ] ] ] ]
0 1 e 3 4 & 4] 7 a L2 10
10 Epochs
LY
Input
2
M
% >

Evaluate network performance

% check RBFN spread
actual spread = net. b{1}

% si mul ate RBFN on training data
Y = net(P);
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% cal culate [9% of correct classifications
correct = 100 * length(find(T.*Y > 0)) / length(T);

fprintf('\nSpread = % 2f\n', spread)
fprintf(' Num of neurons = %l\n',net.layers{1}.size)
fprintf(' Correct class = % 2f 9%®AnN',correct)

% pl ot targets and network response to see how good the network | earns the data
figure;

plot(T)

ylim([-2 2])

set(gca, ' ytick',[-2 0 2])

hol d on

grid on

plot(Y ,'r")

| egend(' Targets',' Network response')

x| abel (' Sanpl e No.")

actual spread =
8. 3255
. 3255
. 3255
. 3255
. 3255
. 3255
. 3255
. 3255
. 3255
. 3255

0O 00 00 00O 00 0O O O

Spr ead 0.10
Num of neurons 10
Correct class = 79.50 %
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Plot classification result

% generate a grid

span = -1:.025: 2;

[ P1, P2] meshgri d( span, span) ;

pp = [[RANEE) RACE) [

% sinualte neural network on a grid
aa = simnet, pp);

% pl ot classification regi ons based on MAX acti vation
figure(l)

ma = nesh(P1, P2, reshape(-aa, | engt h(span), | engt h(span))-5);
nb = nmesh(P1, P2, reshape( aa, |l ength(span), | ength(span))-5);

set(ma, ' facecolor',[1 0.2 .7],"'linestyle',' none');
set(nb, ' facecolor',[1 1.0 .5],"'linestyle', "' none');
Vi ew 2)

% pl ot RBFN centers
plot(net.iw1}(:,1),net.iw1}(:,2)," gs')
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Retrain a RBFN using Bayesian regularization backpropagation

% define customtraining function: Bayesian regul ari zati on backpropagation
net.trai nFcn='trainbr';

% perform Levenberg- Marquardt training with Bayesian regul arization

net = train(net,P,T);

Evaluate network performance after Bayesian regularization training

% check new RBFN spread
spread_after _training = net.b{1}
% si nul ate RBFN on training data
Y = net(P);

% calculate [% of correct classifications

correct = 100 * length(find(T.*Y > 0)) / length(T);
fprintf(' Num of neurons = %l\n',net.layers{1}.size)
fprintf(' Correct class = % 2f 9%AnN',correct)

% pl ot targets and network response
figure;

plot(T)

ylim([-2 2])

set(gca,'ytick',[-2 0 2])

hol d on

grid on

plot(Y ,'r")

| egend(' Targets',' Network response')
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x| abel (' Sanpl e No. ")

spread_after_training =

2

N NMNDNDNDNOOW

3.
Num of neurons
Correct class

9924
. 0201
. 7809
. 5933
. 6968
. 8934
. 2121
. 9748
. 7584
5739

10
100. 00 %
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50

100 150

200 250 300 350 400

Sample Mo,

Plot classification result after Bayesian regularization training

% si nmul at e neur al

network on a grid

aa = sinm(net, pp);

% pl ot classification regions based on MAX activation
figure(l)

ma = nesh(Pl, P2, reshape(-aa, | engt h(span), | engt h(span))-5);
nb = nesh(Pl, P2, reshape( aa, |l ength(span), | ength(span))-5);
set(ma, ' facecolor',[1 0.2 .7],"'linestyle', "' none');

set(nb, ' facecolor',[1 1.0 .5],"'linestyle', "' none');

vi ew 2)

Page 81 of 91



% Pl ot nodi fi ed RBFN centers

plot(net.iw{1}(:

,2),"'rs',"linewidth', 2)

, 1), net.iwf1}(:
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1D and 2D Self Organized Map

Neural Networks course (practical examples) © 2012 Primoz Potocnik
PROBLEM DESCRIPTION: Define 1-dimensional and 2-dimensional SOM networks to represent the 2-dimensional input space.

Contents
. Define 4 clusters of input data
. Create and train 1D-SOM
. plot 1D-SOM results
. Create and train 2D-SOM

. plot 2D-SOM results

Define 4 clusters of input data

close all, clear all, clc, format conpact

% nunber of sanpl es of each cluster

K = 200;
% of f set of cl asses
q=1.1;

% define 4 clusters of input data

P =[rand(1,K) -qg rand(1, K)+q rand(1, K)+g rand(1, K)-q;
rand(1, K)+g rand(1, K)+gq rand(1,K)-q rand(1, K)-q];

% pl ot clusters

plot (P(1,:),P(2,:),'9.")

hol d on

grid on
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Create and train 1D-SOM

% SOM par anet er s

di nensi ons = [100];
cover St eps = 100;

i ni t Nei ghbor 10;

t opol ogyFcn = 'gridtop';
di stanceFcn = 'linkdist";

% def i ne net
netl = sel forgmap(di mensi ons, cover St eps, i ni t Nei ghbor, t opol ogyFcn, di st anceFcn) ;

%train
[netl,Y] = train(netl, P);

plot 1D-SOM results

% pl ot input data and SOM wei ght positions
pl ot sonpos(net 1, P);
grid on
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Weight 1

Create and train 2D-SOM

% SOM par anet er s

di nensi ons = [10 10];
cover St eps = 100;
i ni t Nei ghbor = 4;

t opol ogyFcn = ' hextop';
di stanceFcn = 'linkdist";

% def i ne net
net 2 = sel forgmap(di nmensi ons, cover St eps, i ni t Nei ghbor, t opol ogyFcn, di st anceFcn) ;

% train

[net2,Y] = train(net2, P);

plot 2D-SOM results

% pl ot input data and SOM wei ght positions
pl ot sonpos(net 2, P);
grid on

% pl ot SOM nei ghbor di st ances
pl ot somd( net 2)

% pl ot for each SOM neuron the nunber of input vectors that it classifies
figure

pl ot somhi t s(net 2, P)
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PCA for industrial diagnostic of compressor connection rod defects

Neural Networks course (practical examples) © 2012 Primoz Potocnik

PROBLEM DESCRIPTION: Industrial production of compressors suffers from problems during the imprinting operation where a connection rod is connected with a
compressor head. Irregular imprinting can cause damage or crack of the connection rod which results in damaged compressor. Such compressors should be eliminated from
the production line but defects of this type are difficult to detect. The task is to detect crack and overload defects from the measurement of the imprinting force.

Contents
. Photos of the broken connection rod
. Load and plot data
. Prepare inputs by PCA
. Define output coding: 0=0K, 1=Error
. Create and train a multilayer perceptron
. Evaluate network performance

. Plot classification result

Photos of the broken connection rod

i

Load and plot data

close all, clear all, clc, format conpact

% i ndustrial data

| oad dat a2. mat

whos

% show dat a

figure

plot(force(find(target==1),:)"','b") % K (class 1)
grid on, hold on

plot(force(find(target>1),:)",'r")
x| abel (' Tine")
yl abel (' Force")

% NOT OK (class 2 & 3)

Nare Si ze Bytes C ass Attributes
force 2000x100 1600000 doubl e

not es 1x3 222 cell

tar get 2000x1 16000 doubl e
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Prepare inputs by PCA

% 1. Standardi ze inputs to zero nean, variance one
[pn, psl] = nmapstd(force');

% 2. Apply Principal Conponents Anal ysis

% i nputs whose contribution to total variation are |ess than naxfrac are renoved
FP. maxfrac = 0. 1;

% process inputs with principal conponent analysis

[ptrans, ps2] = processpca(pn, FP);

ps2

% transformed inputs

force2 = ptrans';

whos force force2

% plot data in the space of first 2 PCA conponents

figure

plot(force2(:,1),force2(:,2),'.") %X

grid on, hold on

pl ot (force2(find(target>1),1),force2(find(target>1),2),'r.") % NOT_OK
x| abel (' pcal')

yl abel (' pca2')

l egend(' OK',' NOT OK','location',' nw)

% % pl ot data in the space of first 3 PCA conponents

% figure

% pl ot 3(force2(find(target==1),1),force2(find(target==1),2),force2(find(target==1),3),'b.")
% grid on, hold on

% pl ot 3(force2(find(target>1),1),force2(find(target>1),2),force2(find(target>1),3),'r.")

ps2 =
nane: 'processpca'
xrows: 100
maxfrac: 0.1000
yrows: 2
transform [2x100 doubl €]
no_change: O
Narme Si ze Bytes C ass Attributes
force 2000x100 1600000 doubl e
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Define output coding: 0=0K, 1=Error
% bi nary coding 0/1
target = double(target > 1);
Create and train a multilayer perceptron
% create a neural network
net = feedforwardnet([6 4]);
% set early stopping paraneters
net . divideParamtrainRatio = 0.70; %training set [%
net . di vi deParam val Rati o = 0.15; %validation set [%
net . divideParamtestRatio = 0.15; %test set [%
%train a neural network
[net,tr,Y,E] = train(net,force2' ,target');
% show net
vi em net)
Y
Hidden 1 Hidden 2 Output y
Input
2
<

Evaluate network performance

% digitize network response
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threshold = 0.5;
Y = doubl e(Y > threshol d)';

% find percentage of correct classifications
cc = 100*l ength(find(Y==target))/l ength(target);
fprintf('Correct classifications: % 1f [%4\n', cc)

Correct classifications: 99.6 [%

Plot classification result

figure(2)

a = axis;

% generate a grid, expand input space
xspan = a(1)-10 : .1 : a(2)+10;

yspan = a(3)-10 : .1 : a(4)+10;

[P1, P2] = neshgrid(xspan, yspan);

pp = [P1(:) P2(:)]";

% sinmualte neural network on a grid
aa = sim(net, pp);

aa = doubl e(aa > threshol d);

% pl ot classification regions based on MAX activation
ma = nesh(Pl, P2, reshape(-aa, | engt h(yspan), | engt h(xspan))-4);
nmb = nesh(P1, P2, reshape( aa, | ength(yspan), | engt h(xspan))-5);

set(ma, ' facecolor',[.7 1.0 1],'linestyle', ' none');
set(mb, ' facecolor',[1 0.7 1],'linestyle', ' none');
vi ew( 2)
40
+ Ok
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