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Discrimination algorithm
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Difficulties: within-class variations




Discrimination Process

Learning andecision

Sensor Modelisation @ f> Al

Real Word Data Features Decision
_ pd
X =R A ={a,....a,....a}
019 “ 101y, 1' JM
01001911qqpetiinn; o 4
831;::-11".1.,:::::; | I I I :
1090001000401 10 I : y
0 10 11010104101010eiws ---IIIIII "I II %@d

foee

1010010010100



Learning

set

.. Our goal Is, given a training set, to learn a function
) . so that s(x) 1 s a ngood

Learning corresponding value of y
algorithm
X » \ (2)—» predicted Y
r  RP | Wiy ooy WK

When the target variable can take on only a small number of discrete values we call it a classification problem.



Neuronal Network Approach

Ne ur aellbogly (soma) Synapses: thejunctions
processes the incoming that allow signal

activations and converts them transmission between the

into output activations axons and the dendrites.
Synapse / Learning Process

Synapse Dendrites
: : , Axon

A highly complex, noflinear 5@ Axon

and parallel information
processing system
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Formal neuron

Mc Culloch et Pitts 1943
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Perceptron: decision rule

_________ 5 I
1 1 |

wlu > 0 for every input vector u belonging to class C; 1

wlu < 0 for every input vector u belonging to class C, ;

T — Wy SS1 w!z > 0; x — w; otherwise
—~

Linear decision rule

Assuming, to be general, that the perceptron has p inputs, then the equation
w11+ ... + wgryg + weg =0

In an p dimensional space with coordinates x 1 , xx@, defines a hyperplane as the switching surface between the
two different classes of input.



Perceptron: for cluster >2

Y Cluster 1: yes or not
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Training the neural Network s g Vo

> X Neuronk
xO =S (P
ni - eu T 00 =
Generate a training pair or pattern: 5 L u=wx" Yy’ =/ ()
-aninputx= [ x Ixn]x 2 e W DW
- a target output d (known/given)

r : error signal @d(t)

Initialize weights at random The target fox®
For each training pair/pattern (x, d) a : Learning rate

- Compute output y

- Compute error, r=Ff(d i y) mm) A Cost Function to quantify this difference

- Use the error to update weights as follows: RMS costfunction

n
w" T = w" + arx E — %Z(d(t) — (T xD)Y?

Repeat until Aconvergence t=1

W* such that E minimun



Training the neural Network: Gradient descent
We use gradient descent to search for a good set of weights

¥ Initialize the initial position x0 at random

Tpi1 = Tp — o f ()

Repeat until convergence

- x x N 8—y — ay — —(d — y)
dy _ Op(v) _
‘ 1 t))2 oL _ 0E dy Ov v~ o0 P
Error definedfor one training dataamples 8—203 - dw; = 2(j)
I g
For each weight n+l . n .
Wy =Wy — 0 —(d - p(w'z)).¢'(w'e).z(j)
wt = w" + are
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A differentiable transfer/activation function is necessary for the gradient descent algorithm to work.



Training Strategy

w T = w™ + are

On-line Training (or Sequential Training):  update all the weights immediately after processing each training pattern

First definition of the error Batch Training: update the weights after all training patterns have been

presented
1 n
E— =N (g0 — (w2 n
9 Z( o(w” ') Aoy — ZAw(t)
t=1 J J
Sum on training data samples t=1l

Epoch: the number of times the model Is exposed to the training set
Batch_size: this is the number of training instances observed before the optimizer
performs a weight update



Multilayer neural network: why ?

Neuron defines two regions in input space where it outputs 0 and 1.
The regions are separated by a hyperplane wix =0

The propagation pass begins at the first hidden layer by presenting it with the
iInput vector, and terminates at the output layer by computing the output signal

for each output neuron

x1

X2

x1



Training Multilayer neural network: Backpropagation

r1 = (ws|1] * rf) go’('ul)
w T = w™ + arx

x1

X2

W2(0)




Example

) lg=256

0- f1=0.3 2000 DATA
-1 f2=0.1

j | x=randrflg) . TABEL

0 50 100 150 200 250 b:[l]
a=poly((0.8*(cos(2*pi*f1l)+sin(2*pi*f1)*1j),0.8*(cos(2*pi*f1l)-sin(2*pi*f1)*1j)))
N yl=signal.lfilt€b,a,}

x=randr{lg)

b=[1]

a=poly((0.6*(cos(2*pi*f2)+sin(2*pi*f2)*1)),0.6*(cos(2*pi*f2)-sin(2*pi*f2)*1))))
] y2=signal.lfiltéb,a,}
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Features Energy fordifferentintervalsin thefrequencydomain

8

for k in range(0,Nbre_indivu*2): Feature%

0a

spec= abs(fft(Datalk,:]))**2 2000

for kkin range(0,8): %
sslg=int(lg/(8*2)) .‘ |
Featurek,kH= np.sunispegkksslg(kk+1)*ssld) WJIM i Wl hﬁww




UnbiaisedEstimation of the error

labeled data set
+++++++++ - - - oo -

training set test set
++++++ - - - - ++++++ - - - -

Labelmp.concatenaf@p.zero1000)np.onesl000)))

from sklearn.model_selection import train_test_split
#split dataset into train and test data

X_train, X_test, Y _train, Y_test = train_test_split(Features,Label, test_size=0.2, random_state = 42,stratify = Label)



model =Sequentid) Learning and Test

#***********************************

# Discriminateur couche 1+2

#***********************************

model.ad@Dense(8, activationtadnH))
model.ad@Dense(1, activationsigmoid))
model.compil@oss='mse, optimizer='adan), metrics=['accuraci})

history= model.fitX_train, Y_train, epochs30, batch_size32,validation _split0.2,verbosel)

score =model.evaluafeX_testY test verbosel)
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Accuracy and Loss

score : [0.0005113882361911237, 1.0]

]
%]

]
=

Model Accuracy and Loss

o
=]

]
g

""-'__I__-

—
‘-\-‘-‘:—'N-\:"b-h:._‘__-___

=== Accuracy of training data

— Accuracy of validation data
== Loss of training data

—— Loss of validation data
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New Discrimination Process
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Features computation : Convolution product
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Deeplearning

Calculationof thefeatureswith learning

Convolutional layers Classification

128 128
NEUrcns Newrons

25 |image :EI:‘“TI -
Ao, eenus  loma dtememes lyes Slwomes el Glmnws lowms SRS e S
(12 2 2 -1\ Foreachblock (one layerkve have thefollowing steps
|2 6 8 6 2 A Convolutionproduct
0 . . .
FO = — 28 128 2 A Activationfunction,
12 2 2 A Poolingoperation

A Normalisation.
High-pasdilter to improveresults



CNN

Features
map

Pooling

Activation

Convolution (5 kernels)

Image

Relu

BackPropagation



