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2.1.1 Single Input Neuron:

Inputs  General Neuron

r N0 N\
e W Z n > / a >
lh
e AN J
a=f(wp+tbh)

Figure 3: Single-Input Neuron

The neuron output is calculated as

a=f(wp+b)

Example 2.1:

Let w= 3,p = 2and b =-1.5, what is the single-input neuron output ?

a=f(3+2+(-15)) = f(45)

The actual output depends on the particular transfer function that is chosen.

2.1.3 Multiple Input Neuron:

Typically, a neuron has more than one input. A neuron with R inputs is shown in
Figure 13. The individual inputs p = (py, P2, P3, -.,Pg) are each weighted by

corresponding elements wy ; , Wy 5 , ..., Wy g of the weight matrix W.

Inputs Multiple-Input Neuron

a=f(Wptbh)

Figure 13: Multiple-Input Neuron
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The neuron has a bias, which is summed with the weighted inputs to form the net input n :
n=wppr+ Wiape+ ..+ Wipprtb
This expression can be written in matrix form:
n=Wp+b
where the matrix W for the single neuron case has only one row.
Example 3.1
- Inputtx; =3, x, =1, x3 =2.

- Weighting Coefficients: w; = 0.2, w, = 0.4,w; = 0.4.
- Summation Function: y = 3%02+1+*04+2+«0.4=18.

2.1.2 Transfer Functions (Activation Functions):

The transfer function in Figure 3 may be a linear or a nonlinear function of n. A
particular transfer function is chosen to satisfy some specification of the problem that the

neuron is attempting to solve.
There are variety of transfer functions some of them are listed below:
1. Threshold (Hard Limit) Transfer Function:

0 n<o0
/(n)={1 n=20

"
A
B -
0
]
a = hardlim (n) @ = hardiimiwp +h)
Hard Limit Transfer Function Single-Input hardiim Neuron

Figure 4: Hard Limit Transfer Function
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This function will used to create neurons that classify inputs into two distinct

categories.

2. Symmetric Hard Limit Transfer Function:

f(n) = {-11 n<0

nz0
a
At)
3 i
R ~
 —

a = hardlimsin)

Figure 5: Symmetric Hard Limit Transfer Function

3. Linear Transfer Function:

fm)=n

a = purelin(n) a = purelinfwp +b)

Linear Transfer Function Single-Input purelin Neuron

Figure 6: Linear Transfer Function
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4. Logistic (Log-Sigmoid ) Transfer Function:

Logistic function is a standard sigmoid function and is defined by
f(n) =

The derivative of f is defined by ff=fA-f)

1
14+e™ 1

a = logsig(n) a = logsig(wp+h)

Log-Sigmoid Transfer Function ~ Single-Input logsig Neuron

Figure 7: Log-Sigmoid Transfer Function
The log-sigmoid transfer function is commonly used in multilayer networks that are

trained using the backpropagation algorithm.

5. Hyperbolic Tangent Transfer Function:
The hyperbolic tangent is a sigmoid function and 1s defined by

f) = 5=

The dervative of f 1s defined by f'=0-f%
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a = tansig(n)

Tan-Sigmoid Transfer Function

Figure 8: Hyperbolic Tangent Transfer Function

tanh(%)+1 _
" 14e

Since — then using the tanh function instead of the logistic one

is equivalent. The tanh function has the advantage of being symmetrical with respect to the

origin.

6. Radial Basis Transfer Function:

f=e™

>II

0.0

-0.833 | +0.833
a = radbas(n)

Radial Basis Function

Figure 9: Radial Basis Transfer Function
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7. Saturating Linear Transfer Function:

0 if n<o0
f)={n if 0<n<1
1 if  a>1

a = satlin(n)

Figure 10: Saturating Transfer Function

8. Symmetric Saturating Linear Transfer Function:

-1 if n<-1
fln)={n if —-1<n<1
1 if n>1
a
A+l
T |
1 /10 41 7 E
_____ e

a = satlins(n)

Figure 11: Symmetric Saturating Linear Transfer Function
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9, Positive Linear Transfer Function:

fln)=|

0 if n<0
noif 120

a = poslin(n)

Figure 12: Positive Linear Transfer Function

" Jadill J)gs JISS) g T (5-2) JS2
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L )
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The Sinor Cos F. abal causally cuall dls -3

L ]

r

-1 “Cos x

LA -
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Sin x|y
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Function Name

Graphical Illustration

Mathematical Form

Linear (Purelin)

flx)=x

Logistic Sigmoid (logsig)

f(x) =

14 e~

Hyperbolic Tangent
Sigmoid (tansig)




