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Figure 1: Penalty functions

1
2
---r

2

1
2
---r

2 1
2
---r

2

P r( ) P r( )

P r( ) P r( )

r

r

r r

r

r r

r r



a11

a12

a1n

a21

a22

a2n

am1

am2

amn

a1n

amn

a12

a22

am2

a11

a21

am1

a2n

Σ

ϕ1 x1( )

--

ν

µ1

x1max

x1min

-
- x1

Σ

ϕ2 x2( )

--

ν

µ2

x2max

x2min

-
- x2

Σ

ϕ
n

x
n

( )

--

ν

µn

xnmax

xnmin

-
- xn

+

+

Σ
+

r1 x( )
+

+

Σ
+

+
+

Σ
+

+
+

ψ1 r1( )

+

ψm rm( )

ψ2 r2( )

r2 x( )

rm x( )

b1

b2

bm

-

-

-

Σ Σ µA AT
Ψ r( )

∇ f x( )

+

-

- +
-

g u( )

b

rx

ν

x

(a)

(b)

(a) Detailed neural network
(b) Aggregated neural network

Figure 2: Neural network using penalty function approach
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Figure 3: Exemplary plots of the activation function 
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constrains into equality constrains
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Figure 5: Simplified neural network implementing transformation of 
inequality constrains into equality constrains
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Figure 6: Neural network using random perturbation signal
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Figure 8: LAV and LS estimates obtained using the neural 
network of Figure 2
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Figure 9: Dependence of the neural network solution on the value 
of the parameter  in the penalty function and the effect of using 

different penalty functions (a) - Eq.(8d) and (b) - Eq. (48).
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Figure 10: LAV and LS estimates obtained using the neural 
network of Figure 6.
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