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Figure 1: Penalty functions
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Figure 2: Neural network using penalty function approach

Aggregated neurd network



2r () A

15F

0.5

x

or \_p:5 >

_1 F
-1.5¢ 7
2 I I I I I )
-15 -1 -0.5 0 0.5 1 15

Figure 3: Exemplary plots of the activation function
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Figure 4: Neural network implementing transformation of inequality
constrains into equality constrains
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Figure 5: Smplified neural network implementing transfor mation of
inequality constrains into equality constrains
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Figure 7: Generalised neural network implementing the regularised total least
squares (RTLS) (for v = 0)
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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



LAV LS

0.7
)
g (@
%06 © ]
|
—
><0.5 1 1 1 1 1
10 10" 10° 10°
LS
, 05
©
E
9048 ]
|
N
X
0.46 L ol L Lol L 1 ol L Ll P
10° 107 10" 10° 10" 10° 10°
beta
LAV LS
)
? 100k (b 1
0]
=
0 s Lol s Lol L PR B | L | \(a)\\\\\u
10° 107 10" 10° 10" 10° 10°
beta

Figure9: Dependence of the neural network solution on thevalue
of the parameter 3 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 LSestimates obtained using the neural
network of Figure 6.
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