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ABSTRACT

Introduction: Knacks of evolutionary computing paradigm-based heuristics has been exploited exhaus-
tively for system modeling and parameter estimation of complex nonlinear systems due to their legacy
of reliable convergence, accurate performance, simple conceptual design ease implementation ease and
wider applicability.

Objectives: The aim of the presented study is to investigate in evolutionary heuristics of weighted differ-
ential evolution (WDE) to estimate the parameters of Hammerstein-Wiener model (HWM) along with
comparative evaluation from state-of-the-art counterparts. The objective function of the HWM for con-
trolled autoregressive systems is efficaciously formulated by approximating error in mean square sense
by computing difference between true and estimated parameters.

Methods: The adjustable parameters of HWM are estimated through heuristics of WDE and genetic algo-
rithms (GAs) for different degrees of freedom and noise levels for exhaustive, comprehensive, and robust
analysis on multiple autonomous trials.
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Results: Comparison through sufficient large number of graphical and numerical illustrations of out-
comes for single and multiple execution of WDE and GAs through different performance measuring met-
rics of precision, convergence and complexity proves the worth and value of the designed WDE
algorithm. Statistical assessment studies further prove the efficacy of the proposed scheme.

Conclusion: Extensive simulation based experimentations on measure of central tendency and variance
authenticate the effectiveness of the designed methodology WDE as precise, efficient, stable, and robust
computing platform for system identification of HWM for controlled autoregressive scenarios.

© 2022 The Authors. Published by Elsevier B.V. on behalf of Cairo University. This is an open access article

under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Introduction

The block-structured models have emerged as a potential
research topic in the domain of nonlinear parameter estimation,
characterized by connections of linear dynamic and nonlinear
static subsystems. Among the block-oriented structures, the Ham-
merstein and Wiener models are the most well-known, simple,
and effective configurations with vast applications in chemical
engineering, biomedical engineering, control systems, signal pro-
cessing, and power electronics [1-3]. The Hammerstein model con-
stitutes a static nonlinear block followed by linear dynamic block
and the Wiener model comprises of a linear dynamic cascaded with
a static nonlinearity [4]. The union of both the Hammerstein and
the Wiener system generates the Hammerstein-Wiener model,
which consists of one dynamic linear block sandwiched between
two static nonlinear blocks having applications in all fields of
science and engineering including nonlinear industrial processes
[5], controls [6], signal processing [ 7], and instrumentation [8]. Sev-
eral parameter estimation procedures have been formulated for
identification of the Hammerstein-Wiener model, mainly including
one-shot set-membership method [9], subspace method [10], blind
approach [11], over parametrization [12], recursive least square
algorithm [13], maximum likelihood method [14] iterative method
[15] multi-signal-based method [16] and fractional approach [17].
All these proposed algorithms are deterministic procedures being
broadly employed for the parameter estimation of Hammerstein-
Wiener models having their own advantages, applications, and
shortcomings but stochastic solvers based on evolutionary heuris-
tics procedures have not yet been explored for the efficient param-
eter estimation of Hammerstein-Wiener models. Nature inspired
heuristics based stochastic solvers have been extensively explored
for constrained and unconstrained optimization problems arising
in physical systems [18-21] including plasma physics [22], astro-
physics [23], atomic physics [24], electrical power systems [25],
electrical machines [26], quantum mechanics [27], electronic
devices [28], signal processing [29], electric circuits [30], nanoflu-
idic systems|[31], energy [32], computer virus models [33], biomed-
ical engineering [34], thermodynamics [35] supply chain
management [36], scheduling problem [37], and finance [38]. Fur-
thermore, the evolutionary algorithms have also been applied for
parameter estimation of block-oriented models including con-
trolled autoregressive [39], controlled autoregressive moving aver-
age systems [40], Hammerstein [41,42], wiener [43] and feedback
nonlinear systems [44]. These applications motivated authors to
exploit evolutionary computing heuristics as an alternate, accurate,
and reliable parameter estimation technique for Hammerstein-
wiener systems and their fractional variants developed on similar
pattern as reported in [45,46]. The potential features of the
designed scheme are listed below:

o A new application of evolutionary heuristic paradigms based on
Weighted Differential Evolution is introduced for accurate
parameter estimation of nonlinear Hammerstein-Wiener sys-
tems and comparative analysis with counterparts to prove the
worth and efficacy.

e The designed scheme is effectively implemented to estimate the
model parameters in terms of measured input and output data,
as well as, the internal variables associated with the prior esti-
mations of the subsequent measures.

The robustness, stability and convergence of the designed meta-

heuristic paradigm are established through decision variables of

the Hammerstein-Wiener systems of different lengths cor-
rupted with process noise scenarios.

o Statistical observations on measure on central tendency and
variance further prove the efficacy of the designed methodology
WDE as precise, efficient, stable, robust and alternate comput-
ing platform for system identification of HWM for controlled
autoregressive scenarios.

Remaining of the article is structured as follows: In Section 2,
the parameter estimation model of Hammerstein-wiener systems,
problem formulation, explanation of designed methodology is
given. In Section 3 the different models of Hammerstein -wiener
system and their simulation results are provided in detail. While
last section summarizes the study including conclusion and future
recommendations.

Design methodology

In this section, two-stage method is employed to estimate the
parameters of Hammerstein-Wiener system, in the first phase,
the mathematical models of the Hammerstein-Wiener systems
are developed along with the cost function definition. In the second
phase, evolutionary computing algorithms as optimization tech-
niques are described to estimate the input as well as output non-
linear blocks parameters and noise model parameters of the
Hammerstein-Wiener systems.

Hammerstein-Wiener system model

The Hammerstein-Wiener model is block-oriented model as
shown in Fig. 1 is expressed mathematically as [30]:

1 () = flu(t)], (1)
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Fig. 1. The generic block diagram of Hammerstein-Weiner system.
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w(t) = Az (t), (2)
s(t) = w(t) + v(t) 3)
y(t) = g(s(t)). (4)

Where the system input is pu(t), y(t) is system’s output and v(t) is
stochastic white noise with zero mean, while w(t) and s(t) repre-
sents system internal variables. A(z), and B(z) are polynomials of
known orders a and b, in the unit backward shift operator z-! and
defined as:

{A(z)} B

Biz)|
Moreover, y(t) is the nonlinear block’s output having m basis

functions (fy,f, ...,fm) With coefficients (11, 12, ..., im) as:

1) =F(u(t))
= 2af1 () + 22f 2 ((O) + -+ Amf o (4(E))

The output nonlinearity g is invertible and defined having basis
functions (g;,8,, ...,&») With coefficients (y;,7,, ..., V) @S

y(t) =g(s(t))
= 7181 (S(t)) + 7282(S(t)) + .. + 7,8n(S(1))
Using (1), (2), (5) and (6), x(t) can be written as.
w(t) = [1 - A@)]w(t) + B@)x(t)

- z ow(t — i) + iﬁj kz A (e = ),
i= = =

T4z 40022+ 40,z °

Bz Bz 2+ Bzt )

(6)

7)

Using (3) and (8), s(t) can be defined as:

s(t) =—

)4 q
Sow(t —i) +

i=1

+Z)kfk[ (t—

j=1

DI+ (),
Substituting (9) in (7), we have:

g,[s(0)] = — S aw(t — i)+

. . i=1 (10)
2B 32 Adfilp(t = )]+ v(D),

j=1

The parameter vector for the Hammerstein-Wiener system
from (10) is given as:

o B M
o B2 22
o= ERP, Bp:=| | eRY, i:= e R™, (11)
{xP ﬂq /lm
[71
72 0y
V= c R‘F], 0= 0/5,; S Rn,
0,
L7p
(n=pn+qm+n-1)
[V B )
P B 73 ;
Ow/ = S an, 0/{,1 = S qu, 0n = (S R™
LV1% ap Tn
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2[s(1)] w(t—1)
g3[s(t)] » w(t-2)
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gnls(t)] w(t—p)
filut—1)] falut—1)] fn[u(t = 1)]
filu(t—2)] falut—2)] Fin[pa(t — 2

W, (t) = : : € R™™
filut—q)  flut—q) fm[u(t — q)]

Wy (t)
w(t) = | ¥u(0) | R,
Y ()

Using (11) gives:
y(£) = =y ()0 + v(t). (12)

The Thiel’s inequality coefficient index is employed for the error
function formulation of Hammerstein-Wiener models as:

1¢ . 1¢ 12
=\ T 0\ 2o
i=1 i=1 i=1

here y(t;) stands for desired output for i observation and j(t;) for
estimated response of the actual output, while I represents the total
number of instances. The estimated response y(t;) for with respec-
tive information vector ' (t;) is mathematically written as:

(13)

310) = (v 0), (14)

:% i ( (t)0 + v(t) — (wT(t,)é>>2

For the ideal case of parameter estimation, the estimated output
y approach its optimal y as ¢ — 0.

(15)

Optimization procedure

Metaheuristic evolutionary strategies like WDE and GAs that
are proposed in this work for parameter estimation of
Hammerstein-Wiener model are briefly explained here.

WDE is a latest bi-population algorithm from the family of evo-
lutionary heuristics developed to solve nearly all real-valued uni-
modal and multimodal optimization problems [47]. WDE is
capable of efficiently finding evolutionary search direction. Addi-
tionally, in WDE population diversity remain stable and does not
decline swiftly which leads to effective searches in next upcoming
iterations. A few benchmark problems include GPS network adjust-
ment problem, Pressure-vessel, Speed-reducer Welded-beam
design [47], and camera calibration [48].

GAs introduced by Holland [49], is a stochastic, effective, and
broadly used evolutionary computation algorithm developed to
solve real-valued numerical optimization problems [49]. GAs is
easy implemented, robust, simple, efficient and reliable global
search algorithm that uses three basic operators, like crossover,
mutation and selection for generating new efficient population
with better fitness [50]. The individuals with better fitness are less
likely to trap in local minima. Few recent applications of GAs
include electrical circuits [50], supply chain [51], lungs cancer
[52] and wind speed prediction [53].

Efficacy of WDE, and GAs are the inspirations to the authors to
use these evolutionary heuristics for finding optimal parameters of
Hammerstein-Wiener system. Flow chart with procedural steps of
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Table 1
Pseudocode of WDE.

Part 1: WDE

Dimensions: Dim ,Size of Population: Pop and Maximum Number of Iterations: Itrmax .
Output: Gnin: Global minimum, Gpest: Global minimizer
1=[L,...¢, ",..., Pop], iy =[1:2Pop], j, =[1: Dim], where 4, 4, j, e Z*
V() ~U(0,1),() %0, A(") ~ Pap(0, 1)
//V('), )v(.)generates random numbers of (0’1)size new at each call.
a,b~U(0,1)
// a,b random number generates at each call.
Begin WDE
//Initialization

Ty~ Uyt

Sitl g, = (1))

for iteration= 1 to pux do

ercle
J = permute(ty);

K= Ja: Pop)s

I= J(Pop+1:2Pop)s

//GENERATION OF SUBPOPULATION; SubPop and TemPop
SubPop = Pop,,,

For index= 1:Pop do

w = V(BPW) [Pop.1]= size(w")

- w .
wWES
2w

w=w x A|A = [l]|[1,Dim] = size(A)

TemPop("x dex) = Zw ° Pop( B

End
//GENERATION OF BINARY MAP (M)
M(l:Pap,l:Dim) =0

For index = 1 to Pop do

If a<b then V:v(al) else ' =1-v)
J =K (1:[V x Dim )| K = permute(jy) ;

VV(index,J) =1
End
//GENERATION OF SCALING FACTOR

1£ a<b then = Zom]

[1, Dim] = size(f) else /' = (A(KP,W) XA)‘ [Pop,Dim] =size(f)
//TRIAL VECTOR GENERATION

Y = TemPop — SubPop(m)

m= permute(t)lm * [1 : Pop] F
T =SubPop+ fxM oY
//BOUNDARY CONTROL

If Ti[)j”) < low(j”) then Tii, i) = low(j“) +v(31) (upw —low(/.”))

_ 3
If T(‘i,jg) <up(/~0) then T(i,j{,) = low(].”) +v(1) (low(ju) 7up(/“))
//UPDATATION
fitT = Fy(T)
//For each 1" €1

Ifﬁﬂ;,*) <ﬁtS”bH([‘) then [SubPap(l.),ﬁtSubPop(l.J:|:T 17 ]

[1(/),ﬁt]m] = [SubPop,ﬁtSubPop];
// OBTAIN THE FINAL SOLUTIONS

[gmin’ghest] :[fit[(y)’l(y):Hfit[(;/) :min(ﬁtl)|;/e 3
End
//Storage step
Store best & and grest,; expended time, generation consumed for WDE.
End Part 1
Part 2: Statistics

for generating a dataset for validation of designed algorithm.
End Part 2

Input: Fitness Function: £ ,Constraints for Search: lower bound(]h), upper bound (uy) r Problem’s

The procedure is repeated for 100 independent trials to get best estimated parameters

126
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Fig. 2. Workflow Diagram of parameter estimation problem of nonlinear Wiener system.
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Fig. 3. The generic block diagram of Hammerstein.

GAs is shown in Fig. 3. Furthermore, the detailed stepwise proce-
dures of WDE for Hammerstein-Wiener model is given as pseu-
docode form in Table 1. The designed methodology of the
proposed work is illustrated in Fig. 2.

Performance indices

In this study, four performance operators i.e., MAEy,y, MWDy,
RMSEj, and TIC,, are utilized to validate the performance of the
proposed evolutionary algorithms. These performance operators
along with their mathematical description with respect to true
and estimated parameters are provided in this section.

MAE,,, is mathematically written as:

MAE”IWH W Z ’0hw th) (16)
hw=1
MWD, is mathematically written as:
MWD} = 1 O = O | , (17)
[l O |l
RMSE,,, is defined as:
RMSEth = W Z Onw — th) ’ (]8)

hw=1

TICy mathematical formulation is as follows:

128

£ (i)

hw=1
W, '
( \/% Z 6hw)
hw=1

The magnitude of these performance metrics should approach
zero for an ideal model.

i

1W2
erhw+

hw=1

TIChyp =

(19)

Results and discussion

In this section, results of the experiments are discussed for two
different examples of Hammerstein-Wiener system on the basis of
different length of parameter vector and noise variances conducted
though evolutionary computing heuristics WDE and GAs.

Model: 1

In this Hammerstein-Wiener model, five unknown entities in
the parameter vector are taken for estimation with polynomial
type nonlinearity in both input and output typt nonlinearity and
is mathematical form as:

wit) f%f[u( .
s(t) = w(t) + v(t),
y(t) = g(s(t)). (19)
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A(z) =1+0.55z7",
B(z) = 0.15z"

2(t) = 0.5u(t) + 0.1812(t),

y(t) = s(t) + 0.155%(t).

The objective function of nonlinear nonlinera Wiener model
example 1 is formulated as described in equation (22) with

K=20and N =6 as:

=20 Z ( (6)0 + v(t)) <.//’(t1) é))z
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Fig. 6. Comparison of the results based on performance indices for HW model for WDE.
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Table 2
Performance comparison on the best runs of WDE and GAs algorithm.
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Scheme Algorithm Noise db Accuracy Measures Complexity Measures
e MWDy MAEjy RMSEpwo TIChwo Time Gens Funcount
WDE I 80 5.65E-09 1.32E-02 2.35E-03 4.05E-03 6.61E-03 1.55 2000 52,052
60 3.84E-07 1.64E-02 5.71E-03 8.44E-03 1.38E-02 1.62 2000 52,052
30 2.88E-04 8.19E-02 3.46E-02 4.14E-02 6.60E—02 1.47 2000 52,052
Il 80 1.98E-05 3.24E-02 1.69E-02 2.36E-02 2.81E-02 1.55 2000 52,052
60 3.64E-05 2.18E-01 2.38E-02 3.60E-02 4.22E-02 0.77 2000 52,052
30 5.60E—04 3.09E-02 1.99E-02 2.68E-02 3.17E-02 0.47 2000 52,052
GAs I 80 4.80E-09 7.55E-03 2.01E-03 2.31E-03 3.77E-03 1000 1000 320,320
60 3.86E-07 4.62E-01 3.38E-03 2.31E-03 6.44E-03 1000 1000 320,320
30 3.58E-04 9.74E-01 3.61E-02 2.31E-03 7.37E-02 1000 1000 320,320
I 80 4.78E-09 5.22E-01 9.90E-05 2.31E-03 1.45E-04 142.09 1000 320,320
60 4.08E-07 3.86E-01 3.33E-04 2.31E-03 5.37E-04 137.56 1000 320,320
30 4.58E—-04 2.40E-01 6.59E-03 2.31E-03 1.01E-02 131.62 1000 320,320
Model: I Wiener model for the three noise scenarios are shown in graphical

In this example, eight unknown parameters are taken for esti-
mation of nonlinear Hammerstein Wiener model with polynomial
type output nonlinearity and is mathematically defined as:

B(2)

w(t) = @f[u(t)L

(21)
A(z) =1+0.55z71 +0.80z72,

B(z) = 0.15z7! —0.35z72,

7(6) = 0.5u(t) + 0.1812() — 0.1515(t),

y(t) = s(t) + 0.15s%(t).

Likewise, the objective function of nonlinear nonlinear Wiener
model example 2 is given as:

=503 (w0 s o) - (v )

In these two Hammerstein Wiener models, input signal is taken
as randomly generated signal of zero mean and unit variance,
while noise is also a random signal with mean zero and constant
variance. The parameter estimation of Hammerstein Wiener mod-
els is performed through the wellknown evolutionary computa-
tional heuristics i.e., WDE and GAs for optimization of fitness
functions for 20 snap shots. The results of proposed scheme based
on learning curves along with absolute error analysis are given in
Fig. 4. The iterative convergence graphs of fitness in case of WDE
for Model-I and II are presented in subfigs. 4(a) and (d), respec-
tively while for GAs the learning curves are shown in subfig. 4(g)
for Model-I, 80db noise, subfig. 4(j) Model-I, 60db noise, subfigs.
4(m-o0) and Model-II, 80db, 60db and 30db noise levels, respec-
tively. It is observed that both the algorithms are convergent but
convergence of WDE is slightly superior than GAs. Comparison
based on fitness values are also shown here in subfig 5(b) and 5
(e) for Model I and II, respectively, while normalizing error plots
comparisons are presented in subfig 5(h) and 5(k) for Model I
and II respectively. In these plots, it can be observed that fitness
values achieved by WDE is higher than GAs, also it can be seen that
fitness valus decreases as the noise level increases. Along with this
comparison, absolute errors (AEs) for the two Hammerstein-

(22)
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form in subfig 5(f) and 5(i) for Model I and Il respectively in case of
WDE and in subfig 5(c) and 5(f) for Model I and II respectively in
case of WDE while in subfig 5(i) and 5(1) for Model I and II respec-
tively in case of GAs. The AE magnitudes are found in the range of
1079, 1077, 10~* for noise levels 80db, 60db and 30db with WDE,
and 1077, 1075, 10~* for noise levels 80db, 60db and 30db with
GAs for Model-I. while almost similar trend is found for GAs. Con-
sistent accuracy is found for both the algorithms while slight
degradration in the accuracy is observed with an increase in the
noise levels for the proposed schemes.Fig. 5.

Analysis of accuracy of the designed scheme is performed for
100 iterations for the two models of Hammerstein-Wiener system
and results based on fitness values are plotted in semilogrithmic
style for better analysis in Fig. 6. It can be observed that the respec-
tive magnitudes found close to 10~°, 10~7, 10~* with noise levels
80db, 60db and 30db in case of Model-I, and 107°, 1074, 10> with
noise levels 80db, 60db and 30db for in case of Model-II with WDE.
Almost similar trend is found for GAs. Very small high fitness val-
ues proves the accuracy of the scheme.

The efficacy and relaiblility of the proposed evolutionary
heuristics is validated through performance indices i.e., error func-
tion, MWDy,9, MAEp9, RMSEp,, and TICy,,. Results in term of the
best run based on minimum fitness, as well as the complexity mea-
sures based on time, generations consumed, and function counts
are listed in Table 2. It is quite clear that the MWD, noticed close
to 10~3 and 1072 for Model 1 with WDE and GAs, while in case of
Model II, magnitudes are found close to 1072 and 10!, for Model
II with WDE and GAs. The more values close to zeros of the perfor-
mance indices proves the consistency and precision of the pro-
posed evolutionary algorithms.

Comparison via different performance indices i.e., error func-
tion, MWDp,,p, MAEp9, RMSE},e, and TICy,,, are employed to further
examine the accuracy of the designed schemes and shown in
pictoral form in Fig. 7 for WDE and GAs, respectively. The MAE,,
magnitudes for both the models are shown in graphical form for
100 independent runs in subfig. 7(a), and subfig. 7 (b), for Model
I and II, respectively. In case of WDE and in subfig. 8 (a), and subfig.
8 (b), for Model I and II, respectively. In case of GAs. It can be seen
from the figures that the MAE values for WDE in case of Model I
and II are found in the range of 10~ to 107! for noise levels
80db, 60db and 30db. In order to further examine the precision,
results as the plots of histogram are investigated based on RMSE
values for both WDE and GAs are shown in subfigs. 6 (c-f), and sub-
figs. 7 (c-f), respectively. In addition to histogram graphs, empirical
Cumulative Distribution Function graphs are also plotted in terms
of MWD magnitudes for Hammerstein Wiener models with both
designed schemes and are shown in subfigs. 6 (g-j), and subfigs.
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Fig. 7. Comparison of the results based on performance indices for HW model for GAs.
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Table 3
Comparative analysis through results of statistics for Model II of system.
Model Algorithm Noise Values Parameter Vector
(db) i=1 i=2 i=3 i=4 i=5
I WDE 80 Best 0.550 0.150 —0.303 0.180 0.141
Mean 0.550 0.150 -0.234 0.180 0.151
Worst 0.550 0.150 0.000 0.180 0.143
60 Best 0.551 0.150 —0.284 0.182 0.159
Mean 0.550 0.150 —0.242 0.179 0.177
Worst 0.555 0.148 —0.390 0.181 0.470
30 Best 0.532 0.165 —0.369 0.162 0.204
Mean 0.522 0.144 —0.252 0.187 0.507
Worst 0.646 0.113 -0.474 0.328 0.978
GA 80 Best 0.550 0.148 —0.303 0.182 0.153
Mean 0.550 0.126 —0.512 0.307 0.150
Worst 0.550 0.047 —0.950 0.570 0.150
60 Best 0.552 0.153 —0.294 0.176 0.149
Mean 0.550 0.150 —0.458 0.275 0.151
Worst 0.550 0.045 —0.993 0.604 0.131
30 Best 0.530 0.129 —0.320 0.212 0.062
Mean 0.551 0.084 —0.603 0.354 0.432
Worst 0.552 0.054 —0.944 0.566 0.977
Actural 0 0.550 0.150 -0.3- 0.180 0.150
Table 4
Comparison through results of statistics for Model II of system.
Model Algorithm Noise Value Parameter Vector
(db) i=1 i=2 i=3 i=4 i=5 i=6 i=7 i=8
I WDE 80 Best 0.55 0.82 0.15 —0.36 0.49 0.17 -0.15 0.08
Mean 0.54 0.78 0.11 —0.26 0.70 0.27 -0.20 0.27
Worst 0.44 0.63 0.07 -0.17 1.00 0.41 -0.25 0.45
60 Best 0.56 0.78 0.15 -0.34 0.53 0.19 -0.17 0.05
Mean 0.54 0.79 0.11 -0.25 0.72 0.28 -0.21 0.24
Worst 0.50 0.73 0.07 -0.16 1.00 0.50 -0.22 0.44
30 Best 0.55 0.81 0.13 -0.34 0.53 0.22 -0.15 0.10
Mean 0.54 0.77 0.11 —0.26 0.70 0.28 -0.19 0.32
Worst 0.44 0.68 0.07 -0.21 0.98 0.40 —0.26 0.62
GAs 80 Best 0.55 0.80 0.15 -0.35 0.50 0.18 -0.15 0.15
Mean 0.55 0.80 0.12 —0.28 0.68 0.24 -0.20 0.15
Worst 0.55 0.80 0.09 —0.22 0.81 0.29 -0.24 0.15
60 Best 0.55 0.80 0.15 —0.22 0.80 0.29 -0.24 0.15
Mean 0.55 0.80 0.12 -0.22 0.67 0.24 -0.20 0.15
Worst 0.55 0.80 0.09 —0.28 0.77 0.28 -0.23 0.15
30 Best 0.56 0.80 0.08 —0.20 0.91 0.30 —0.26 0.18
Mean 0.55 0.80 0.11 -0.25 0.76 0.27 -0.23 0.15
Worst 0.56 0.82 0.13 -0.29 0.57 0.20 -0.17 0.10
Actural 0 0.55 0.80 0.15 0.35 0.50 0.18 -0.15 0.15
Table 5
Comparison through complexity operators for system.
Algorithm Mode Noise Complexity measures
(db) Time Generations Function counts
Mean STD Mean STD Mean STD
WDE I 80 0.358 0.003 200 0 8040 0
60 0.362 0.004 200 0 8040 0
30 0.358 0.002 200 0 8040 0
1 80 0.699 0.004 400 0 16,040 0
60 0.711 0.006 400 0 16,040 0
30 0.700 0.003 400 0 16,040 0
GAs I 80 1.038 0.004 600 0 24,040 0
60 1.127 0.096 600 0 24,040 0
30 1.044 0.012 600 0 24,040 0
11 80 0.189 0.003 200 0 4020 0
60 0.186 0.001 200 0 4020 0
30 0.203 0.022 200 0 4020 0
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7 (g-j), respectively, for WDE and GAs, respectively. In subfigs. 6 (k-
1), and subfigs. 7 (k-1), comparative bar graphs are ploted both with
WDE and GAs, respectively for Model I and II. In order to endorse
the accuracy further, stacked bar graphical illustrations are also
shown in terms of TIC values for Model I and II in subfigs. 6 (m-
n), and subfigs. 7 (m-n), for WDE and GAs, respectively. and similar
trend is found for GAs outcomes. These all graphical illustrations
validate the consistent accuracy of the two proposed heuristic
strategies for the parameter estimation of Hammerstein Wiener
systems.

Further analysis of precision on 100 independent runs of the
algorithms is carried out through the statistical performance
measures via mean, best, and worst values of fitness and statistical
outcomes for the two proposed evoltuionary heuristics are listed in
Tables 3 and 4 for respective Models I and I with three noise
level added in Hammerstein Wiener system. It can be observed
that with the increase in the noise level, there is a decrease in
the performance of the WDE and GAs, and same is the trend with
the also with the increase in the unknown poarameters of the
model as less degree of freedom make parameter estimation
problem more stiff.

Complexity analysis is computed for the proposed evolutionary
algorithms WDE and GAs via average time spent, mean generations
executed and average times fitness functions are executed during
optimization for finding optimal parameters of Hammerstein
Wiener models. Computational complexity was analysed for 100
independent runs of both evolutionary schemes and are listed in
Table. 5. It can be seen that the values of average time executed,
generations completed and functions evaluation are around 0.35 +
0.004, 200, 8040 for WDE, and 1.13 % 0.096, 600, 24,040 for GAs, in
case of Model L. It can be seen that among these two evolutionary
heuristic algorithm, WDE is relatively less computationaly com-
plex than that of GAs. Also with the increase in the dimensionality
of the Hammerstein Wiener model, the computational complexity
of WDE and GAs rises. All the computational work is performed on
computer station, having Intel(R) Core (TM) i7-4770 CPU
@3.40 GHz processor, 8 GB RAM.

Conclusions and future recommendations

In this study a novel application of evolutionary heuristic para-
digm based on Weighted Differential Evolution and Genetic Algo-
rithms are exploited for accurate parameter estimation of
nonlinear Hammerstein-Wiener systems with various noise sce-
narios and number of unknown elements in the parameter vector.
Experimental results prove that both algorithms are reasonably
convergent and accurate however the performance of WDE is rel-
atively better by means of precision and complexity indices.
Results through statistics validate that proposed evolutionary algo-
rithms are quite efficient but performance of the algorithms decli-
nes as the noise level increases. Comparative analysis via different
performance measuring indices i.e., MWDy,9, MAEpy,9, RMSEp,,, and
TICy, also validate the consistency of the designed procedures.
Furthermore, computational complexity of GAs is found more than
WDE based on time consumed, iterations completed, and function
counts. Also, with the increase in the length of the parameter vec-
tor of the Hammerstein Wiener model, the complexity of WDE and
GAs increases and same trend is observed with the increase in the
noise levels. The novel designs evolutionary heuristics are indeed
effective algorithms for parameter estimation problems of block-
oriented models.

In future, the newly introduced nature inspired heuristics
[27,50,54-57] like firefly, gravitational search optimization algo-
rithm, bat algorithm, ant bee colony optimization and their
recently introduced fractional variants can be good alternatives
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to boost the accuracy of the proposed Hammerstein Wiener
structures.
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