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Abstract

The strength of evolutionary computational heuristic paradigms is exploited for parameter estimation of power signal
modeling problems by incorporating differential evolution (DE), genetic algorithms (GAs) and pattern search (PS)
methodologies. The objective function of power signal harmonics is constructed by utilizing the power of approximation
theory in mean squared error sense. The stiff optimization task of signal harmonics is performed with heuristic solvers DE,
GAs and PS that provide efficacy, fast convergence rate and avoid getting trapped in local minima. Statistics reveal that DE
outperforms its counterparts in terms of accuracy, robustness and complexity measures.

Keywords Power signals - Parameter estimation - Differential evolution - Genetic algorithm - Pattern search algorithm -

Evolutionary computing

1 Introduction

Electrical power supply systems are designed to ensure
standard power provision to the consumers and the utilities.
The ideal sinusoidal behavior of an AC power voltage or
current signals distorts due to the excessive employment of
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power electronics devices, power converters, solid-state
power switching devices, renewable power grid integration
and nonlinear loads in electrical grid stations [1-5]. The
distorted signals deteriorate the rated voltage and current,
which badly affect the electrical equipment operations [6].
Due to these reasons, it is essential to monitor power
quality of electrical networks by estimating the parameters
for amplitudes, phases and frequencies to analyze the
power signals. During the last few decades, researchers
have made great effort toward estimating parameters of the
signal models. Chen et al. provided several fast Fourier
transform-based methods for parameter estimation [7]. Li
studied least squares-based algorithms for power signals
modeling [8]. Zhao et al. considered multifrequency iden-
tification technique for parameter estimation of various
signal models [9]. Cao proposed hierarchical identification
approach for estimation of signal frequency [10]. Ding
et al. introduced recursive least squares and stochastic
gradient-based parameter estimation techniques [11].
Adaptive filtering techniques were employed for the esti-
mation of signal modeling parameters [12, 13]. Besides
simple least square technique variations, i.e., bilinear
recursive least square algorithm [14], forgetting factor [15]
and variable constraint-based least mean square [16] were
also investigated for estimation of signal components.
These all are deterministic approaches, which are
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exhaustively applied for parameter identification of elec-
trical power signals with their own perks and limitations,
while stochastic solvers proficiency in nonlinear systems
has not yet been widely exploited in harmonic estimation
problems of various electrical networks.

The stochastic numerical optimization mechanisms
based on evolutionary heuristics have been extensively
applied for optimization of constrained and unconstrained
problems in various domains [17-21]. Few notable appli-
cations of evolutionary computational technique include
problems arising in computational fluid dynamics [22],
electronic circuits [23], combustion theory [24], optimized
power dispatch in electrical power system [25], optimal
power flow solution [26], system identification [27],
bioinformatics [28], controls [29], satellite systems design
[30], magnetohydrodynamics [31], electrical machines
[32], energy [33], plasma physics [34], astrophysics [35],
atomic physics [36], signal processing [37], economic
dispatch problem [38] and finance [39]. In the view of the
above techniques, authors investigated the performance of
new optimization techniques for stable and accurate
parameter estimation of power signal modeling. In this
research work, the strength of differential evolution (DE)
optimization technique is employed for estimating funda-
mental signal model components by taking various noise
variances and different model dynamics. The comparative
performance of the proposed algorithm has also been car-
ried out with renowned heuristic techniques based on
genetic algorithms (GAs) and pattern search (PS) for dif-
ferent power signal models. The primary objectives of the
proposed study are described as:

e Novel application of bioinspired heuristic computing
through differential evolution is proposed for estimating
fundamental components of power signal in the pres-
ence of noise with different variance levels.

e The objective function is formulated by exploiting the
competency of approximation theory in mean squared
error sense, and unknown adjustable variables of the
system model are optimized with efficient global search
tools based on differential evolution, genetic algorithms
and pattern search method to draw constructive
deductions.

e The efficacy, reliability and stability of the scheme are
evaluated through comparison of true parameters of the
power signal models with different degree of freedom
based on amplitudes, frequencies, phases and their
arbitrary combinations.

e Validation of the performance through statistic opera-
tors calculated for multiple executions of the algorithm
in terms of mean absolute error (MAE), Nash—Sutcliffe
efficiency (NSE) and Theil’s inequality coefficient
(TIC) along with their global versions.
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Rest of the paper is organized as follows: The power
signal model, objective function mathematical formulation,
detailed description of designed methodology and opti-
mization procedures are presented in Sect. 2. Discussion on
the simulation results based on single run and multiple runs
is provided in Sects. 3 and 4, respectively, in terms of
tabular and graphical illustrations. Concluding remarks are
listed in Sect. 5.

2 Design methodology

The proposed methodology for parameter estimation
problem in power signal modeling consists of two parts; in
the first step, system modeling of power signals is over-
viewed along with the development of the objective func-
tion in the mean squared error sense, while in the later
stage, the optimization procedures for minimizing the error
function are described. The detailed description of the
designed scheme in the block processes is illustrated in
Fig. 1.

2.1 Power signal modeling

The general form of electric alternating current signal can
be described in terms of frequencies, phases and ampli-
tudes as:

r(t) = Zc,- sin(w;t + @;) =cy sin(wit + @) 0
i=1

+ sin(wzt + ([)2) + -+ Sin(a)nt + (Pn)7

where ¢ = [cy,¢a,...,¢,) are the amplitudes of the peak
deviation of the function from zero, the number of oscil-
lations (cycles) that occur each second of time is
o = [o1,m,, ..., w,], the frequencies. @ = [y, Q,, .- ., ®,]
are the phases (in radians) at # = 0 during oscillation. For
all nonzero values of ¢, the complete waveform emerges to
be shifted in timescale by ¢/w seconds. A positive value of
¢ signifies an advance, while a negative value indicates a
delay in the signal. Equation (1) appears in many report
studies of engineering and applied sciences [40-42] and
referenced therein.

In the experiment, the sampling time is ¢,, = mh, where his
sampling period. The observed data are shown as {f, r(f)}.
Let r,, = r(t,,) for implication; then, the discretized power
signal based on sinusoidal function is given as:

n
P = Z c;sin(wity, + @;) = 1 sin(wity, + @)
i=1

o . (2)
+ Sln(”ﬂm + 90)2+ R Sln(wntm + QDn)v

Form=1,2,...M
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Fig. 1 Graphical abstract of the designed scheme

Standalone as well as the arbitrary combination of the
parameters based on frequencies, phases and amplitudes of
the sinusoidal-based signal model can be formulated for the
estimation problems. The unknown parameters to be
identified are given as:

0.=c=lci,ca,....cn) € R (3)
0,=0=w,w,... 0] R (4)
0,=0¢=[01,0,....0,] € R" (5)
0.0 =lc,0] =[c1,02,...,0n, 01,0, .. .,wn]Te R (6)
O :=le,0] = [c1,C2,- s, @1, 0, @) € R (7)
00, = [0, 0] = [01,02,. .., 00, @1, P2, ..., 9,]) € R

(8)

oc,w,(p = [C, , (P]
= [C17C27"')Cnaa)law27'"awnaq)h(pb"'a(pn
c R3n

]T

©)

The standalone parameter identification problems are
based on Egs. (3-5), while parametric Eqs. (6-9) represent
the integrated parameter identification systems.

The fitness function for power signal modeling problem
is formulated by exploiting the approximation theory in
mean squared error sense as:

Crossover ﬁ
Method | Noise Levels | Model l ‘Ll’:;““]m:e: ‘;"T::"J"fﬂ::? Select Target
Best 1800 2900 4000 2500 Vector
Tkl i one o e New Popula
oy & €W ropulation
Best 1800 2900 4000 2.500
DE 30 Mo 800 2900 4000 2500 2 f: # f: [ [ &
EEERE 7078 > - > V7
5 3'“:' iﬁgi z§i 3% 3% W [
Vorst 2 2

1M

8:1‘_4,,,:1 (F — (P + v))? (10)
1 M n n 2

&= —Z ( ¢;sin(wity, + @;) — Y sin(@ty + ¢;) — vm> ,
Mmzl i=1 i=1

(11)

where v = [vy,v2,...,V,] is the noise signal with zero
mean and constant variance, and 7, is the approximate
signal with parameter vectors for amplitude, frequency and
phase as:

0.=é=[¢1,6,...,6) € R, (12)
0, =& = [, dn,...,0,) € R, (13)
éf/’ =¢= [@17@% SRR (/A’n]Te R, (14)

accordingly, the variables éc,w, éc,w’ éwﬂ, and éc,ww of
integrated parameter identification systems can be defined.
Now the requirement is to optimize fitness function (10)

such that ¢ approaches 0; then, the adaptive parameters 0.,
0., éq,, Oc.0r éw,, éww and éc,w,(p match with the true
variables 0., 0., 0,, 0., 0c 4, 0, and 0., of the
model.

2.2 Optimization procedure
The well-known global stochastic procedures DE, GAs and

PS are used for estimation of signal model parameter
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vector 6 by optimizing objective function as described in
Eq. (10), and brief introduction of these optimization sol-
vers is given in this section.

DE is a stochastic optimization technique belonging to
the class of evolutionary algorithms introduced by Storn
and Price [43]. It is population-based search technique
which mainly uses mutation as a search tool. Later the
selection operation directs the search in the proximity of
the feasible regions in the search space. Crossover and
recombination operators are also used to search for better
solution space. The generic flow graph with coherent
designed steps of DE is shown in Fig. 2, while recent
applications of DE are seen in solving different problems

management [45], hydrothermal energy scheduling prob-
lem [46], load dispatch involving wind power plant
incorporating emission [47], nonlinear systems [48] and
nanofluidics systems [49], while the renewed application of
DE in diverse field can be seen latest review articles
[50-53] and referenced therein. Genetic algorithms (GAs)
belong to a family of evolutionary computational heuristics
[54, 55]. Inspired by the theory of evolution, an optimal
solution of a problem is determined through three basic
genetic operators, i.e., mutation, selection and reproduc-
tion. The generic flow graph with essential procedural steps
of GAs is presented in Fig. 2a. The global search efficacy
of well-tuned, coherent structure and smooth implemented

including text classification [44], reactive power  GAs can provide near-optimal solution for multiobjective,
No AF< Yes
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Fig. 2 Schematic workflow of PS and GAs
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Fig. 3 Workflow diagram of DE for power signal modeling

multiconstraint, convex and nonconvex problems. This
method was introduced by Holland [54, 55] and has several
applications in science and engineering [56—61]. The PS is
direct search optimization technique that does not require
gradient information to search for minimal value of the cost
function [62]. This method is exploited for nondifferen-
tiable, stochastic and continuous functions. The pattern
search algorithm computes a set of points known as a mesh
around the initial/current point that tends to approach
optimal value. When a current point is used to update a
pattern, a mesh is created. The generic flow diagram with
intermediate major steps of PS algorithm is illustrated in
Fig. 2b [62], while the few recent application addresses
with PS algorithm as can be seen in [63-66].

Efficiency of global optimizers DE, GAs and PS was the
reason to utilize these optimization procedures for finding

unknown parameters of signal model. The process flow
graph of DE for signal model is presented in Fig. 3, while
the detailed procedural steps are given in the form of
pseudocode demonstrated in Table 1.

2.3 Performance indices

In this research study, performance evaluation of the
designed methodology for parameter estimation of the
power signal models is carried out using four performance
indices, i.e., mean absolute error (MAE), root of mean
squared error (RMSE), estimation error function and
coefficient of determination (R®). All these performance
measures are briefly discussed in this section.
The performance measure MAE, is described as:
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Table 1 Pseudocode for DE

A o . Part 1: DE
algorithm for optimization of Input:
power Signal mode]ing system Chromosome or Individual W
r
W:Q.m,q;:[claczwwcnaa’laa’zrwa’ns(”n%ww(”n]
Population of Chromosomes
Wvl Cris CraseessCrps @@y pseees Gy Pys Graseens Py
P Wy | | CousCansrensCons @15 @y gseees @ s P15 Pr 552 Py
- . - . . . . . . . . . ’
W, Ce1sChasChns D1 Dp 5000 Dp s P15 Py 25w+ P
Output:
Returned the best Weights of DE, WDE:[ouw]b with MINgas given
in Eg. (10)
Begin DE
//Initialization of parameters
crossover probability (Pc)= 0.9,
scaling factor (SF)= 0.5,
population size (Pop)= 60, i.e., k in W

dimensionality (Dim), i.e., n in W
//Randomly generate G
for k= 1 to Pop do

For j= 1 to Dim do

W =W + rand [0,11.(00]" ~W"™")

end for
end for
//calculate ¢
//For each W calculate gas given in equation (10)
for k= 1 to Pop do

G+l

dn

end for
// Generate Test vectors using recombination operators
for k= 1 to Gen,., do

//Select three random vectors

for 1= 1 to Pop do

select randomly K,I,,N E[l,POp],rl L FEDL #k

//N each W goes through mutation, crossover
operation

//Generate random integer jrand e[l,Pop]
for j = 1 to D do
if (rand[0,1]<CR or j==jrand) then
(G+]) _ g7 (G) (G) (G)
Vj,k —VVk,rl +SF*(m.r‘2_mc,r3)
Else
(G+) _ gy (G)
Vie =W
end if
end for
end for
//Selection Step
. G+l G+l
1f(5v‘k ££W|k )then

(G+1) _ | (G+])
W =vg
Else
m(G+|) — m(G)
endif
end for
End DE
//Accumulation step

Store WDE with its &, time, and generations for the each run of the
DE.

End Part 1

Part 2: Statistics
To find optimal parameter of power signal model repeat the procedure
for 100 independent executions to generate a dataset for efficient
performance analysis of designed procedure.

End Part 2

@ Springer



Neural Computing and Applications (2020) 32:6253-6282

6259

0.;— 0.

1
MAE, = ;Zle : (15)

where 0 is an estimated weight vector of true vector 6.
Similarly, the performance measure of MAE. ,,, MAE, ,,

MAE,, ,, MAE,,, are formulated for écw émp’ éw,(,, and

0. 0, respectively.
The RMSE is mathematically defined as:

1< )
RMSEC = \/;; (oc.i - oc,i) ) (16)

Likewise, the root-mean-square errors for 0. ., 0., 00, o

and écﬁw,(p are also formulated mathematically.
Estimation error function ¢ is calculated as:

_[e-e]

= an

where ||| represents the L* norm.
Coefficient of determination Rf is determined as below:

2
R = Z?:l (06?,' — é) (GCJ - 0)
¢ n n\2 1 0 2 ’
Doici ) (Oci —0)" > /(0. =) (18)
S 1<~
0=- oci; 0=— 0.
The error in R?(ER?) is shown as:
ER? =1 - R (19)
Similarly, the performance indices ERz,wj ERE‘W, ]§R3>7 0

and ER?

C,0,Q

respectively.

The average fitness & calculated from total number of
runs R is illustrated as:

%i (;{ i (0 ()0 +v(102.) — (07 (1es)0) ) 2) .

are also defined for 0. ), 0., 0., , and 0., 4,

o
I

r=1 i=1

(20)

Similarly, the global MAE (Gwmag:) is mathematically
evaluated as:

R R n
GMAE: = %ZMAEG = %Z (Z 0.; — éc,i >, (21)
r=1 r=1 i=1

where R represents the total number of independent
executions, and one independent run is an algorithmic

process with different random seeds. The global perfor-

mance measures GMmaAEcws GOMAEc,p» GMAEw,e and
GMAEc,0,p are also formulized for 0., 0.4, 0,, and
0. 0,,, respectively.

Likewise, the global RMSE (Grumsg.) is formulated as,

1& 1
GRMSEc = ﬁ E RMSEC, == E
=1

r

(22)

For éc_,w, éw, éw,(p and éc,w_,(p, the global performance
operators are Guagew, Gmage,ps GMaEw,e A0 Guyake w0,
respectively.

Global ERf (Gge) is mathematically formalized as:

5%
—% ER?
R r=1
Gge = o 2
Iy S0 (0 — 0)(0c —9)
R n " -
r=1 Zi:l 0.; — 0)2 Zi:1 (0(‘,i *'9)2
(23)

The global performance operators Gge, Greps Grop
and Gg ., are also formulated for other four parameter
vectors. In case of the perfect models, the standard values
of these performance indices MAE, RMSE and ER? should
be zero.

3 Simulation with discussion

The simulation results of numerical experimentation for
five examples are presented for parameter estimation
problem of power signal model with variation in opti-
mization parameters as well as different signal-to-noise
ratios using various heuristic computing techniques
including DE and GAs and PS algorithms.

Example 1  Power Signal with Unknown Amplitude: In this
example, the description of parameter estimation problem
of power signal with unknown amplitude as parameter
vector is considered as below:
r(t) = ¢y sin(wit + @) + ¢z sin(waf + @,)

+ c3sin(wst + @3) + ¢4 sin(wat + @)
T (24)
0(‘ - [Cl ,€2,C3, C4]

0.=[1.8,0.9,4,2.5]".
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Example 2 Power Signal with Unknown Amplitude and
Frequency: Here, an estimation problem of power signal
with unknown amplitude and frequency is evaluated as:

r(t) = ¢y sin(wit + @) + ¢z sin(wat + @,)
+ c3sin(wst + ¢3)

T (25)
06‘,(1) = [Cl ) 027 C37 (U17 (,02, (,03]

0., =1[0.8,0.9,0.4,0.7,0.5,0.2]".

Example 3 Power Signal with Unknown Amplitude and
Phase: In this case study, parameter estimation of power
signals having unknown amplitude and phase in the
parameter vector is considered as follows:

r(t) = ¢y sin(wit + @) + ¢z sin(wat + @5)

+ c3 sin(mst + ¢@3)
- (26)
00,(/7 = [617 C€2,C3,P1, Py, (P3]

0., =[0.8,0.6,0.7,0.6,0.8,0.76]".

Example 4 Power Signal with Unknown Frequency and
Phase: In this study, parameter estimation of power signal
with unknown frequency and phase in the parameter vector
is shown as follows:
r(t) = ¢y sin(wiz + @) + ¢z sin(wat + @,)
+ c3 sin(wst + @3)

T (27)
00,0 = 01, 02,03, 01, 9, 93]
0o = [0.07,0.1,0.2,0.95,0.8,0.76]T.

Example 5 Power Signal with Unknown Amplitude, Fre-
quency and Phase: In this example, signal power parameter
estimation model having unknown amplitude, frequency
and phase in the parameter vector is described as follows:
r(t) = ¢y sin(wit + @) + ¢z sin(wat + @5)
+ c3 sin(wst + ¢3).
Oc0p = [c1, 02,03, 01,2, 03, ¢y, (P27(/’3]T
0.0, =10.8,09,04, 0.95,0.8,0.76,0.07,0.5,0.2]T.

(28)

Example 6 Power Signal with Unknown Frequency and
Phase: In this example, signal parameter estimation model
having unknown frequency and phase in the parameter
vector is considered as follows:

r(t) = cysin(wit + @) + 2 sin(wat + @5)

+ ¢z sin(wst + @3)

.o+ casin(wat + @4) + cs5 sin(wst + @s).
(1, 2, 03, W4, 05, Py, P2, P35 Py (PS}T
0.07,0.50,0.20,0.30,0.10, 0.95, 0.80, 0.76, 0.60, 0.56]"

(29)

9 =
9 =

@ Springer

Example 7 Power Signal with Unknown Amplitude, Fre-
quency and Phase: In this example, power signal parameter
estimation model having unknown amplitude, frequency
and phase in the parameter vector is given as follows:

r(t) = cysin(wit + @) + casin(wat + @,)
+ c3sin(wst + @3) + c4 sin(wat + @)
..+ cssin(wst 4 @5) + cg sin(wgt + @g)
+ ¢y sin(wst + ¢@4).
9 = [c1,¢2, €3, ¢4, C5, C6, €7, W1, W2, W3, V4, V5, W,
W7, P15 P2, P35, P4, P55 P <P7]T
¥ = [0.80,0.07,0.95,0.90,0.50,0.80,0.40, 0.20,

0.76,0.10,0.30, 0.60, . . .0.0020,0.10, 0.56,
0.10,0.10,0.34,0.10,0.90, 0.24]"
(30)

In the present research study, five examples of power
signal modeling are taken, the input signal r(k) is a ran-
dom signal sequence with zero mean and unit variance,
and v(f) is a noise signal with zero mean for different
variance magnitudes. Three different noise levels are
added to the signal which produce three noise scenarios,
i.e., no noise scenario, 70-db and 30-db SNR levels,
respectively, while the values of sampling period & and
the data length L are set to 0.2 s and 2000 steps,
respectively. The parameter estimation of the power sig-
nal model is performed with the designed methodologies
based on DE, GAs and PS techniques, as discussed briefly
in the previous section, while the parameter settings of all
three algorithms for all seven examples are given in
Table 2. However, fitness function (10) is formulated for
M = 2000 for each case of all examples and is given as:

&= 2
1 2000 < n n >
— c;sin(wity, + @;) — G sin(@ityy + @;) — Vi
2000 ,; ; ;
(31)

For all five examples of power signal model, the
optimization of objective function (31) is performed for
three SNR levels employing optimization procedures
based on DE, GAs and PS. The magnitudes of the per-
formance metrics MAE, MWD, RMSE and ER? as
defined in Egs. (15) to (18) for each optimization tech-
nique are computed for 100 independent executions. The
best run of the methodologies is revealed on the basis of
the smallest magnitudes of all these performance indices
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Table 2 Parameter settings for all examples of power signal modeling

Examples Method Parameters Setting Parameters Setting
DE Generations 1000 Population size 150
1-5 Scaling factor 0.5 Unknowns 4/6/9
Probability 0.99 Mutation Random-best-2
GA Population creation Constrained dependent Population size 30 * num of variables
Scaling function Rank Variables 4,6,9
Selection function Stochastic uniform Generation 500
Initial population [— 1, 1] Function tolerance 107%
Crossover function Scattered Stall generation limit 250
Mutation function Adaptive feasible Bounds (lower, upper) 0,1)
Elite count 10 Nonlinear constraint tolerance 1072
Fitness limit 107% Other Defaults
PS Poll method GPS positive base 2 N Constraint tolerance 107"
Polling order Consecutive Function tolerance 1072
Max. iterations 3000 X-tolerance 1071
Max. function evaluations 100,000 Mesh tolerance 101
67 DE Generations 5000 Population size 300
Scaling factor 0.1 Unknowns 21/10
Probability 0.5 Mutation Random-best-2
GA Population creation Constrained dependent Population size 200
Scaling function Rank Variables 21
Selection function Stochastic uniform Generation 1000
Initial population [-0.1, 0.1] Function tolerance 107%
Crossover function Scattered Stall generation limit 250
Mutation function Adaptive feasible Bounds (lower, upper) 0,1)
Elite count 5 Nonlinear constraint tolerance 1072
Fitness limit 107% Other Defaults
PS Poll method GPS positive base 2 N Constraint tolerance 1071
Polling order Consecutive Function tolerance 1072
Max. iterations 3000 X-tolerance 1071°
Max. function evaluations 100,000 Mesh tolerance 101

which are listed in Table 3 for all five examples of power
signal modeling problems. Comparison of actual signal
with the approximated signals is made and is plotted in
Figs. 4, 5 and 6 for each designed methodology DE, GAs
and PS, respectively. Absolute error (AE) values, i.e.,
deviation from the reference solution of power signals,
are evaluated to further elaborate similarity level of the
results with true solutions for all three SNR levels of each
defined example.

The absolute error is computed for the run of the
algorithm with minimum MAE value. The results of AE
for all five examples of power signal model for each
variation are shown graphically in Fig. 4a—f, for DE.
Generally, the respective AE magnitudes lie around
10_10, 107° and 107 for example 1, 10_10, 107% and
107%* for example 2, 107'°, 107°¢ and 10~** for example

3, 10710, 107 and 107 in case of example 4 and
10709, 107 and 107° in case of example 5, for no noise
scenario, 70-db SNR and 30-db SNR, respectively.
Curves are also plotted in Fig. 4g-1 comparing actual
signal with the approximated signal. The computed
solutions are found in good agreement with the actual
numerical solutions. Comparison of MAE values for the
first five examples is shown in subfigure, 4(m). Similar
plots are also displayed for GAs, and PS is presented in
Figs. 5 and 6, respectively.

The values of performance indices in terms of accuracy
measures of fitness, MAE, RMSE and ER? are computed
for the best execution of each algorithm, and results are
listed in Table 4 for the first five examples, together with
complexity measures based on time consumed, generations
executed and function evaluated. It is clear that the values
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Table 3 Best iteration of DE, GAs and PS algorithms based on different performance operators for each examples of power signal model

Example Scheme Operator No noise SNR =70 db SNR = 30 db
Best value Iteration # Best value Iteration # Best value Iteration #
1. DE MAE 2.6E—10 55 5.90E—06 18 1.02E—03 37
RMSE 3.2E—10 55 8.20E—06 64 1.18E—03 37
R? 2.8E—12 55 3.26E—10 64 6.79E—06 37
GAs MAE 1.6E—08 30 1.18E—05 9 7.46E—04 47
RMSE 2.1E-08 77 1.48E—05 88 9.24E—04 71
R? 2.1E—15 77 1.07E—09 88 4.15E—06 71
PS MAE 2.8E—16 38 1.70E—05 54 3.25E—04 83
RMSE 3.2E—16 38 2.12E—05 4 3.99E—04 10
R? 5.5E—15 38 2.18E—09 4 7.74E—07 10
2. DE MAE 1.9E—10 82 4.22E—06 92 2.34E—04 67
RMSE 3.2E—10 82 6.73E—06 92 4.51E-04 13
R? 0.0E + 00 82 1.87E—10 92 8.36E—07 13
GAs MAE 5.3E—08 36 3.97E—06 13 7.94E—04 69
RMSE 1.1IE—-07 96 7.37E—06 74 1.36E—03 69
R? 5.4E—14 96 2.23E-10 74 7.57E—06 69
PS MAE 7.7E—16 19 1.00E—01 68 5.97E—04 74
RMSE 9.9E—16 19 1.29E—-01 68 9.12E—04 74
R? 4.5E—16 19 6.88E—02 68 3.43E—-06 74
3. DE MAE 1.9E—10 82 4.22E—06 92 2.34E—04 67
RMSE 3.2E—10 82 6.73E—06 92 4.51E—-04 13
R? 8.7E—10 82 1.87E—10 92 8.36E—07 13
GAs MAE 5.3E—08 36 3.97E—06 13 7.94E—04 69
RMSE 1.1IE-07 96 7.37E—-06 74 1.36E—03 69
R? 54E—14 96 2.23E—10 74 7.57E—-06 69
PS MAE 7.7E—16 19 1.00E—01 68 5.97E—-04 74
RMSE 9.9E—16 19 1.29E—01 68 9.12E—04 74
R? 34E-15 19 6.88E—02 68 3.43E—06 74
4. DE MAE 2.3E—10 65 2.46E—05 67 1.01E—03 78
RMSE 34E—10 65 3.69E—05 67 1.81E—03 86
R? 1.9E—10 65 5.46E—09 67 1.31E—05 86
GAs MAE 7.2E—06 50 2.73E—05 17 4.74E—04 91
RMSE 1.3E—-05 50 4.50E—05 55 7.53E—04 91
R? 6.3E—10 50 8.12E—09 55 2.27E—06 91
PS MAE 2.3E-03 58 3.98E—03 93 1.79E—-03 65
RMSE 3.4E—-03 58 5.66E—03 93 2.59E—03 65
R? 4.6E—05 58 1.28E—04 93 2.68E—05 65
5. DE MAE 2.0E—09 40 1.20E—05 57 1.15E—03 94
RMSE 2.7E—09 40 2.09E—05 57 1.62E—03 94
R? 6.5E—09 40 1.81E—09 57 1.09E—05 94
GAs MAE 5.1E-04 74 1.18E—04 49 4.75E—04 46
RMSE 8.6E—04 74 2.42E—04 49 6.88E—04 46
R? 3.1E-06 74 2.43E-07 49 1.97E—06 46
PS MAE 4.4E—-02 18 7.54E—02 63 1.28E—01 34
RMSE 8.7TE—02 8 1.29E—01 63 1.97E—01 34
R? 3.2E—-02 8 6.89E—02 63 1.62E—01 34
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Table 4 Performance indices of accuracy and complexity for each algorithm for the first five examples of power signal model

Method Example Noise (db) Accuracy Complexity
€ 0 MAE RMSE ER? Time Generations FCs

DE 1 0 3.7E-21 1.8E—11 43E—-11 5.2E—-11 3.3E-11 0.70 109 13,452
70 59E-08  6.1E—06 1.6E—05 1.8E—05 6.2E—11 0.84 124 15,003
30 6.4E—04 3.0E-04 7.7E—04  8.6E—04 1.5E—07 1.00 147 17,786
2 0 2.4E-02 1.OE-00  4.6E—01 6.4E-01 1.7E-01 17.81 349 63,168
70 1.2E-01 7.1E—-01 3.6E—01 4.5E—01 8.2E—01 4.01 77 13,936
30 6.4E—04  7.1IE-04 23E—-04 4.5E-04 84E—-07  24.35 424 76,743
3 0 6.5E—19  76E—10 39E—10 5.5E—10  0.0E—00 7.85 134 24,253
70 6.0E—08 1.1IE-05 5.9E—-06 82E—06  3.3E—10 7.73 131 23,710
30 6.3E—04 1.7E-03 1.0E—03 1.2E—-03 6.8E—06 9.89 168 30,407
4 0 1.0E—18 8.6E—03 3.4E-02 6.8E—01 1.9E—01 18.39 311 56,290
70 6.5E—08  22E—-01 2.3E-02 5.1E-01 1.0E—01 23.64 241 43,620
30 6.5E—03 9.4E—-01 3.0E-02  5.7E-01 1.3E—-01 21.89 369 66,788
5 0 3.7E—16 1.3E—-00 8.7E—02 1.6E—00 1.0E—01 39.16 509 137,938
70 6.7TE—08  6.3E—00 1.3E-01 23E-00  2.2E-01 32.90 420 113,819
30 1.5E—-02 1.1IE-01 2.8E—01 72E-00 2.1E-02 2238 290 78589
GA 1 0 7.0E—-16  7.7E—09 2.2E—-08 2.3E—-08 5.0E—09 31.23 500 120,240
70 59E-08  6.0E—06 1.6E—05 1.8E—05 6.1E—11 33.78 500 120,240
30 6.4E—04 3.0E-04 7.7E—04  8.6E—04 1.5E—07 3245 500 120,240
2 0 9.9E—05 5.3E-01 2.7E-01 34E-01 4.7E—-01 33.31 500 120,240
70 6.4E—08 1.3E-05 5.1E—06 82E-06  2.8E—10  33.39 500 120,240
30 6.5E—04  22E-03 8.0E—04 1.4E—03 77E—-06  41.15 500 120,240
3 0 5.0E—15 77E—08  45E—-08  5.5E—08 1.5E—14  38.25 500 120,240
70 6.3E—08 2.2E—-05 1.2E—05 1.5E—05 1.2E—09 35.09 500 120,240
30 6.3E—04 1.3E-03 77E—04  9.5E—-04 44E—-06  38.66 500 120,240
4 0 1.7E-10  2.1E-03 2.5E-05 3.7E-05 5.4E—09 32.89 500 120,240
70 24E-07 23E-03 6.8E—04 9.7E-04  3.8E—06 36.23 500 120,240
30 6.4E—04  23E-03 8.9E—04 1.4E-03 7.5E—-06  36.78 500 120,240
5 0 2.2E-05 3.2E-03 4.1E-03 7.3E—-03 22E-04 3745 500 120,240
70 8.2E—06 3.3E-01 1.5E—01 22E-01 2.0E-01 42.65 500 120,240
30 6.4E—04  4.4E-01 2.5E—01 2.9E—-01 3.6E—01 43.86 500 120,240
PS 1 0 8.5E-31 26E—-16 5.0E—-16 74E—16  4.6E—11 0.08 158 1040
70 59E-08  6.1E—06 1.6E—05 1.8E—05 6.3E—11 0.10 186 1229
30 6.4E—04  3.1E—04 8.1IE-04  9.0E—04 1.6E—07 0.15 290 1977
2 0 3.7E-26 1.6E—15 7.7E—16  9.9E-16  0.0E—00 297 1000 8705
70 1.9E—-03 2.0E-01 1.0E—01 1.3E-01 6.9E—02 3.54 1182 10,079
30 6.7E—04 1.4E—03 6.0E—04  9.1IE—-04  3.4E—-06 3.25 922 7984
3 0 77E-32  435E-16  28E—16 32E—16  0.0E—00 1.15 370 3635
70 6.6E—08 3.0E-05 1.7E—05 2.1E-05 2.2E—-09 1.76 552 5435
30 6.1E-04 56E—-04 32E—04 4.0E-04 7.7E-07 1.10 354 3490
4 0 2.2E—-06 2.0E-00 2.3E-03 34E-03  4.6E—05 422 1287 12,000
70 6.0E—06 1.IE-00  4.0E—03 5.7E-03 1.3E—04 432 1275 12,000
30 6.3E—04  4.3E-03 1.8E—03 2.6E—-03 2.7E-05 3.90 1371 12,000
5 0 1.5E—-03 43E—01 44E-02  88E—-02  3.2E-02 1.60 501 5836
70 6.6E—03 6.8E—01 7.5E—-02 1.3E-01 6.9E—02 1.54 501 5589
30 3.2E-03 2.9E-01 1.3E—01 2.0E—01 1.6E—01 1.54 501 5666
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Table 5 Performance indices of accuracy and complexity for each algorithm for examples 6 and 7 of power signal model

Method  Example  Noise (db)  Accuracy Complexity
£ o MAE RMSE ER? Time Generations  FCs
DE 6 0 1.22E—07 595E—12 5.34E—-06 2.16E—05 1.82E—07 3451 5000 13,265
70 1.06E—04 6.14E—08 4.08E—04 3.81E—04 2.94E—06 48.53 5000 22,511
30 1.63E—02  6.33E—04 3.33E—02 7.16E—02 6.10E—04 55.75 5000 42,611
7 0 1.19E—-04 4.84E—-07 1.06E—04 7.57E-05 3.15E-07 31393 5000 153,785
70 435E-03 1.96E—06 1.24E—-03 142E—04 4.45E-04 354.81 5000 161,253
30 337E—-02 6.38E—04 931E—-02 4.25E-03 3.22E—-03 393.21 5000 173,225
GA 6 0 140E—06 7.34E—08 3.54E—06 7.28E—05 9.63E—07  280.46 1000 240,240
70 1.52E—04 590E—-06 4.66E—04 1.69E—02 4.32E—04 163.10 1000 240,240
30 1.54E—02 6.38E—04 2.63E—02 1.59E—01 2.60E—03 188.28 1000 240,240
7 0 6.41E-04 641E—06 743E—04 233E—04 3.45E-05 573.61 1000 450,655
70 5.81E-03 8.75E—04 9.21E—03 7.45E—03 7.84E—04 39223 1000 450,655
30 6.75E—01  4.14E—-03 8.76E—01 2.67E—01 6.56E—02  486.47 1000 450,655
PS 6 0 6.61E—02 594E—-02 247E—02 8.28E—-01 1.70E—02 2.16 657 6387
70 6.14E—01 647E—-02 S5.14E-01 9.19E—-01 5.38E—01 2.23 657 6397
30 897E—00 5.92E-01 142E—-01 6.60E—01 1.63E—01 2.65 657 6453
7 0 478E—01 6.16E—01 1.28E—01 8.35E—-01 3.42E—01 422 1500 24,050
70 6.4E—00 6.3E—01 4.3E—00 8.4E—00 8.6E—00 432 1501 24,050
30 1.0E—00 5.6E—01 2.1E—00 9.9E—00 2.7E—00 3.9 1500 24,050

of MAE are around 107'% to 107'", 107* to 107** and
107 to 107* for no noise level, 70-db SNR and 30-db
SNR, respectively, for DE in case of example 1, while for
examples 2, 3, 4 and 5 the respective values lie 107° o
107%, 107 t0 107'°, 107°% and 107°" to 1072, Similarly,
the values of performance indices along with complexity
measures for examples 6 and 7 are listed in Table 5. The
MAE magnitudes of DE and GAs are comparable, while
PS algorithm depicts significantly low performance. It is
observed from the figures that in example 3, among all
designed procedures, GAs generate best results, while DE
outperforms in example 5 on the basis of accuracy indi-
cators, while in case of complexity measures, DE is found
much more efficient than GAs as DE consumes less time,
smaller number of generations and function calls than GAs.
Very low values of these performance measures verify the
stability of DE and GA schemes for estimating parameters
of all examples of the power signal models.

It is important to note here that due to increased popu-
larity of memetic computing methodologies, hybrid pro-
cedures based on combination of global and local search
techniques are also suggested for power signal modeling
identification problem. Recently, memetic computing-
based methodologies are broadly used to find the candidate
solution of the constrained/unconstrained and convex/

nonconvex optimization problems, such as GAs aided with
active-set method (GAs-ASM) [96], GAs integrated with
sequential quadratic programming (GAs-SQP) [36, 61] and
GAs hybrid with interior-point method (GAs-IPM) [37].
The hybrid schemes usually give better results than opti-
mization techniques independently; therefore, hybridiza-
tion of DE, GA and PS with local search mechanisms SQP,
IPA and ASM for optimization of power signal models was
also employed; however, no significant increase in the
accuracy is achieved for all examples. Furthermore, local
search techniques such as SQP, IPM and ASM were indi-
vidually employed for estimation of components of power
signal model and it was observed that due to nonconvex
nature of the examples, these techniques failed to optimize
their cost functions. For this reason, in the current article
we restricted our analysis to three global search techniques
based on DE, GAs and PS for identification of power signal
models.

4 Statistics-based comparative analysis
In order to determine the stability and reliability of the

proposed schemes, 100 independent runs were executed for
each SNR level for all examples of power signal models

@ Springer



6268 Neural Computing and Applications (2020) 32:6253-6282

10°
=
@ @ H H @
5 o0 SO E - tt? s SSE9 [ 4
= el = I 181E3 [ s 1010 -
7 > 107107 36 38 40 7
v v v
S I R T : g 25 29 |,F
g - r £ ' 17 £ 6.33E-4 5.97E-08 L2
= B.44E4 46e-21 -t = R Tl JsiE3| = = 48 52 36 40)
1020 45 _ 47 2324 .4 . ! frm e m——-
10D 34 36 38 30 32 34 10°20
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
runs runs runs
(a) Sorted & zoom plots DE Exp 1 (b) Sorted &Zoom plots DE Exp2  (¢) Sorted &Zoom plots DE Exp 3
100 10°
gt [ Lol
,-—.r—b—! I: e
1 | " ! 5.92E-08
g I § =B 3 g 3538
E -18 E ! E
= 1.02x10 s 1010 I =
> 10710 ! 27 30 - 1 7 10710
p 6.06E-4 I s - g U asE2n [T
= ’ 2 ; " z emmm === £ 6.44E-4 i 4.6E-21 !
B AR _4s_ 48 2528
a 35 40 1020 -
0 20 40 60 80 100 I A = B =, . 0 20 40 6 80 100
runs runs runs
(d) Sorted &zoom plot DE Exp 4 (e) Sorted plot of DE Exp 5 (f) Sorted &zoom plots GAs Exp 1
7 :
______,——rF:ﬂ--l"“ : !
- 6.33216E-4 T
$ 107 T S nafer® g 1
= P! = 455 48 = 5 7
= —l] = = 10 f/’)
> -1 » »
ot 1 10 @ 10 x10-19 - 7] _——_‘,/‘—‘-’
2 : - 2 10 i - 2
o 1 2 1 o ) o
£ 107 ) I £ 4K 5.97E-08 L1 £ e”
= _ 107 = 481 =1 J B ’ 6o6E4 | I
- 45 46 47 48 = 2 3538 N ]
! e 10710y 45 46 47 48
0 20 40 60 80 0 20 40 60 80 100 0 20 40 60 80 100
runs runs Runs

(g) Sorted &zoom plots GAs Exp 2 (h) Sorted &zoom plots GA Exp 3 (i) Sorted &zoom plots GA Exp 4

100 =
7 10 e
TH 0 . 0.0649 [ .1
4 1H 2 107 === 2 I 0.0648 | |
= ;I: = 107 El 1 0.0647 |
g g 25 28 g 1 25 28
- 2
2 b =7 2 qo2of10 ] I 1029 —
g 10 g 10* 10°* g . ;
= - = = 2004 good
= rf"’ 6AT3E-4| =57 = 10 10710 = 10 Io.zas H
45 48 35 38 35 38
! 45 48 S e e = = 2
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
runs runs Runs

(j) Sorted &zoom plots GA Exp 5 (k) Sorted &zoom plots PS Exp 1 (1) Sorted &zoom plots PS Exp 2

= = NoNoise ===-5NR=70db ' SNR= 30db |

Fig. 7 Plot of fitness for 100 runs of the algorithms in terms of sorted and zoomed illustrations

@ Springer



Neural Computing and Applications (2020) 32:6253-6282

6269

a

{= = NoNoise

~-==SNR= 70db - SNR= 30db |

g
=
<
»
=
5
10°%
0
30
20
w
E
& 10
1]
02 0 02 04
MAE Values

(b) GA for Exp:2 with SNR=70db

0.5

distribution

0
107

(f)GA for Exp:5 with SNR=70db (g) GA for Exp:2 with No Noise

102
MAE Values

Runs

20 40 60 80 100
Number of independent runs
(a) GA MAE values, Exp:4
Ll = 60 8
j g
40 3 4 ]
» E [ i
5 20 : E
=7 3 X
0 e r— 0 i 2
005 0 0.05 0.1 0.15 0.2481 0248102
MAE Values MAE Values MAE Values

(c¢) GA for Exp:2 with SNR=30db

(d) GA for Exp:4 with No Noise  (e) GA for Exp:4 with SNR=30db

10"

1 1 1
= = =
=] =] =) 0.5
€ 0.5 g 0.5 £
= = =
ot St ot
z z I 0
® 0 = 0 = 5895 59 5905 591
10710 109 10° %108
MAE Values MAE Values MAE Values

30

20

10

Runs

(j) PS for Exp:2 with SNR=70db

Independent runs

0 05
MAE Values

100

10-12

1

10-10

(h) PS for Exp:5 with SNR=30db (i) DE for Exp:3 with SNR=70db

Runs

20
60
« 10 «w 40
= =
=4 g 20
... 0 0
0 05 1 0 05 1 15 005 0 0.05 01 0.15
MAE Values MAE Values MAE Values

1078

(K)PS for Exp:2 with SNR=30db

()PS for Exp:4 with No Noise ~ (m)PS for Exp:4 with SNR=73db

- Exp:1,No Noise

[ exp:1,5NR=30db
[ |Exp:3,sNR=70db
[ Exp:5,SNR=30db

1074 102 10° 102 104

MAE Values

1076

(n) Result of DE in case of MAE magnitudes for Exp:1,SNR=0db, 30db,
Exp:3,SNR=70db and Exp:5,SNR=30db

Fig. 8 Comparative study of DE, GA and PS based on MAEs for the first five examples (Exps) of power signal model

@ Springer



6270 Neural Computing and Applications (2020) 32:6253-6282

RMSE values

0 20 40 60 BO 100
Number of independent runs

(a) GA RMSE values, Exp:4

40 60
40 - 60
40
E 2 g 2 i g o z 4
a ~ N\ B i % 20
0 0 1 R 0 i ; 0
02 0 02 04 02 0 02 04 06 0.1 0 0.1 -0.1 0 0.1
RMSE Values RMSE Values RMSE Values RMSE Values

(b) GA for Exp:2 with SNR=70db  (¢) GA for Exp:2 with SNR=30db  (d) GA for Exp:4 with No Noise (e) GA for Exp:4 with SNR=30db

1 1 1 1
g g g £ 05
€ 05 £ 0.5 g 05 =
= = = =2
bl St St et
2 2 z z 0
= = 0 = 0 = B2 B.21 8.22
0 0 0 -6
1 D.g 10 10 =10
RMSE Values RMSE Values RMSE Values TIC Values
(f) GA for Exp:5 with SNR=70db (g) GA for Exp:2 with No Noise  (h)PS for Exp:5 with SNR=30db (i) DE for Exp:3 with SNR=70db
20 20 = ,
20 : 60 i
& & & g 2 SN
0 0 ; 0 _/\
0 0.5 1 1] 05 1 0 05 1 15 005 0 005 01 0.15
RMSE Values RMSE Values RMSE Values RMSE Values

(j) PS for Exp:2 with SNR=70db  (K)PS for Exp:2 with SNR=30db (1) PS for Exp:4 with No Noise ~ (m)PS for Exp:4 with SNR=30db

100
80 i

v

=

=

= e i

= I =xp:1.No Noise
2 [ Exp:1,5NR=30db
5 40 1 |[Jexp:3,sNR=70b
= [ exp:5,SNR=30db
=

=
o

10718 10710 1075 10° 10°
RMSE Values

(n) Result of DE in case of RMSE magnitudes for Exp:1,SNR=0db, 30db,
Exp:3,SNR=70db and Exp:5,SNR=30db

Fig. 9 Comparative study of DE, GA and PS based on RMSE magnitude for the first five examples (Exps) of power signal model

@ Springer



Neural Computing and Applications (2020) 32:6253-6282 6271

Runs

1075

R’ values

= -0y

o Noise ====SNR= 70db *»* SNR= 30db |

0 10 20 30 40 50 60 70 80 90 100
Number of independent runs

(a) GA R?values, Exp:4

40 ) 60 H
3 60 E
40
20 2 40
& 20 20 /
0 3 s 0 | ; E

0
0.5 0 0.5 1 05 0 05 1 -0.05 ] 0.05 -0.05 0 0.05 01
R*Values R’Values R’Values R’Values

Runs
Runs

(b) GA for Exp:2 with SNR=70db  (¢) GA for Exp:2 with SNR=30db  (d) GA for Exp:4 with No Noise (€) GA for Exp:4 with SNR=30db

distribution

1 1 1 1
= = =
0.5 < 05 g 05 g 08
= = =
= = =2
= = =] 0
z 2 0 z
0 o0 o = 6.7919 6792 °© 3.27 3.28
10° . 10 <106 x10710
R*Values R'Values R*Values R*Values

(f) GA for Exp:5 with SNR=70db  (g) GA for Exp:2 with No Noise (h) PS for Exp:5 with SNR=30db (i) DE for Exp:3 with SNR=70db

Runs

- - o
40 60
20 : :
v = o W n 40
2 o AN £ -
10 & E E & 20 g 20 /
0 = 0 i ki 0 0 :
* © % 4 05 0 05 1 -0.05 0 0.05 0.05 0 0.05
R*Values R*Values R*Values R*Values

(j) PS for Exp:2 with SNR=70db  (K) PS for Exp:2 with SNR=30db (1) PS for Exp:4 with No Noise  (m)PS for Exp:4 with SNR=30db

100 T
Bo -
Z
g
= 60 ] I £xp:1.No Noise
) [ exp:1,5NR=30db
=
5 . 4 [ |Exp:3.SNR=70db
= [ Exp:5,SNR=30db
=
- 20 _
o 1

108 10° 108
R’Values
(n) Result of DE in case of R? magnitudes for Exp:1,SNR=0db, 30db,

Exp:3,SNR=70db and Exp:5,SNR=30db

Fig. 10 Comparative study of DE, GA and PS based on R? magnitude for the first five examples (Exps) of power signal model

@ Springer



6272

Neural Computing and Applications (2020) 32:6253-6282

Table 6 Comparison of DE, GA and PS results through statistics for power signal model in case of all SNR levels for example 1

Method Noise levels Model Approximate parameter vector 0
i=1 i=2 i=3 i=4
DE 0 Best 1.800 2.900 4.000 2.500
Mean 1.800 2.900 4.000 2.500
Worst 1.800 2.900 4.000 2.500
70 Best 1.800 2.900 4.000 2.500
Mean 1.800 2.900 4.000 2.500
Worst 1.800 2.900 4.000 2.500
30 Best 1.801 2.901 4.000 2.499
Mean 1.801 2.901 4.000 2.499
Worst 1.801 2.901 4.000 2.499
GA 0 Best 1.800 2.900 4.000 2.500
Mean 1.800 2.900 4.000 2.500
Worst 1.800 2.900 4.000 2.500
70 Best 1.800 2.900 4.000 2.500
Mean 1.800 2.900 4.000 2.500
Worst 1.800 2.900 4.000 2.500
30 Best 1.801 2.901 4.000 2.499
Mean 1.801 2.901 4.000 2.499
Worst 1.801 2.901 4.000 2.499
PS 0 Best 1.800 2.900 4.000 2.500
Mean 1.800 2.900 4.000 2.500
Worst 1.800 2.900 4.000 2.500
70 Best 1.800 2.900 4.000 2.500
Mean 1.800 2.900 4.000 2.500
Worst 1.800 2.900 4.000 2.500
30 Best 1.801 2.900 4.000 2.499
Mean 1.801 2.900 4.000 2.499
Worst 1.801 2.900 4.000 2.499
True values 0 1.8000 2.9000 4.000 2.900

and optimized results of fitness function values for several
runs of each method are illustrated in Fig. 7. The graphs
are given in sorted output and zoomed plots for better
perception. The results based on performance metrics
MAE, RMSE and ER2? are presented in Figs. 8, 9, 10,
respectively, for all designed approaches DE, GAs and PS.
The results of GAs computed for each SNR level for the
first five examples for power signal models are computed,
and few plots are also presented in Figs. 7, 8 and 9a, for
MAE, RMSE and ER?, respectively. These plots are given
in semi-logarithmic scale in order to decipher the results
more clearly. The MAE values for power signal model of
example 4 lie around 107% to 10705, 107 to 107 and
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10792 to 107 for no noise scenario, 70-db and 30-db
SNRs, and similar trend is observed for performance
measures of RMSE and ER2, which shows the robustness
of the schemes. For the analysis of consistency in preci-
sion, histogram studies are carried out and results based on
MAE values for GAs are shown in Fig. 8b—e, and results
based on PS are presented graphically in Fig. 8j—m.
Empirical cumulative distribution function plots for all
designed approaches are also plotted and are illustrated in
Fig. 8f—i, while stacked bar plots for MAE values of DE
for power signal modeling problem with few noise sce-
narios of different examples are also shown in Fig. 8n.
Likewise, plots for RMSE and ER? are given in Figs. 9 and
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Table 7 Comparison of DE, GA and PS results through statistics for power signal model in case of all SNR levels for example 2
Method Noise levels Model Approximate parameter vector 0

i=1 i=2 i=3 i=4 i=5 i=6

DE 0 Best 0.800 0.900 0.400 0.700 0.500 0.200

Mean 0.615 0.553 0.525 0.383 0.388 0.643

Worst 0.875 0.432 0.550 0.500 0.706 0.192

70 Best 0.800 0.900 0.400 0.700 0.500 0.200

Mean 0.583 0.569 0.569 0.775 0.352 0.695

Worst 0.133 0.955 0.802 0.678 0.500 0.700

30 Best 0.799 0.900 0.400 0.700 0.500 0.200

Mean 0.627 0.574 0.458 0.376 0.340 0.569

Worst 0.870 0.548 0.424 0.500 0.695 0.171

GA 0 Best 0.800 0.400 0.900 0.700 0.200 0.500

Mean 0.701 0.713 0.680 0.519 0.469 0.420

Worst 0.907 0.150 0.788 0.500 0.604 0.701

70 Best 0.800 0.900 0.400 0.700 0.500 0.200

Mean 0.713 0.712 0.663 0.547 0.469 0.400

Worst 0.907 0.150 0.788 0.500 0.604 0.701

30 Best 0.800 0.897 0.399 0.700 0.500 0.200

Mean 0.660 0.765 0.651 0.491 0.532 0.412

Worst 0.790 0.049 0.905 0.700 1.800 0.500

PS 0 Best 0.797 0.397 0.074 0.700 0.200 0.553

Mean 0.427 0.397 0.388 0.827 0.913 0.872

Worst 0.027 0.037 0.132 2.000 1.995 1.405

70 Best 0.894 0.800 0.061 0.500 0.700 1.395

Mean 0.370 0.371 0.308 0.847 0.864 1.014

Worst 0.018 0.037 0.127 1.956 1.995 1.905

30 Best 0.115 0.050 0.089 0.099 0.992 0.292

Mean 0.321 0.454 0.354 0.907 0.918 0.924

Worst 0.036 0.081 0.117 0.010 1.998 1.706

True values 0 0.800 0.900 0.400 0.700 0.500 0.200

10, respectively. All these figures and plots verify that
these designed approaches are capable of parameter esti-
mation of power signal model, yet the DE and GAs results
are comparatively better than PS. The algorithms DE and
GAs are found parallel in terms of accuracy, while in
example 5, DE outperforms GAs. The algorithm giving
superior fitness value has corresponding better MAE,
RMSE and ER? indices, which validate the accuracy
through different performance measures.

Accuracy of the proposed methodology is further eval-
uvated to observe the best, mean and the worst estimated
parameter vector obtained on minimum error-based fitness,
AEs in three noise scenarios for the first five examples of
power signal model computed through 100 independent

runs of DE, GAs and PS approaches. Outcomes of statis-
tical measures for the three approaches are presented in
Tables 6, 7, 8, 9, 10 for three SNR levels of examples 1-5
with their actual parameters, respectively. The parameter
estimation performance of DE, GAs and PS algorithms is
dependent on the noise variance, such as for larger SNR
level, performance of the designed procedures reduces.
Furthermore, by increasing the length of the parameter
vector of the power signal model, a small decrease in the
accuracy of the proposed algorithms is observed which is
understandable as with more degrees of freedom, the
optimization problem gets stiffer.

In order to draw reliable inference on the precision, the
global performance metrics E, Gmag, Grmse and Ggg
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Table 8 Comparison of DE, GA and PS results through statistics for power signal model in case of all SNR levels for example 3

Method Noise levels Model Approximate parameter vector 0
i=1 i=2 i=3 i=4 i=5 i=6
DE 0 Best 0.800 0.600 0.700 0.600 0.800 0.760
Mean 0.800 0.600 0.700 0.600 0.800 0.760
Worst 0.800 0.600 0.700 0.600 0.800 0.760
70 Best 0.800 0.600 0.700 0.600 0.800 0.760
Mean 0.800 0.600 0.700 0.600 0.800 0.760
Worst 0.800 0.600 0.700 0.600 0.800 0.760
30 Best 0.798 0.600 0.700 0.598 0.801 0.759
Mean 0.798 0.600 0.700 0.598 0.801 0.759
Worst 0.798 0.600 0.700 0.598 0.801 0.759
GA 0 Best 0.800 0.600 0.700 0.600 0.800 0.760
Mean 0.800 0.600 0.700 0.600 0.800 0.760
Worst 0.800 0.600 0.700 0.600 0.800 0.760
70 Best 0.800 0.600 0.700 0.600 0.800 0.760
Mean 0.800 0.600 0.700 0.600 0.800 0.760
Worst 0.800 0.600 0.700 0.600 0.800 0.760
30 Best 0.800 0.601 0.701 0.599 0.800 0.758
Mean 0.800 0.601 0.701 0.599 0.800 0.758
Worst 0.800 0.601 0.701 0.599 0.800 0.758
PS 0 Best 0.800 0.600 0.700 0.600 0.800 0.760
Mean 0.800 0.600 0.700 0.600 0.800 0.760
Worst 0.800 0.600 0.700 0.600 0.800 0.760
70 Best 0.800 0.600 0.700 0.600 0.800 0.760
Mean 0.800 0.600 0.700 0.600 0.800 0.760
Worst 0.800 0.600 0.700 0.600 0.800 0.760
30 Best 0.800 0.599 0.700 0.600 0.800 0.759
Mean 0.800 0.599 0.700 0.600 0.800 0.759
Worst 0.800 0.599 0.700 0.600 0.800 0.759
True values 0 0.800 0.600 0.700 0.600 0.800 0.760

magnitudes are computed based on multiple executions of
DE, GAs and PS as described in Egs. (11)—(14), respec-
tively. Result is tabulated in Table 11 for the first five
examples of the power signal systems for each SNR level.
On the basis of fitness, the accuracy level for global
operators is found in the order of 10792 to 10~2' for DE,
107 to 107'° for GAs and 10~ to 10~'° for PS in all
examples of power signal models, whereas the range of
performance indices of MAE, RMSE and ER? is
approximately 107°" to 107'° for DE and GAs and 107!
to 107'® for PS methods. The attained global performance
metrics have values almost close to their ideals, which
verify the correctness of the DE- and GAs-based
methodologies for each example of power signal model.
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The performance of the proposed algorithms is further
evaluated using ANOVA test for power signal modeling
problem. The results are generated for the first five examples
of the power signal models, and results are presented only for
complex scenarios, i.e., example 4 with 70-dB SNR and
example 5 with 30-dB SNR, in Tables 12 and 13, respec-
tively. While considering the assumption of homogeneity of
variances, the null hypothesis of homogeneous variances at
the significance level 0.05 cannot be rejected, as the
respective probability values attained for AE in case of DE,
GAs and PS are 0.895, 0.810 and 0.821 for example 4, while
in case of example 5, the respective probability values are
0.897, 0.695 and 0.107. This indicates that the expected
values in the three groups do not have any strong evidence of
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Table 9 Comparison of DE, GA and PS results through statistics for power signal model in case of all SNR levels for example 4
Method Noise levels Model Approximate parameter vector 0

i=1 i=2 i=3 i=4 i=5 i=6

DE 0 Best 0.070 0.100 0.200 0.950 0.800 0.760

Mean 0.150 0.066 0.467 1.211 0.997 0.760

Worst 0.100 0.070 0.200 0.823 2.156 0.812

70 Best 0.070 0.100 0.200 0.950 0.800 0.760

Mean 0.045 0.061 0.126 1.113 1.017 0.739

Worst 0.070 0.100 0.200 0.950 0.800 0.640

30 Best 0.070 0.100 0.200 0.954 0.801 0.759

Mean 0.214 0.071 0.746 1.090 0.982 0.746

Worst 0.070 0.100 0.200 2.187 0.801 0.625

GA 0 Best 0.070 0.100 0.200 0.950 0.800 0.760

Mean 0.081 0.090 0.199 0.905 0.859 0.752

Worst 0.200 0.100 0.070 0.599 0.704 0.854

70 Best 0.070 0.100 0.200 0.950 0.800 0.760

Mean 0.079 0.091 0.199 0.907 0.857 0.762

Worst 0.099 0.070 0.100 0.504 0.972 1.931

30 Best 0.070 0.100 0.200 0.952 0.801 0.760

Mean 0.078 0.093 0.199 0.919 0.843 0.751

Worst 0.200 0.100 0.070 0.596 0.697 0.845

PS 0 Best 0.070 0.100 0.200 0.954 0.804 0.766

Mean 0.906 0.749 0.841 0.976 0.898 0.754

Worst 1.923 1.898 1.901 1.170 0.000 2.000

70 Best 0.070 0.100 0.200 0.943 0.807 0.751

Mean 0.823 0.761 0.831 0.867 0.834 0.922

Worst 1.988 1.984 1.974 2.000 0.000 0.000

30 Best 0.070 0.100 0.200 0.947 0.796 0.755

Mean 0.812 0.706 0.774 0.960 0.888 0.890

Worst 1.762 1.597 1.600 0.000 0.000 2.000

True values 6 0.070 0.100 0.2 0.950 0.800 0.760

variation in the response variable of uniformity. Thus, it is
quite significant that all means are equal. Additionally, it is
seen from the values of confidence interval that DE and GAs
provide better results than PS, while DE performs compar-
atively better than GAs. The same trend prevails with similar
inferences for rest of the cases on the basis of ANOVA test.

Computational complexity for all three algorithms, DE,
GAs and PS, is analyzed through calculating the time,
each algorithm consumed for hundred independent runs,
iteration executed and objective functions evaluated, for
optimization of the first five examples of power signal
model for different noise levels, and results are tabulated
in Table 14. Average time expended, generation executed
and functions evaluated are around 16 £ 14, 750 &+ 550,
51,200 + 48,100 for DE, 37 £ 5, 500, 120,240 for GAs,
2.5 £ 1.1, 750 &£ 550 and 5827 £ 4100 for PS, respec-
tively. It is observed that with the increase in the length

of parameter vector of power signal model, the com-
plexity of DE and PS increases significantly, whereas
GAs-based extensive global search does not show such
behavior. In general, GAs complexity is much more than
that of DE and PS, while its accuracy is found parallel
with DE. All the simulations are performed in this
research work on HP ProDesk 400 G3, Processor core i7,
3.4 GHz, RAM 8 GB, using MATLAB 2016a running in
Windows 8.1 professional environment.

5 Concluding remarks

Strength of nature-inspired heuristics based on DE, GAs
and PS is efficiently exploited in power signal modeling
through estimating the necessary components of the
power signal. Comparative studies reveal that all the three
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Table 10 Comparison of DE, GA and PS results through statistics for power signal model in case of all SNR levels for example 5

Method Noise levels Model Approximate parameter vector 0
i=1 i=2 i=3 i=4 i=5 i=6 i=17 i=38 i=9
DE 0 Best 0.800 0.900 0.400 0.950 0.800 0.760 0.070 0.500 0.200
Mean 0.503 0.414 0.447 0.103 3.862 0.605 0.191 0.299 0.172
Worst 0.900 0.800 0.400 0.800 0.950 0.670 0.500 0.070 0.200
70 Best 0.800 0.900 0.400 0.950 0.800 0.760 0.070 0.500 0.200
Mean 0.401 0.504 0.351 0.130 0.810 0.870 0.167 0.496 0.196
Worst 0.900 0.400 0.800 0.800 0.820 0.830 0.500 0.200 0.070
30 Best 0.800 0.897 0.399 0.952 0.802 0.763 0.070 0.500 0.200
Mean 0.504 0.409 0.349 1.010 0.900 0.550 0.216 0.186 0.193
Worst 0.897 0.800 0.399 0.802 0.952 0.640 0.500 0.070 0.200
GA 0 Best 0.900 0.400 0.800 0.800 0.754 0.951 0.500 0.200 0.070
Mean 0.659 0.712 0.694 0.847 0.889 0.899 0.301 0.228 0.295
Worst 0.164 0.804 0.899 2.000 0.949 0.802 0.601 0.070 0.500
70 Best 0.801 0.900 0.399 0.948 0.808 0.754 0.070 0.500 0.200
Mean 0.665 0.644 0.747 0.850 0.951 0.849 0.263 0.270 0.299
Worst 0.165 0.803 0.899 2.000 0.956 0.787 0.601 0.070 0.500
30 Best 0.799 0.399 0.901 0.945 0.764 0.801 0.070 0.200 0.500
Mean 0.634 0.731 0.705 0.871 0.869 0.855 0.262 0.280 0.268
Worst 0.161 0.802 0.899 2.000 0.963 0.789 0.601 0.070 0.500
PS 0 Best 0.063 0.122 0.148 0.200 1.308 0.000 0.124 0.664 0.357
Mean 0.407 0.354 0.367 0.976 0.997 0.950 0.618 0.731 0.603
Worst 0.052 0.226 0.071 1.012 1.999 1.999 1.904 1.072 1.347
70 Best 0.143 0.091 0.083 0.495 0.091 1.453 1.059 1.945 1.245
Mean 0.323 0.343 0.445 0.891 0.963 1.004 0.782 0.679 0.617
Worst 0.127 0.232 0.069 1.776 1.996 2.000 1.505 1.072 1.346
30 Best 0.828 0.035 0.214 0.953 1.041 1.999 0.070 0.006 1.501
Mean 0.368 0.371 0.351 1.031 0.943 0.879 0.685 0.698 0.801
Worst 0.127 0.088 0.106 2.000 0.000 0.000 1.348 1.623 1.923
True values 0 0.80 0.90 0.800 0.900 0.400 0.950 0.800 0.760 0.070

proposed algorithms are effective; however, estimation
ability reduced for the model with more degrees of
freedom for each approach, but the estimation of DE
outperforms its counterparts GAs and PS in each scenario.
The better performance of the DE and GAs is because of
the fact that DE and GAs are population-based meta-
heuristics, while PS is a single-solution-based algorithm,
while comparison shows DE is relatively better than GAs.
Robustness of the design schemes is established through
estimation power signal parameters with different SNRs
(70 db, 30 db and no noise), and results show that with
the increase in noise variance, the accuracy of DE, GAs
and PS algorithms degrades, yet the performance of both
DE and GAs is found still reasonable in precision. Sta-
tistical results based on mean and STD values of MAE,
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RMSE and ER? performance indices along with their
global versions as well as illustrations of histograms,
cumulative distribution functions and stacked bar validate
the consistent accuracy of DE and GAs in each case. The
superior performance of DE is further endorsed through
ANOVA-based statistical test. Complexity analyses for all
three algorithms show that by increasing the optimization
variables in the signal model the complexity of the
algorithms increases, while the gauges of complexity
operators are greater for GAs than the rest. One may
explore recently introduced variants of modern opti-
mization procedures for the better performance such as
firefly algorithm, backtracking search algorithm, fractional
particle swarm optimization, fireworks and gravitational
search algorithm.
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Table 11 Magnitudes of global performance metrics for each variation of the first five examples of power signal model
Method Example Noise (db) & GumaE GRruse Gepe
Mean STD Mean STD Mean STD Mean STD
DE 1 0 730E—21 4.79E-21 6.04E—11 1.80E—11 6.94E—11 196E—11 5.19E—18 1.65E—18
70 5.92E-08 1.09E—-16 1.57E-05 248E—10 1.76E-05 3.56E—10 6.16E—11 249E—15
30 6.44E—04 149E—-15 7.72E—-04 223E—11 8.63E—04 1.86E—11 148E—-07 6.38E—15
2 0 448E—02 7.32E-02 3.75E-01 5.62E—01 5.29E-01 1.23E-00 7.34E—00 6.40E—01
70 4.17E-02 7.15E—02 5.28E-01 1.05E—00 9.16E—01 247E—-00 2.84E—01 1.33E—02
30 4.17E-02 6.52E—02 3.81E-01 5.58E—01 532E-01 1.23E-00 7.34E—00 6.39E—01
3 0 126E—18 1.57E—18 7.34E—10 3.94E—10 8.85E—10 4.74E—10 1.11E—-18 1.11E-17
70 597E—-08 1.34E—15 591E-06 287E—-09 8.21E—06 5.39E—09 3.28E—10 4.30E—13
30 6.33E—04 8.04E—15 1.02E—-03 2.32E-09 1.18E—03 3.29E—-09 6.79E—-06 3.77E—11
4 0 2.44E—-02 5.63E-02 233E-00 200E-01 5.51E-00 4.89E—01 9.62E-03 9.62E—04
70 271E-02 594E-02 4.58E-01 3.23E-02 1.12E-02 791E-02 2.53E-06 1.84E—07
30 1.75E—02 455E—02 238E—-01 2.11E-02 5.80E—01 5.16E—-02 1.07E—-06 1.06E—07
5 0 495E—02 933E-02 6.21E-01 4.63E—02 1.85E—02 1.39E-03 8.10E-06 7.59E—07
70 5.19E-02 9.78E—02 7.05E—01 5.09E—-02 2.10E-02 1.53E—03 9.77E—-06 9.39E—07
30 321E-02 7.50E—-02 3.12E-02 1.48E—03 9.35E—-02 4.43E-03 8.46E—07 6.05E—-08
GA 1 0 8.15E—16 2.23E—16 2.04E—-08 3.79E—09 2.38E—08 3.88E—09 1.55E—16 1.02E—16
70 5.92E-08 1.59E—14 1.57E-05 1.69E—-08 1.76E—-05 2.82E—08 6.16E—11 1.98E—13
30 6.44E—04 6.10E—-11 7.72E-04 1.11E-06 8.63E—04 9.98E—07 148E—-07 3.43E—10
2 0 2.02E-03 829E-03 193E-01 137E-01 230E-01 1.60E-01 3.22E-01 2.50E—01
70 3.04E—-03 1.15E-02 1.79E-01 1.40E-01 2.15E-01 1.64E—01 3.00E—-01 2.53E—01
30 527E-03 141E-02 1.87E-01 143E-01 2.24E-01 1.68E—-01 3.21E-01 3.01E-01
3 0 7.59E—15 1.74E—14 4.65E—08 3.84E—08 5.79E—08 5.12E—08 2.80E—14 6.72E—14
70 6.33E—08 8.84E—14 1.23E-05 228E—-07 1.54E-05 254E-07 1.15E-09 3.80E—11
30 6.28E—04 1.98E—10 7.73E—04 837E—-06 9.49E—04 6.93E—-06 438E—-06 6.36E—08
4 0 2.80E-03 1.02E-02 240E—-02 3.28E—02 3.36E-02 4.52E-02 1.26E-02 1.96E-02
70 233E-03 6.83E—-03 241E-02 4.32E-02 344E-02 6.50E—02 2.15E-02 1.08E—01
30 3.00E-03 1.01E-02 1.76E—02 2.99E—02 245E—-02 4.09E—02 9.04E—03 1.81E—02
5 0 7.75E—03 1.94E—02 2.02E-01 8.54E-02 2.66E—01 1.08E-01 343E—-01 2.46E—-01
70 9.13E-03 2.04E—02 2.07E-01 8.65E-02 2.76E—01 1.17E-01 3.72E-01 2.83E—01
30 6.40E—03 1.70E—-02 1.80E—01 9.96E—02 2.35E—-01 1.26E—-01 2.96E—-01 2.45E—01
PS 1 0 848E—-31 141E—45 5.00E—16 0.00E-00 7.45E—16 2.97E-31 0.00E—00 0.00E—00
70 5.92E-08 8.65E—23 1.58E—05 0.00E-00 1.79E-05 3.06E-20 6.34E—11 0.00E—00
30 6.44E—04 1.42E—18 8.11E-04 0.00E-00 9.00E—-04 8.72E—19 1.61E—07 0.00E—00
2 0 2.55E-01 198E—-01 4.72E-01 227E-01 5.76E-01 248E-01 1.62E-00 1.17E—00
70 3.07E—-01 1.83E—01 4.99E-01 2.17E—-01 6.10E-01 2.29E—01 1.74E—00 1.24E—00
30 2.84E—01 1.82E—-01 4.85E—01 2.08E—01 5.94E-01 230E-01 1.67E-00 1.17E—00
3 0 142E-30 6.48E-31 9.25E—-16 2.63E—16 1.07E—15 2.56E—16 0.00E—00 0.00E—00
70 6.60E—08 141E—14 1.72E-05 3.93E—08 2.13E-05 5.77E-08 221E—09 1.20E—11
30 6.07E—-04 7.58E—11 329E-04 349E-06 4.03E-04 3.21E-06 7.91E-07 1.26E—08
4 0 7.01E-01 3.09E-01 6.51E-01 3.05E-01 7.70E-01 3.22E-01 2.79E-00 1.91E—00
70 6.91E-01 3.24E-01 6.81E-01 296E-01 7.79E-01 297E-01 2.78E—00 1.76E—00
30 6.27E-01 3.21E-01 6.56E-01 3.10E-01 7.79E-01 3.04E—01 2.80E—00 1.83E—00
5 0 331E-01 190E-01 4.94E-01 1.82E-01 5.89E-01 1.89E—01 1.59E—00 8.96E—01
70 330E-01 1.89E-01 5.19E-01 1.64dE—01 6.28E—01 1.66E—01 1.76E—00 8.77E—01
30 347E—-01 1.84E—-01 5.35E-01 1.96E—-01 640E-01 2.01E-01 1.87E—-00 1.11E-00
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Table 12 Results of ANOVA Method
test for example 4 of power
signal model with 70-dB SNR

Null hypothesis All means are equal
Scheme | Alternative hypothesis At least one mean is different

Significance level a = 0.05

Equal variances were assumed for the analysis.

Analysis of Variance

Source D F-Value P-Value
Factor 2 0.11 0.895
Error 87 Total 89

Model Summary

R-sg 0.25%

DE
Means
Factor N Mean StDev 95% CI
Ccl 30 0.000772 0.000000 (0.000772, 0.000772)
c2 30 0.000772 0.000000 (0.000772, 0.000772
c3 30 0.000772 0.000000 (0.000772, 0.000772
Pooled StDev = 2.330566E-11
Analysis of Variance
Source DF F-Value P-Value
Factor 2 0.21 0.810
Error 90
GA
Total 92
Model Summary
R-sq 0.47%
Means
Factor N Mean StDev 5 CI
Cc1l 31 0.000772 0.000002 (0.000772, 0.000773
c2 31 0.000772 0.000001 (0.000772, 0.000772
c3 31 0.000772 0.000001 (0.000772, 0.000772)
Pooled StDev = 1.156001E-06
Analysis of Variance
Source DF F-Value P-Value
Factor 2 0.20 0.821
Error 87
Total 89
Model Summary
S R-sq R-sg(adj) R-sqg(pred)
PS
0.0311486 0.45% 0.00% 0.00%
Means
Factor N Mean StDev 95% CI
Cl 30 0.02335 0.03230 (0.01205, 0.03466
c2 30 0.01830 0.02975 (0.00700, 0.02960
Cc3 30 0.02086 0.03135 (0.00956, 0.03216

Pooled StDev = 0.0311486
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Table 13 Results of ANOVA Method
test for example 5 of power
signal model with 30-dB SNR
Null hypothesis All means are equal
Scheme | Alternative hypothesis At least one mean is different
Significance level a = 0.05
Equal variances were assumed for the analysis.
Analysis of Variance
Source DF F-Value P-Value
Factor 2 0.11 0.897
Error 87
Total 89
Model Summary
DE R-sq 0.25%
Means
Factor N Mean StDev 95% CI
Cl 30 0.000774 0.000007 (0.000770, 0.000777)
c2 30 0.000773 0.000010 (0.000770, 0.000777)
c3 30 0.000773 0.000010 (0.000769, 0.000776)
Pooled StDev = 8.837867E-06
Analysis of Variance
Source DF F-Value P-Value
Factor 2 0.36 0.695
GA Error 87
Total 89
Model Summary
R-sg
0.83%
Means
Factor N Mean StDev 95% CI
Cc1l 30 0.01630 0.02818 (0.00600, 0.02660)
c2 30 0.02064 0.03039 (0.01034, 0.03094)
Cc3 30 0.01456 0.02646 (0.00426, 0.02487)
Pooled StDev = 0.0283875
Analysis of Variance
Source DF F-Value P-Value
Factor 2 2.29 0.107
Error 87
Total 89
Model Summary
PS R-sq 5.00%
Means
Factor N Mean StDev 95% CI
Ccl 30 0.1561 0.1331 (0.1044, 0.2079)
c2 30 0.2286 0.1330 (0.1768, 0.2803)
Cc3 30 0.1655 0.1600 (0.1138, 0.2173)
Pooled StDev = 0.14258
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Table 14 Comparison of computational complexity comparison for each SNR level of the first five power signal model examples

Method Example Noise (dB) Complexity operators
Time Generations Function counts
Mean STD Mean STD Mean STD
DE 1 0 00.75 0.08 111.44 2.18 13,351.37 1373.66
70 00.80 0.02 118.21 2.92 14,302.41 353.00
30 00.97 0.03 142.79 4.10 17,276.59 496.16
2 0 17.70 6.60 325.13 116.68 58,847.53 21,118.65
70 18.53 6.62 326.09 115.03 59,021.29 20,820.83
30 19.25 5.80 337.90 96.94 61,158.90 17,546.86
3 0 07.74 0.27 130.84 2.62 23,681.04 474.17
70 07.55 0.18 128.98 2.67 23,344.38 484.02
30 09.60 0.28 163.50 4.37 29,592.50 791.47
4 0 18.25 6.12 281.47 89.55 50,945.07 16,207.65
70 19.26 6.40 263.36 83.35 47,667.16 15,085.65
30 18.92 5.86 308.21 93.53 55,785.01 16,929.27
5 0 23.62 10.67 316.06 143.69 85,651.26 38,940.00
70 25.47 11.84 324.96 150.66 88,063.16 40,827.56
30 30.87 13.26 408.38 189.67 110,669.98 51,401.32
GA 1 0 34.67 3.46 500.00 0.00 120,240.00 0000.0
70 38.78 3.48 500.00 0.00 120,240.00 0000.0
30 34.49 6.09 500.00 0.00 120,240.00 0000.0
2 0 35.48 6.73 500.00 0.00 120,240.00 0000.0
70 36.14 5.93 500.00 0.00 120,240.00 0000.0
30 31.11 1.24 500.00 0.00 120,240.00 0000.0
3 0 34.26 1.52 500.00 0.00 120,240.00 0000.0
70 36.32 4.89 500.00 0.00 120,240.00 0000.0
30 3547 4.08 500.00 0.00 120,240.00 0000.0
4 0 39.12 3.46 500.00 0.00 120,240.00 0000.0
70 41.34 3.48 500.00 0.00 120,240.00 0000.0
30 38.45 6.09 500.00 0.00 120,240.00 0000.0
5 0 37.76 6.73 500.00 0.00 120,240.00 0000.0
70 39.87 5.93 500.00 0.00 120,240.00 0000.0
30 42.88 1.24 500.00 0.00 120,240.00 0000.0
PS 1 0 0.08 0.22 0158.00 034.00 01,040.00 2166.00
70 0.10 0.27 0186.00 075.00 01,229.00 2965.00
30 0.15 0.26 0290.00 174.00 01,977.00 2854.00
2 0 3.12 1.17 1003.94 366.09 08,695.92 3127.59
70 3.16 1.25 1012.86 386.10 08,742.43 3272.93
30 3.56 1.35 0989.53 353.90 08,559.28 3055.10
3 0 1.20 0.20 0372.34 021.18 03,648.10 0424.28
70 1.51 0.35 0478.67 111.88 04,673.17 1072.65
30 1.28 0.25 0401.00 077.74 03,928.17 0677.39
4 0 3.59 0.96 1192.45 318.82 10,351.67 2749.62
70 3.51 1.23 1139.74 331.37 09,827.48 3084.19
30 3.25 1.11 1131.66 342.60 09,617.03 3195.08
5 0 1.63 0.10 0501.00 000.00 05,757.49 0285.24
70 1.62 0.09 0501.00 000.00 05,749.90 0240.40
30 1.65 0.10 0501.00 000.00 05,757.46 0279.67
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It seems to be a potential research direction to study

other metaheuristics based on the swarming optimization,
fractional evolutionary PSO, scatter search and back-
tracking search optimization algorithm for power signals
parameter estimation.
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