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Abstract- Incorrect sensor reading, weather conditions, operation stoppage, and defect, produce noise in the records of wind
speed and the synchronized wind turbine (WT) power. This noise still remains even after purification so fitted curve of wind
turbine power model (WTPM) may differ from that in the datasheet. WTPM is vital due to its role in managing and predicting
wind energy. Identification of WTPM parameters can be addressed as a nonlinear optimization issue. The objective function
targets minimizing the root of the mean squared errors (RMSE) among the accompanying computed and measured wind power
points with subjection to group of parameters constraints. In this article, a newly designed interior search optimization
algorithm (ISA) is applied to identify the WTPM obscure parameters. Three parametric models namely 5- , 6-parameters
logistic functions, and amended hyperbolic tangent are analyzed neatly. Simulations are accomplished using MATLAB. The
ISA applicability is evaluated via comparing its results with the observed results of two WTs. To legalize the ISA results, they
are compared with other methods results. It can be declared here that the ISA performs well and possesses a fine strength to
generate WTPM parameters with RMSE less than other approaches by 18.11% to 65.93%.

Keywords Parametric model; power curve; wind turbine; optimization approaches; interior search algorithm.

1. Introduction Afterward, knowing such a series of measurements of both
the wind speed and the WT power, WTPM estimation, which
In the last decades, exploitation of renewable energy  is scrutinized in this research, becomes accurate.
sources (RESs) increases speedily in off-grid and on-grid
applications due to their environmental friendliness,
sustainability, and economic. Wind energy is a significant
RES that is extensive in most sites over the world [1]. The
blades of wind turbine (WT) rotate while the wind hits them
and they transmit the rotational motion to the generator

through gear box [2].

WT datasheets commonly declare speed-power

The techniques utilized to describe WTPM are classified
into two categories: parametric that includes equation with
parameters and non-parametric that is trained using measured
points [4]. The parametric WTPM is preferred due to its low
computation cost. Accordingly, the current article addresses
parametric WTPM.

The techniques included in the parametric WTPM are
least squares [5-7], genetic algorithm [8], evolutionary

relationship as limited number of scheduled points. These
abovementioned points are measured at ordinary atmospheric
condition, which is often not the case where a WT is erected,
and therefore not enough for administering and predicting
wind energy so wind turbine power model (WTPM) needs to
be identified [3].

WTPM requires synchronized measuring wind speed and
power of WT for a satisfactorily long period to generate a
considerable database at different atmospheric conditions.

computation approach [9], differential evolution, particle
swarm algorithm [10], highest likelihood estimator [11],
cultural algorithm [12], dynamic power curve [13,14], Jaya
optimizer [15], Non-linear retraction [16], Monte Carlo
approach [17], multi-verse optimizer [18], trajectory
sensitivity [19], and boundary element momentum method
[20].
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The techniques of the non-parametric WTPM are neural
networks [21-25], neuro-fuzzy structure [26], fuzzy cluster
[27], support vector machine [28,29], Gaussian procedure
[30], monotonic retrogression [31].

In connection with the survey mentioned above, and
based on the theory of no-free-launch, there exist still an
opportunity to ameliorate the extraction of WTPM
parameters. For this purpose, this research aims at treatment
of the interior search optimization algorithm (ISA), which
was created lately, to extract obscure parameters of WTPM.
The decoration and interior design, inspired Gandomi to
design ISA as a novel meta-heuristic algorithm [32].
Afterwards, ISA has been successfully applied for
engineering optimization issues such as operation of big
reservoirs systems [33], digital differentiator design [34],
optimal power flow [35], and load dispatch [36,37].
Application of ISA has been very successful for detection of
fuel cell model parameters [38,39] and photovoltaic model
parameters [40]. Therefore, ISA is selected in this current
research since its reported results are propitious and confirm
its vantage over other optimizers.

This research includes analysis of three parametric
models namely five parameters logistic function (5-PLog),
six parameters logistic function (6-PLog), and amended
hyperbolic tangent (AHTan) which has nine parameters since
they don't produce errors about the rated speed like linear,
quadratic, and cubic models.

This research owns the following contributions:

» Novel application of ISA to optimally identify the
obscure parameters of WTPM.

» Two WTs are analyzed using three parametric
models.

» Comparison of ISA with other optimizers based on
the results of modeling two WTs.

The paper is ordered as follows: Section 2 illustrates
parametric models of WTPM. Section 3 includes formulation
of the objective function (Fy ) as well as the constraints. [SA
is clarified in Section 4. Section 5 discusses the yielded
results. Conclusions are abridged in Section 6.

2. Parametric WTPM

Fig. 1 reveals power curve of WT which is characterized
by three wind speeds. In detail, they are cut-in speed
{(Veut-in) at which the power begins to be generated, rated
speed (v ) at which the rated power (F,;) is generated, and
cut-off speed (Veyur-off) at which the brake is operated to
avoid the rotor damage [41,42]. In this research, WTPM is
modeled using three parametric models: 5-PLog, 6-PLog,
and AHTan. On the other hand, linear, quadratic, and cubic
models are not utilized since they produce errors about the
rated speed [43].

g rated
= power
St _
2 :
& | cut-in rated |

spesd speed § cut-off | 1

l \ speed
Wind speed (m/s)
Fig. 1. Power curve of WT
2.1. 5-PLog

Logistic formula with five parameters is utilized to
approximate the wind power curve shape as stated in Eq. (1).

b—a
A d E ILJ.)
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where P{v) symbolizes the output electrical power at wind
speed v and (a b.c.d. g) are five obscure parameters to be

Plvl =a+

extracted and their meanings are the greatest asymptote, the
smallest asymptote, the flexion point, the slope at the flexion
point, and the asymmetric coefficient, correspondingly [44].

2.2. 6-PLog

Approximation of the power curve shape using logistic
formula with six parameters is indicated in Eq. (2).

. -
P(v) =a+ B
Dt em1v-o1]

P
L (<)
13

where (ct.B.y.6.5.X) are six unknown parameters to be
identified and their meanings are the lower asymptote, the
higher asymptote, the rate of growth, a value related to P{0J,
the nearest asymptote to the greatest growth portion of the
curve, and a number randomized around 1, consecutively
[29].

2.3. AHTan

The power curve shape is approximated by amended
hyperbolic tangent formula with nine parameters as
described in Eq. (3).

m-e" —o-el?

vl = (3
Plv) h+ q- eV — oy g2V |‘3~‘|
unknown

parameters to be determined and they don’t have particular
meaning [45].

where (h.m.n.o.p.q.r.w.z) are obscure
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3. Formularization of the Fy, and the constraints

The Fg}, targets minimizing the root of the mean squared
errors (RMSE) among the accompanying computed and
measured wind power points for WTPM, as stated in Eq. (4).

F,, = min(RMSE)

| M

= minl I\i{- Z[Pm (k) —B (k'fl]:]
i e ne|
where M symbolizes the measurement points quantity,
P, and B,

power, consecutively.

symbolize the measured and computed wind

The constraints which are identified by the bottom and
top limits of WTPM parameters, subjugate the Fy.

4. ISA

The idea of ISA is taken from architectonics and mirror
work (MiWo) which was orderly method utilized by the
Persians to design the decor. To accomplish the aims of
decor project, the requests and the income of customer have
to be taken into account [33]. The beginning is to design
constituents’ combination from boundaries toward inside by
putting constituents from the walls and shrinking the inside
space. During this procedure, constituents’ combination is
changed to form more beautiful vision and environment
(better F,) conditional on customer satisfaction

(constraints). MiWo is wonderful creation in fine arts for
decorative design. Different mirrors are utilized in MiWo to
create more attractive environment. It is important in this
procedure to put the mirrors at the prettiest constituents to
emphasize their beautiful. This repeated procedure can be
utilized in optimization issues by putting some mirrors at the
universal finest (fittest) constituent to get some other pretty
views [32]. The constituents other than the fittest are
separated into two sets. The first set, named the combination
set, is utilized for combination optimization. The second set,
named the mirror set, is utilized for mirror search. The key
steps for defining the beautiful vision and environment using
ISA are as follows:

4.1. Ist Step

The constituents, whose quantity equals population
(Npop ), are randomly generated between bottom (BB) and

top bounds (TB) and their F;, is computed.

4.2. 2nd Step

The universal finest constituent is gotten in iteration i
and it is symbolized by x;.

4.3. 3rd Step

The constituents other than \:Jf are separated randomly
into two sets (combination set and mirror set), utilizing a

threshold value (T} and a random number (r;) among 0 and
1 for each constituent. If r; = T then constituent is put in the

mirror set; else, it is put in the combination set.
Hypothetically, T is also a number among 0 and 1. Anywise,

to balance diversification and intensification, T has to be
adjusted cautiously since it is the only parameter in ISA.

4.4. 4th Step

It is necessary to change slightly the location of the
universal finest constituent utilizing the random walk for
local search around the universal finest, as formulated in Eq.

(5).
x;=xt'+m-o (5)

¢ = 0.01(TB — BB) (6)

L8

where rn symbolizes a vector includes normally diffused
random values and @ symbolizes scale factor.

4.5. 5th Step

Each constituent in the combination set, is randomly
changed within its bounds, as stated in Eq. (7).

x| = BB; +r; - (TB; — BB;) (7)

where r, symbolizes random number among 0 and 1 and
(xii.TBi. BE;) symbolize the constituent j in the iteration i and

its bounds, consecutively.
4.6. 6th Step

A mirror is randomly put among each constituent in the
mirror set and the universal finest constituent. The mirror
location (xp,;} for the constituent j in the iteration i, is

computed using Eq. (8).

A . — x
Xmj = Iz

x4 (1 —1rp) e xl (8)
where r; symbolizes a random number among 0 and 1. The

image position or constituent virtual position relies on the
mirror location, as formulated in Eq. (9).

d o i | -l (O
X = 2Xp i — X (9

LS

4.7. 7th Step

The Fgy, of new constituents positions and virtual

constituents are computed and positions are updated based on
Fop improvement, as formulated in Eq. (10) in case of
minimization.
i repl - pi-L
. x; ifF, <F
xil — { 1 ob ob (10)

x'~*  otherwise
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4.8. 8th Step

ISA will be ended if the maximum number of iterations
{(Npmax) is reached. Figure 2 demonstrates the flowchart of

ISA [35].
Adjusting T

Adjusting parameters represents an obstacle in all
optimizers which usually include two or more parameters.
Nevertheless, the ISA distinguishes from other optimizers
that it has only one parameter T, this gives ISA more
adaptation to a wider group of optimization issues. For
unconstrained optimization issues, T has a fixed value of

0.25. For exploration at the beginning of constrained
optimization issues, combination leads mirror search. For
exploitation when the iteration number (i) approaches Ny,

mirror search gradually leads combination. Thus the value of
T is required to increase as i increases towards Npa, [46]. In

this paper, T value is determined using Eq. (11) during
optimization iterations. This means that T is adjusted
automatically which adds second advantage to ISA.

(11}

Initialize Npop, Nmax

T=1/ Nmax

Generate random constituents between their bounds

v

Compute the

v

Generate r; randomly among 0 and 1 for each constituent

No

Put constituent in combination set

¥

Compute the new position
of each mirror and its

Yes

Put constituent in mirror set

v

Compute the new value of
each constituent and its

No

A 4
Retain old constituents and positions

A 4
Update constituents and positions

Record the final finest constituents and their

Fig. 2. Flowchart of ISA

5. Results and discussions

Two cases are studied for assessment of the efficacy of
the suggested ISA-based approach in identifying WTPM
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parameters. The studied WTs are Bazan 62/1300 and Nordex
N117/3600, whose data were measured in Spain throughout
2019 and Turkey throughout 2018, respectively. 5-PLog, 6-
PLog, and AHTan models are employed in this article. The
specifications of two WTs are summarized in Table 1.

Table 1. Specifications of WTs

Model onato | NITT3600
P, (MW) 1.3 3.6
Vegt-mn (/5] 3 3
v, (m/s) 15 13
Veut-off (/S 25 25
Rotor diameter (m) 62 116.8
Hub height (m) 50 76
Voltage (V) 690 660
Frequency (Hz) 50 50

The maximum iterations are 150 and the population
quantity is 20. Since the ISA is one from heuristic-based
optimizers which are described as high stochastic, it is
required to run ISA numerous independent times for getting
minimum Fg, and corresponding WTPM parameters.

Extracted WTPM parameters using 5-PLog, 6-PLog, and
AHTan are revealed in Tables 2, 3 and 4, consecutively. The

diagrams of RMSE convergence are revealed in Figs. 3 and
4.

Table 2. Extracted WTPM parameters using 5-PLo

Model Bazan Nordex
Parameter 62/1300 N117/3600
a —2.9806 —2.0809
b 224.8731 373.5613
c 12.3084 11.0472
d —5.4556 -10
g 0.4395 0.2961

Literature doesn’t contain results about Bazan 62/1300
and Nordex N117/3600 which are studied in this article. To
legalize the ISA results, two other optimizers are utilized
namely atom search optimizer (ASO) and mining blast
optimizer (MBO) with Npg, = 150 and Ny, =20 as

adjusted in ISA for fair comparison. Comparisons among
ISA, ASO, and MBO in accordance with their results,
manifest that the yielded RMSE by ISA is smaller than that
of other optimizers by 18.11% to 65.93%, as displayed in
Figs. 3, 4, Tables 5, and 6. To visually compare among the
results of three parametric models namely 5-PLog, 6-PLog,
and AHTan which are gotten using ISA, their RMSE
convergences are plotted in the same diagram as displayed in
Fig. 5. It can be noticed from Tables 5, 6, and Fig. 5, that the

6-PLog model has the smallest RMSE and the fastest

convergence.

Table 3. Extracted WTPM parameters using 6-PLo

Model

Bazan Nordex
Parameter 62/1300 | N117/3600

a —26.5463 | -28.9961
B 149.9157 | 374.4131
Y 0.5000 0.9963
5 10.0938 10.7488
g 2.1549 3.1836
A 0.5000 1.0735

Table 4. Extracted WTPM parameters using AHTan

Model

Bazan Nordex
Parameter 62/1300 | N117/3600

h —0.2943 —0.4626
m 0.3849 0.6734
n —0.1666 0.2214
° 0.6807 —0.1046
P —0.5375 —0.1696
q -0.3394 0.1867
r 0.0149 —0.2833
w 0.0049 —0.0017
z —0.5120 -0.2261

Table 5. RMSE of Bazan 62/1300 compared to other

optimizers
Algorithm ASO MBO ISA
5-PLog 0.177636 | 0.153891 | 0.112980
6-PLog 0.132573 | 0.127577 | 0.108789
AHTan 0.199612 | 0.183254 | 0.113243

Table 6. RMSE of Bazan 62/1300 compared to other

optimizers
Algorithm ASO MBO ISA
5-PLog 0.202482 | 0.127102 | 0.099776
6-PLog 0.164542 | 0.121236 | 0.099275
AHTan 0.379188 | 0.193832 | 0.129178
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Figure 3. RMSE convergence of Bazan 62/1300

The estimated P/v plots of WTs using ISA and the
realistic data are exposed in Figs. 6 and 7. The existence of
estimated P /v curve using ISA in the intermediate of realistic
points, corroborates exactness of the identified WTPM
parameters.
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Figure 4. RMSE convergence of Nordex N117/3600

Execution measures of the ISA are tested by statistical
indicators to verify the results forcefulness. The ISA is run
100 independent times and statistical indicators such as Best,
Worst, and standard deviation (StD) of RMSE values are
recorded in Table 7. It can be affirmed that the smaller values
of StD, prove the results forcefulness.
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Table 7. RMSE statistical results
RMSE RMSE RMSE
WT Model | gesty | (Worst) |  (StD)
5-PLog | 0.112980 | 0.119392 | 0.023967
Bazan
62/1300 6-PLog | 0.108789 | 0.117807 | 0.031852
AHTan | 0.113243 | 0.120896 | 0.026556
5-PLog | 0.099776 | 0.110237 | 0.038188
Nordex
N117/3600 6-PLog | 0.099275 | 0.104869 | 0.020673
AHTan | 0.129178 | 0.138373 | 0.031222

6. Conclusions

The ISA has two advantages namely ownership of only
one parameter and automatic tuning of such parameter.
Hence the ISA application to identify WTPM parameters has
been innovatively addressed in this article. The purpose of
creating an efficient WTPM is to accurately manage and
forecast wind energy under different wind speeds. The Fg, is
to minimize the RMSE among the accompanying computed
and measured wind power points of WT with subjection to
constraints which are determined by the BB and TB of

parameters. The suggested WTPM effectiveness has been
evaluated via comparing its emulated results with the
realistic results of two WTs. The emulated results are
congruous with the realistic results in all case studies.
Moreover, comparisons among the ISA yielded results and
other optimizers results have been performed. The ISA-based
results reveal that RMSE has decreased by 18.11% to
65.93% from other optimizers and this proves the high
competitiveness of ISA to other optimizers. After employing
5-PLog, 6-PLog, and AHTan models, it has been found that
the 6-PLog model owns the smallest RMSE and the fastest
convergence. Filtering the measured data of WT and utilizing
the estimated WTPM for managing and predicting wind
energy are proposed issues in future research.
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Figure 6. P /v plots of Bazan 62/1300
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