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Abstract: Filters are electrical circuits or networks that filter out unwanted signals. In these circuits,
signals are permeable in a certain frequency range. Attenuation occurs in signals outside this
frequency range. There are two types of filters: passive and active. Active filters consist of passive
and active components, including transistors and operational amplifiers, but also require a power
supply. In contrast, passive filters only consist of resistors and capacitors. Therefore, active filters are
capable of generating signal gain and possess the benefit of high-input and low-output impedance.
In order for active filters to be more functional, the parameters of the resistors and capacitors in
the circuit must be at optimum values. Therefore, the active filter is discussed in this study. In this
study, the tree seed algorithm (TSA), a plant-based optimization algorithm, is used to optimize the
parameters of filters with tenth-order Butterworth and Bessel topology. In order to improve the
performance of the TSA for filter parameter optimization, opposition-based learning (OBL) is added
to TSA to form an improved TSA (I-TSA). The results obtained are compared with both basic TSA
and some algorithms. The experimental results show that the I'-TSA method is applicable to this
problem by performing a successful prediction process.

Keywords: tree seed algorithm (TSA); Butterworth filter; Bessel filter; Parameter extraction;
optimization

1. Introduction

Optimization techniques are used to solve real-world problems that are difficult or
complex to solve [1]. Optimization means reaching the best possible result by using the
available possibilities [2]. Meta-heuristic algorithms, which are generally inspired by na-
ture, are used in the literature to solve engineering problems that are often complex [3].
Optimal solutions of the solved problems are estimated based on the methods used [4].
According to the No Free Lunch theory, there is no single algorithm for solving optimization
problems [5]. For this reason, there are many meta-heuristic algorithms in the literature
for optimum solutions to real-world engineering problems [6-8]. In this study, parameter
adjustment was the aim for Butterworth and Bessel active filters, which is one of the real-
world problems. A filter is a device that passes electrical signals at certain frequencies or
frequency ranges while blocking the passage of others. Jiang et al. [9] proposed the clonal
selection algorithm for selecting the optimal components for the Butterworth filter design.
It has been said that the experimental results are much more successful than the studies
in the literature. Shakoor et al. [10] presented a genetic algorithm-based optimization
approach for the parameter optimization of active filters. They said that it can be used to
design all kinds of active filters according to the analysis results. De et al. [11] proposed
a particle swarm optimization algorithm for the design of active filters. According to
the test results, it is stated that the design error of active filters is minimized thanks to
this proposed method. Temurtas [12] made some improvements to the charged system
search algorithm (CSS). Both the CSS and the proposed method are used to determine the
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parameters of the Butterworth filter design problem. Dogan and Olmez [13] proposed
the vortex search algorithm for the component selection of active filters. When the results
are compared with the results obtained using algorithms, such as particle swarm opti-
mization, artificial bee colony, the differential evolution algorithm and harmony search
algorithm, it is said that the proposed algorithm finds the optimum values for both active
filter topologies. Durmus et al. [14] improved the differential evolution algorithm. Their
proposed method is applied to the Chebyshev filter design problem. Optimum parameter
values, filter components, and quality factor values are given. It is stated that the proposed
method will be a reference for future studies by achieving success based on this problem.
Vural et al. [15] used the differential evolution algorithm and harmony search algorithm
from metaheuristic algorithms for optimum filter design. Experimental results indicated
that both the differential evolution algorithm and the harmony search algorithm minimize
the total design error in active filtering. In this study, the tree seed algorithm (TSA), which
is inspired by nature, is proposed for parameter optimization of the Sallen-Key topology
high- and low-pass active Butterworth and Bessel filters. When the literature is examined,
it is seen that the TSA has been applied to many problems. Beskirli and Dag [16] used the
original TSA to extract the parameters of STM6-40/36 solar panels using three different
models. It is said that the TSA performs well on this problem. Ghaouti and Meftah [17]
conducted a study on brain MR images. Since the brain has a complex structure, it is said
that MR images are not homogeneous. For this reason, they used the TSA to segment
and cluster MR images. They stated that the TSA obtained better and satisfactory results
compared to the fuzzy c-mean algorithm in this experimental study using a real data
set. More [18] optimized the discrete wavelet transform approach in the image constraint
technique by using the TSA. It is stated that the algorithm has its own techniques and thus
achieves success. Beskirli and Dag [19] provided information about the performance of TSA
by using the original TSA in the inference of solar panel parameters, such as RTC France,
PWP201, using three different models. Mandal et al. [20] aimed to obtain minimum values
for the autonomy days (ADs), system cost efficiency, loss of power supply probability
(LPSP) and renewable franchise (RF) of a microgrid operating with a renewable energy
system. They performed these operations by making some improvements to the TSA.
According to the results they obtained, they stated that they achieved noticeable success in
terms of the percentage with the proposed algorithm. Venkatasubramanyan et al. [21] used
optimization techniques to reduce energy consumption and extend the network lifetime in
WSNs. While performing these operations, they proposed a more effective hybrid method
by adding the tree seed algorithm (TSA) in order to use the moth search algorithm more
effectively. Here, the effect of TSA is stated to be the multipath routing process. They said
that the proposed method provides good performance in multipath routing. Liu et al. [22]
improved the performance of TSA by adding some improvements to improve the perfor-
mance of the TSA. They used their proposed method to solve the test functions. According
to the results obtained here, they stated that the proposed method has good performance.
Sharshir et al. [23] used an artificial neural network (ANN) to estimate the amount of fresh
water produced by a conventional and improved solar distillation method. They aimed to
improve the performance of the ANN by using the TSA for the estimation of the weights in
the ANN. According to their results, they concluded that ANN is a better prediction tool
thanks to the TSA. Jiang et al. [24] stated that they improved the performance of TSA by
making some improvements to the TSA. To demonstrate this, they solved test functions
and engineering problems with the proposed method. They stated that the results they
obtained were successful and added that the proposed method has become a promising
candidate. Lui et al. [25] stated that the performance of the TSA increased as a result of
the improvements made in the update mechanism of the TSA. In order to prove this, they
stated that they obtained successful results by solving engineering problems, as well as
test functions, with the proposed method. They emphasized that the proposed method is
important in terms of feasibility and effectiveness. In this study, the TSA was improved
by the OBL method and applied to the filter design problem. The improved TSA was
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named I-TSA. I-TSA was compared with both the basic TSA and the results of PSO and
CSS algorithms. In addition, I-TSA and TSA were analyzed separately according to the ST
parameters. Convergence plots, box plots and gain plots, obtained as a result of all of these
analyses, are presented in the relevant sections.

The following sections of the study are designed as follows. In Section 2, the TSA
method is explained. In Section 3, the improved TSA method is explained. In Section 4, the
design of the filters is mentioned. In Section 5, the experimental results obtained according
to the filter types are given. In the last chapter (Section 6), the conclusion and suggestions
are given.

2. Tree Seed Algorithm

The TSA, inspired by nature, was proposed by Kiran in 2015 [26]. The TSA is formed
from the interaction of the positions of trees and seeds in the search space. The best tree in
the population or randomly selected tree position is used for each seed production. The
most important parameter of the TSA method is the ST control parameter. This parameter
ensures the diversity of seed production. This diversity is realized using the formulas
in Equations (1) and (2) [27]. Here, if the randomly selected number is less than the ST
parameter value, the first equation is used, and if it is larger, the second equation is used.

Si,j = Ti’]' + ;X (B] — Tr,j) (1)

Sij=Tij+wa;x (T;—T;) )

where §; ; refers to the seeds produced. T;; refers to the tree of the specified size. ;; is
a random number generated between —1 and 1. B; denotes the best tree. T, ; denotes a
tree randomly selected from the population. At the beginning of the search space, the
initial population (tree locations), which is specified as possible solutions in optimization
problems, is obtained using Equation (3) [28].

Ti,j = Lj,min + Tij (Hj,max - Lj,min) 3)

where L; min and Hj nax are the lower and upper bounds of the search space, respectively.
rij is a randomly generated value between 0 and 1. To select the best solution from the
population, a function f is defined, which is used in Equation (4) [29].

.
B:minf<Ti> i=1,2,...,N @)

where N stands for the trees in the population. The working diagram of the TSA is given
in Figure 1 [30]. Here, trees are first planted in the search space (a), then seed production is
performed for each tree (b), and finally seed selection is performed (c). The pseudo code of
the TSA is given in Algorithm 1 [31].

_® R L

(a) (b) - (c)

Figure 1. Working diagram of basic TSA (a) Initialization (b) Seed production (c) Seed selection.
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Algorithm 1 TSA pseudo-code

Step 1: The initialization of the algorithm
Randomly generate tree locations on the D-dimensional search space using Equation (3).
Evaluate the tree locations by the fitness function.
Select the best location using Equation (4).
Step 2: Search with seeds
FOR all trees
Decide the number of seeds produced for this tree.
FOR all seeds
FOR all dimensions
IF (rand < ST)
Update this dimension using Equation (1).
ELSE
Update this dimension using Equation (2).
END IF
END FOR
END FOR
Select the best seed and compare it with the tree.
If the seed location is better than the tree location, the seed substitutes for this tree.
END FOR
Step 3: Selection of the best solution
Select the best solution of the population.
If new best solution is better than the previous best solution, new best solution substi-tutes for the
previous best solution.
Step 4: Testing the termination condition

3. Improved Tree Seed Algorithm

Since the initial population is randomly distributed in the search space of the TSA,
initial solutions are generated randomly. Instead, by using the opposition-based learning
(OBL) method [32], the TSA can obtain a better initial population and by continuing the
process, the TSA can produce successful solutions. The OBL method was first introduced
in 2005 and has been used in many studies. Thus, the OBL method aims to improve the
performance of the algorithm. In this study, the OBL method evaluates the solution of
the problem while at the same time generating an opposing solution so that the TSA will
have the chance to produce a solution closer to the global optimum in the search space [33].
According to the OBL method, when a and b are real numbers, the value of x is calculated
as in Equation (5).

X=a+b—x (5)

4. Filter Design Problem

A filter is a device that passes electrical signals in a certain frequency range without
undergoing any change and prevents signals from other frequencies from passing [34].
There are two types of filter designs. The first is the passive filter, and the second is
the active filter. Passive filter design incorporates resistors, capacitors and coils as cir-
cuit elements, whereas semiconductor circuit elements, like transistors, are added to the
circuit along with passive circuit elements for active filter design. In this study, low-
pass active Butterworth and Bessel filters (LPAFs) and high-pass active Butterworth and
Bessel filters (HPAFs) were designed by connecting five filters in succession and increasing
to the 10th order in Sallen-Key topology, which is an electronic filter topology with a
second-order active filter. In this study, resistors suitable for the E24 series were used. All
nominal resistance values of the E24 series resistors are given in Table 1. The E24 series
comprises preferred resistor values enabling electronic component designers and manu-
facturers to select from a practical range of values. This set was developed to simplify the
design process.
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Table 1. E24 series resistance and capacitors values.

1 1.1 1.2 1.3 1.5 1.6 1.8 2 22 24 2.7 3
3.3 3.6 39 43 4.7 5.1 5.6 6.2 6.8 7.5 8.2 9.1

4.1. Design and Equations of LPAF

The second order in Sallen-Key topology and the tenth order in Sallen-Key topology
circuit diagrams for the LPAF are given in Figures 2 and 3, respectively.

C,

Figure 2. Second-order LPAF.

Figure 3. Tenth-order LPAF.

The equations for the transfer function of the circuit, standard form and amplitude
effect are given in Equations (6)—(8), respectively [12,35-38].

_ Vls) _ 1 s
Hipr(s) = Vi(s) 1+S(R1+R2)CIT52R1R2C1C2’S = j2nf (6)
Hipe(f) = 1—(271f)?RyRaC1 Co 4271 f (Ry +Ra) G
Hypr(f) = T

1- ( FSF-f¢ > +i QTFSEfc (7)

FSF = 1 Q= VRIR GG

27 fe/RIR C1 Gy (R1+R2)Cq

1

Hipr(f) = 8)

4.2. Design and Equations of HPAF

The second order in Sallen-Key topology and tenth order in Sallen—-Key topology
circuit diagrams for the HPAF are given in Figures 4 and 5, respectively.
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Figure 4. Second-order HPAF.

Ras

C21 C11

v >

Figure 5. Tenth-order HPAF.

The equations for the transfer function of the circuit, standard form and amplitude
effect are given in Equations (9)-(11), respectively [12,35-38].

_ Vo(s) _ 1 g
Hipr(s) = Vi(s) — 1+7%acc22 s‘szlzle S
Hppr(f) = L ©)
1 1 . C1+C2
T\ 21/ /R RyG Gy REGIRISe)
Hypr(f) = L
- (ry) Sk (10)
FSF = 271f, / RiRoC1Cy; Q = HEEC
1
|Hupre(f)| = (11)

(1= (b)) (o)

4.3. Cost Function Errors

The total error calculation of the designed filter was calculated using Equations (12)
and (13). This formula is obtained by summing the cost function errors of FSF values and

Q values.
5 |FSF;; — FSF;| 5 1Qui — Qi
Errory = Zi:l TFM' Errory = Zi:l T, (12)

Errorqya = 0.5 X Errory 4+ 0.5 X Errory (13)

5. Experimental Results

The proposed I-TSA was used to estimate the parameters of the Butterworth and
Bessel filter problem. Parameter optimization was also performed on the ST parameter of
the I-TSA method, and the ST parameter was determined as 0.1, 0.5 and 0.9, respectively.
The estimation results obtained for both Butterworth and Bessel filters are given in the
tables, and the gain graphs are shown in the figures. The performance of the proposed
I-TSA was also compared with the results of both the basic TSA and PSO and CSS algo-
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rithms. Convergence and box plots are also presented. All results are presented under the
relevant headings.

5.1. Butterworth Filter (BWF) Results
5.1.1. LPAF

The results obtained by applying the I-TSA method to the LPAF problem are given
in this section. The values obtained as a result of the least error value obtained using the
I-TSA method are given in Table 2. R1 (k€2), R2 (kQ2), C1 (nF) and C2 (nF) values for each
stage are shown in Table 2.

Table 2. The best component values obtained for LPAF in the BWF.

Algorithm ST Value Component S1 S2 S3 S4 S5
Ry 1.6 1.5 6.8 1.5 3.0
Ry 1.6 2.2 3.3 1.8 2.0
-TSA 0.1 C 10.0 75 22 43 1.0
C 10.0 10.0 5.1 22.0 43.0
Ry 1.8 3.9 3.3 3.0 1.3
Ry 1.5 1.2 1.8 4.3 1.0
I-ISA 0.5 C 10.0 5.6 43 2.0 22
(@) 10.0 10.0 10.0 10.0 91.0
Ry 1.0 3.3 4.3 51 2.0
Ry 1.2 7.5 6.8 3.9 4.7
FTSA 0.9 C 15.0 2.7 20 16 0.8
Cy 15.0 3.6 43 8.2 36.0
In Table 3, the FSF values and Q values estimated using the I-TSA method are given. It
has been observed that the results obtained with the proposed method are very close to the
targeted results. Especially when the ST value is 0.1, it has achieved a better performance
in terms of FSF and Q values.
Table 3. Parameter values obtained for LPAF in the BWF.
S1 S2 S3 S4 S5
Tareet FSF 1.0000 1.0000 1.0000 1.0000 1.0000
& Q 0.5062 0.5612 0.7071 1.1013 3.1969
Algorithm ST Value
01 FSF 0.994718 1.011655 1.003026 0.995847 0.990855
’ Q 0.500000 0.566924 0.714108 1.126277 3.212476
LTSA 05 FSF 0.968586 0.983112 0.995847 0.990855 0.986544
] ’ Q 0.497930 0.566838 0.728767 1.100163 3.188256
0.9 FSF 0.968586 1.026123 1.003650 0.985226 0.999020
’ Q 0.497930 0.531904 0.714307 1.121816 3.170368

In Table 4, the parameter of the LPAF problem is the error value obtained as a result of
the estimation with the I-TSA method. For the LPAF problem, the I-TSA, TSA, PSO and
CSS was run 30 times, and the best, mean, worst and standard deviation values obtained
are given in the table. When the table is examined, it is seen that the I-TSA method has
the least error value when the ST value is 0.1. Therefore, it can be said that the parameter
values in cases where the ST value is 0.1 are robust.



Biomimetics 2023, 8, 540

8 of 21

Table 4. Error value obtained for LPAF in the BWF.

Algorithm ST Value Best Mean Worst Std. Devw.
0.1 0.046585 0.212725 0.413537 0.094703

I-TSA 0.5 0.067909 0.291463 0.494240 0.100709
0.9 0.091301 0.286216 0.448817 0.080759

0.1 0.075820 0.224486 0.386590 0.089920

TSA 0.5 0.145739 0.313718 0.472144 0.085195

0.9 0.150140 0.274506 0.423986 0.067385

PSO - 0.110755 0.527483 0.965142 0.269997
CSS - 0.081702 0.378726 0.992566 0.236921

When analyzed according to all ST conditions of the I-TSA, TSA, PSO and CSS, the
graphs in Figure 6 are obtained. In Figure 64, it is seen in the MaxFEs graph that when the
ST value is 0.1, I-TSA achieves a more stable convergence and reaches the minimum error
value. The box plots obtained from here are given in Figure 6b. In addition, the gain and
gain (dB) graphs based on the minimum error value according to the ST values are given in
Figure 6c¢,d, respectively.

5.1.2. HPAF

The results obtained by applying the I-TSA method to the HPAF problem are given in
this section. The values of the minimum error value result obtained according to the ST
values of the I-TSA method are given in Table 5. R1, R2, C1 and C2 values for each stage
are shown in Table 5.

Unity-Gain Sallen-Key Low-Pass Filter Architecture

10.0Order Low-Pass Butterworth

Filter
T

45

(S8 -

I-TSA-ST=0.1
TSA-ST=0.1
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L
385

|
39 395
MaxFEs Number

Best Cost Function Values

Figure 6. Cont.
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Figure 6. Plots for LPAF in the BWF: (a) convergence graphs of I-TSA, TSA, PSO and CSS; (b) box
plots of I-TSA, TSA, PSO and CSS; (c) frequency and gain graphs of I-TSA, TSA, PSO and CSS;
(d) frequency and gain (dB) graphs of I-TSA, TSA, PSO and CSS.
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Table 5. The best component values obtained for HPAF in the BWF.

Algorithm ST Value Component S1 S2 S3 S4 S5
Ry 3.9 6.2 8.2 10.0 18.0
Ry 2.7 4.7 27 2.0 0.4
I-TSA 01 C 8.2 24 18 3.9 10.0
(@) 3.0 3.6 6.8 3.3 3.9
Ry 16.0 2.7 10.0 51 30.0
Ry 15.0 2.0 4.7 1.0 0.8
ISA 0.5 C 1.0 6.2 18 8.2 3.0
C 1.0 7.5 3.0 6.2 3.3
Ry 2.0 43 10.0 24.0 51.0
Ry 1.8 3.0 4.7 3.6 1.0
ITSA 0.9 C 6.8 3.6 18 1.0 47
C 10.0 5.6 3.0 3.0 1.0
In Table 6, the FSF values and Q values estimated using the I-TSA method are given.
It has been observed that the results obtained with the proposed method are very close to
the targeted results. The closest value in terms of FSF and Q values was obtained with an
ST value of 0.1. It was observed that the ST value of 0.1 was closer to the FSF and Q values.
Table 6. Parameter values obtained for HPAF in the BWE.
S1 S2 S3 S4 S5
Tareot ESF 1.0000 1.0000 1.0000 1.0000 1.0000
& Q 0.5062 0.5612 0.7071 1.1013 3.1969
Algorithm ST Value
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Table 6. Cont.

S1 S2 S3 S4 S5
01 FSF 1.011257 0.996969 1.034331 1.008055 0.998849
’ Q 0.532231 0.562668 0.708953 1.114145 3.176892
LTSA 05 FSF 0.973387 0.995642 1.000981 1.011737 0.980539
. ’ Q 0.516398 0.578326 0.706166 1.118215 3.020861
0.9 FSF 0.983073 1.013258 1.000981 1.011573 0.972778
’ Q 0.517397 0.584293 0.706166 1.118034 2.716184
In Table 7, the parameter of the HPAF problem is the error value obtained as a result
of the estimation with the I-TSA method. For the HPAF problem, the I-TSA, TSA, PSO
and CSS method was run 30 times, and the best, mean, worst, and standard deviation
values obtained are given in the table. When the table is examined, it is seen that the I-TSA
method has the least error value when the ST value is 0.1. Therefore, it can be said that the
parameter values in cases where the ST value is 0.1 are robust.
Table 7. Error value obtained for HPAF in the BWE.
Algorithm ST Value Best Mean Worst Std. Dev.
0.1 0.066204 0.223354 0.405234 0.095903
I-TSA 0.5 0.092779 0.305070 0.510234 0.105158
0.9 0.150058 0.298889 0.452366 0.070469
0.1 0.084627 0.226826 0.499136 0.106131
TSA 0.5 0.171201 0.319772 0.463289 0.075065
0.9 0.208470 0.331249 0.475878 0.079518
PSO - 0.079577 0.586805 1.436803 0.294510
CSs - 0.127601 0.445885 1.334431 0.241027
When analyzed according to all algorithms, the graphs in Figure 7 are obtained. In
Figure 7a, it is seen in the MaxFEs graph that when the ST value is 0.1, I-TSA achieves a
more stable convergence and reaches the minimum error value. The box plots obtained
from here are given in Figure 7b. In addition, the gain and gain (dB) graphs based on the
minimum error value according to the ST values are given in Figure 7c,d, respectively.
5.2. Bessel Filter (BF) Results
5.2.1. LPAF
The results obtained by applying the I-TSA method to the LPAF problem are given
in this section. The values obtained because of the least error value obtained by the I-TSA
method are given in Table 8. R1, R2, C1 and C2 values for each stage are shown in Table 8.
Table 8. The best component values obtained for LPAF in the BE.
Algorithm ST Value Component S1 S2 S3 S4 S5
Ry 3.9 22 1.5 1.2 10.0
Ry 3.3 1.0 3.0 1.2 3.9
I-TSA 0.1 C 22 47 27 36 0.3
C 24 6.2 4.7 10.0 3.3
Ry 9.1 47 3.9 7.5 3.3
Ry 7.5 10.0 6.8 3.0 5.1
ITSA 0.5 C 1.0 1.0 11 0.8 0.6

(@) 1.0 1.3 2.0 27 47
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Table 8. Cont.

Algorithm ST Value Component S1 S2 S3 S4 S5
R, 6.2 22 10.0 1.0 13

Ry 10.0 1.0 3.6 1.0 1.0

-TSA 0.9 C 1.0 5.1 0.9 47 20
C, 1.0 6.2 18 11.0 16.0
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Figure 7. Plots for HPAF in the BWF: (a) convergence graphs of I-TSA, TSA, PSO and CSS; (b) box
plots of I-TSA, TSA, PSO and CSS; (c) frequency and gain graphs of I-TSA, TSA, PSO and CSS;
(d) frequency and gain (dB) graphs of I-TSA, TSA, PSO and CSS.

Table 9 shows the FSF values and Q values estimated using the I-TSA method. It is
seen that the results obtained with the proposed method are very close to the targeted
results. The closest value in terms of the FSF value was obtained when the ST value was
0.1. The closest value in terms of the Q value was obtained when the ST value was 0.1.
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Table 9. Parameter values obtained for LPAF in the BE.
S1 S2 S3 S4 S5
Tareot FSF 1.0000 1.0000 1.0000 1.0000 1.0000
8 Q 0.5062 0.5612 0.7071 1.1013 3.1969
Algorithm ST Value
01 FSF 1.930696 1.987760 2.106120 2.210485 2.442159
: Q 0.520416 0.532364 0.621958 0.833333 1.420749
LTSA 05 FSF 1.926499 2.036102 2.083637 2.254966 2.391306
3 . Q 0.497672 0.531745 0.648966 0.819741 1.414874
0.9 FSF 2.021270 1.908217 2.072583 2.213476 2.467593
: Q 0.486050 0.511060 0.620480 0.764922 1.402132
In Table 10, the parameter of the LPAF problem is the error value obtained as a result
of the estimation with the I-TSA, TSA, PSO and CSS method. For the LPAF problem, the
I-TSA, TSA, PSO and CSS method was run 30 times, and the standard deviation values
obtained are given in the table. When the table is examined, it is seen that the I-TSA
method has the least error value when the ST value is 0.1. Therefore, it can be said that the
parameter values in cases where the ST value is 0.1 are robust.
Table 10. Error value obtained for LPAF in the BE.
Algorithm ST Value Best Mean Worst Std. Dev.
0.1 0.062378 0.208454 0.363140 0.092668
I-TSA 0.5 0.092212 0.301908 0.492980 0.100669
0.9 0.119140 0.289782 0.414542 0.073533
0.1 0.081274 0.227481 0.477295 0.097471
TSA 0.5 0.160654 0.296257 0.498181 0.086586
0.9 0.181832 0.310810 0.450243 0.072830
PSO - 0.116503 0.645454 1.478782 0.330566
CSSs - 0.199537 0.541564 1.421876 0.264927
When analyzed according to all algorithms, the graphs in Figure 8 are obtained. In
Figure 8a, it is seen in the MaxFEs graph that when the ST value is 0.1, I-TSA achieves a
more stable convergence and reaches the minimum error value. The box plots obtained
from here are given in Figure 8b. In addition, the gain and gain (dB) graphs based on the
minimum error value according to the ST values are given in Figure 8c,d, respectively.
5.2.2. HPAF
The results obtained by applying the I-TSA method to the HPAF problem are given in
this section. R1, R2, C1 and C2 values for each stage are shown in Table 11, the FSF and Q
values are given in Table 12 and the finally, a comparison among the swarm intelligence
algorithms have been given in in Table 13.
Table 11. The best component values obtained for HPAF in the BE.
Algorithm ST Value Component S1 S2 S3 S4 S5
Ry 16.0 12.0 12.0 16.0 22.0
Ry 10.0 6.8 7.5 4.7 2.7
-TSA 0.1 C 12 18 43 24 43
Cy 5.1 6.8 2.7 6.8 6.2
Ry 43 15.0 12.0 10.0 18.0
Ry 39 9.1 4.7 3.0 2.0
FISA 05 C 6.2 5.1 20 10.0 10.0

(@) 10.0 1.5 9.1 3.6 43
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Table 11. Cont.

Algorithm ST Value Component S1 S2 S3 S4 S5
R, 10.0 43 10.0 39.0 18.0

Ry 11.0 3.6 5.6 13.0 24

-TSA 0.9 C 24 8.2 27 20 6.2
C, 3.6 8.2 75 12 5.1
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: (a) convergence graphs of I-TSA, TSA, PSO and CSS; (b) box
plots of I-TSA, TSA, PSO and CSS; (c) frequency and gain graphs of I-TSA, TSA, PSO and CSS;
(d) frequency and gain (dB) graphs of I-TSA, TSA, PSO and CSS.
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Table 12. Parameter values obtained for HPAF in the BF.
S1 S2 S3 S4 S5
Tareet FSF 1.0000 1.0000 1.0000 1.0000 1.0000
& Q 0.5062 0.5612 0.7071 1.1013 3.1969
Algorithm ST Value
01 FSF 1.966145 1.985709 2.031034 2.201146 2.500364
’ Q 0.496701 0.540416 0.615713 0.810183 1.403687
LTSA 05 FSF 2.026013 2.030378 2.013053 2.064865 2.472096
: : Q 0.510367 0.538036 0.614122 0.805474 1.375686
0.9 FSF 1.937015 2.027119 2.115857 2.191742 2.322216
’ Q 0.467099 0.546453 0.589547 0.838525 1.362803
Table 13. Error value obtained for HPAF in the BF.

Algorithm ST Value Best Mean Worst Std. Dev.
0.1 0.036035 0.190635 0.353110 0.076729
I-TSA 0.5 0.107378 0.332173 0.620112 0.124932
0.9 0.166924 0.337793 0.522845 0.084933
0.1 0.054876 0.214660 0.513616 0.100502
TSA 0.5 0.130932 0.323992 0.527150 0.097837
0.9 0.216784 0.366686 0.492966 0.082912
PSO - 0.061011 0.682382 1.360255 0.360903
CSS - 0.143429 0.580740 1.075118 0.242949

Table 12 shows the FSF values and Q values estimated using the I-TSA method. It
is seen that the results obtained with the proposed method are very close to the targeted
results. The closest value in terms of the FSF value was obtained when the ST value was
0.5 and 0.9. In terms of the Q value, the closest value was obtained when the ST value was
both 0.1 and 0.9.

In Table 13, the parameter of the HPAF problem is the error value obtained as a result
of the estimation with the I-TSA method. For the HPAF problem, the I-TSA, TSA, PSO and
CSS method was run 30 times, and the standard deviation values obtained are given in the
table. When the table is examined, it is seen that the TSA method has the least error value
when the ST value is 0.1. Therefore, it can be said that the parameter values in cases where
the ST value is 0.1 are robust.

When analyzed according to all algorithms, the graphs in Figure 9 are obtained. In
Figure 9a, it is seen in the MaxFEs graph that when the ST value is 0.1, I-TSA achieves a
more stable convergence and reaches the minimum error value. The box plots obtained
from here are given in Figure 9b. In addition, the gain and gain (dB) graphs based on the
minimum error value according to the ST values are given in Figure 9¢,d, respectively.
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Figure 9. Plots for HPAF in the BF: (a) convergence graphs of I-TSA, TSA, PSO and CSS; (b) box
plots of I-TSA, TSA, PSO and CSS; (c) frequency and gain graphs of I-TSA, TSA, PSO and CSS;
(d) frequency and gain (dB) graphs of I-TSA, TSA, PSO and CSS.

6. Conclusions

The TSA method has become an alternative method for many real world problems.
In this study, the I-TSA method, which is constructed by improving the TSA, is used for
the first time in the literature to estimate the parameters of Butterworth and Bessel filters.
For this study, I-TSA and TSA methods were analyzed for three different values of the
ST parameter. These values are 0.1, 0.5 and 0.9, respectively. In the LPAF problem for
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Butterworth filter design, the I-TSA outperforms both the basic TSA and other algorithms
with the least error value when the ST value of the I-TSA is 0.1. At the same time, in the
HPAF problem, the least error value was obtained when the ST value of the - TSA was
0.1. For Bessel filter design, in both the LPAF and HPAF problems, the I-TSA was more
successful than other algorithms by obtaining the least error value when the ST value was
0.1. The success of the I-TSA was analyzed according to the ST values, and it was concluded
that it achieved the best result at a value of 0.1. In addition, convergence graphs, box plots
and gain graphs were drawn for all ST values in the I-TSA method. When these graphs are
analyzed, it is seen that the I-TSA converges more successfully and produces more stable
results than other algorithms when the ST value is 0.1 in all problems. As a result, the
performance of the I-TSA is improved by contributing to the good results of the proposed
OBL method for the TSA in the filter design problem.

In future studies, it is planned to use different plant-based algorithms in the filter
design problem. It is also recommended to use the proposed I-TSA in different problems.
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