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The electro-search algorithm (ESO) encounters challenges arising from its slow convergence rate and propensity to descend into
local optima. In this study, a hybrid variant based on simulated annealing (SA), termed electro search simulated annealing (ESSA),
is proposed to tackle these issues and surmount the obstacles. SA assists the proposed ESSA in escaping local optima through the
cooling process while propelling individuals within the population. As these propelled individuals search for new positions, they
engage in exploration and consequently approach the global optimum. This establishes a balance between exploitation and
exploration for ESSA. ESSA has been compared with 10 metaheuristic algorithms on 15 benchmark functions with dimensions
of 100, 500, and 1,000. The experimental results demonstrate its high-solution accuracy. Moreover, ESSA has been tested in the
optimization of a robotic arm, a technology that requires low-error rates in the medical field. The analysis reveals the competi-
tiveness and advantages of the proposed ESSA algorithm.

1. Introduction

Metaheuristic algorithms are methods derived from natural
phenomena or physical and social rules that are employed
to solve complex optimization problems. These algorithms
explore the problem space through nonstatic heuristic pro-
cesses, generating suitable solutions. They typically adopt
nongradient-based approaches. Metaheuristic frameworks
offer flexible and robust algorithmic structures that can be
adapted to various optimization problems and customized to
specific problems with only a few modifications [1, 2]. In
real-world optimization problems, the search space expands
exponentially, and the problem perspective changes multidi-
mensionally, often leading to standard optimization methods’
inability to produce optimal solutions. Real-world problems
are generally nonlinear and constrained in structure. There-
fore, metaheuristic algorithms are required for solving multi-
dimensional real-world problems [3–5]. A multidimensional
optimization problem can be expressed as a minimization
problem in d dimensions Equation (1).

min F Xð Þ;
X ¼ xi; d

Â Ã
;  lower ≤ x ≤ upper:

ð1Þ

Here, xi; d
Â Ã

represents the decision vector, F Xð Þ denotes
the fitness function, and lower ≤ x ≤ upper indicates the
range of the variable x. These algorithms, focused on explor-
ing vast and complex search spaces, increase the probability
of finding the best global solution. However, there is no
guarantee of finding a global solution. As the number of
dimensions increases, the likelihood of the algorithm getting
stuck on the local best solutions also increases. Additionally,
the computation time will significantly increase [6]. This
situation negatively impacts the algorithm’s performance.
When employing hybrid approaches in optimization pro-
cesses, it is crucial to maintain a balance between exploita-
tion and exploration activities. Successfully achieving this
balance significantly improves the search efficiency. In general,
solutions with high-fitness values exhibit better development
performance, while solutions with low-fitness values possess
the potential to preserve population diversity and strengthen
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search capabilities. By employing a hybrid approach, the algo-
rithm’s exploration efficiency can be enhanced by directing
individuals during the exploration phase while attempting to
escape the exploitation phase [7]. There are studies on hybrid
metaheuristic algorithms in the literature. Some of these studies
are as follows:

Optimization of proportional–integral–derivative (PID)
control systems used in automobile cruise control systems
[8], solutions to nonlinear or linearized problems [9], design
of PID control systems used in automatic voltage regulator
(AVR) systems [10], function optimization of buck converter
systems, and achieving efficient controller design [11], design
of the control mechanism for a functional electrical stimula-
tion (FES) system [12], design of an efficient controller for a
vehicle cruise control system [13], solving nonlinear multi-
domain economic dispatch problems [14], parameterization
of solar photovoltaic models [15], uncertainty-based dynamic
economic dispatch for various load and wind profiles [16],
and cognitive radio models for agricultural applications [17].

Various hybrid algorithms can be found in the literature,
such as the enhanced particle swarm optimization algorithm
(e-mPSOBSA), which possesses the advantages of both par-
ticle swarm optimization (PSO) and backtracking search
algorithm (BSA) [18]; the hybrid SMA (HSMA) algorithm,
which combines the slime mold algorithm (SMA) and qua-
dratic approximation (QA) [19]; the hybrid sine cosine but-
terfly optimization algorithm (BOA), in which a modified
BOA is combined with a sine cosine algorithm [20]; a new
hybrid metaheuristic algorithm that integrates the BOA with
the Moth-flame optimization (MFO) algorithm, termed
h-MFOBOA [21]; and a new hybrid evolutionary algorithm
(SHADE-WOA) that merges the success history-based adap-
tive differential evolution (SHADE) and the modified whale
Optimizer (WOA) algorithms [22].

Several applications of the simulated annealing (SA) algo-
rithm can be found in hybrid approaches. Some of these include:
the hybridization of the Harris Hawks optimization (HHO) and
SA techniques for automatic voltage regulator (AVR) control
[23]; the combination of Lévy flight distribution and SA algo-
rithms to achieve optimal parameterization of the fractional-
order proportional-integral-derivative (FOPID) controller [24];
and the integration ofManta ray foraging optimization (MRFO)
with SA algorithms to adjust the parameters of the FOPID con-
troller for controlling the speed of direct current (DC)motors [25].

Metaheuristic algorithms are generally inspired by nature
[26]. Some of these algorithms include PSO [27], atom search
algorithm (ASO) [28], bacterial foraging optimization (BFO)
[29], grey wolf optimizer (GWO) [30], ant colony optimiza-
tion (ANT) [31], artificial bee colony (ABC) [32], genetic
algorithm (GA) [33], farmland fertility algorithm (FFA)
[34], African vulture optimization algorithm (AVOA) [35],
artificial gorilla troop optimization algorithm (GTO) [36],
mountain gazelle optimizer (MGO) [37], chimp optimization
algorithm (ChOA) [38], multiple trial differential evolution
algorithm (DMDE) [39], cross-dimensional coordination
gray wolf optimizer (CDCGWO) [40].

In this study, a hybrid electro search simulated annealing
(ESSA) algorithm is proposed, combining the SA algorithm

[41], which can escape the local exploitation stage, with the
successful electro-search algorithm (ESO) [42] during the
exploration stage.

Nowadays, robotic arm technology is used inmany areas of
industry. Robotic arms are defined as serial manipulators with
high degrees of freedom (DOF), depending on their usage
purposes. The end effector must be precisely positioned at
the desired location. To achieve this, the joint angles of the
robotic arm must be calculated using kinematic analysis [43].
Particularly in surgeries, the positioning error rates of robotic
arms must be very low. Metaheuristic algorithms are used to
calculate the arm angles easily and accurately. Some studies in
the literature that focus on a high DOF for serial manipulators
using metaheuristic algorithms are as follows: Ayyıldız and
Çetinkaya devised a serial motor manipulator with 4-DOF.
This design employed GA, PSO, quantum particle swarm
(QPSO), and gravity search methods to solve the inverse kine-
matic issue. They demonstrated the significant effect of QPSO
on the solution [44]. Vaishnavi et al. [45] used 14metaheuristic
algorithms to calculate angles for the 5-DOFmanipulators. The
gray wolf algorithm was found to have the best computation
time [45]. Rokbani et al. [46] investigated the solution of the
inverse kinematics of the 5-DOF robotic arm by modifying the
PSO algorithm. Hasan et al. [47] proposed a learning strategy
using an artificial neural network to control a serial manipula-
tor with 6-DOF. Nyong and Marttyns developed a 6-DOF
robotic arm for welding oil and gas lines. Grey wolf, advanced
gray wolf, PSO, jellyfish, and whale optimization algorithms
were used to solve the inverse kinematic problem. The per-
formances of these algorithms were compared [48]. Dereli
and Kokler used the PSO algorithm with quantum behavior
to solve the inverse kinematics of a serial manipulator with 7-
DOF. They compared it with other metaheuristic algorithms
according to computation times, the number of iterations,
and the number of particles [49]. Nguyen et al. [50] used
PSO, the differential evolution algorithm (DE), and improved
DE and PSO algorithms for the inverse kinematic solution of
the 7-DOF serial manipulator. They used two different tip-
effector motions in performance comparisons. Aiming to
solve only the inverse kinematics problems of 7–8DOF
manipulators, Alexis et al. [51] proposed that the PSO algo-
rithm can also be used in trajectory planning.

The proposed metaheuristic ESSA algorithm has been used
for the kinematic analysis of a serial manipulator with 7-DOF.
As a result of the analysis, the error rates in reaching the deter-
mined positions for the end effector were found to be zero. The
proposed ESSA algorithm demonstrated better performance
than PSO, GWO, GA, ESO, ASO, ANT, and ABC algorithms.
Moreover, the efficiency of the ESSA algorithmwas investigated
on 15 well-known test functions, and the results were compared
with other metaheuristic algorithms. The comparisons revealed
its superior ability to achieve solution accuracy. This shows that
the algorithm can provide promising and occasionally competi-
tive results. The main contributions of this study are as follows:

(1) ESSA has been proposed to improve convergence
speed and solution accuracy in optimization pro-
blems compared to ESO.
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(2) Enhancing the exploration ability of ESSA has been
targeted. The local exploitation ability of SA and the
exploration ability of ESO have been combined. This
way, a balance has been established between exploi-
tation and exploration, improving overall capability.

(3) The superiority of the ESSA algorithm in terms of
problem-solving ability compared to other algorithms
has been investigated on 15 well-known unimodal
and multimodal benchmark functions with dimen-
sions of 100, 500, and 1,000.

(4) As a result of the kinematic analysis performed with
the ESSA algorithm, the error rates in reaching the
determined positions for the end effector were found
to be zero, and the advantages over other metaheur-
istic algorithms were revealed.

(5) It has been shown that the ESSA algorithm can occa-
sionally provide better, and more competitive results
compared to other metaheuristic algorithms. This
demonstrates the potential of the ESSA algorithm
as an effective tool for real-world optimization pro-
blems and robotic arm kinematic analysis.

The organizational structure of the paper is as follows:
Section 2 describes the principle of SA and ESO. The proposed
ESSA is presented in Section 3. In Section 4, an analysis is
performed that involves comparing the ESSA algorithm with
other algorithms and evaluating the outcomes of the experi-
ments. In Section 5, the ESSA algorithm is applied to solve the
kinematic analysis of a 7-DOF serial manipulator. Finally, the
conclusion and future work are included in Section 6.

2. Algorithms

2.1. Simulated Annealing Algorithms. The SA algorithm was
proposed by Kirkpatrick et al. [52]. They observed a similar-
ity between the physical annealing of solids and combinato-
rial optimization problems. The fundamental principle is
that the solid is slowly cooled to reach the low-energy ground
state. The general structure of the algorithm allows it to
search for the global minimum by moving away from the
local minimum [53]. The pseudocode of the SA Algorithm 1
is as follows:

Swaps alter the positions of two elements in a randomly
selected sequence within the solution set. T denotes the tem-
perature control, TempFactor represents the cooling coeffi-
cient, T0 signifies the initial temperature, and S0 corresponds
to the initial solution. Next, e−Δ=T generates a random value
to determine the acceptance or rejection of the new solution
space. This generated value lies within the range [0, 1].
Finally, the new solution space is accepted if it is greater
than or equal to the randomly generated number [54].

2.2. Electro-Search Algorithm. The ESO algorithm is inspired
by the Bohr atomic model. It is based on the principle of
electron displacement in orbits around the atomic nucleus.
As a result of the movement of electrons in their orbits, they
emit or absorb energy, which is explained by the Rydberg
formula Equation (2):

1
⋋

¼ R ⋅
1
n2f

−
1
n2i

 !
; ð2Þ

⋋ denotes the wavelength, nf represents the final energy
level, and ni signifies the energy level of the transition
electron [55].

2.2.1. Atom Spreading. Randomly created atoms are scattered
in the defined region as shown in Figure 1. Atoms possess
nuclei and orbits where electrons may be placed. These elec-
trons travel toward orbits with higher energy levels [42].

Input: Initial solution S0, array Swaps, doubles T0,
TempFactor, FinalTemp, integer NInnerLoopIters

Output: Solution S

1. S← S0, T ← T0

2. While T>FinalTemp do

3. iter ← 0;

4. While iter<NInnerLoopIters do

5. irandom← floor random 0;ðð 1Þ ∗ Swap:lengthÞ;
6. Sı ← ApplySwap Swaps iRandom½ �;½ S; Þ;
7. Δ← c Sıð Þ− c Sð Þ;
8. prob← 1; e−

Δ
T

9. if Δ<0

10. S← Sı;

11. else

12. if random 0;ð 1Þ ≤ prob then

13. S← Sı;

14. End

15. End

16. iter← iterþ 1;

17. EndWhile

18. T ← TempFactor ∗T
19. EndWhile

ALGORITHM 1: SA Algorithms for procedure code.

FIGURE 1: Atom spreading [42].

Applied Bionics and Biomechanics 3
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2.3. Orbit Transfer. The energy level of the electrons around
each nucleus wants to move to the higher orbitals. The
quantized energy concept of the hydrogen atom inspires
this. The position of the electron for each nucleus is given
in Equation (3) [42].

ei ¼ Ni þ 2 × rand − 1ð Þ 1 −
1
n2

� �
r

rand 0; 1½ � n 2 2; 3; 4; 5f g;
ð3Þ

here, ei is the electron’s position, Ni is the current atom and is
a generated number between 0 and 1, n is the number of
orbitals, and r is the orbital radius [42].

2.3.1. Nucleus Displacement. The distances from each
nucleus in the population to the best position are calculated
with Equation (4). Equation (5) is employed to execute the
movement toward the best position as shown in Figure 2.

Dk
�! ¼ e!best − N

!
best

� �
þ Rek ⨂

1

N
!2

best

−
1

N
!2

k

 !
; ð4Þ

N
!

new ¼ N
!

k − AckxD
!

k; ð5Þ

e!best is the best position vector of the nucleus, Dk
�!

is the
displacement distance of each nucleus, N

!
best is the best posi-

tion of the current atom, N
!

new is the new position vector of
the nucleus, and k is the number of iterations. Re and Ac are
convergence coefficients. They affect the performance of the
algorithm. The classical ESO algorithm calculates these coef-
ficients using the orbital tuner method. The formula for this
method is given in Equations (6) and (7) [42].

Rekþ1 ¼ Rek þ Rebest þ ∑
j

i¼1

Rei=fNijjRei
1=fNijjRei

� �
=2; ð6Þ

Ackþ1 ¼ Ack þ Acbest þ ∑
j

i¼1

Aci=fNijjAci
1=fNijjAci

� �
=2: ð7Þ

Where j is the number of population, k is the number of
iteration, Rek and Ack are the algorithm coefficients, fNijRei
and fNijAci indicate the nuclei fitness function values, and
Rebest and Acbest indicate the values of the algorithm coeffi-
cients at the best position [42].

3. Proposed Hybrid ESSA Algorithm

Metaheuristic algorithms are designed to identify the optimal
region within the search space and guide the process toward
the best solution among the population. Some algorithms
demonstrate remarkable capabilities in domain exploration,
whereas others are particularly adept at finding solutions.
The goal of combining such algorithms is to develop a hybrid
algorithm with both high exploration and solution capabili-
ties. The proposed ESSA algorithm integrates the area explo-
ration prowess of the ESO algorithm with the solution
direction capability of the SA algorithm, which circumvents
local exploitation. As a result, a hybrid algorithm with
enhanced capacity is proposed.

In metaheuristic algorithms, parameter values are crucial
for convergence speed and solution. These parameters can
directly affect the performance of the algorithm. The orbital
tuner method, which is self-adjusting, has been used to deter-
mine Re and Ac parameters in the ESO algorithm [42]. In the
proposed ESSA algorithm, a single convergence parameter is
used instead of the Re andAc parameters. The determination of
this parameter employs a feedback-based PID control system.

3.1. A Feedback Based PID Control System. PID controllers
have been widely used in industries for process control appli-
cations for decades. With a history dating back to the 1890s,
these controllers maintain their popularity in both process
and manufacturing sectors today. Research reveals that
approximately 90% of process industries use PID as their
primary control method [56].

The PID control system is a type of feedback control sys-
tem created by combining proportional (P), integral (I), and
derivative (D) components. These components measure how
an error signal (the difference between the desired value and
the actual value) changes over time and use this information to
generate a control signal. The proportional (P) component
produces a control signal proportional to the magnitude of
the error. The integral (I) component measures the total (inte-
gral) error over time and adjusts the control signal accordingly.
The derivative (D) component measures the rate (derivative)
of change of the error and adjusts the control signal based on it.
The combined use of these three components is called a PID
control system [57]. The formulation of the PID control sys-
tem is shown in Equations (8) and (9).

u tð Þ ¼ kpe tð Þ þ ki

Z
t

0
e tð Þdtþ kde tð Þ; ð8Þ

FIGURE 2: Nucleus displacement [55].
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e tð Þ ¼ y tð Þ − δ tð Þ: ð9Þ

In the PID control system, u tð Þ represents the control
input, e tð Þ denotes control error, kp is the proportional gain,
kd is the derivative gain, and ki is the integral gain. The
variable y signifies the target input value within the given
context, while δ tð Þ is the output value at time t [58]. The
disadvantages of a PID control strategy for nonlinear systems
typically include difficulties in the tuning process and chal-
lenges in selecting appropriate and accurate controller
parameters [59].

Parameter tuning in a PID control system is a critical step
in achieving optimal performance. It involves adjusting the
proportional (P), integral (I), and derivative (D) gains to obtain
the best system response. Several methods exist for tuning the
PID controller parameters, ranging frommanual approaches to
automated algorithms. Ziegler and Nichols [60] proposed one
of the earliest tuning methods, where the controller’s ultimate
gain and oscillation period are obtained experimentally. This
method, known as Ziegler–Nichols tuning, provides a simple
and systematic way to determine the PID gains [60]. Another
popular approach is the Cohen–Coon method, which is based
on the system’s first order plus time-delay model. This method
offers better performance for systems with significant time
delays [61].

In recent years, researchers have developed optimization-
based techniques for parameter tuning in PID control sys-
tems. These methods employ optimization algorithms, such
as GAs, PSO, and SA, to find the optimal PID gains [62–65].
In the ESSA algorithm, PID parameters were determined
through trial and error.

ei ¼ 5:9 − hi; ð10Þ

errorrate ið Þ ¼ ei − ei−1; ð11Þ

Pi ¼ kp × ei; ð12Þ

I ¼ ki

Z
i

0
e ið Þdi; ð13Þ

Iiþ1 ¼ Ii þ ki × ei × iteration;  

if
Iiþ1>3  then Iiþ1 ¼ 3

Iiþ1<0  then Iiþ1 ¼ 0

(
;

ð14Þ

Di ¼ kde ið Þ di
dt

; ð15Þ

Di ¼ kd × errorrate ið Þ
À Á di

dt
; ð16Þ

PIDi ¼ Pi þ Ii þ Di; ð17Þ

hiþ1 ¼ hi þ PIDi: ð18Þ

The goal value in Equation (10) is 5.9, which was chosen
after some trial and error. An overshoot may occur if the

ESSA algorithm converges to the target value too soon. On
the other hand, the algorithm may occasionally become
trapped at a local minimum if it approaches the goal value
too slowly. The kp, ki, and kd values were carefully chosen
through trial and error to overcome this problem. It was
discovered that the kp, ki and kd parameters were 44, 2.2,
and 4, respectively. Equations (10)–(18) was used to get the
convergence coefficient h, which takes the place of the Re and
Ac coefficients in the method.

Dk
�! ¼ e!best − N

!
best

� �
þ hk ⨂

1

N
!2

best

−
1

N
!2

k

 !
; ð19Þ

N
!

new ¼ N
!

k − hk × D
!

k: ð20Þ

3.2. The Structure of ESSA. The procedural code for the
suggested ESSA algorithm is provided below (Algorithm 2).

In the neighborðÞ function, neighboring solution candi-
dates are determined. Solution candidates are identified
based on Equations (21) and (22) being equal.

Δx ¼ Random 0; 1ð Þ × − up − lowð Þ × delta
2

; ð21Þ

Nk ¼ N þ Δx; ð22Þ

where Δx is the amount of change, delta is the range of
change, N is the population, and Nk is the new neighboring
population. The higher the TempFactor value, the slower the
system cools and the closer it gets to the global minimum
value. However, this causes the algorithm to take longer to
reach the result. Since this study employs a hybrid approach,
the TempFactor value was set to 0.3 to reach the correct
result quickly. The flow diagram of the proposed ESSA algo-
rithm is shown in Figure 3.

3.3. Complexity Analysis

3.3.1. Computational Complexity of ESO. The computational
complexity of ESO is determined by specific characteristics
such as the size of the nucleus (P), size of electrons (E),
dimension (N), and the number of iterations (k). The
computational complexity of ESO is as follows:

(1) The generation of the nucleus population: O (P×N).
(2) The generation of the electron population around the

nucleus: O (P × E ×N).
(3) Fitness calculation of nucleus: O (P ×N).
(4) Fitness calculation of electrons: O (P× E×N).
(5) Position update nucleus: O (P ×N).
(6) Fitness calculation of nucleus during iterations:

O (P×N× k).
(7) Fitness calculation of electrons during iterations:

O (P× E×N× k).
(8) Update the best solutions during iterations: O (P×

P× k).

Applied Bionics and Biomechanics 5
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Thus,O ESOð Þ ¼ kþ 3ð Þ P×ð NÞ þ kþ 2ð Þ P×ð E×NÞ þ
P×ð P× kÞ.
3.3.2. Computational Complexity of ESSA. The computa-
tional complexity of ESSA is determined by P, N, k, and

Temp. Temp represents the cooling iteration. Based on
the analysis of Algorithm 2, the computational complexity of
computing ESSA is as follows:

(1) The generation of the nucleus population:
O (P × N).

(2) The generation of the electron population around
the nucleus: O (P × E × N).

(3) Fitness calculation of nucleus: O (P × N).
(4) Fitness calculation of electrons: O (P × E × N).
(5) Position update nucleus: O (P × N).
(6) Fitness calculation of nucleus during iterations:

O (P × N × k).
(7) Fitness calculation of electrons during iterations:

O (P × E × N × k).
(8) The generation of neighbor population during itera-

tions and Temp: O (P × N × k × Temp).
(9) Fitness calculation of neighbor population during

iterations and TempTemp: O (P × N × k × Temp).
(10) Update the best solutions during the iterations:

O (P × P × k × Temp).

As a result, ESSA’s computational complexity:

O ESSAð Þ ¼ kþ 3ð Þ P × Nð Þ þ kþ 2ð Þ P × E × Nð Þ
þ 2 × P × Nð Þ P × k × Tempð Þ:

ð23Þ

The computational complexity of ESO is lower compared
to ESSA. This results in an additional cost for ESSA. How-
ever, ESSA’s ability to reach the global optimum can partially
tolerate this situation.

3.3.3. Space Complexity. The storage space occupied by the
algorithm during its operation is the space complexity. The
size and dimension of the population determine the space
complexity. In ESO and ESSA algorithms, the fundamental
space complexity is O (P × N). The space complexity of ESO
and ESSA is the same.

3.4. Advantages of the ESSA Algorithm. The advantages of
ESSA are as follows:

(1) ESSA combines the ability of the SA algorithm to
escape local exploitation in the problem space with
the repulsion of other individuals in the population.
This prevents it from falling into a local optimum.
On the other hand, ESO tends to fall into local
optima.

(2) In ESSA, to reach the correct solution, the algorithm
coefficients are updated at each iteration with a PID-
based system, increasing the search range. As a result,
global exploration capability is enhanced.

(3) While ESSA uses a single parameter to balance explo-
ration and exploitation, ESO employs two distinct
parameters, Re and Ac. The Re parameter controls

1. Input: N → Number of nucleus, E → Number of
electrons, MaxIteration → Maximum number of iterations,
TempFactor → Cooling coefficient, T0 → Initialize
temp, FinalTemp –> Final temp

2. Output: Solution Nbest

3. for 1 to N do

4. Generate nucleus N,

5. Calculate the fitness value of N,

6. Nbest ← best nucleus of N,

7. for 1 to E do

8. Generate electron E around nucleus,

9. Calculate the fitness value of E,

10. Ebest ← best nucleus of E,

11. end for

12. end for

13. While Iteration>MaxIteration do

14. for i= 1 to N

15. Calculate the fitness value of Nnew i½ �,
16. If Nnew i½ �<Nbest then

17. Nbest ← Nnew i½ �,
18. end if

19. for j= 1 to E

20. Calculate the fitness value of Enew j½ �,
21. If Enew j½ �<Ebest then

22. Ebest ← Nnew j½ �,
23. end if

24. end for

25. end for

26. T ← T0

27. While T>FinalTemp do

28. Nk → neighbor Nð Þ;
29. Δ← f Nkð Þ− f Nbestð Þ;
30. prob← e−

Δ
T

� �
;

31. If Δ<0

32. Nbest ← Nk,

33. else

34. If random 0;ð 1Þ ≤ prob then

35. Nbest ← Nk,

36. end if

37. end if

38. T ¼ TempFactor×T ,

39. end While

40. Iteration ¼ Iterationþ 1,

41. end While

Algorithm 2: The procedure code of the proposed hybrid ESSA
algorithm.
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Start

Input: number of nucleus (N) and
electrons (E), TempFactor, T0, FinalTemp

Generate nucleus

Create electrons
around the nuclei 

Calculate the fitness of the
nuclei and electrons 

Set Nbest and Ebest fitness
value = min,

Update the position of nucleus

Nnew < NbestNbest = Nnew

No

T = T0

T > FinalTemp

Yes

Generate neighbourhood solution
(Nk)

Δ = fitness (Nk) – fitness(Nbest)
prob = (exp(-Δ/T)

Generate random number (r)

prob ≥ r

Nbest = Nk

Is the stopping
criteria satisfied?

Yes

End

No
Update

convergence
coefficients

T = TempFactor∗T
(cooling process)

Δ < 0No

Yes

Yes

Simulated
annealing

FIGURE 3: Flow diagram of the proposed ESSA algorithm.
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local exploitation, while the Ac parameter is used for
global exploration.

(4) Although ESSA lags other algorithms the average
time for solving unimodal functions, it performs
almost at the same level in multimodal functions.

4. Results and Discussion

4.1. Experimental Setup and Evaluation Criteria. All algo-
rithms were executed on a computer equipped with Win-
dows 10, an Intel® Core™ Duo E8400 CPU @2.0GHz, and
6GB of RAM. The Matlab programing language was used.
The performance evaluation was conducted using five crite-
ria: best value, mean, standard deviation (std), ranking, and
average time. Further information about these criteria can be
found in the study of Daradkeh et al. [66], Liang et al. [67],
and Karami and Dariane [68].

(1) Best value: the optimal solution discovered by an
optimization algorithm.

(2) Mean: the average performance of an optimization
algorithm across multiple runs.

(3) Standard deviation: a measure of the variability in
optimization algorithm performance across multiple
runs.

(4) Ranking: a relative measure comparing the perfor-
mance of various optimization algorithms.

(5) Average time: the average computational time needed
for an optimization algorithm to solve a problem.

4.2. Parameter Setting and Benchmark Functions. To evaluate
the performance of ESSA in addressing global optimization
problems, it was compared to 15 fundamental metaheuristic
algorithms, including ABC, PSO, ASO, GA, ESO, GWO,
GTO, FFA, AVOA, and MGO. The latter four have recently
been proposed as high-performance algorithms. All algo-
rithms were implemented using the parameters reported in
the literature, as shown in Table 1. The parameters specific to
the ESSA algorithm are detailed in Section 3. Table 2 provides
information on benchmark test functions for performance

analysis, categorizing them into unimodal (F1–F10) and mul-
timodal (F11–F15) functions. Each algorithmwas executed 20
times, and for every run, the best value, mean, standard devi-
ation, ranking, and average time were calculated.

4.3. The Results of Benchmark Functions. Experiments were
conducted on 15 benchmark functions with dimensions of
100, 500, and 1,000 and a population size of 20. The results of
these experiments are presented in Tables 3–5.

Table 3 displays the results of functions with a dimension
of 100. Among these functions, 10 are unimodal (F1–F10),
and five are multimodal (F11–F15). For ESSA, the mean and
standard deviation values are zero on F1–F5, F7, F9–F10, and
F12–F14. Although it does not find the globally optimum
value on F6, F11, and F15, ESSA has the closest average
and standard deviation values. On the F8 function, the
MGO algorithm is the closest to the global optimum point.
According to the Friedman test in Table 3, ESSA ranks first
in Ave-rank and in total overall rank.

Tables 4 and 5 display the results of analyzing unimodal
and multimodal functions with dimensions of 500 and 1,000,
respectively. Based on the Friedman test results, ESSA ranks
first in Ave-rank values for both unimodal and multimodal
functions. Furthermore, it ranks first when considering the
functions overall. Despite the increase in dimensions, ESSA
performs global exploration without getting trapped in local
exploitation. Thus, these analyses indicate that ESSA’s per-
formance is superior to that of other algorithms. Figure 4
displays Ave-rank values of 100, 500, and 1,000-dimensional
functions for each algorithm.

4.4. Wilcoxon Signed-Rank Test. The Wilcoxon signed-rank
test is a nonparametric statistical test used to evaluate com-
parisons between dependent paired samples. As it operates
independently of whether the sample data conforms to a
normal distribution, it holds a significant position among non-
parametric tests. The Wilcoxon signed-ank test is particularly
used to test the median difference between two dependent
samples, which is useful in cases of repeated measurements
or paired observations in the data set [69]. The application of
this test involves ranking the signed differences, ordering them
according to their absolute values, and then summing while
preserving the signs. The test statistic is based on the difference

TABLE 1: Algorithm parameters.

Algorithm Name of the parameter Value of the parameter

ESSA kp, ki; kd
h (First time random number)

[44, 2.2, 4[
[0, 1]

ESO
Rei and Aci (algorithm coefficients)

(random numbers)
[0, 1]

PSO C1 and C2 (personel and social constants)
w (Inertia weight)

2, 2
0.8

GWO a (Area vector) [0, 2]
ASO Alpha (depth)

Beta (multiplier weight)
50
0.2

GA pmutation (Mutation probability)
pcross (Crossover probability)

0.5
0.95

ESSA, electro search simulated annealing.

8 Applied Bionics and Biomechanics
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between positive and negative ranked sums, and this statistic is
compared with an appropriate reference distribution [70].

Tables 6 and 7 display the comparisons between ESSA
and other algorithms (ABC, ASO, AVOA, ESO, FFA, GA,
GTO, GWO, MGO, and PSO). For each comparison, the
p-values and the h-values representing the outcome of the
comparisons are provided. Here, all p-values are found to
be extremely low and significant (p<0:05). Therefore, it
can be concluded that ESSA is statistically significantly
different from all other methods. Moreover, the h result
value is indicated as “1” for all comparisons, which
demonstrates the superiority of ESSA compared to each
method.

4.5. Average Execution Time on Benchmark Functions. The
convergence speed of ESSA can be evaluated by considering
the average execution time. In Tables 3–5, the average time
for one iteration is indicated as Ave-time. Three functions of
different dimensions have been selected from both unimodal
and multimodal functions. The success criterion has been
considered in the selection of these functions. The iteration
at which the algorithms reached the global optimum point,
and the elapsed time are provided in Table 8. Thus, by cal-
culating the total times of the algorithms, information about
their convergence speeds has been obtained. According to
the calculations, although ESSA lags in unimodal functions
in terms of time, it demonstrates good performance in mul-
timodal functions.

5. Application to Engineering Design Problems

5.1. Kinematic Analysis. The mathematical expression repre-
senting the structure of a robot manipulator is referred to as
kinematic analysis. Two methods are commonly employed
in developing this mathematical expression trigonometry
and Denavit–Hartenberg (DH) [71]. In this study, the DH
method is utilized. The DH method defines the position of
each connection point relative to the previous one using four
parameters: joint length (ti), joint offset (di), joint angle (θi),
and joint twist (αi) [72]. The DH parameters for the 7-DOF
robot manipulator in this study are provided in Table 9. The
transformation matrix can be derived from Equation (24)
[73]. The transformation matrices obtained using the DH
parameters are presented in Equations (25–31).

Ai ¼
cos θi −sin θi ⋅ cos αi sin θi ⋅ cos αi ti ⋅ cos θi
sin θi cos θi ⋅ cos αi −cos θi ⋅ sin αi ti ⋅ sin θi
0 sin αi cos αi di
0 0 0 1

;

ð24Þ

A1 ¼
cos θ1 0 −sin θ1 t1 ⋅ cos θ1
sin θ1 0 cos θ1 t1 ⋅ sin θ1
0 −1 0 d1
0 0 0 1

; ð25Þ

TABLE 2: Benchmark functions.

No Name Function Optima Range

F1 Sphere f xð Þ ¼ ∑n
i¼1x

2
i 0 [−100, 100]

F2 Schwefel 2.22 f xð Þ ¼ ∑n
i¼1jxij þ∏n

i¼1jxij 0 [−10, 10]

F3 Schwefel 1.2 f xð Þ ¼ ∑n
i¼1 ∑i

j¼1xj
� �

2 0 [−100, 100]

F4 Schwefel 2.21 f xð Þ ¼ max jxij;f 1 ≤ i ≤ ng 0 [−100, 100]
F5 Sum square f xð Þ ¼ ∑n

i¼1ix
2
i 0 [−5.12, 5.12]

F6 Step f xð Þ ¼ ∑n
i¼1 xi þ 0:5ð Þ2 0 [−100, 100]

F7 Quartic f xð Þ ¼ ∑n
i¼1ix

4
i 0 [−1.28, 1.28]

F8 Rosenbrock f xð Þ ¼ ∑n−1
i¼1 100 xiþ1 − x2ið Þ2 þ½ xi − 1ð Þ2� 0 [−30, 30]

F9 Powell
f xð Þ ¼ ∑n=k

i¼1 x 4i−3ð Þ þ 10x 4i−2ð Þ
À Á

2 þ
5 x 4i−1ð Þ þ x4i
À Á

2 þ x 4i−2ð Þ þ x 4i−1ð Þ
À Á

4 þ
10 x 4i−3ð Þ þ x4i
À Á

4

0 [−4, 5]

F10 Chung Reynold f xð Þ ¼ ∑n
i¼1 xi2ð Þ2 0 [−100, 100]

F11 Ackley
f xð Þ ¼ − a ∗ exp −ð b

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
d∑

d
i¼1xi

2
q

Þ−
exp 1=d ∑d

i¼1 cos cxið ÞÀ Áþ aþ exp 1ð Þ
0 [−32.768, 32.768]

F12 Griewank
f xð Þ ¼ 1=4000∑n

i¼1x
2
i −

∏n
i¼1cos xi=

ffiffi
i

p þ 1
0 [−600, 600]

F13 Salomons
f xð Þ ¼ 1− cos 2π

ffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i¼1x
2
i

p� �
þ

0:1
ffiffiffiffiffiffiffiffiffiffiffiffiffi
∑n

i¼1x
2
i

p 0 [−100, 100]

F14 Rastrigin f xð Þ ¼ ∑n
i¼1x

2
i − 10 cos 2πxið Þþ 10 0 [−5.12, 5.12]

F15 Alpine f xð Þ ¼ ∑n
i¼1jxi sin xið Þþ 0:1xij 0 [−10, 10]
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TABLE 6: Wilcoxon signed-rank test for unimodal functions.

N= 100 N= 500 N= 1,000

P h P h P h

ESSA vs. ABC 6.2553E−217 1 1.4861E−217 1 9.2058E−218 1
ESSA vs. ASO 3.3089E−165 1 3.1224E−165 1 3.0527E−165 1
ESSA vs. AVOA 1.598E−73 1 1.3309E−76 1 3.8484E−83 1
ESSA vs. ESO 1.4314E−212 1 1.3828E−213 1 8.3096E−214 1
ESSA vs. FFA 3.2960E−165 1 1.2849E−165 1 2.7260E−165 1
ESSA vs. GA 3.3259E−165 1 3.3259E−165 1 3.3359E−165 1
ESSA vs. GTO 9.1319E−103 1 3.256E−103 1 4.6752E−103 1
ESSA vs. GWO 3.3257E−165 1 3.3256E−165 1 5.1466E−164 1
ESSA vs. MGO 4.7508E−160 1 6.6542E−164 1 6.6539E−164 1
ESSA vs. PSO 1.5775E−131 1 2.7426E−165 1 1.7686E−165 1

ESSA, electro search simulated annealing.

TABLE 7: Wilcoxon signed-rank test for multimodal functions.

N= 100 N= 500 N= 1,000

P h P h P h

ESSA vs. ABC 3.9932E−189 1 2.6615E−215 1 6.6113E−216 1
ESSA vs. ASO 2.0103E−164 1 3.2634E−165 1 3.2046E−165 1
ESSA vs. AVOA 6.1778E−164 1 3.1057E−165 1 3.2157E−165 1
ESSA vs. ESO 6.6742E−215 1 1.6618E−214 1 5.9527E−213 1
ESSA vs. FFA 2.6130E−165 1 3.3259E−165 1 5.0938E−168 1
ESSA vs. GA 3.3359E\−165 1 3.4255E−165 1 3.3359E−165 1
ESSA vs. GTO 1.5072E−149 1 2.4336E−149 1 4.6495E−149 1
ESSA vs. GWO 5.2086E−164 1 3.3258E−165 1 3.3234E−165 1
ESSA vs. MGO 4.3870E−160 1 4.5712E−165 1 6.6550E−164 1
ESSA vs. PSO 1.9779E−165 1 1.9638E−165 1 1.3583E−165 1

ESSA, electro search simulated annealing.
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A2 ¼
cos θ2 0 sin θ2 t2 ⋅ cos θ2
sin θ2 0 −cos θ2 t2 ⋅ sin θ2
0 1 0 d2
0 0 0 1

; ð26Þ

A3 ¼
cos θ3 0 −sin θ3 t3 ⋅ cos θ3
sin θ3 0 cos θ3 t3 ⋅ sin θ3
0 −1 0 d3
0 0 0 1

; ð27Þ

A4 ¼
cos θ4 0 sin θ4 t4 ⋅ cos θ4
sin θ4 0 −cos θ4 t4 ⋅ sin θ4
0 1 0 d4
0 0 0 1

; ð28Þ

A5 ¼
cos θ5 0 −sin θ5 t5 ⋅ cos θ5
sin θ5 0 cos θ5 t5 ⋅ sin θ5
0 −1 0 d5
0 0 0 1

; ð29Þ

TABLE 8: Total execution time.

Iteration (i) Ave-time (t) (s) Total time (i× t) (s) N

F4
PSO 395 3,39E− 04 1,34E− 01

100
ESSA 468 6,10E− 03 2,85E + 00

F7
AVOA 239 6,63E− 04 1,58E− 01

500
ESSA 118 1,66E− 02 1,96E + 00

F10
AVOA 255 3,42E− 04 8,72E− 02

1,000ESSA 203 9,41E− 03 1,91E + 00
GTO 400 5,62E− 04 2,25E− 01

F12

AVOA 35 5,18E− 04 1,81E− 02

100

ESSA 25 1,21E− 03 3,03E− 02
GWO 394 6,77E− 04 2,67E− 01
GTO 82 4,18E− 04 3,43E− 02
MGO 65 2,27E− 03 1,48E− 01
PSO 258 3,80E− 04 9,80E− 02

F13

AVOA 291 1,54E− 03 4,48E− 01

500
ESSA 233 1,57E− 02 3,66E− 01
GWO 370 1,61E− 03 5,96E− 01
MGO 233 6,20E− 03 1,44E + 00
PSO 9 9,52E− 04 8,57E− 03

F14

AVOA 49 1,76E− 03 8,62E− 02

1,000
ESSA 165 2,51E− 02 4,14E + 00
GTO 52 2,86E− 03 1,49E− 01
MGO 174 9,49E− 03 1,65E + 00

ESSA, electro search simulated annealing.

TABLE 9: D-H Parameters for manipulator [49].

i ti αi di θi (range of variable)

1 0.50 −90 0 −180–180
2 0.20 90 0 −90–30
3 0.25 −90 0 −90–120
4 0.30 90 0 −90–90
5 0.20 −90 0 −90–90
6 0.20 0 0 −90–90
7 0.10 0 0.05 −30–90

20 Applied Bionics and Biomechanics
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A6 ¼
cos θ6 −sin θ6 0 t6 ⋅ cos θ6
sin θ6 cos θ6 0 t6 ⋅ sin θ6
0 0 1 d6
0 0 0 1

; ð30Þ

A7 ¼
cos θ7 −sin θ7 0 t7 ⋅ cos θ7
sin θ7 cos θ7 0 t7 ⋅ sin θ7
0 0 1 d7
0 0 0 1

: ð31Þ

The 7-DOF serial manipulator is shown in Figure 5. In
the forward kinematic analysis of the 7-DOF serial manipu-
lator, the position of the end effector is determined using
Equations (32) and (33) [73].

0
7T ¼ A1:A2:A3:A4:A5:A6:A7; ð32Þ

0
7T ¼

nx sx ax Px
ny sy ay Py
nz sz az Pz
0 0 0 1

; ð33Þ

nx; ny; nz is the average vector, sx; sy; sz is the orientation
vector, ax; ay; az is the approximate vector, and Px; Py; Pz is
the vector giving the end effector position.

5.2. Determination of Objective Function. For the 7-DOF
serial robot manipulator, an objective function is needed to
identify the end effector’s location. The objective function is
the function that defines the position errors concerning the
locations Px, Py, and Pz derived from the forward kinematic
analysis. The position errors are the differences between the
position obtained due to the seven determined joint angles
and the determined position of the end effector. The amount
of error is calculated as the root-mean-square error (RMSE)
(Equation 34) [74]. As the error rate approaches zero, the

end effector of the robot manipulator gets closer to the target
position. The proposed ESSA hybrid algorithm estimates
joint angles approximating the determined position target.

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n
∑
n

i¼1
e2i

r
; ð34Þ

e ¼ Pı
j − Pjj 2 x; y; z; ð35Þ

n is the number of arms, e is the error, Pı is the target posi-
tion, and P is the current position.

5.3. 7-DOF Robotic Manipulator Performance. The inverse
kinematic problem of a 7-DOF robot manipulator was used
to evaluate the proposed hybrid ESSA algorithm’s perfor-
mance. For the solution to the problem, three different target
positions were determined. The first target is [−20, 90, 3], the
second target is [25, 30, 40], and the last target is [−53, 80,
92]. To reach the specified targets, the manipulators must
have certain joint angles. Calculating these angles using
metaheuristic algorithms is one of the preferred methods.
For this, random angles are initially selected. Then, by solv-
ing the inverse kinematic problems, the fitness values are
calculated. Thus, the joint angles of the manipulators are
found. In this process, the algorithms’ computation times,
location errors, and standard deviations were calculated.
Eight metaheuristic algorithms were used to compare these
calculations. These are the PSO, GWO, GA, ESO, ESSA,
ASO, ANT, and ABC algorithms. In all algorithms, the pop-
ulation size was set to 20, and the maximum number of
iterations was set to 300. The algorithms were run separately
20 times under the same conditions. The objective is to eval-
uate whether the end effector correctly reaches the deter-
mined position. Table 10 shows the angles (θ

∘

1 − θ
∘

7), the
position of the end effector (Px, Py, Pz), and position errors
concerning the target points.

In Table 10, the number of iterations that the algorithms
reached the first target location, the average processing times
per iteration, and total processing times are provided.

t3

t2

t4

t5

t6

t7d7

t1

θ1

θ2

θ3

θ4

θ5

θ6

θ7

FIGURE 5: 7-DOH serial robotic manipulator.
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According to the total processing times obtained, the three
fastest algorithms were PSO, ASO, and ESSA, respectively.
The ESSA algorithm can be said to have superior perfor-
mance as it provides full access to the target location, and
its calculation time is comparable to the other two algo-
rithms. The comparison of the total computation time of
the algorithms is given in Figure 6.

When Table 11 is analyzed, it is observed that the pro-
posed ESSA algorithm reaches all three given targets for the
end effector position with zero error. On the other hand, the
ASO has a minor location error following the ESSA algo-
rithm. Table 12 shows the average time it took the algorithms
one iteration to reach the target position and their standard
deviation.

The fact that the standard deviations of the algorithms
are minor within the three determined locations indicates the
algorithms’ ability to solve problems. Although the PSO
algorithm reached the result in the shortest time, it was
observed that the error rate was higher than the proposed
ESSA algorithm. When we look at the ESSA algorithm, it can
solve the problem in the same average time as the other
metaheuristic algorithms.

Iteration-dependent third target error (−53, 80, and 92)
is shown in Figure 7. The error amounts are given in centi-
meter. When the graph is analyzed, it is observed that the
error amount of the ESSA algorithm approaches zero over
time and becomes zero. The ASO algorithm was the second

algorithm that could calculate the closest position with an
error of 2.4469E−14 cm.

Figure 8 demonstrates the positions of the algorithms at
the specified target after 300 iterations. The ESSA algorithm
is the only one capable of reaching the specified positions of
30, 40, and 35 in the second target with zero error. Subse-
quently, the ASO and PSO algorithms were the ones that
approached this position with the least error.

6. Conclusions and Future Work

To help eliminate local optima and further increase solution
accuracy compared to ESO, a new hybrid algorithm proposal
has been presented. ESSA has been compared with 10 meta-
heuristic algorithms. Numerical data shows that ESSA has
high-solution accuracy for many unimodal and multimodal
functions, proving the proposed ESSA to be effective in
global optimization problems. The Friedman test reveals
that ESSA has the highest Ave-rank value in global optimi-
zation problems, while the Wilcoxon signed-rank test indi-
cates that ESSA’s performance is different from other
algorithms at a 5% significance level. Moreover, ESSA is
also capable of balancing exploration and exploitation. In
unimodal functions, ESSA’s hybrid structure increases the
execution time. However, it completes multimodal functions
in the same time frames as others. Complex global optimiza-
tion problems have been solved using 100, 500, and 1,000-

TABLE 10: Number of iterations to reach the first target position and total processing time.

Algorithms Ave-time (t) (s) Iteration (i) Total time (i× t) (s)

PSO 1.00E− 03 265 2.65E− 01
GWO 8.83E− 03 300 2.65E + 00
GA 4.85E− 01 300 7.28E + 00
ESO 4.70E− 03 297 1.40E + 00
ESSA 5.90E− 03 201 1.19E + 00
ASO 1.40E− 03 294 4.12E− 01
ANT 3.60E− 03 296 1.07E + 00
ABC 1.70E− 02 288 4.90E + 00

ESSA, electro search simulated annealing.

0.00E + 00

2.00E + 00

4.00E + 00

6.00E + 00

8.00E + 00

1.00E + 01

1.20E + 01

PSO GWO GA ESO ESSA ASO ANT ABC

Total time

FIGURE 6: The execution time of the algorithms to reach the first target position.
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FIGURE 7: Iteration-dependent third target position error.

TABLE 12: Computation one iteration average time and standard deviation of algorithms.

Algorithms 1. Target position [−20, 90, 3] 2. Target position [25, 30, 40] 3. Target position [53, 80, 92]

PSO Time (s) 1.00E−03 1.14E−03 1.18E03
Deviation 4.54E−02 4.40E−02 4.40E02

GWO Time (s) 8.83E−03 8.71E−03 8.84E−03
Deviation 2.50E−04 1.50E−04 4.40E04

GA Time (s) 4.85E−01 4.85E01 4.95E−01
Deviation 8.14E−02 8.13E02 4.78E−02

ESO Time (s) 4.70E−03 4.60E03 4.80E−03
Deviation 7.20E02 4.63E02 6.56E−02

ESSA Time (s) 5.90E−03 8.75E03 8.74E−03
Deviation 3.63E02 4.95E02 5.01E−02

ASO Time (s) 1.40E−03 2.30E03 2.30E−03
Deviation 4.76E02 4.39E02 4.61E−02

ANT Time (s) 3.60E−03 2.51E03 3.30E−03
Deviation 9.00E−03 3.06E02 2.40E−02

ABC Time (s) 1.70E02 2.70E−03 3.03E−03
Deviation 5.45E−02 2.05E−03 4.35E−02

ESSA, electro search simulated annealing.
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FIGURE 8: The locations of the algorithms for the second target.
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dimensional unimodal and multimodal functions to analyze
their performance. Numerical results show that ESSA has the
highest Ave-rank value. Finally, the inverse kinematic analy-
sis of a 7-DOF free manipulator has been performed using
metaheuristic algorithms. Experimental results demonstrate
that ESSA can solve engineering problems efficiently and
error free.

In this paper, we make the following contributions:

(1) ESSA uses the strategy of pushing individuals to
escape local optima by utilizing the SA algorithm,
thus reaching global exploration and achieving solu-
tion accuracy.

(2) ESSA effectively solves multidimensional problems.
(3) In medical applications, where a very low-error rate

is required, ESSA can reach a complete solution. This
demonstrates its highly competitive structure.

However, ESSA is unable to solve global optimization
problems in a very short time. The time factor increases
when balancing exploration and exploitation. Therefore, in
future work, we will continue to improve this capability. We
will also apply ESSA to areas such as image analysis and
optimizing network coefficients in artificial neural networks.
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