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Abstract 

In this paper, a hybrid population-based, bio-inspired metaheuristic is applied to solve the PID controller parameter 
tuning problem. The applied algorithm, denoted by CSASOS, is a multi-population metaheuristic that combines good 
characteristics of the Crow Search Algorithm (CSA) and the Symbiotic Organisms Search (SOS). In CSASOS, one 
subpopulation follows the search rules of the CSA algorithm and is responsible for finding promising regions in the 
search space. The second subpopulation follows the search rules of the SOS algorithm and is responsible for 
performing a refined search in the promising regions to find the best solution for the optimization problem under 
consideration. Numerical experiments are carried out in order to compare the performance of CSASOS with the 
performance of the stand-alone versions of both CSA and SOS in the solution of a PDI controller parameter tuning 
problem, which is a common problem that appears in many industrial applications. The results show that CSASOS 
presented a better performance in comparison with the competing algorithms. 

Keywords 
Metaheuristic, multi-population, hybrid algorithms, symbiotic organisms search, crow search algorithm, PID 
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1. Introduction
Bio-inspired metaheuristics have become popular in the last decades due to their ability to find close-to-optimal 
solutions for complex optimization problems in a reasonable amount of time. These algorithms have been successfully 
applied to solve a wide range of optimization problems that commonly appear in different industry sectors (Slowik 
and Kwasnicka 2018). Several bio-inspired algorithms have been proposed such as Particle Swarm Optimization 
(PSO) (Kennedy and Eberhart  995), Ant Colony Optimization (Dorigo et al. 1996), Genetic Algorithms (GA) 
(Holland  1992), Differential Evolution (DE) (Storn and Price  1997), and Grey Wolf Optimizer (GWO) (Mirjalili et 
al.  2014), among many others. However, despite the large number of bio-inspired algorithms available in the 
literature, the development of new algorithms and improved versions of the existing ones is still a relevant research 
topic. Another relevant research topic is the development of hybrid metaheuristics that use characteristics of different 
existing algorithms to build new metaheuristics with better performance. It has been reported that hybrid algorithms 
developed from proper combinations of basic metaheuristics may result in more efficient and accurate algorithms 
(Blum and Roli  2008). 

Different hybrid algorithms that combine two or more existing metaheuristics are available in the literature. For 
instance, Singh and Singh (2017) proposed a hybrid algorithm that uses the intensification capability of PSO and the 
diversification capability of GWO. An inertia constant is applied to control the equilibrium between diversification 
and intensification. They conducted experiments using several benchmark functions and observed that their algorithm 
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presented a better performance in terms of both convergence speed and solution quality in comparison with the stand-
alone versions of PSO and GWO. 
 
Recently, Al-Tashi et al. (2019) proposed a binary version of the hybrid algorithm presented in Singh and Singh 
(2017). In this binary version, a new position update rule was proposed. This new rule uses a sigmoid function to adapt 
the original algorithm to solve binary problems. The algorithm outperformed state-of-the-art methods in the solution 
of feature selection problems. 
 
Hybrid algorithms that combine characteristics of different metaheuristics may use a single population or a multi-
population strategy. In a single population strategy, the search agents are considered as one unique population and a 
selection mechanism is used to select one of the basic metaheuristics to guide the search process during each phase of 
the algorithm. One example of a single population hybrid metaheuristic was proposed by Yue et al. (2020). In a multi-
population strategy, however, the search agents are divided into a set of subpopulations. Each subpopulation evolves 
following the rules of one basic metaheuristic. Examples of multi-population strategies for hybrid metaheuristics can 
be found in Ma et al. (2019), Ma et al. (2020), and Rodrigues (2022). 
 
In this context, the objective of this paper is to apply and evaluate the performance of a hybrid metaheuristic in the 
solution of the adaptive PID controller parameter tuning, which is a complex optimization problem that appears in 
several industry sectors. The hybrid metaheuristic considered in this paper, which is denoted by CSASOS and was 
originally proposed by Rodrigues (2022), is a multi-population, bio-inspired metaheuristic that combines the 
diversification capability of the Crow Search Algorithm (CSA) and the intensification capability of the Symbiotic 
Organisms Search (SOS). The hybridization between CSA and SOS is a promising combination due to the exploration 
and exploitation characteristics of the stand-alone versions of the basic algorithms. The CSASOS was successfully 
applied in the solution of a load-sharing optimization problem in a gas compressor station, which is also a complex 
optimization problem with real applications. Numerical experiments will be conducted with the stand-alone version 
of both CSA and SOS, in order to evaluate the benefits of combining the good characteristics of existing metaheuristics 
in the development of a hybrid algorithm. 
 
The remaining sections of this paper are organized as follows. Section 2 introduces the PID controller parameter tuning 
problem. Section 3 presents a brief overview of CSA, SOS, and the hybrid CSASOS algorithm. Section 4 shows the 
results obtained in a numerical case study carried out to compare the performance of the CSASOS with the 
performance of the stand-alone versions of CSA and SOS. Concluding remarks and opportunities for future research 
are discussed in section 5. 
 
2. PID Controller Parameter Tuning Problem 
Proportional-Integral-Derivative (PID) controllers have been extensively used in a wide range of industrial 
applications due to their simplicity (Roeva and Slavov  2012). In order to enhance the performance of PID controllers 
in comparison with the use of fixed gains, nonlinear techniques such as sliding mode control (Kuo and Huang  2005) 
and adaptive control (Puchta et al.  2020) can be applied. The control signal of a standard PID controller, denoted by 

)(eu , is computed according to Equation (1). 
 

dt
deKdtteKeKeu D

t

IP ++= ∫0 )()(                                                         (1) 

 
where PK is the proportional gain, IK is the integral gain, DK is the derivative gain, and e is the error between the 
reference value and the system output. 
 
In order to improve the performance of standard PID controllers, adaptive gains based on Gaussian functions can be 
adopted to replace the fixed gains PK , IK , and DK . Gaussian functions are smooth and have smooth derivatives, 
which are characteristics that avoid instability issues caused by abrupt changes in the control signal. The use of 
Gaussian functions for adaptive PID controllers has been previously discussed in Puchta et al. (2020) and Lucas et al. 
(2015). 
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The gains of the adaptive PID controller change according to the error based on a Gaussian function. A basic 
configuration of an adaptive PID controller is presented in Figure 1. The control signal of the controller, )(eu , is 
computed according to Equation (2). 
 
 

 
 

Figure 1. Configuration of an adaptive PID controller (adapted from Puchta et al. (2020)) 
 

dt
defdttefefeu D

t

IP ++= ∫0 )()(                                                           (2) 

 
where Pf , If , and Df are the functions that replace the fixed gains and define the adaptive gains, computed 
according to Equations (3), (4), and (5), respectively. 
 

( )2exp)()( eqLBUBLBef PPPPP ⋅−⋅−+=                                                  (3) 

( )2exp)()( eqLBUBLBef IIIII ⋅−⋅−+=                                                    (4) 

( )2exp)()( eqLBUBLBef DDDDD ⋅−⋅−+=                                                  (5) 
 
where PUB  and PLB are the upper and the lower bounds for the proportional gain function Pf ; IUB and ILB  are 

the upper and the lower bounds for the integral gain function If ; DUB  and DLB  are the upper and the lower bounds 

for the derivative gain function Df ; and Pq , Iq , and Dq  are the parameters that define the concavity openness of 

the curves for Pf , If , and Df , respectively. 
 
The design of the adaptive PID controller consists in defining the values of UB , LB , and q  for the gain functions 

Pf , If , and Df , resulting in a total of nine parameters. In order to reduce the number of parameters to be defined 
from 9 to 6, the simplified model defined by Equations (6) to (8) can be adopted. 
 

PPPPPP xKUBxKLB ⋅== ;                                                             (6) 

IIIIII xKUBxKLB ⋅== ;                                                               (7) 

DDDDDD xKUBxKLB ⋅== ;                                                             (8) 
 
where PK , IK , and DK  are the fixed gains obtained from a standard PID controller; and Px , Ix , and Dx  are 
parameters of the adaptive PID controller that must be defined. 
 
In order to find the best set of parameters for the adaptive PID controller, a performance indicator must be chosen to 
quantify the quality of each candidate solution. In this paper, the ITAE (Integral Time Absolute Error) is adopted as 
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the performance indicator since it has been recommended as the most suitable performance indicator for the adaptive 
PID controller design problem (Jagatheesan and Anand, 2012). The ITAE can be computed according to Equation (9). 
 

∫
∞
⋅=

0
)( dttetITAE                                                                      (9) 

 
3. Theoretical Background 
This section presents a brief description of the Crow Search Algorithm (CSA), the Symbiotic Organism Search (SOS) 
algorithm, and the hybrid CSASOS algorithm. These algorithms are applied in this paper to solve the PID controller 
parameter tuning problem. 
 
3.1 Crow Search Algorithm 
The Crow Search Algorithm (CSA) is a population-based, bio-inspired metaheuristic that emulates the behavior of 
crows. It is inspired by the ability of crows to hide and remember the location of the extra food. In addition, it simulates 
the ability of crows to protect their food from being stolen by other crows (Askarzadeh  2016). 
 
The CSA algorithm considers a flock of n  crows. In CSA, the i-th crow is represented by a d-dimensional vector ix
, and has an associated d-dimensional vector im  that represents the best location visited by the crow during the 
execution of the algorithm. The awareness probability, denoted by AP, is used to define whether the j-th crow notices 
that it is being followed by another crow. The position of the i-th crow in each iteration of the algorithm is updated 
according to Equation (10). 
 

( )
( )


 ≥−⋅+

=
otherwiseUBLBrand

APrr
d

iji
i ;,

;* xmx
x                                                      (10) 

 
where ix  represents the original position of the crow, *

ix  is the updated position, r  is a random variable chosen from 

a uniform distribution between 0 and 1, jm  is the best position visited by the crow, drand  is a random d-

dimensional vector, LB  is a vector containing the lower bound for each element of drand , and UB  is a vector 
containing the upper bound for each element of drand . 
 
3.2 Symbiotic Organisms Search 
The Symbiotic Organism Search (SOS) is a population-based, bio-inspired algorithm that simulates symbiotic 
interactions adopted by organisms to survive in an ecosystem (Cheng and Prayogo, 2014). Each iteration of the SOS 
algorithm has three main phases: mutualism, commensalism, and parasitism. 
 
In the mutualism phase, for each organism i , a different organism j  is randomly selected. The solutions associated 

with organisms i  and j , denoted respectively by ix  and jx , are used to generate new candidate solutions for both 
organisms according to Equations (11) and (12). 
 

( ) ( )( )iBESTii BFMrand ×−×+= xxx 1,0*                                                  (11) 

( ) ( )( )jBESTjj BFMrand ×−×+= xxx 1,0*                                                  (12) 
 
where iBF  and jBF  are, respectively, the benefit factors for organisms i  and j computed according to Equations 

(13) and (14), respectively; BESTx  is the current best solution among all the organisms; and M is the Mutual Vector 

between organisms i  and j , computed according to Equation (15). The original candidate solutions ix  and jx are 
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replaced with the new candidate solutions *
ix  and *

jx  whenever the new candidate solutions produce better solutions 
for the optimization problem under consideration. 

))1,0(1( randroundBFi +=   (13) 

))1,0(1( randroundBFj +=  (14) 

( ) 2jiM xx +=  (15) 

In the commensalism phase, for each organism i , a different organism j  is randomly selected. A new candidate 

solution is generated for organism i , according to Equation (16). If the new solution *
ix  is better than ix , then ix  is 

replaced with *
ix . 

( ) ( )jBESTii rand xxxx −×−+= 1,1*  (16) 

In the parasitism phase, for each organism i , a parasite vector is generated by randomly modifying some dimensions 
of organism i . An organism j  is randomly chosen. If the parasite vector has a better solution than organism j , it 
kills organism j  and occupies its position in the ecosystem. 

3.3 Hybrid CSASOS 
This section briefly describes the CSASOS algorithm, which combines the good diversification capability of CSA 
with the good intensification capability of SOS. A more detailed description of the CSASOS algorithm can be found 
in Rodrigues (2022). Figure 2 shows a flowchart of the hybrid CSASOS algorithm. 

Figure 2. Flowchart of the hybrid CSASOS algorithm 

The CSASOS divides the search agents into two subpopulations. One subpopulation follows the search rules of the 
CSA algorithm, while the other subpopulation follows the search rules of the SOS algorithm. In CSASOS, CSA is 
responsible for finding promising regions of the search space. After a predefined number of iterations, denoted by 
migration period (MP), the best solutions in the CSA subpopulation are transferred to the SOS subpopulation, which 
performs a refined search in the promising regions to find the best solution for the optimization problem under 
consideration. In CSASOS, only two phases of SOS are used: the mutualism and the commensalism phases. These 
two phases are responsible for the intensification capability of SOS. The parasitism phase, which is responsible for 
the diversification in SOS, is eliminated in CSASOS because the diversification capability of CSASOS is provided 
by the CSA. 
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The population initialization strategy used by a metaheuristic affects its performance. In CSASOS, the opposition-
based learning strategy is adopted to improve the diversification of the initial CSA subpopulation. The motivation for 
using the opposition-based learning strategy is that a pair composed by a randomly generated solution and its opposite 
has a higher probability to be closer to the optimal solution when compared with a pair composed of two randomly 
generated solutions (Tizhoosh, 2005). In CSASOS, half of the initial solutions of the CSA subpopulation are randomly 
generated, while the remaining initial solutions are the opposite ones. All the initial solutions of the SOS subpopulation 
are randomly generated. 
 
In this paper, the PID controller parameter tuning is considered as a constrained optimization problem, i.e. each 
element of a candidate solution must be in the interval defined by the corresponding lower and upper bounds. 
However, during the execution of the algorithm, candidate solutions that violate these bounds can be generated. In 
order to handle these situations, a bound constraint handling method must be applied to move the values of each 
element of candidate solutions to the corresponding valid interval. Several bound constraint handling methods can be 
found in the literature such as midpoint base, rand base, and resampling, among others (Biedrzycki et al., 2019). In 
CSASOS, the rand base method is used due to its random behavior that increases the diversification capability of the 
algorithm. 
 
Another crucial aspect in multi-population metaheuristics is the mechanism used to guide the communication between 
the different subpopulations. This mechanism is responsible for the information-sharing capability of the algorithm. 
In CSASOS, the two subpopulations communicate with each other after a predefined number of iterations, denoted 
by migration period (MP). At the end of each migration period, the best feasible solutions in the CSA subpopulation 
migrate to the SOS subpopulation. The maximum number of solutions that migrate at the end of each migration period 
is denoted by migration size (MS). Both MP and MS are hyperparameters that must be defined. 
 
In order to improve the search process, the first stage of the search strategy should focus on the exploration capability, 
generating candidate solutions along all regions of the search space. As the execution progress, the exploitation 
capability is intensified to refine the search in the neighborhood for the best solutions (Morales-Castañeda et al., 2020). 
During the earlier iterations of CSASOS, the CSA subpopulation is larger than the SOS subpopulation to provide a 
better diversification capability. During the execution of the algorithm, the migration of solutions decreases the CSA 
subpopulation and increases the SOS subpopulation to enhance the intensification capability of CSASOS. 
 
4. Case Study 
This section presents a case study that illustrates the application of CSASOS in the solution of an adaptive PID 
controller parameter tuning. The performance of CSASOS is compared with the performance of the stand-alone 
versions of CSA and SOS to evaluate the improvements obtained by combining the best characteristics of each 
algorithm. In the PID controller parameter tuning optimization problem considered in this paper, feasible solutions 
are the ones that provide dynamic responses for the controlled system that meet pre-defined response requirements. 
 
4.1 System Description 
The case study consists in designing a PID controller for a speed control loop of a DC motor. Figure 3 presents a 
schematic of the DC motor. The dynamic behavior of the DC motor can be described by the model presented in 
Equations (17) to (20) (Emhemed and Mamat  2012). 
 

 
 

Figure 3. DC motor schematic 

AE
dt
diLRiV ++=                                                                      (17) 
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ωmA KE =                                                                             (18) 

ωω B
dt
dJTm +=                                                                         (19) 

iKT te =                                                                                (20) 
 
where V is the DC motor input voltage, R  is the armature resistance, i  is the armature current, L  is the armature 
inductance, AE  is the back electromotive force, mK  is a motor constant, ω  is the angular speed, mT is the 

mechanical torque, J  is the load moment of inertia, B  is the viscous friction coefficient, eT  is the electrical torque, 

and tK  is the motor electrical torque constant. 
 
Figures 4 and 5 show, respectively, the implementations of a standard PID controller with fixed gains and an adaptive 
PID controller for speed control of the DC motor with a derivative filtering in a Matlab Simulink® environment. 
 

 
 

Figure 4. Implementation of a standard PID controller in a Matlab/Simulink® environment 
 

 
 

Figure 5. Implementation of an adaptive PID controller in a Matlab/Simulink® environment 
4.2 Simulation Data 
Table 1 shows the parameter values used in the simulation of the DC motor. The dynamic behavior of the DC motor 
can be represented by the state-space model presented in Equations (21) and (22). 
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Table 1. Parameter values used in the simulation of the DC motor 

 
Parameter Value Unit 

R  0.50 Ω  

L  0.10 H  

mK  0.25 radsV /⋅  

J  0.40 2mkg ⋅  

B  0.80 radsmN /⋅⋅  

tK  0.12 AmN /⋅  
 

V
i

dtd
dtdi
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The ITAE value for each candidate solution obtained during the execution of each algorithm was computed by 
simulating the step response of the DC motor using the model presented in Figure 5. In order to compute the ITAE 
indicator, the step input was applied for t = 0.5s. The ITAE indicator was computed considering the interval between 
zero and 3s. The saturation block represents the range of input voltages that can be applied to the DC motor and has a 
minimum value of -24V, and a maximum value of +24V. For the derivative filtering, a value of 100 was used for 
parameter N. 
 
As mentioned earlier, besides the control parameters of CSA and SOS, the hybrid CSASOS has two additional control 
parameters: the migration period MP, and the maximum migration size MS. The additional control parameters define 
how the size of the subpopulations will change during the execution of the algorithm. 
 
A stop criterion of 10,000 objective function evaluations was used for all metaheuristics. A total population of 55 was 
used for all the algorithms. For CSA and CSASOS, an awareness probability AP of 0.1 and a flight length FL of 2 
were used. These values were defined based on experimental tests. For the hybrid CSASOS, the initial size of the CSA 
and the SOS subpopulations were 50 and 5, respectively. A migration period MP of 20 and a maximum migration size 
MS of 5 were used. These values were also defined based on experimental tests. 
 
4.3 Simulation Results 
First, a standard PID controller was designed to act as a reference for the simplified model of the adaptive PID 
controller. The design was based on the pole placement method, and the requirements considered were a maximum 
overshoot of 15% and a maximum peak time of 0.5s. The fixed gains obtained are presented in Table 2. 

 
Table 2. Parameter values used in the simulation of the DC motor 

 
Parameter Value 

PK  21.9 

IK  83.1 

DK  2.8 
 
Figure 6 shows a comparison between the step responses obtained with the standard PID controller and with the 
adaptive PID controller. It can be noticed that, although the step response obtained with the standard PID controller 
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meets the design requirements, the use of an adaptive PID controller provides a much better response in terms of 
overshoot and peak time. 
 

 
 

Figure 6. Comparison between the step responses obtained with a standard and an adaptive PID controller 
 

Then, we designed an adaptive PID controller using the proposed CSASOS algorithm. For comparison purposes, we 
also designed adaptive PID controllers using the stand-alone versions of CSA and SOS, which are the basic 
metaheuristics combined in CSASOS. For each algorithm, a Monte Carlo approach with 50 repetitions was conducted. 
Table 3 presents the parameters obtained in the best solution found by each algorithm. In addition, Table 3 shows the 
statistics for the ITAE indicator obtained with each algorithm over all the 50 repetitions. Based on these results, it is 
possible to observe that the hybrid CSASOS outperformed the stand-alone versions of both CSA and SOS in terms of 
the performance indicator ITAE. The CSA algorithm presented the highest average value and the highest standard 
deviation of ITAE. It indicates that CSA has a low exploitation capability in comparison with SOS. CSASOS presented 
the smallest average and the smallest standard deviation for the ITAE indicator, showing its better capacity to solve 
the optimization problem under consideration. 
 

Table 3. Simulation results 
 

Parameter CSA SOS CSASOS 

Px  97.23 99.55 99.59 

ix  3.00 5.40 5.41 

dx  17.62 25.38 26.00 

pq  2.50 0.50 0.51 

iq  8.97 0.50 1.08 

dq  0.52 0.51 0.50 

)10( 4−×ITAE  4.57 ± 0.41 3.97 ± 0.22 3.71 ± 0.14 
 
5. Conclusions 
In this paper, we investigated the benefits of combining the good characteristics of two metaheuristics in the 
development of a hybrid algorithm. In CSASOS, the good diversification capability of CSA and the good 
intensification capability of SOS are used. The CSA subpopulation finds promising regions of the search space while 
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the SOS subpopulation intensifies the search in the promising regions to find the final solution for the optimization 
problem under consideration. 
 
A case study was presented in which the proposed CSASOS is used to define the parameters of an adaptive PID 
controller, which is a problem that appears in many industrial applications. The results showed that the hybrid 
CSASOS outperformed the stand-alone versions of both CSA and SOS in terms of solution quality. The ITAE (Integral 
Time Absolute Error) was used as the indicator to assess the performance of the algorithms. CSASOS presented the 
best average value for the ITAE indicator. It also presented the smallest standard deviation, indicating that it 
consistently finds good solutions. 
 
Future research may extend the scope of this paper by investigating the performance of the hybrid CSASOS in other 
classes of optimization problems such as multi-objective problems and binary problems. Another possible extension 
of the work presented in this paper is to investigate new strategies to guide the communication between the two 
subpopulations. 
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