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Introduction

Traditional PID controllers are widely used in various 
industrial processes. Their popularity stems from their simple 
functionality, high reliability, and broad applicability. PID 
control algorithm is used to control almost all control levers in 
process industries and is the basis of advanced control 
algorithms and strategies. However, industrial applications of 
PID controllers show that parameter tuning is still a 
challenging problem in many applications. Traditionally, this 
problem has been addressed by trial-and-error method. In 
recent years, more systematic methods have been introduced 
[1-4]. Particle Swarm Optimization (PSO) and Genetic 
Algorithm (GA) are frequently used approaches to find the 
optimal PID parameters [5]. Despite the number of methods 
proposed, these methods are not fully systematic and may 
sometimes exhibit poor performance in practice. In recent 
years, metaheuristic approaches have attracted the attention of 

researchers interested in engineering control problems [6]. In 
1997, Bagis introduced an improved Genetic Algorithm (GA) 
method to determine the optimal parameters for PID 
controllers [7]. Puangdownreon and Sujitjorn presented an 
adaptive tabu search procedure based on backtracking and 
additional use of adaptive search trajectory mechanism for the 
optimal PID controller parameters [8]. In order to achieve the 
desired closed-loop system response, DEA based PID tuning 
studies were discussed by Bagis and Savascihabes [9]. In this 
paper, an efficient tuning method is required to find the 
optimal PID parameters. This method is based on the Firefly 
Algorithm (FA). In fact, the Firefly Algorithm (FA) is a new 
meta-heuristic optimization method inspired by the behavior 
of real fireflies. Xin-She Yang from Cambridge University first 
proposed the concept of utilizing cooperative firefly agents for 
optimization problems [10], which was later expanded upon in 
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subsequent studies [11,12]. Recently, it has been adapted to 
solve various design problems. FA has been successfully used 
in permutation flow priority scheduling problems [13], 
clustering problems [14] and mixed variable structure 
optimization [15]. The Ant Algorithm demonstrates excellent 
performance across different application domains. In this 
study, a novel tuning approach is needed to adjust the PID 
controller parameters for various processes.  

The obtained results are compared with the existing 
method Particle Swarm Optimization (PSO) by simulation. 
Simulation experiments show that FA based approach exhibits 
different performance compared to PSO method. In addition, 
there are similar studies comparing PSO and other 
optimization methods, for example, in the study of A. Köybaşı 
and İ . Yazıcı, PSO is compared with grey wolf optimization 
[16]. Firefly Algorithm (FA) is an effective tool in PID 
parameter optimization as a powerful meta-heuristic method 
inspired by nature. There are studies comparing FA with 
traditional methods such as Ziegler-Nichols [17]. In this study, 
the performance of FA is compared with PSO, a modern 
optimization method. 

The paper is composed of sections. Section I, Introduction. 
Section II, presents the formulation of the PID parameter 
tuning problem. Section III, explains the basic features of FA. 
Section IV, explains the implementation of the proposed 
approach. Section V, presents the numerical simulations and 
comparisons. Finally, Section VI, combines the results. 

Mathematical Representation of the 

The block diagram presented in Figure 1 is taken into 
consideration. In this figure, GPID(s) is the controller and GP(s) 
this represents the process to be controlled. In practical 
applications, the output of the PID controller and the transfer 
function (in a parallel structure) are expressed by the following 
equations, respectively [18]: 

𝑢(𝑡) = 𝐾𝑝𝑒(𝑡) + 𝐾𝑖 ∫ 𝑒(𝑡)𝑑𝑡 + 𝐾𝑑
𝑑𝑒

𝑑𝑡
  

 

𝑢(𝑡) = 𝑘𝑝 (𝑡) [𝑒(𝑡) +
1

𝑇𝑖
∫ 𝑒(𝑡)𝑑𝑡 + 𝑇𝑑

𝑑𝑒(𝑡)

𝑑𝑡
]  

 

𝐺𝑃𝐼𝐷(𝑠) = 𝑘𝑝 [1 +
1

𝑇𝑖𝑠
+ 𝑇𝑑𝑠]  

The first equation (1) shows the general formula of the PID 
controller in the time domain. It is the equation used to 
calculate the output (control signal) of the system. 

 

Figure 1: Block diagram of basic PID control system. 

𝑢(𝑡), the control signal, is the signal applied to the input 
of the system. It is the output of the PID controller. 𝐾𝑝, 
proportional gain. This term is used to adjust the control 
signal proportionally to the error signal in the system. The 
larger the error signal, the more 𝑢(𝑡). 𝐾𝑖 , integral gain. This 
term is used to adjust the control signal for error signals that 
accumulate over time. It is used to correct long-term error 
conditions. 𝐾𝑑, derivative gain. This term is used to adjust the 
control signal based on the rate of change (derivative) of the 
error signal. It tries to predict the future behavior of the system 
and reacts to rapid changes. 𝑒(𝑡), the error signal, is the 
difference between the desired (reference) value and the 
current system output.∫ 𝑒 (𝑡)𝑑𝑡, is the integral of the error 
signal. The integral term takes into account the accumulation 

of error over time. 
𝑑𝑒(𝑡)

𝑑𝑡
, is the derivative of the error signal. 

The derivative component considers the error's rate of change 
[19]. 

The third equation (3) shows the transfer function of the 
PID controller expressed by the Laplace transform. This 
formula is used to understand how the PID controller behaves 
in the frequency domain and the overall response of the 
system [20]. 

𝐺𝑃𝐼𝐷(𝑠), the transfer function of the PID controller. It 
expresses the system behavior in terms of the Laplace 

transform. 𝐾𝑝, proportional gain term.
𝐾𝑖

𝑠
, integral term, the s 

term represents the integration operation in the Laplace 
transform. 𝐾𝑑𝑠, derivative term. The s term represents the 
differentiation operation in the Laplace transform [21]. 

For a given system or process, the primary objective of the 
PID tuning problem is to efficiently adjust the PID controller 
parameters to achieve the desired performance with an 
optimal closed-loop time response. To accomplish this, the 
proposed FA-based PID tuning approach is illustrated 
schematically in Figure 2 [21].  

(1) 

(2) 

(3) 
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Figure 2: PID tuning scheme with FA. 

The FA aims to identify these optimal parameter values by 
minimizing a predefined fitness function. In the time domain, 
this fitness function can be formulated using various 
performance metrics, including the absolute error over time, 
rise time, settling time, overshoot, and steady-state error. In 
this study, the following performance function is utilized as 
the fitness function for PID controller design: 

𝐹 = ((1 − 𝑒−𝜌)(𝑂𝑆 + 𝐸𝑠𝑠) + 𝑒−𝜌(𝑡𝑠 + 𝑡𝑟))  

F here represents the fitness function. Fitness function is a 
criterion used to evaluate the performance of the system. Here, 
it forms a total value that measures the performance of the PID 
control system. OS (Overshoot) indicates the amount by which 
the system response exceeds the desired value. That is, it is the 
peak point at which the system responds and returns after a 
certain period of time. 𝐸𝑠𝑠(Steady-State Error), It is the amount 
of error that shows how close the system is to the target value 
in the long run. It is observed when the system is in a stable 
state. 𝑡𝑠(Settling Time), The time it takes for the system 
response to remain within the desired tolerance limits. In 
other words, it refers to the duration required for the system 
response to attain a steady state. 𝑡𝑟(Rise Time), It represents 
the duration required for the system to reach the target value 
for the first time from its initial state. That is, it represents the 
rise time of the system's response. ρ, is a parameter used in this 
formula and is usually used as a weighting factor. It is set to 
determine the degree of importance of the terms used in the 
fitness function. That is, it controls which metrics will be 
evaluated with more importance in terms of system 
performance. 

The Firefly Algorithm is a nature-inspired optimization 
technique that mimics the flashing behavior of fireflies [22]. It 
is built upon three idealized principles derived from the 
natural characteristics of fireflies: (1) All fireflies are identical 
in terms of gender and move toward brighter and more 
attractive fireflies. (2) The attractiveness of a firefly is directly 
proportional to its brightness, which diminishes as the 

distance between fireflies increases. (3) If a firefly does not find 
another one that is brighter or more attractive, it moves 
randomly. In the context of optimization problems, the 
flashing light represents the fitness function, helping to 
achieve optimal solutions efficiently. The primary steps of the 
standard Firefly Algorithm are outlined in the pseudo-code 
shown in Figure 3 [23]. 

 

Figure 3: CFA metaheuristic pseudocode. 

This algorithm employs two main mechanisms for solution 
search: attractiveness and movement, which are defined as 
follows: 

The attractiveness function of a firefly is represented by the 
following monotonically decreasing function: 

𝛽(𝑟) = 𝛽0 𝑒𝑥𝑝(−𝛾𝑟𝑚), 𝑚 ≥ 1 

𝛽(𝑟) Attractiveness at distance r. Indicates how attractive 
the firefly is to other fireflies. Attractiveness decreases as 
distance increases. 𝛽0  Initial attractiveness coefficient. It is the 
attractiveness value when r=0 (i.e. two fireflies are very close to 
each other). 𝛾 Absorption coefficient. A parameter that 
determines how quickly the attraction decreases with distance. 
𝑟 The distance between two fireflies. As this distance increases, 
the attraction decreases. 𝑚 It is a parameter that controls the 

(4) 

(5) 
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effect of distance on attractiveness. 𝑚 ≥ 1 Under the 
condition that the relationship between distance and 
attractiveness is strengthened or weakened. Usually m=1, but 
larger values cause the attractiveness to decrease more rapidly 
with distance.  

This formula shows how the attractiveness level of fireflies 
changes with distance. 𝛽0  initial attraction, 𝛾 ve 𝑚  parameters 
control how quickly the attraction decreases and how it 
changes with distance. 𝑚 ≥ 1 This restriction implies that 
attractiveness is negatively correlated with distance, and that 
attractiveness decreases more rapidly as distance 
increases. 𝑒𝑥𝑝(−𝛾𝑟𝑚) This is an expression that shows that 
attraction decreases exponentially as distance increases. This 
causes the fireflies' attraction to fireflies that are farther away 
to decrease rapidly. 

The distance r between any two fireflies 𝑖 and 𝑗 at locations 
𝑋𝑖 and 𝑋𝑗 respectively can be defined as cartesian or Euclidean 
as follows [24]: 

rij = √∑ (xi,k − xj,k)
2d

k=1   

Here , rij represents the Euclidean distance between firefly 
i and firefly j, xi,k i is the position of firefly i on the k-
coordinate axis (e.g., 𝑥 𝑦 or 𝑧), xj,k is the position of firefly i on 

the k-coordinate axis (e.g., 𝑥 𝑦 or 𝑧), d is the number of 
dimensions of the problem (e.g., d=2 in a two-dimensional 
problem), k is the index of the coordinate axes (e.g., k=1,2,3 
for x,y,z). 

The movement of firefly i toward a brighter firefly j is 
described by the following equation [24]: 

𝑥𝑖
(𝑡+1)

= 𝑥𝑖
(𝑡)

+ 𝛽0 exp(−𝛾𝑟𝑖𝑗
2) (𝑥𝑗 − 𝑥𝑖) + 𝛼(𝑟𝑎𝑛𝑑 − 0.5) 

Here, 𝑥𝑖
(𝑡) is the current position of firefly i (its current 

location), 𝛽0 exp(−𝛾𝑟𝑖𝑗
2) is the attraction function. It depends 

on the distance between two fireflies. 𝛽0 is the maximum 
attraction coefficient,𝛾 The coefficient that determines how 
quickly light decreases with distance, rij The Euclidean 

distance between fireflies i and j,(𝑥𝑗 − 𝑥𝑖) The vector that 
directs firefly i towards firefly j.  

This expression represents the motion towards the brighter 
firefly. 𝛼(𝑟𝑎𝑛𝑑 − 0.5) randomness term. It adds the random 
component of the motion if there is no brighter firefly or if 
there is uncertainty.𝛼 is the randomness coefficient. It is 
adjusted according to the nature of the problem,rand: 
Generates a random number in the range (0,1). 

First Term  (𝑥𝑖
(𝑡)) - This term represents the current 

position of the firefly. The firefly starts moving from this 
position. 

Second Term  ( 𝛽0 exp(−𝛾𝑟𝑖𝑗
2) (𝑥𝑗 − 𝑥𝑖) ) - Represents the 

attraction force towards the brighter firefly. The attraction 
decreases exponentially with distance (rij). 

Third Term ( 𝛼(𝑟𝑎𝑛𝑑 − 0.5) ) - A random movement 
component is included to prevent the algorithm from being 
trapped in local minima and to maintain diversity within the 
search space. 

If there is a firefly (j) brighter than firefly i, then firefly i 
moves towards firefly j. If there is no brighter firefly (𝐼𝑗 ≤ 𝐼𝑖), 
it makes a random move. This mechanism allows the 
algorithm to both explore the coordinate axis for the solution 
and converge to the best solution. 

Application of Firefly Algorithm to 

Optimal tuning of PID (Proportional-Integral-Derivative) 
controller parameters is a critical step to improve system 
performance in many engineering applications. Firefly 
Algorithm (FA) is an effective tool for such optimization 
problems as a powerful meta-heuristic method inspired by 
nature. The Firefly Algorithm (FA) is derived from the natural 
behavior of fireflies and incorporates this behavior into the 
solution-search process. This process provides dynamic 
convergence towards the best solution starting from a random 
initial population [25].  

The implementation of Firefly Algorithm in PID controller 
optimization is accomplished through the following steps:  

➢ Creating the initial population: FA starts with an initial 
population of feasible solution candidates. This 
population consists of fireflies representing the 
parameters of the control system. Each firefly represents a 
parameter set consisting of the values of the PID 
controller ( 𝐾𝑝 , 𝐾𝑖  , 𝐾𝑑  ) .  

➢ Simulation of closed loop system: For each firefly, the 
determined PID parameters are evaluated through a 
closed-loop simulation of the system. Throughout the 
simulation, both transient and steady-state responses are 
observed. This step is essential for assessing the 
effectiveness of the selected PID parameter set.  

➢ Calculation of performance criteria: Simulation results 
are evaluated with the following performance criteria:  

➢ ISE (Integral of Squared Error): Integral of squared error 
measures the overall error performance of the system  

(6) 

(7) 
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➢ ST (Settling Time): It is the time for the system response 
to reach steady state.  

➢ OS (Overshoot): It refers to the maximum amount of 
overshoot in the system response.  

These criteria are essential in determining the fitness 
function. 

➢ Assessment of fitness function: The fitness value of each 
firefly is calculated by a function defined to optimize 
performance criteria [26]. 

➢ Firefly movement and attraction mechanism: In FA, each 
firefly moves towards brighter (i.e. better fitness) fireflies. 
The equation of motion consists of three components: 
the current position, the movement to other fireflies due 
to attraction, and the random search component. This 
allows the algorithm to both seek the global optimum and 
avoid getting stuck in local minima.  

➢ Convergence and finding the best solution: All fireflies 
are ranked based on their fitness values, and the best 
solution within the population is identified. The 
algorithm proceeds either until the maximum number of 
iterations is reached or the fitness function satisfies a 
predefined threshold.  

➢ Analysis of results and implementation: Once the 
algorithm is completed, the optimal PID parameter set is 
implemented in the system. The system's performance is 
then evaluated to confirm improvements in response 
time, overshoot, and error values of the controller: 

➢ Fast convergence: Produces faster and more accurate 
results thanks to the dynamic attraction mechanism.  

➢ Flexibility: Easily adaptable to different optimization 
problems.  

➢ Avoiding local minimum: It avoids local traps thanks to 
the randomness factor. 

➢ Flow Diagram  

The following flow chart summarizes the application 
process for PID parameter tuning of FA: 

➢ Firefly population is created. 
➢ Closed-loop simulation program is run. 
➢ ISE, ST and OS are calculated. 
➢ Fitness function is evaluated. 
➢ Fireflies are ranked and the best solutions are found. 
➢ Repeat the process until the maximum number of 

iterations is reached.  

This systematic process shows that FA provides an effective 
solution to PID parameter optimization problems. It has been 
observed that the algorithm provides significant improvements 
in controller design by optimizing the performance criteria 
(Figure 4). 

 

Figure 4: Flowchart of the proposed FireFly algorithm for 
the PID controller. 

The proposed method was executed 12 times in MATLAB 
on an Intel Core i5-11400H 12-core 2.7 GHz PC [27,28]. 
Initial numerical tests were conducted to optimize the firefly 
algorithm parameters, and the best-obtained values are 
summarized in Table 1. 

Table 1: FA parameter values. 

Parameter Explanation Value 

n Number of fireflies 20 

α Randomness factor 0.2 

β0 Maximum attractiveness 1 

γ Light absorption coefficient 1 

ng Maximum number of iterations 100 

https://doi.org/10.64142/jeai.1.3.37
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To verify the validity and effectiveness of the proposed 
approach, simulation experiments were performed on three 
different processes from the literature. The closed-loop 
response to a step change was compared with the results 
obtained using the PSO method. Transfer functions of these 
processes ( 𝐺1 𝐺2 𝐺3) were used [29].  

For each process examined, the closed loop against step 
change was compared with the PSO method. For this purpose, 
the PSO-based PID controller parameters were obtained by 
optimizing the fitness function, which includes performance 
criteria such as overshoot, steady-state error, settling time and 
rise time. Simulation results revealed that the PSO-based 
approach outperformed traditional optimization methods in 
terms of response time and overall system stability [30]. 

For each test process, the PID controllers designed with the 
proposed approach and the PSO method are presented 
together with the obtained fitness functions and performance 
criteria of the processes. The comparison shows that the PID 
parameters optimized with the PSO method provide better 
results in control responses such as lower overshoot, shorter 
settling time and minimized steady-state error. 

𝐺1(𝑠) =
𝐾

𝑠+𝑎
  

𝐺2(𝑠) =
𝐾

𝑠2 + 2∁𝜔𝑛𝑠 + 𝜔𝑛
2

 

𝐺3(𝑠) =
𝐾

𝑠3 + 𝑎𝑠2 + 𝑏𝑠 + 𝑐
 

𝐺1(𝑠) =
𝜋

3𝑠 + 4
 

𝐺2(𝑠) =
𝜋

3𝑠218𝑠 + 9
 

𝐺3(𝑠) =
𝜋

3𝑠3+4𝑠2+3𝑠+4
  

Closed loop responses to step change for each process were 
compared with the proposed method. For this purpose, PSO 
based PID controller parameters were optimized and obtained 
and the results were evaluated through simulations. For 
comparison, PID parameters were tested on different processes 
and performance criteria such as overshoot (𝑂𝑆%), steady state 
error (𝐸𝑠𝑠), settling time (𝑡𝑠) and rise time (𝑡𝑟) were used. 

The PID parameters optimized for the system are as shown 
in Table 2 below: 

Table 2: Optimized parameter values. 

Kp 4.215 
Ki 7.832 
Kd 0.337 

As a result, the PID controllers designed with the proposed 
approach and the PSO method, the obtained fitness functions 
and the performances of the processes are listed in Table 3.  

The table includes the comparison of the PID parameters 
obtained with the PSO method with the PID parameters 
obtained with the Firefly Algorithm (FA) method. The 
obtained results show that in the comparison between the 
PSO and FA based approaches, the PSO based approach 
performs better in terms of control response and provides 
significant improvements in the stability and response time of 
the system. This comparison evaluates the results of both 
methods and reveals that PSO is a more effective optimization 
method. 
 

 

Table 3: Best solutions using FA and PSO for different processes with ρ=0.9. 

Function Method 
PID parameters Performance Fitness 

Kp Ki Kd OS% ts tr Ess F 

G1(S)  
FA 7.445 10 0 0 0.49683 0.28092 0 0.31621 

PSO 7.3979 10 0 0 0.49581 0.28194 0 0.31621 

G2(S)  
FA 10 5.2684 0 0 1.3311 0.82971 0 0.87582 

PSO 10 5.2694 0 0 1.3308 0.82965 0 0.87837 

G3(S)  
FA 1.915 0.80528 6.8141 36.151 10.252 0.48609 0 46.88909 

PSO 0.58778 0.44441 2.5663 1.2432 11.409 0.95307 0 13.6053 

(8) 

(9) 

(10) 

(11) 

(12) 

(13) 
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The time responses for PSO and FA based PID controllers 
are also plotted in Figures 5-7. 

 

Figure 5: Step response of the G1 (s)system using PID 
controllers optimized with the Firefly Algorithm (FA) and 
Particle Swarm Optimization (PSO). 

 

Figure 6: Step response of the G2 (s)system using PID 
controllers optimized with the Firefly Algorithm (FA) and 
Particle Swarm Optimization (PSO). 

 

Figure 7: Step response of the G3 (s) system using PID 
controllers optimized with the Firefly Algorithm (FA) and 
Particle Swarm Optimization (PSO). 

In conclusion, This study has successfully optimized PID 
control parameters using both Firefly Algorithm (FA) and 
Particle Swarm Optimization (PSO). Each meta-heuristic 
minimizes a fitness function that captures key performance 
metrics: overshoot (OS), steady-state error (Eₛₛ), rise time (tᵣ), 
and settling time (tₛ). Results with FA: G1 (s) system: FA 
yielded optimized PID parameters 𝐾𝑝 = 7.445, 𝐾𝑖 = 10, 𝐾𝑑= 0. 
With these values, the system exhibited OS = 0 %, Eₛₛ = 0, rise 
time tᵣ = 0.28092 s, and settling time tₛ = 0.49683 s, indicating 
a stable, high-performance response. The fitness value was 
0.31621, demonstrating excellent optimization efficiency. 
G2(s)system: FA produced 𝐾𝑝= 10, 𝐾𝑖= 5.2684, 𝐾𝑑= 0. The 
resulting performance had OS = 0 %, Eₛₛ = 0, rise time tᵣ = 
0.82971 s, and settling time tₛ = 1.3311 s. Its fitness value was 
0.87582, confirming high efficiency. G3(s) system: FA 
determined 𝐾𝑝= 1.915, 𝐾𝑖= 0.80528, 𝐾𝑑= 6.8141. This 
produced OS = 36.151 %, rise time tᵣ = 0.48609 s, and settling 
time tₛ = 10.252 s, with a fitness of 46.88909. Although 
acceptable, the G3(s) system still requires further fine-tuning. 
Compared to PSO’s fitness of 13.6053, FA shows a distinct 
advantage in complex cases. Overall, FA’s dynamic 
attractiveness mechanism and stochastic exploration allow it 
to avoid local minima and converge rapidly across all test 
systems. Results with PSO: In the G1 (s) and G2 (s) systems, 
PSO attained fitness values very close to FA (0.31621 and 
0.87837, respectively), occasionally outperforming FA by a 
narrow margin. This indicates that PSO can sometimes yield 
slightly lower fitness for simpler systems. For the G3 (s) system, 
PSO’s fitness was 13.6053 significantly worse than FA’s 
0.48609 revealing that PSO may require more delicate 
parameter tuning in complex, higher-order systems. In 
summary, FA generally ensures stable and rapid convergence, 
especially in complex scenarios, while PSO can offer marginal 
fitness improvements in simpler cases through additional fine-
tuning. Application perspectives: FA and PSO meta-heuristics 
could be integrated into PLC-based greenhouse automation to 
enhance environmental control precision [31,32]. Applying 
FA- or PSO-tuned PID loops to asynchronous electric drives in 
pumping applications can improve real-time performance and 
energy efficiency under PLC environments. Extending this 
optimization framework to transformer monitoring and fault 
diagnosis would allow advanced PID control schemes to run 
on PLC networks for continuous condition assessment and 
preventive maintenance.  

Shan et al. have demonstrated the adaptability of similar 
meta-heuristic tuning by developing a modified fuzzy-PID-
Smith predictive compensation algorithm for a pH-controlled 
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liquid fertilizer system. Furthermore, Mammadov et al. have 
shown that PSO-based optimization can effectively mitigate 
the Ferranti effect in long-distance transmission lines, further 
validating the robustness of meta-heuristic algorithms in 
complex power systems.Thus, both FA and PSO are effective 
tools for PID parameter optimization. FA particularly excels in 
complex scenarios by providing lower fitness values and stable 
convergence, whereas PSO may be preferable for additional 
fine-tuning in simpler systems. Future work could explore 
hybrid FA–PSO approaches and further fine-tuning strategies 
for highly dynamic control challenges. 
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