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Abstract

PID controllers are utilised extensively in the domain of electric motors and drives. The values of the PID controller have a direct impact on
the controller's characteristics. Establishing optimal values is imperative to enhance the efficacy of control mechanisms. Consequently, a
multitude of optimization algorithms have been developed. Employing these algorithms facilitates the optimisation of the controller's optimal
values with greater efficiency, requiring less experience and a shorter timeframe. In this study, the parameters of the PID controller employed
in the motor drive developed for a direct current (DC) motor are optimised by three distinct heuristic optimisation methods: The following
optimization methods are used: Particle Swarm Optimisation (PSO), Ant Colony Optimisation (ACO), and PSO-ACO, which is a combination
of these two methods. The execution of simulations is conducted within the MATLAB environment, with a subsequent comparative analysis of
control performances. This study proposes a pioneering optimisation approach that integrates the PSO and ACO algorithms. The PID controller
attains the reference value in the most efficient timeframe through this methodology. The simulation results show that the PSO-ACO method
demonstrates optimal performance, followed by PSO and ACO.
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1. Introduction

DC machines are widely used in industry, robotics, and automatic control systems due to their high controllability, linear
speed-torque characteristics, and simple structure. Achieving precise and stable control of a DC motor's speed or position
requires an effective control mechanism. In this context, Proportional-Integral-Derivative (PID) controllers, one of the classical
control methods, are frequently preferred in DC motor applications due to their simplicity, ease of implementation, and broad
applicability. However, the performance of a PID controller depends heavily on the accurate tuning of its parameters (K, Ki, Kq).
Manual tuning of these parameters can be time-consuming and may limit system performance. To address this issue, heuristic
and metaheuristic optimization algorithms have been increasingly adopted to automatically and optimally determine PID
parameters, thereby improving performance criteria such as response time, stability, and error levels. Metaheuristic optimization
algorithms have demonstrated significant practical applicability in a wide range of industrial domains due to their adaptability,
robustness, and capacity to solve complex, nonlinear, and multimodal problems without requiring gradient information.
Industries such as manufacturing, energy systems, automotive, acrospace, robotics, and process control frequently encounter
high-dimensional optimization challenges where traditional deterministic or analytical approaches become infeasible or
inefficient. In such contexts, metaheuristic algorithms such as Particle Swarm Optimization (PSO), Ant Colony Optimization
(ACO), Genetic Algorithms (GA) enable efficient parameter tuning, design optimization, fault diagnosis, and real-time control.
For instance, in motor control applications, metaheuristics are used to optimize PID parameters dynamically, ensuring minimal
error, reduced overshoot, and faster response under variable load and environmental conditions. Their ability to escape local
minima and explore vast search spaces makes them especially suitable for systems with uncertainty, noise, or dynamic
constraints. Furthermore, their algorithmic simplicity and parallelizable structure facilitate easy implementation on embedded
systems, industrial controllers, and real-time platforms. As industrial systems increasingly demand autonomous adaptation and
data-driven decision-making, the integration of metaheuristic optimization methods continues to gain traction as a key enabler in
smart manufacturing and Industry 4.0 frameworks. Closed-loop techniques are used extensively in system control under current
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models. Usually, these configurations include sensors that give real-time feedback on state variables, a controller, and the process
to be controlled. These setups seek to minimize the negative consequences of internal dynamics and external disturbances,
guaranteeing the system reaches its intended output. Because PID control is so important in preserving control stability, it is
extensively used among several techniques in industrial applications, especially for controlling the speed and position of a DC
machine [1].

The precision of the proportional (K,), integral (K;), and derivative (Kq) gains determines how effective a PID controller is.
Many conventional tuning methods depend on time-consuming manual trial-and-error processes that might not produce the best
performance. Based on observed oscillatory behavior in the system, one often used technique in literature, the Ziegler—Nichols
approach, establishes parameter values [2]. This approach, which assumes linearity, thus has limited relevance in systems with
nonlinear or time-varying properties. Heuristic optimization techniques have become valuable tools for automatically tuning PID
parameters to solve such constraints. These techniques present a strong substitute in complex control environments since they
seek to outperform conventional methods in performance and provide resilience against unforeseen disturbances. This study
conducts detailed investigations on tuning a PID control algorithm designed for a DC machine. Ant Colony Optimization (ACO)
and Particle Swarm Optimization (PSO) methods were applied separately in the initial phase. Subsequently, a hybrid algorithm
named PSO-ACO is developed by combining the strengths of both techniques. The hybrid PSO-ACO approach is designed to
combine the global search efficiency of PSO with the local refinement strength of ACO, with the objective of enhancing
convergence speed and robustness in controller tuning. Simulation studies carried out in the MATLAB environment compared
the performance of the proposed methods based on the ITAE (Integral of Time-Weighted Absolute Error) criterion, with the
primary objective of achieving faster convergence to the reference value [3].

1.1. Literature Rewiev

The application of heuristic algorithms to the tuning of PID controllers for direct current (DC) motor control has recently
demonstrated a certain degree of success. The responses produced by Yildirim et al. from PSO were both fast and accurate,
significantly lowering overshoot and settling time [4]. Utilising a hybrid PSO-MRAC approach, Oche et al. achieved zero
overshoot and enhanced resilience under perturbations [5]. Compared to standalone approaches, a more balanced transient
response can be achieved by utilizing a GA-PSO hybrid approach proposed by Beremeh et al [6]. By offering lower overshoot
and faster settling times in both simulations and hardware implementations, Najem et al. found that ACO outperformed PSO [7].
Gtiven et al. presented a modified Jellyfish Search method that guarantees almost instantaneous, error-free performance and
minimizes ITAE [8]. Finally, Ekinci et al. outperformed conventional methods by applying the Mountain Gazelle Optimizer to
reach zero overshoot with a settling time of less than 0.1 seconds [9]. Literature rewiev is given in Table 1.

Table 1. Literature Rewiev

Study (Year) Optimization Algorithm(s)

[4] PSO

[5] PSO-MRAC

[6] GA-PSO

[7] ACO, PSO

[8] Modified Jellyfish Search (JMS)

[9] Mountain Gazelle Optimizer (MGO)
This Study PSO, ACO, PSO-ACO

2. Materials and Methods

2.1.  System Description

Fig. 1 shows a speed control system for a DC motor where different heuristic optimization approaches help to fine-tune the
PID controller's parameters. The system runs by computing the motor's actual speed output against the intended reference speed.
The PID controller receives this error and uses its proportional, integral, and derivative components to generate a control signal.
The aim is to change the motor's operation so that its speed almost matches the reference input. Above the PID block, three
optimization techniques—particle swarm optimization (PSO), ant colony optimization (ACO), and their hybrid PSO-ACO
approach—are used to ascertain the most appropriate values for the PID gains. Aiming to minimize the integrity of time-
weighted absolute error (ITAE), these techniques use it as the performance criterion to improve dynamic response. By constantly
adjusting the control parameters, integrating these algorithms lets the system reach the intended speed with better accuracy and
faster response.
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Fig. 1. Block diagram of System Description

2.2. PID Control

The PID control algorithm is a feedback-based control method commonly used in industrial applications. This technique
continuously evaluates the difference (error) between the desired system state and the actual measured output, and shapes the
control signal accordingly. In the control process, the system output is influenced by three key components—proportional,
integral, and derivative—which operate in coordination with one another. The proportional component generates an immediate
corrective response proportional to the current error magnitude. The integral component addresses long-term or persistent
deviations by calculating the accumulated error over time, thereby helping the system converge to the desired setpoint. On the
other hand, the derivative component predicts potential future instability by analyzing the rate of change of the error and
contributes to reducing oscillations, particularly during transient responses [10]. The PID control equation is provided in
Equation 1.

de(t)
dt

u® = K, - e(®+ K; - [e(®dt + Kq - €Y

Fig. 2 shows the basic structure of a PID controller, which functions as a control system. In this system, the error is calculated
as the difference between the reference speed and the current speed, and this error passes through three components: Proportional
(P), Integral (I), and Derivative (D). Each component processes the error differently: the Proportional component responds based
on the magnitude of the error, the Integral component accumulates past errors, and the Derivative component considers the rate
of change of the error. Combining these three components generates an appropriate control signal that drives the system output
toward the desired value [11].
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Fig. 2. Block diagram of PID control

2.3.  Optimization Methods

Swarm Intelligence refers to the collective behavioral patterns that emerge from individuals acting in harmony with one
another. This concept is frequently encountered in artificial intelligence research and was first introduced in 1989 by Gerardo
Beni and Jing Wang in the context of cellular robotic systems [12]. Although simple rules guide each agent in such systems and
lack predefined instructions for behavior, the overall interactions between individuals result in complex behaviors that can be
described as ‘intelligent,” even if the agents are unaware of the global effect [13]. Numerous swarm intelligence algorithms have
been developed by drawing inspiration from nature. These include Stochastic Diffusion Search [14], Ant Colony Optimization
(ACO) [15], Particle Swarm Optimization (PSO) [16], Genetic Algorithm (GA) [17], and Differential Evolution Algorithm [18].
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2.3.1.  Ant Colony Optimization (ACO)

Ant Colony Optimization (ACO) was first proposed in 1992 by Marco Dorigo as part of his doctoral dissertation, initially
developed as a heuristic algorithm to find the optimal path between two points. Dorigo introduced this original approach under
the name Ant System. In 1999, Hoos and Stiitzle further refined the algorithm's structure and presented an improved version
called the Max-Min Ant System [19]. The ant colony optimization algorithm discussed in this article is also based on the work
published by Dorigo and Stiitzle in 1999 [20]. Dorigo and Stiitzle later provided a comprehensive overview of the algorithm's
detailed structure in a 2004 publication [21].

Regarding the philosophy behind the Ant Colony Algorithm, in 1959, French entomologist Pierre-Paul Grasse observed that
ants respond to specific signals he referred to as “significant stimuli.” During his observations, he noticed that the responses of
ants to these stimuli could generate new and critical triggers not only for the individuals that produced them but also for other
colony members. To define this unique form of communication, which is activated through the actions of worker ants, Grasse
introduced the term “stigmergy” [22]. Stigmergy is one of the core concepts of swarm intelligence and refers to an indirect
coordination mechanism that arises without direct communication between agents and their actions. Its fundamental principle is
that traces left in the environment by one action trigger subsequent actions. The same agent or another independent agent can
initiate the follow-up action in this mechanism. As a result, sequential actions are built incrementally, leading to the emergence
of coherent and systematic activity patterns. Stigmergy, as a self-organizing approach, enables the formation of complex and
intelligent structures without requiring direct communication during planning and control stages. This provides a foundation for
effective collaboration, even among simple agents with limited memory or cognitive capacity [23].

A practical example of this natural coordination mechanism can be observed using pheromones within ant colonies. In many
ant species, during the food search, ants deposit a chemical substance called pheromone onto the ground; other ants detect this
substance and are led to prefer paths with higher pheromone concentrations. Since ants are more likely to choose routes with
stronger pheromone trails, more individuals increasingly use these paths. As a result, the pheromone concentration along the
selected path intensifies, enabling the colony to identify the most efficient route to the target. The flowchart of the ACO
algorithm is illustrated in Fig. 3.
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Fig. 3. Flowchart of ACO

The parameters used in the ACO hybrid algorithm are as follows: n is the number of nodes in the problem, m is the number
of ants in the system, and dj; is the distance between nodes i and j. T is the number of iterations, and T is the maximum number

of iterations. p vaporization coefficient, T;; represents the pheromone density between nodes i and j, and 7;; represents the
visibility value between nodes i and j. p%‘j is the probability that ant k moves from node i to node j, LX(t)is the distance travelled

by ant k in iteration t, and Ly,epest ()is the shortest distance found in iteration t. a is the importance coefficient of pheromone,
and B is the importance coefficient of distance. Finally, Q is the pheromone update constant. The ACO algorithm arrives at the
result by applying the following procedure: The initial pheromone values m, n, m, djj, p, o, B, Q, and T;; required for the result
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are determined. Ants are placed randomly. All ants complete the cycle to select the next episode based on the local search
probability shown in Equation 2 [24].

g >[r]” [nij]B

The action distance is calculated for each ant in the algorithm. The local pheromone replenishment is given in Equations 3
and 4.

(2)

m
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The most accurate result is calculated, and the global pheromone defeat is shown in Equations 5 and 6.
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The cycle continues from step 2 until the maximum number of iterations (T) or another defined qualification criterion is
reached.

2.3.2.  Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO) is a heuristic method developed in 1995 by J. Kennedy and R. C. Eberhart, inspired by
the natural behavior of bird flocks [25]. In nature, birds searching for food follow the individual closest to the food source and is
considered the leader; however, a new bird that detects the food may take over the leadership. During this process, the
communication among birds becomes a fundamental component of identifying the leader and maintaining coordination within
the flock. Each bird represents a particle in the algorithm, and its current position corresponds to a potential solution to the target
function. As the birds move, every position they occupy is evaluated, and the fitness value of the resulting solution is determined.
This fitness value acts as a measure of proximity to the desired result. If a satisfactory solution is found according to predefined
criteria, the search process is terminated; otherwise, particles continue to explore the search space to find the optimal value. The
general block diagram of PSO is presented in Fig. 4 [26].

Before the algorithm starts, a swarm is initialized, and each particle is assigned an initial velocity and position. Within this
swarm, the initial leader is identified. Particles move within a defined velocity range and update their positions each iteration.
This velocity parameter can be constant or dynamic. At every new position, the objective function is evaluated for all particles,
and a new leader representing the best solution is designated. The leader’s position is checked to determine whether it meets the
optimization criteria; if so, the search process is completed. If not, the particles continue moving through the search space [27].

What distinguishes PSO from classical optimization techniques is its simplicity, stemming from the limited number of
parameters to be adjusted and the fact that it does not require derivative information. The process begins with a randomly
generated initial swarm, defined by position, velocity, and direction data. The fitness value for each particle in the swarm is
computed. Each particle's best position is recorded based on its own experiences. The best global position within the entire
swarm is selected among these individual results. Velocity and position are updated based on previous steps. The process is
terminated if the target is deemed reached; otherwise, the algorithm iterates, starting again from step two. The PSO flowchart is
shown in Fig. 4 [28].

At the core of this methodology lies the concept of a swarm, with particles representing individual members within it. Each
particle repositions itself reactively to align with the optimal location within the collective, drawing on its previous experiential
performance. Taking the currently best-optimized position in the swarm as a reference, all other particles update their motion
vectors accordingly. The acceleration dynamics of this approach evolve based on randomness and are typically characterized by
an iterative process in which particles tend to move toward positions superior to those they have previously attained. This
process is repeated until the final objective is achieved.
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Equation 7 gives the velocity (V) equation of the i-th particle at time step k+1; here, W represents the inertia weight, c,
functions as the particle’s acceleration coefficient, and c, is the social acceleration coefficient associated with the swarm. p!
denotes the best-known position of the respective particle, whereas pﬁ indicates the globally best-known position across the
entire swarm. These values are multiplied by random scaling factors and added together to compute the particle’s next velocity

vector. This, in turn, determines the new position, expressed as Xk +1- The process follows a cyclical structure, following the steps
below [29].

2.3.3.  PSO-ACO Optimization Algorithm

The PSO-ACO hybrid algorithm introduced in this study distinguishes itself from other hybrid approaches in the literature
through its unique integration mechanism, which combines the global search capabilities of Particle Swarm Optimization (PSO)
with the local refinement strength of Ant Colony Optimization (ACO) in a complementary and dynamic fashion. Unlike
conventional hybrid methods that often operate sequentially or prioritize one algorithm over the other, the proposed method
continuously incorporates pheromone-based directional vectors from ACO into the velocity update equation of PSO during each
iteration. This allows poorly performing particles not only to be repositioned based on the swarm's best experience but also to be
guided by pheromone trails, leading to more efficient exploration and exploitation of the solution space. Additionally, the
adaptive ACO sampling applied to underperforming agents enables the algorithm to escape local minima and maintain
population diversity. These features result in faster convergence, improved stability, and superior optimization performance
compared to other methods that either lack real-time interaction between components or use static hybridization schemes.

PSO-ACO starts with parameters such as population size (Nagents) and number of iterations (Nyern). While the PSO directs
the solution search by updating the velocities and positions of each agent with the personal best solution (pPgest(jy) and the global
best solution (ggest), the ACO marks the good regions in the solution space with pheromones and guides the PSO in these
regions. At each iteration, ACO calculates the direction vector and adds it to the PSO's velocity update equation to find the
solution more quickly. Pheromone update releases more pheromones for better solutions, which helps to select better paths.
Furthermore, ACO sampling is applied for poorly performing agents, allowing these agents to explore different solution paths.
As a result, at the end of each iteration, the best solution is updated considering both the cost value and the pheromone
contributions [30].

ACO sampling is a technique that enables poorly performing agents to discover new solution paths using pheromones. If an
agent’s personal best solution (pgest(i)) i twice as poor as the global best solution (ggest), ACO sampling is applied for that

agent. The agent is reset in this case, and a new solution is proposed based on the pheromone matrix. This allows agents with
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poor performance to explore broader solution spaces and potentially find better outcomes. This method enhances the efficiency
of the algorithm and contributes to faster convergence. PSO allows each particle (or agent) to move through the solution space
and continue its search for solutions. Each agent updates its new position considering its previous best solution (pgesti)) and the

best solution in the population (ggest)- The rate update equation of PSO is given in Equation 8.

ViH-1 =w- Vit +Cy-ry- (pBest(i) - Xlt) +Cy 1y (gBest - XD +c3 13- (Tdir - Xlt) (8)

vi: speed of particle i, x: current position of particle i, PBest(i): previous best solution of particle i, ggest: global best solution
of the population. t4;.: Direction vector suggested by ACO (pheromone contribution), w: Inertia coefficient ¢, c,, c3: Attraction
coefficients (for the personal best solution, global best solution, and ACO direction). rq, I, r'3: Defined as random numbers. PSO
aims to reach the optimal point in the solution space by updating the velocity and position of the agents. Here, the direction
information (t4;.) provided by the ACO is also added to the update equation of PSO [31].

The PSO-ACO algorithm begins with parameters such as population size (Npgents) and number of iterations (nye,). While
PSO directs the search process by updating each agent’s velocity and position based on its personal best solution (pgest(iy) and
the global best solution (ggest), ACO marks promising regions of the solution space with pheromones and guides PSO towards
these regions. In each iteration, ACO computes a direction vector added to the PSO velocity update equation, allowing the
solution to be found more rapidly. Pheromone updates deposit more pheromones for better solutions, helping the algorithm
prioritize better paths. ACO sampling is also applied to poorly performing agents, enabling them to explore alternative solutions.
As a result, at the end of each iteration, the best solution is updated by considering both the cost value and pheromone
contributions [32].

2.3.4.  Objective Function

In optimization problems, the objective function is the target value that algorithms seek to maximize or minimize to attain a
system's best accuracy or performance. Standard metrics include ITAE (Integral of Time-weighted Absolute Error), which
evaluates dynamic system performance by penalizing errors more heavily over time; ITSE (Integral of Time-weighted Squared
Error), which emphasizes larger errors and promotes faster system stabilization; ISE (Integral of Squared Error), which
minimizes the overall error and is effective when minor errors need to be penalized; and IAE (Integral of Absolute Error), which
accumulates absolute errors over time to promote smoother responses [33].

These performance functions quantitatively express the amount of error occurring over time. Minimizing these functions
during the optimization process means determining the PID controller parameters in a way that ensures system performance with
minimal error. The Integral of Time-weighted Absolute Error (ITAE) is a commonly used criterion for evaluating the
performance of control systems. This method integrates the absolute value of the error multiplied by time, penalizing errors that
occur later more heavily. This characteristic helps the system reach a steady state more quickly and with less oscillation. The
ITAE criterion is chosen to optimize dynamic performance indicators such as settling time and overshoot. The objective function
used is presented in Equation 9 [34].

T
firag = f t le(®)] dt ©)
0
2.4. DC Machine

Fig. 5 shows a circuit representing a DC machine's electrical and mechanical model. In the circuit, a series connection is
formed with a source U; resistance R and inductance L. Current Ia flows through this circuit and determines the voltage U, in the
electrical part of the motor. The mechanical part of the motor is characterised by torque T, speed w, and torque J. In addition, b,,
(coefficient of friction), a term representing the motor's friction as it rotates, also affects the behaviour of the motor. This circuit
is a basic model used for speed control and dynamic analysis of the motor [35].

Fig. 5. Circuit of DC Machine
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Equations 10 and 11, which describe the dynamic behavior of the DC motor, represent both the electrical and mechanical
properties of the motor. Equation 10 describes the rotational motion of the motor, where J is the motor's inertia, b is the viscous
friction coefficient, w is the angular velocity, Ki, is the electromagnetic moment, and T is the external load torque. This equation
states that the moment produced by the motor must balance the effects of load torque and friction. Equation 11 is based on
Kirchhoff's voltage law. It describes how the current through the motor varies with the difference between the applied voltage
and the back EMF (Kw), where L is inductance, R is resistance, I, is current, and U, is the applied voltage. When used together,
Equations 10 and 11 form a basic mathematical model for the control and analysis of the motor [36].

dw .

]E-{_bszla_T (10)
di
Ld—:‘+Ria=Ua—Kw (11)

3. Simulation Results

In this study, a control system using a PID controller optimised by heuristic techniques aims to control the speed of a DC
machine. The process starts with a reference speed, which is mapped to the actual speed of the DC motor to produce an error
signal. This error is fed into an objective function such as ITAE (Integral of Time Weighted Absolute Error), which evaluates
system performance. Using this error-based performance index, optimisation algorithms such as PSO, ACO, and PSO-ACO
repeatedly tune the PID controller parameters K, Ki, and Kq. The PID controller uses these optimal values and generates a
control signal for the DC machine. The motor's output speed is fed back to the system to form a closed-loop control system to
reduce the error and achieve exact speed tracking. This system is designed in the MATLAB environment.

A DC machine’s mechanical and electrical characteristics are given in Table 2. Specifying 2.45 ohms, the armature resistance
indicates the opposition to current flow within the motor windings. Given as 0.035 H, the inductance reflects the motor's capacity
to oppose changes in current. The back EMF constant is 1.2 Vs/rad, representing the voltage produced as the motor shaft rotates.
At 0.222 kg-m?, the rotor's moment of inertia gauges the motor's resistance to rotational speed changes. Finally, listed as 0.0005
Nms/rad, the damping coefficient characterizes the effect of mechanical friction opposing motion. Designing a reasonable
control system and simulating the dynamic behavior of the motor depend on these fundamental values.

Table 2. DC Machine Mechanical and Electrical Characteristics

DC Motor Parameters Value
Armature Resistance 2.45Q
Inductance (L) 0.035H
EMEF Constant (K) 1.2 Vs/rad
Rotor Inertia (J) 0.022 kg-m?

Friction Coefficient (B) 0.0005 Nms/rad

This study evaluated three different optimization techniques: Particle Swarm Optimization (PSO), Ant Colony Optimization
(ACO), and a hybrid method combining both, PSO-ACO. Each algorithm was executed over 50 iterations using a population size
of 30. The search space is defined by specific upper and lower bounds for a three-dimensional parameter set: [50, 20, 5] as the
upper bound and [1, 0.1, 0.1] as the lower bound. Identical experimental conditions were maintained across all algorithms to
compare their performances fairly. According to these parameter ranges, the K,,, Ki, and K4 values are given in Table 3.

Table 3. Optimized PID Parameters (Kj, Ki, Ka) for Each Algorithm

Optimization Algorithms Kp Ki Ka
PSO 0.01 10 0.001
ACO 0.01 10 0.0011
PSO-ACO 0.01 10 0.00235065451759030

Fig. 6 shows a three-stage load torque profile that varies over time. Initially, between 0 and 3 seconds, the load torque is
approximately 0.05 N-m. Then, from 3 to 6 seconds, the torque increases sharply to around 0.3 N-m. Finally, after 6 seconds, it
reaches 0.5 N-m and remains constant at that level. This type of profile is commonly used to evaluate how a system responds to
varying load conditions.
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Fig. 6. Time-Varying Load Torque Profile Used for System Evaluation

The performance evaluation based on the speed response, error curve, and cost function results shown in Fig. 7 demonstrates
the superior efficiency of the PSO-ACO algorithm in PID parameter optimisation. PSO-ACO reaches the reference speed faster
and with fewer overshoots compared to the other methods, PSO and ACO, resulting in a faster and more stable system response.
The error curve also supports this advantage and shows that the PSO-ACO algorithm rapidly reduces the tracking error and
converges to zero with minimum fluctuation, thus providing high accuracy and control precision. Furthermore, the cost function
plot emphasising the excellent convergence efficiency of the PSO-ACO algorithm shows that lower objective function values are
achieved in fewer iterations. This performance improvement is due to the capacity of the PSO-ACO algorithm to successfully
combine the local refinement capabilities of the ACO method with the global search capabilities of the PSO method. Although
PSO effectively avoids local minima by covering large search spaces, it is prone to premature convergence. In contrast, ACO's
pheromone-based reinforcement mechanism is particularly effective in improving solutions in promising regions. By
harmoniously combining these two complementary behaviours, PSO-ACO can more precisely find and refine high-quality
solutions and effectively balance exploration and exploitation. Thanks to this synergy, PSO-ACO demonstrates superior
optimisation performance by maintaining population diversity, avoiding stalling, and converging to near-optimal PID parameters
more efficiently than individual methods.

Table 4 compares the control performances of different optimisation algorithms, PSO, ACO, and the combination of these
two methods, PSO-ACO. According to the results of the analyses, it is observed that the PSO-ACO algorithm exhibits a
significant difference in terms of temporal response characteristics. While PSO and ACO methods generally offer similar
performance parameters, the PSO-ACO method shows substantial deviations in specific metrics. When ITAE is considered, it is
determined that the PSO-ACO algorithm provides lower error accumulation than other methods. This result indicates that the
system can reach the reference value more efficiently. However, the significant overshoot rate observed in the PSO-ACO method
suggests that the system response contains faster but more abrupt changes. The time to reach equilibrium for all algorithms is
similar, indicating that the control strategies exhibit similar behaviour in terms of stability. However, regarding initial
performance and overall system dynamics, it is concluded that the PSO-ACO method outperforms the other two algorithms.
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Fig. 7. Each optimization algorithm a) Cost vs Iteration, b) Error, ¢) Speed
Table 4. Optimization Algorithms Performance Values
Optimization Algorithms ITAE Final Error Overshoot Rise Time
PSO 0.2605 0.0000 0.0000 0.6540
ACO 0.2615 0.0000 0.0129 0.6570
PSO-ACO 0.1130 0.0000 0.6695 0.0010

4. Conclusion

The performance of heuristic optimisation algorithms in tuning PID controller parameters for DC motor speed control is
comparatively investigated concerning transient criteria such as overshoot and rise time. DC motors are frequently favoured in
industrial contexts due to their linear speed-torque characteristics, high controllability, and wide range of applications. However,
implementing an effective control strategy is imperative for the motor to attain the reference speed value with both rapidity and
stability. PID controllers assume paramount importance at this juncture due to their uncomplicated configuration. Nevertheless,
the efficacy of these controllers is contingent upon the precision of the parameter settings. The simulation results show that
heuristic and hybrid optimisation methods, including PSO-MRAC, GA-PSO, and the proposed PSO-ACO, exhibit superior
performance compared to classical tuning techniques. In particular, the Mountain Gazelle Optimiser (MGO) algorithm developed
by Ekinci et al. (2025) offers a remarkable transient response with zero overshoot and a rise time of 0.0478 seconds [9].
However, the PSO-ACO algorithm developed in this study has been shown to achieve the most successful results, with an
extremely low rise time of 0.0010 seconds and a low overshoot rate of 0.6695%. The findings indicate that hybrid swarm
intelligence-based optimisation methods can significantly enhance the system's transient response speed and tracking accuracy,
particularly in real-time DC motor control applications. Table 5 is given Comparison of Performance of the Study with Heuristic
Optimisation Methods in the Literature.
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Table 5. Comparison of Performance of the Study with Heuristic Optimisation Methods in the Literature

Study (Year) Optimization Algorithm(s) Overshoot (%) Rise Time (s)
[4] PSO 1.86% 0.045
[5] PSO-MRAC (Hybrid) 0% -
[6] GA-PSO (Hybrid) 5.29% 0.30
[7] ACO 0.68% -
[8] Modified Jellyfish Search (JMS) ~0% -
[9] Mountain Gazelle Optimizer (MGO) 0% 0.0478
This Study (2025) PSO-ACO (Hybrid) 0.6695% 0.0010

Simulation results confirm that the hybrid PSO-ACO method exhibits superior performance, particularly in terms of rapid
convergence and enhanced control precision. A more detailed examination of the transient response characteristics reveals that
PSO-ACO effectively minimizes tracking error in the early phase of the system's operation and rapidly stabilizes the motor
speed. In real-world control scenarios, such responsiveness is critical for applications requiring high agility and minimal delay,
such as robotics, automated manufacturing, or precision motion control systems. The rapid rise time of 0.0010 s achieved by
PSO-ACO indicates the algorithm’s capacity to initiate control action almost immediately after receiving a reference input,
which is a crucial requirement for time-sensitive applications. Additionally, its ability to reduce steady-state error without
introducing significant oscillations or prolonged overshoots demonstrates improved robustness in transient conditions. While the
overshoot is marginally higher than PSO or ACO alone, the hybrid approach compensates for this by reaching the desired value
more quickly and with fewer oscillations during settling. Although PSO offers better exploration capabilities and ACO excels in
local solution refinement, the proposed hybrid model successfully merges these advantages to balance exploration and
exploitation. Furthermore, the study emphasizes the need for future validation via hardware implementations to assess the real-
time performance and robustness of the proposed algorithms under physical uncertainties and disturbances. From a practical
standpoint, PSO-ACO appears to be a highly promising candidate for industrial control systems that demand both speed and
reliability. Nevertheless, in applications where overshoot must be strictly minimized—such as delicate positioning systems or
safety-critical operations—pure ACO or further-tuned hybrid variants may be more appropriate. Ultimately, the choice of
optimization approach should consider system constraints, performance priorities, and environmental dynamics

The PSO-ACO-based optimisation approach developed in this study has been shown to achieve successful results in the
context of DC motor speed control. However, subsequent studies are planned to verify the performance of the proposed method
by applying it to different motor types (e.g., brushless DC motors or synchronous motors). Furthermore, the objective is to
develop more robust control algorithms by considering dynamic effects such as load variations, parameter uncertainties, and
external disturbances in motor drive systems. Furthermore, developing more sophisticated hybrid methods is envisaged,
combining diverse meta-heuristic algorithms (e.g., Grey Wolf Optimiser, Whale Optimisation Algorithm) within the PSO-ACO
framework, complemented by comparative performance analyses. Ultimately, the efficacy and dependability of the algorithm in
practical applications will be ascertained through the execution of tests on real-time hardware (HIL- Hardware-in-the-Loop).
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