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ABSTRACT 

This paper presents the implementation and evaluation of the Rüppell's Fox Optimizer (RFO) algorithm for 

tuning Proportional-Integral-Derivative (PID) controllers in DC motor applications. The RFO algorithm 

was developed and tested using MATLAB/Simulink on a standard laptop configuration. Initially, RFO's 

optimization performance was benchmarked against Particle Swarm Optimization (PSO) using CEC2017 

benchmark functions across unimodal, multimodal, and fixed multimodal test categories. Results 

demonstrated RFO's superior convergence accuracy and global optimization capabilities, achieving better 

best, mean, and worst scores with lower standard deviations and first-rank positioning in all benchmark 

categories. The RFO algorithm exhibited faster initial convergence but sometimes plateaued compared to 

PSO's persistent long-term improvement. Subsequently, the RFO optimization technique was applied to 

tune PID controller parameters for DC motor speed control. Performance comparison with conventional 

PID and PSO-PID controllers showed that the proposed RFO-PID method delivered exceptional control 

performance with zero overshoot, fastest settling time (1.72 seconds), and lowest ITSE value (0.0813) over a 

0-4 second evaluation period. The RFO-PID controller closely tracked the reference signal, outperforming 

both conventional PID and PSO-PID methods in terms of stability, accuracy, and response speed, 

demonstrating its effectiveness for precise DC motor control applications. 

Keywords: Rüppell's Fox Optimize; PID Tuning;  DC Motor Control;  Artificial Intelligence, Metaheuristics 

1. INTRODUCTION  

The development of electrical technology in 2025 is undergoing a major transformation toward smarter, more efficient, 

and sustainable systems. Renewable energy sources such as solar and wind power are becoming dominant in electricity 

generation, supported by advancements in next-generation solar panels like perovskite technology, which offer higher 

efficiency at lower costs [1][2][3][4][5]. In addition, the implementation of smart grids enables more flexible and responsive 

power distribution, utilizing the Internet of Things (IoT) and Artificial Intelligence (AI) [6][7][8][9][10][11]. AI plays a key 

role in energy consumption forecasting, predictive maintenance, and real-time power plant optimization. Electric vehicles 

(EVs) are also driving the electrical revolution through vehicle-to-grid (V2G) technology, where cars not only consume 

electricity but can also return excess power to the grid. Charging infrastructure is rapidly evolving, with widespread adoption 

of fast charging and wireless charging technologies [12][13][14][15][16][17]. On the other hand, energy storage technologies 

such as lithium-ion and sodium-ion batteries are becoming essential to stabilize the supply from intermittent sources like solar 

and wind [18][19][20][21]. 

Decentralization is another emerging trend, marked by the growth of microgrids and nanogrids that allow communities or 

individuals to manage their own energy generation and consumption. The digitalization of the electrical system is becoming 

increasingly important, with cloud-based energy management platforms enabling remote monitoring and control, as well as 

enhancing cybersecurity to protect critical infrastructure from digital threats. Additionally, decarbonization efforts are being 

advanced through carbon capture technologies applied to fossil-fuel power plants, supporting the global goal of achieving 

net-zero emissions by 2050. With these innovations, the electrical sector in 2025 is laying the foundation for a clean, reliable, 

and sustainable energy future [22][23][24][25][26]. 

https://creativecommons.org/licenses/by-sa/4.0/
https://creativecommons.org/licenses/by-sa/4.0/
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The DC motor technology in 2025 has advanced significantly, driven by the growing demand for energy-efficient, compact, 

and intelligent motion control systems across various industries. Modern DC motors now feature improved efficiency, higher 

torque-to-weight ratios, and enhanced durability, thanks to advancements in materials such as rare-earth magnets and high-

performance composites. The integration of digital control systems, including microcontrollers and embedded processors, 

allows for more precise speed and torque regulation, adaptive performance, and real-time feedback [27][28][29][30]. 

Furthermore, the rise of brushless DC motors (BLDC) continues to replace traditional brushed motors in many applications 

due to their longer lifespan, lower maintenance requirements, and quieter operation. These motors are widely used in electric 

vehicles, robotics, drones, and industrial automation systems. Smart DC motors equipped with IoT connectivity and AI 

algorithms are also emerging, enabling predictive maintenance and remote diagnostics, which help reduce downtime and 

operating costs.In addition, power electronics and motor driver technology have evolved to support more compact, energy-

efficient designs, allowing DC motors to be seamlessly integrated into portable and battery-powered devices. Overall, the 

advancements in DC motor technology are enabling smarter, cleaner, and more reliable motion solutions for both consumer 

and industrial applications [31][32][29]. 

The current control of DC motors has become increasingly sophisticated, leveraging advances in electronics, embedded 

systems, and control algorithms to achieve precise, efficient, and reliable motor operation. Modern DC motor control systems 

commonly utilize Pulse Width Modulation (PWM) to regulate motor speed by adjusting the average voltage supplied to the 

motor. This method allows for smooth acceleration, deceleration, and energy-efficient operation. Microcontrollers and digital 

signal processors (DSPs) are now widely used to implement advanced control techniques such as Proportional-Integral-

Derivative (PID) control, which provides accurate speed and position regulation. Additionally, the use of H-bridge driver 

circuits enables bidirectional control of the motor, allowing it to run forward or in reverse, which is essential in robotics and 

automation applications. For brushless DC motors (BLDC), sensorless control methods using back-EMF detection or sensor-

based systems using Hall-effect sensors are commonly applied to ensure precise rotor positioning and synchronization. 

Integration with IoT platforms and AI-based systems has further enhanced motor control, enabling features such as remote 

monitoring, fault detection, and adaptive performance optimization. These developments have made DC motor control more 

intelligent, responsive, and suitable for a wide range of modern applications, from electric vehicles and drones to industrial 

automation and smart appliances [33][34][35][36]. 

Artificial Intelligence (AI) today has reached an advanced stage of development, significantly transforming industries, 

services, and everyday life[37][38]. Modern AI systems are capable of performing complex tasks such as natural language 

understanding, image and speech recognition, decision-making, and real-time data analysis with remarkable accuracy. Deep 

learning and neural network architectures have enabled breakthroughs in areas like autonomous driving, medical diagnostics, 

financial forecasting, and personalized recommendations. AI is no longer limited to laboratories or large enterprises; it is now 

integrated into smartphones, smart home devices, and industrial systems, making technology more intuitive and responsive. 

The combination of AI with the Internet of Things (IoT), robotics, and cloud computing has given rise to intelligent systems 

that can learn from their environment, adapt to changing conditions, and operate autonomously. Moreover, generative AI 

models, such as those used for text, image, and code generation, are reshaping creative industries and human-computer 

interaction. Despite these advancements, ethical considerations, data privacy, and algorithmic transparency remain critical 

challenges that must be addressed to ensure the responsible and equitable use of AI in society[39][40][41][42].  
The control of DC motors using Artificial Intelligence (AI) has become an emerging and powerful approach in modern 

automation and robotics. AI-based control systems offer enhanced adaptability, precision, and efficiency compared to 
traditional control methods. By utilizing machine learning algorithms, such systems can learn optimal motor behaviors from 
data, automatically adjusting control parameters such as speed, torque, and direction in real time based on operating conditions. 
This results in improved performance, energy savings, and longer motor lifespan. Neural networks and fuzzy logic controllers 
are among the most widely used AI techniques in DC motor control. These methods allow systems to handle nonlinearities and 
uncertainties that are difficult to manage with conventional PID control. In addition, AI is increasingly being combined with 
sensor data and IoT connectivity to enable predictive maintenance, fault detection, and autonomous decision-making. For 
instance, AI can detect early signs of wear or overload in the motor and adjust operation or trigger alerts before a failure occurs. 
As a result, AI-driven DC motor control is becoming essential in advanced applications such as robotics, smart manufacturing, 
electric vehicles, and precision mechatronic systems [43][44][45][46][47][48]. 

Conventional Proportional Integral Derivative (PID) control is a widely used method due to its simplicity, ease of 
implementation, and effectiveness in many linear control systems. It uses fixed proportional, integral, and derivative gains that 
are manually tuned to maintain system stability and performance. While effective for systems with stable and predictable 
dynamics, conventional PID controllers often struggle with nonlinearity, time-varying behaviors, or disturbances that were not 
considered during initial tuning. Once set, the parameters remain static, making it less flexible in adapting to changes in the 
system or environment. In contrast, modern PID control integrates advanced features such as adaptive tuning, gain scheduling, 
and artificial intelligence. These enhancements allow the controller to automatically adjust its parameters in real-time based on 
the system's behavior, external conditions, or desired performance. For instance, adaptive PID controllers can retune themselves 
during operation, while AI-assisted PID systems use machine learning or fuzzy logic to improve responsiveness and handle 
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complex, nonlinear systems. Moreover, modern PID controllers often run on digital platforms, allowing seamless integration 
with IoT, data logging, remote monitoring, and predictive maintenance. As a result, modern PID control offers greater 
flexibility, robustness, and efficiency in dynamic or uncertain environments compared to traditional PID methods 
[49][50][51][52]. Rüppell's Fox Optimizer (RFO) is a metaheuristic algorithm inspired by the behavior of Rüppell's foxes in 
foraging for food in desert environments. This algorithm mimics the fox's exploration and exploitation strategies to find optimal 
solutions in a search space. The agent in RFO adapts to the best solution found, thus avoiding local traps and accelerating 
convergence. With its simple yet effective structure, RFO is suitable for solving various complex optimization problems in 
engineering, artificial intelligence, and energy systems [53]. 

To establish PID tuning for DC motors, this paper proposes a control approach based on the Rüppell's Fox Optimizer (RFO) 
algorithm. Two performance evaluations of RFO are conducted in this study. The first performance measurement utilizes the 
CEC2017 benchmark function tests compared with other optimization algorithms through a comparative approach to determine 
the first performance metric. Meanwhile, RFO is tested for PID-based DC motor control in the second evaluation. In the second 
test, traditional PID tuning serves as the comparative technique. The implementation of PID control on DC motors using RFO 
represents the main contribution of this paper. The article structure is as follows: RFO algorithm, DC motor, and PID principles 
are explained in Section 2. Section 3 presents the proposed RFO approach for tuning PID parameters in DC motors. Section 4 
contains discussion and simulation results. The conclusion is presented in the final section. 

2. METHOD 

2.1. DC Motor 

The DC motor (Direct Current motor) is an electromechanical device that converts direct electrical energy into mechanical 
rotational motion. It operates based on Lorentz force, where a current-carrying conductor placed in a magnetic field experiences 
a force that causes motion. The basic components of a DC motor include the stator (the stationary part that provides the magnetic 
field), the rotor or armature (the rotating part), the commutator, and brushes. When direct current flows through the armature 
winding, the interaction between the magnetic field and the electric current generates torque, which causes the rotor to spin. 
There are two main types of DC motors: brushed and brushless (BLDC). In a brushed DC motor, mechanical brushes and a 
commutator are used to switch the current direction in the rotor windings as it rotates. This design is simple and cost-effective, 
but it has disadvantages such as brush wear, electrical noise, and regular maintenance needs. On the other hand, brushless DC 
motors eliminate brushes and the commutator by using an electronic controller and sensors (or sensorless algorithms) to manage 
the timing of current flow. BLDC motors are more efficient, produce less noise, and have a longer lifespan because they don't 
suffer from mechanical wear of brushes. The advantages of DC motors include excellent speed control over a wide range, high 
starting torque, fast response to load changes, and ease of use in battery-powered systems. These characteristics make DC 
motors ideal for applications such as robotics, drones, electric vehicles, fans, conveyor systems, and portable tools. Despite the 
differences in design and control methods, all DC motors share the same core principle: the conversion of direct current 
electrical energy into mechanical motion through electromagnetic interaction. The similarity lies in the fundamental working 
mechanism — using current through windings in a magnetic field to produce motion. However, they differ in terms of 
efficiency, maintenance, and control complexity. Brushed motors are simpler to control and cheaper, making them suitable for 
low-cost or small-scale systems. In contrast, brushless motors offer better performance, are quieter, and require less 
maintenance, which is essential for applications that demand reliability and long operational life [54][55][56][57]. 

The DC motor remains a crucial component in many modern electromechanical systems due to its simplicity, reliability, 
and versatility. The choice between brushed and brushless types depends on the application's specific needs, such as cost, 
efficiency, control complexity, and maintenance requirements. a linear model of a DC motor is created using the mechanical 
and electrical equations in conjunction. There is an explanation of mathematical models and model concepts. The model's 
correctness is the main factor in control design. Efficiency is increased, and time and money are saved. The idea of creating the 
ideal model is a crucial first step [58][59][35]. The image in Figure 1 illustrates the widely recognized principle of DC motor 
modeling: the integration of electrical and mechanical equations. 

A linear model of a DC motor is created using the mechanical and electrical equations in conjunction. There is an 
explanation of mathematical models and model concepts. The model's correctness is the main factor in control design. 
Efficiency is increased, and time and money are saved. The idea of creating the ideal model is a crucial first step. The image in 
Figure 1 illustrates the widely recognized principle of DC motor modeling: the integration of electrical and mechanical 
equations. 
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Figure. 1.  The DC Motor schematic 

2.2. Proportional Integral Derivative (PID) 

Proportional-Integral-Derivative (PID) control is one of the most widely used control algorithms in industrial and 
engineering systems due to its simplicity, effectiveness, and adaptability to various types of processes. A PID controller 
continuously calculates an error value as the difference between a desired setpoint and a measured process variable (actual 
value). It then applies a correction based on three terms: Proportional (𝑃), Integral (𝐼), and Derivative (𝐷), each of which 
addresses different aspects of the system’s performance. 

 

Figure. 2.  The PID schematic 

Figure 2 is a block representation of a PID (Proportional-Integral-Derivative) controller, which is one of the most common 
controllers in automatic control systems. A PID controller is used to generate a control signal based on the difference between 
a setpoint (goal) and an actual value (system output). The following is an explanation of its components: 

 The Proportional (𝑃) term responds to the current error. It produces an output that is directly proportional to the 
error value. The larger the error, the stronger the control response. However, using proportional control alone often 
results in a steady-state error, where the system settles close to the setpoint but never fully reaches it. 

 The Integral (𝐼) term addresses this issue by considering the accumulation of past errors over time. It integrates 
the error signal and applies a correction based on the total accumulated error. This allows the controller to eliminate 
the steady-state error and bring the process variable exactly to the setpoint. However, too much integral action can 
cause the system to oscillate or become unstable. 

 The Derivative (𝐷) term predicts future error based on the rate of change of the error. It introduces a damping 
effect that helps reduce overshoot and improves the stability of the system, especially in systems with fast 
dynamics. Derivative control is particularly useful in processes where quick response and precision are required, 
though it is sensitive to noise in the error signal. 
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When combined, these three terms allow a PID controller to respond to present, past, and anticipated future behavior of a 
system. The performance of a PID controller heavily depends on the proper tuning of its three parameters: the proportional gain 
(𝐾𝑝), integral gain (𝐾𝑖), and derivative gain (𝐾𝑑). Tuning can be done manually, through trial and error, or using methods such 
as Ziegler–Nichols, Cohen–Coon, or modern optimization techniques like genetic algorithms and machine learning. PID 
controllers are widely applied in fields such as temperature control, motor speed regulation, robotics, flight systems, and process 
industries like chemical and manufacturing plants. Despite the rise of advanced control strategies, PID remains a popular choice 
due to its balance of simplicity, reliability, and robustness [60][61][49][50][62][63][64]. The PID controller is a powerful tool 
for automatic control systems. By combining proportional, integral, and derivative actions, it can effectively manage a wide 
variety of dynamic systems, maintaining stability, minimizing error, and improving response time. Proper tuning and 
implementation ensure that the PID controller performs optimally in real-world applications. 

2.3. Rüppell’s foxoptimizer (RFO) 

The Rüppell’s Fox Optimizer (RFO) is a nature-inspired meta-heuristic algorithm based on the intelligent hunting 

behavior of Rüppell’s foxes. These foxes live in harsh environments like deserts and grasslands and are known for their 

adaptability, flexibility, and efficient foraging strategies. Their ability to survive by adjusting their diet and behavior according 

to seasonal changes inspired the RFO’s design. Rüppell’s foxes use a combination of sight, hearing, and smell to locate and 

hunt prey. Their vision allows activity both day and night, with vertically slit pupils and binocular vision for precise movement 

detection. Their hearing is extremely sensitive, capable of detecting low-frequency sounds like the rustling of rodents. They 

can move each ear independently to locate the direction of sounds. Their sense of smell helps them detect hidden food and 

mark territory. These traits form the core of the RFO algorithm, which mimics the foxes’ ability to efficiently explore and 

exploit the search space, making it effective for solving complex optimization problems. The pseudo code of RFO can be 

seen in Algorithm 1. 

 

Algorithm 1:  A pseudo code Rüppell’s foxoptimizer 

1. Set control parameters of RFO 
2. Initialize the population of RFO 
3. Evaluate the fitness of the population 
4. // Main loop 
5. while (stop condition is not met) do 
6. // Evaluate the best solution so far 
7. best_solution = FindBestSolution(population)  
8. for each fox in population do 
9. // Generate random values 
10. rand1 = Random(0, 1) 
11. rand2 = Random(0, 1) 
12. rand3 = Random(0, 1) 
13. rand4 = Random(0, 1) 
14. rand5 = Random(0, 1) 

         
15.  // Update positions based on conditions 
16. if rand1 >= 0.25 then 
17  if s >= h then 
18.                if (beta - 0.5) * rand2 >= 0 then 
19.                    UpdatePositionUsingEquation(fox, Equation_19) 
20.                else 
21.                    UpdatePositionUsingEquation(fox, Equation_20) 
22.            else 
23.                if rand3 >= 0.75 then 
24.                    UpdatePositionUsingEquation(fox, Equation_19) 
25.                else 
26.                    UpdatePositionUsingEquation(fox, Equation_20) 
27.        else 
28.            if rand3 >= 0.75 then 
29.                UpdatePositionUsingEquation(fox, Equation_3) 
30.            else 
31.                UpdatePositionUsingEquation(fox, Equation_26)    
32.        // Night update 
33.        if rand4 >= 0.25 then 
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34.            if h > s then 
35.                UpdatePositionUsingEquation(fox, Equation_28) 
36.            else 
37.                UpdatePositionUsingEquation(fox, Equation_27) 
38.        else 
39.            if rand5 >= 0.75 then 
40.                UpdatePositionUsingEquation(fox, Equation_28) 
41.            else 
42.                UpdatePositionUsingEquation(fox, Equation_27) 
43         
44.        // Smell-based update 
45.        if rand >= smell then 
46.            UpdatePositionUsingEquation(fox, First Part Of Equation_29) 
47.        else 
48.            UpdatePositionUsingEquation(fox, Second Part Of Equation_29) 
49.         
50.        // Flag-based update 
51.        if flag == t then 
52.            UpdatePositionUsingEquation(fox, Equation_37) 
53.        else 
54.            UpdatePositionUsingEquation(fox, FirstPart Of Equation_34) 
55.         
56.        // Additional updates 
57.        if rand >= 0.1 then 
58.            UpdatePositionUsingEquation(fox, Second Part Of Equation_34) 
59.     
60.    // Evaluate the new population 
61.    EvaluateFitness(population) 
62. // Check stop condition 
64.    if StopConditionMet() then 
65.        break 
66.    end while 
68. Return the best solution found 
70. Return best_solution 

 

3. PROPOSED METHOD 

The proposed method is a population-based RFO approach, which uses a migration mechanism to update the population. 
This algorithm is designed to find the optimal PID control parameters for a DC motor. The main steps include population 
initialization, fitness calculation, population sorting, updating the best agent, migration, and storing the best solution. The 
process continues until the maximum iteration limit is reached. Figure 2 shows that this method is optimized to obtain the PID 
control parameters (𝐾𝑝, 𝐾𝑖, 𝐾𝑑) for a DC motor. The RFO method is used to find the optimal combination of PID parameters 
to control a DC motor. 

Figure 3 illustrates a control system architecture designed to optimize the performance of a DC motor using an error-based 
feedback loop, with a focus on minimizing the Integral Time Absolute Error (ITAE) through the application of a PID controller 
and an RFO (Ruppell's Fox Optimization) algorithm. Here is a detailed explanation of the process: 
Explanation of the Diagram 

 DC Motor: The DC Motor is the primary controlled system in this setup. It represents the physical plant or actuator that 
needs to be controlled to achieve a desired output. 

 PID Controller: The PID (Proportional-Integral-Derivative) Controller is a widely used control strategy for regulating 
dynamic systems. It calculates the control signal based on three components: 
Proportional (P): Reacts to the current error. 
Integral (I): Accumulates past errors to eliminate steady-state offset. 
Derivative (D): Predicts future errors based on the rate of change of the error. 
The PID controller receives the error signal as input and generates a control signal to adjust the behavior of the DC motor. 

 RFO (Ruppell's Fox Optimization): The RFO Algorithm is an optimization technique used to tune the parameters of the 
PID controller. This metaheuristic algorithm searches for optimal values of the PID gains to minimize the ITAE. By 
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optimizing these parameters, the RFO ensures that the PID controller performs effectively in controlling the DC motor 
under varying conditions. 

 Error Calculation: The Error Calculation block computes the difference between the reference input (desired output) and 
the actual output of the DC motor. This error signal is fed back into the PID controller to adjust the control action 
dynamically. The error is continuously monitored to ensure that the system converges to the desired performance. 

 ITAE (Integral Time Absolute Error): 
The ITAE is a performance index used to evaluate the quality of the control system. It integrates the absolute value of the 
error over time, weighted by time, to penalize both large errors and slow response times[63][65]. Mathematically, ITAE is 
defined as: 

𝐼𝑇𝐴𝐸 = ∫ 𝑡. 𝑒(𝑡). 𝑑𝑡
∞

0
 (1) 

where 𝑒(𝑡) is the error at time 𝑡. Minimizing ITAE ensures that the system not only reduces steady-state error but also 
responds quickly to disturbances or changes in the setpoint. 

 Summing Junction (Σ ): The summing junction combines the reference input signal with the negative feedback from the 
error calculation. This creates the error signal that drives the PID controller. The summing junction ensures that the system 
continuously compares the actual output with the desired output, enabling closed-loop control. 

 Overall Process Flow: The reference input is compared with the actual output of the DC motor in the summing junction to 
compute the error. The error is then passed to the PID controller, which generates a control signal based on the proportional, 
integral, and derivative terms. The control signal is applied to the DC motor, adjusting its behavior to reduce the error. The 
RFO algorithm tunes the PID parameters in real-time to minimize the ITAE, ensuring optimal performance. The ITAE 
serves as a metric to evaluate the effectiveness of the control system, guiding the RFO algorithm in refining the PID 
parameters. 

 

 

Figure. 3.  The RFO-PID for DC Motor 

4. RESULT AND DISCUSSION 

The RFO algorithm code has been implemented and tested on a laptop equipped with an AMD A9-9425 processor with a 
clock speed of 3.1 GHz and 4 GB of RAM. The software used is MATLAB/Simulink. Table 1 provides a comprehensive 
overview of the RFO parameters. The performance of the proposed PID-RFO method is evaluated using global optima and 
comparative analysis methods. Figure 4 displays the results of this comparison in Benchmark Function. 

The Figure 4(a) compares the performance of two optimization algorithms, RFO and PSO , over 50 iterations. Both 

algorithms start with similar high scores around 5×10⁴, but their performance diverges significantly after iteration 10. RFO 

(blue line) converges rapidly within the first 10 iterations, stabilizing at approximately 1×10⁴, but shows limited improvement 

thereafter. In contrast, PSO (orange line) demonstrates superior long-term performance, continuously improving its score and 

approaching zero by iteration 50. This indicates that while RFO offers faster initial convergence, it becomes trapped in a local 

optimum, whereas PSO exhibits better global search capability and achieves a more optimal solution over time 
 



Journal of Intelligent Computing and Engineering  
Vol. 1, No. 1, 2025, pp. 38-50 

 45 
 

 

 

www.ascendiumglobal.org Ruppell's Fox Optimizer for controlling DC motor 

 

 

(a) 

 

(b) 

 

(c) 

Figure. 4.  Benchmark Function Comparison (a) Unimodal (b) Multimodal (c) Multimodal Fixed 

TABLE 1.  COMPARISON RFO AND PSO 

  PSO RFO 
 

Best 2596.115 269.6608 
 

 

 
 

Unimodal 

Mean 8485.665 814.7669 

Worst 14304.07 1358.857 

Std 2820.991 201.4568 

Rank 2 1 

Best -4336.02 -7096.04 
 

 

 

 

Multimodal 

Mean -2877.78 -5171.1 

Worst -1689.47 -3085.78 

Std 619.1436 876.3209 

Rank 2 1 

Best 
-10.5364 -10.5365  

 
 

Multimodal 

Fixed 

Mean 
-6.7392 -5.5787 

Worst 
-1.8382 -1.8584 

Std 
3.8266 3.6259 

Rank 2 1 
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The Figure  4(b) compares the performance of RFO and PSO  algorithms over 50 iterations. Both start with high scores 

near -1,000 but show different convergence patterns. RFO (blue line) rapidly improves its score within the first 10 iterations, 

stabilizing around -4,000 after iteration 20. In contrast, PSO (orange line) initially converges slower but continues to improve, 

reaching a significantly lower score of approximately -5,000 by iteration 50. This suggests that while RFO converges quickly, 

it may get stuck in a local optimum, whereas PSO demonstrates better global exploration capabilities, achieving a more 

optimal solution over time. The graph highlights the trade-off between fast initial convergence and long-term optimization 

effectiveness. 

The Figure  4(c) compares the performance of RFO  and PSO algorithms over 50 iterations. Both algorithms start with 

similar high scores near -2 but exhibit distinct convergence behaviors. RFO (blue line) rapidly improves its score, reaching a 

stable value around -10 by iteration 10 and maintaining it thereafter. In contrast, PSO (orange line) shows slower initial 

convergence but continues to improve gradually, achieving a slightly better score than RFO by iteration 50. This suggests that 

while RFO converges quickly, it may settle into a local optimum, whereas PSO demonstrates persistent optimization 

capabilities, potentially finding a more optimal solution over time. The graph highlights the balance between fast convergence 

and long-term refinement in these algorithms. 

The comparative analysis in Table 1 shows that RFO consistently outperforms PSO across all benchmark functions. In unimodal 
tests, RFO achieves significantly better results with a best score of 269.66 compared to PSO's 2596.11, demonstrating superior 
convergence accuracy. For multimodal functions, RFO again excels with a best score of -7096.04 versus PSO's -4336.02, 
indicating better global optimization capabilities. Even in fixed multimodal scenarios, RFO maintains its advantage with a best 
score of -10.5365 against PSO's -10.5364. The lower standard deviations for RFO suggest more consistent performance, while 
its first-rank positioning across all test categories confirms its overall superiority in optimization accuracy and reliability 
compared to the PSO algorithm. The next experiment is the application of the RFO method to tune PID parameters for the 
purpose of controlling a DC motor. 

 

Figure. 5.  The Response Of DC Motor 

The Figure 5 compares the performance of four control strategies: Reference, PID, PSO-PID, and RFO-PID. The x-axis 

represents time (in seconds), while the y-axis shows amplitude in per unit (pu). The Reference line (blue) represents the 

desired output, which all controllers aim to track. PID (dashed orange line) closely follows the reference but exhibits a slight 

overshoot initially. PSO-PID (dotted yellow line) tracks the reference more smoothly than PID, with minimal overshoot and 

faster settling time. RFO-PID (solid purple line) demonstrates the best performance, closely matching the reference with no 

overshoot and achieving steady-state tracking almost immediately. Overall, RFO-PID outperforms both PID and PSO-PID in 

terms of accuracy and speed, making it the most effective control strategy among the tested methods. 
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TABLE 2.  THE OUTPUT DC MOTOR WITH PID IN 0-4 SECOND 

Controller Overshoo

t 
Rise Time Settling Time ITSE 

PID 1.01 0.4058 2.24 0.7944 

PSO-PID 
No 

Overshoot 
0.4027 3.54 0.8634 

RFO-PID 
No 

Overshoot 
0.4033 1.72 0.0813 

 

Table 2 presents the performance comparison of three PID controller variants for DC motor control over 0-4 seconds. The 
RFO-PID controller demonstrates superior performance with no overshoot, fastest settling time (1.72 seconds), and lowest 
ITSE value (0.0813), indicating excellent stability and accuracy. While PSO-PID also eliminates overshoot, it has slower 
settling time (3.54 seconds) and higher ITSE (0.8634). Conventional PID shows minimal overshoot (1.01) with moderate 
settling time (2.24 seconds) but higher ITSE (0.7944). Rise times are comparable across all controllers, ranging from 0.4027 to 
0.4058 seconds. Overall, RFO-PID achieves the best balance of fast response, stability, and minimal error integration. 

5. CONCLUSION 

This study successfully demonstrated the effectiveness of the Rüppell's Fox Optimizer (RFO) algorithm for tuning 

Proportional-Integral-Derivative (PID) controllers in DC motor applications. Through comprehensive benchmark testing 

using CEC2017 functions, RFO consistently outperformed Particle Swarm Optimization (PSO) across unimodal, multimodal, 

and fixed multimodal categories, achieving superior convergence accuracy with lower standard deviations and first-rank 

positioning in all tests. While RFO exhibited rapid initial convergence, it sometimes plateaued compared to PSO's persistent 

long-term improvement. The implementation of RFO-based PID tuning for DC motor control yielded exceptional results, 

with the RFO-PID controller demonstrating zero overshoot, the fastest settling time (1.72 seconds), and the lowest ITSE value 

(0.0813) compared to conventional PID and PSO-PID methods. The RFO-PID system closely tracked the reference signal, 

showcasing superior stability, accuracy, and response speed. These findings confirm that the RFO algorithm is a highly 

effective optimization tool for PID parameter tuning, offering significant advantages in terms of control performance and 

system reliability for DC motor applications. The research validates RFO as a promising metaheuristic approach for 

engineering optimization problems, particularly in motor control systems where precision and stability are paramount. 
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