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preferred choice due to their simplicity and reliability, although

their performance is highly dependent on effective gain tuning.
Conventional tuning techniques are often inefficient and fail to
deliver consistent results across complex robotic systems. This
study investigates the application of metaheuristic optimization
methods, specifically Genetic Algorithm (GA) and Ant Colony
Optimization (ACO), for tuning PID controllers in a five-
degree-of-freedom robotic manipulator. The manipulator was
modeled in SolidWorks, simulated in Simscape, and integrated
with MATLAB-based control. A sinusoidal trajectory was
employed as the reference input, and performance was
evaluated using Integral Time Absolute Error (ITAE) and
overshoot metrics across all joints. The results show that both
GA and ACO outperform manual tuning. GA reduced the
average overshoot by approximately 51% and ACO by 61%
compared with manual tuning, while the GA and ACO
algorithms achieved fitness (ITAE) improvements of 0.36% and
0.04%, respectively. GA  demonstrated faster convergence
(within 10 generations), whereas ACO achieved more stable
fitness reduction and superior trajectory tracking, indicating
enhanced robustness. These findings suggest that while GA
offers computational efficiency, ACO provides improved
stability and accuracy, making it a more effective strategy for
PID tuning in this system.
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1. Introduction

Robotic manipulators play a central role in modern industrial automation, supporting tasks such as
welding, painting, assembly, and material handling. Their ability to operate with high precision
and repeatability in hazardous or high-speed environments makes them indispensable in advanced
manufacturing. Serial-chain manipulators are particularly valued for their load capacity and point-
to-point accuracy, yet achieving reliable motion control in such systems remains a significant
challenge.

Among the various control strategies developed for robotic manipulators, the Proportional—
Integral-Derivative (PID) controller remains the most widely applied due to its simplicity,
transparency, and proven effectiveness across diverse applications [1]. Despite this ubiquity, the
performance of PID controllers is highly dependent on proper gain tuning [2]. Manual or classical
tuning methods are often time-consuming and rarely deliver optimal results for complex multi-
degree-of-freedom systems, where nonlinearities and dynamic interactions are prevalent [3].

To address these limitations, optimization-based approaches have gained increasing attention.
Metaheuristic algorithms, inspired by natural processes, offer a powerful means of exploring the
high-dimensional and nonlinear parameter space associated with PID tuning [4]. Genetic
Algorithms (GA), representing evolutionary search methods [5], and Ant Colony Optimization
(ACO), derived from swarm intelligence [6], have both been successfully applied to control
problems and shown to outperform manual tuning techniques [4][7]. However, limited studies
have provided a direct comparison of their effectiveness for robotic manipulator control,
particularly for systems with higher degrees of freedom [8-10].

This study investigates the application of GA and ACO for tuning PID controllers in a five-degree-
of-freedom (5-DOF) robotic manipulator. The manipulator is modeled in SolidWorks, simulated
in Simscape, and integrated with MATLAB-based control. The objective is to evaluate the extent
to which these algorithms can improve trajectory tracking, stability, and robustness compared to
manual tuning.

The research specifically addresses the following questions: (1) How effectively can GA and ACO
optimize PID parameters for a 5-DOF robotic manipulator? (ii) What performance improvements
in terms of accuracy, speed, and stability can be achieved relative to conventional tuning methods?

2. Related works

Robotic manipulators play a vital role across a wide range of fields, including manufacturing,
healthcare, agriculture, and service industries. In manufacturing, they support tasks such as
assembly, welding, and material handling, offering high precision and consistency [11-13]. In the
medical field, robotic arms enable minimally invasive surgery and assistive rehabilitation,
improving patient outcomes [14,15]. Agricultural applications include automated harvesting and
transplantation, where they reduce labor demand and enhance productivity [16]. Despite these
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diverse applications, the effectiveness of robotic manipulators fundamentally depends on their
ability to achieve precise, reliable, and stable motion [17—19]. This reliance underscores the central
challenge: developing control strategies that can deliver accurate trajectory tracking and
adaptability under varying dynamic conditions.

These diverse applications emphasize the importance of precise control, yet few studies critically
link application requirements to the limitations of existing control methods [20,21].

2.1. Control strategies for robotic manipulators

The performance of a robotic manipulator is inherently tied to the effectiveness of its control
system. Over the years, a wide range of strategies have been developed to address the challenges
of precision, robustness, and adaptability in dynamic environments. Classical approaches such as
Proportional-Integral-Derivative (PID) controllers remain dominant in industry due to their
simplicity, transparency, and ease of implementation. However, they often require extensive
manual tuning, which limits their effectiveness in complex or nonlinear systems [21,22].

To overcome these limitations, advanced control methods such as adaptive control [23], robust
control [24], sliding mode control [25], and model predictive control have been introduced [26,27].
Adaptive control adjusts parameters in real time to accommodate model uncertainties and external
disturbances.

Robust control enhances system stability against parameter variations but can be conservative in
design. Sliding mode control offers strong robustness but introduces chattering effects that may
damage actuators. Model predictive control provides optimal performance under constraints,
although it demands significant computational resources.

In addition to these methods, intelligent and nature-inspired algorithms have gained attention for
their ability to optimize controller parameters and improve performance without requiring exact
system models. Techniques such as fuzzy logic control, neural networks, evolutionary optimization
(Genetic Algorithms) and Swarm Intelligence Optimization (Ant Colony Optimization) enable
flexible and adaptive controller design. These methods have shown promising results in enhancing
trajectory tracking, minimizing overshoot, and achieving faster convergence in robotic systems
[28-32].

The diversity of these strategies highlights that no single method universally outperforms others
across all applications. Instead, the choice of control strategy depends on the trade-offs between
simplicity, robustness, computational efficiency, and adaptability required for the specific
manipulator task.

Although advanced controllers such as MPC and robust control offer superior performance, their
complexity has limited industrial adoption, leaving PID as the dominant strategy. This reinforces
the need for improved PID tuning methods [1].
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Table 1
Comparison of Major Control Strategies [1,32-34].
Control N
Category Strategy Key Features Advantages Limitations
Linear feedback with  Simple, widely Rjgr‘“r:rsfgnnilr;‘ﬁe“;fng;
Classical PID Control proportional, integral,  adopted in industry; poor’p .
. . nonlinear or uncertain
derivative terms easy to implement
systems
Robust / Adaptive Oghne parameter Hal'ldl.es system Complex design; stability
. adjustment for variations and .
Adaptive Control R . proof required
uncertainties disturbances

Designed to maintain

Robust o Guarantees stability Often conservative; may
stability under bounded .
Control . margins reduce performance
uncertainties
Sliding
Mode Discontinuous switching Strong robustness to Chattering may damage
Control law matched disturbances actuators
(SMC)
Model High accuracy;
. Predictive  Optimization-based with g Yo Computationally intensive;
Optimal . handles constraints .
Control constraints explicitl requires accurate model
(MPC) preitly
Inte!llg.ent./ Fuzzy Logic Rule-based reasoning Effegtwe for Requires expert-defined
Optimization- . nonlinear and
Control without exact model . rules
based uncertain systems
Neural . .. .
Network Learning-based Captures unmodeled Training complexity;
Control nonlinear approximation dynamics; adaptive generalization issues
. Evoluti Fi ontimal
Genet.lc Vo u'tlon.ary inds near-optima Convergence speed depends
Algorithm  optimization for PID parameters; .
. . on tuning parameters
(GA) controller gains global search ability

Ant Colony Swarm intelligence with Efficient search in
Optimization probabilistic path large parameter
(ACO) construction spaces; adaptable

Computationally heavy for
high-dimensional problems

2.2. Challenges of PID tuning

Proportional-Integral-Derivative (PID) controllers remain the most widely adopted control
strategy in industrial and robotic applications due to their simplicity, cost-effectiveness, and
reliable performance across a range of systems. However, their effectiveness is highly dependent
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on the appropriate selection of gain parameters. The tuning of these parameters; proportional (Kp),
integral (Ki), and derivative (Kd) directly influences system stability, transient response, and
steady-state performance.

Classical tuning techniques, such as the Ziegler—Nichol’s method, Cohen-Coon method, Tyreus-
Luyben method, and trial-and-error approaches, have long been employed for PID parameter
selection. These methods provide initial estimates of controller gains that are often sufficient for
linear, time-invariant, and relatively simple systems. While they are straightforward to apply, their
reliance on heuristic rules and empirical adjustments limits their applicability to more complex or
nonlinear systems such as robotic manipulators. Furthermore, these methods typically involve
offline tuning, which does not account for time-varying disturbances, model uncertainties, or
dynamic operating conditions. As a result, systems tuned with classical methods may exhibit
overshoot, oscillations, or degraded performance under unanticipated conditions [35-39].

Another major limitation is the lack of adaptability. Classical tuning assumes fixed plant dynamics,
yet robotic manipulators often experience parameter variations due to payload changes, friction,
joint flexibility, and external disturbances. A fixed set of PID gains tuned manually may not
maintain performance across these variations. Additionally, iterative manual tuning is laborious
and impractical for systems requiring real-time precision [38,40].

These challenges motivate the exploration of intelligent and metaheuristic optimization
approaches for PID tuning. Unlike classical methods, metaheuristic algorithms such as Genetic
Algorithms, Particle Swarm Optimization, and Ant Colony Optimization provide systematic
search mechanisms within high-dimensional parameter spaces. They are capable of converging
toward near-optimal gain values while balancing competing performance objectives such as fast
settling time, minimal overshoot, and robustness. Moreover, these algorithms can adapt to
nonlinearities and uncertainties, making them particularly suited for complex robotic manipulator
systems [41-44].

Classical tuning techniques provide only approximate solutions and fail under nonlinear or time-
varying conditions. This gap motivates the exploration of intelligent tuning methods.

2.3. Metaheuristic approaches for PID tuning

The limitations of classical PID tuning methods have led to increasing interest in metaheuristic
algorithms, which provide a more systematic and adaptive framework for controller optimization.
Metaheuristics, inspired by evolutionary processes and swarm intelligence, excel in exploring
nonlinear, high-dimensional parameter spaces and avoiding premature convergence to local
optima. Among these, Genetic Algorithms (GA) and Ant Colony Optimization (ACO) have
emerged as prominent approaches for PID gain selection in robotic and other dynamic systems.

Genetic Algorithms employ mechanisms of selection, crossover, and mutation to iteratively evolve
candidate solutions toward optimal PID parameters. Their ability to balance exploration and
exploitation has made them effective in tuning controllers for mobile robots, underwater vehicles,
and robotic manipulators. Prior studies have shown that GA-based tuning improves transient
performance and robustness compared to manual or classical tuning approaches [9,30,45-48].
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Ant Colony Optimization, on the other hand, is derived from the foraging behavior of ants, where
pheromone trails guide the collective search process. In control applications, ACO has been
applied to optimize PID parameters for systems such as robotic arms, unmanned aerial vehicles,
and rehabilitation robots. Its probabilistic search mechanism enables efficient exploration of
parameter spaces, particularly when discrete search spaces or nonlinear dynamics are involved
[49-53].

While both GA and ACO have demonstrated strong potential in PID tuning, the majority of prior
studies have applied them independently to different robotic systems. Comparative evaluations are
limited, especially for multi-degree-of-freedom (multi-DOF) manipulators where the control task
is inherently more complex due to coupling effects, nonlinear dynamics, and parameter
uncertainties. A direct comparison of GA and ACO in such systems is therefore necessary to
understand their relative strengths and trade-offs in achieving optimal performance.

This gap in the literature provides the motivation for the present study, which systematically
investigates the effectiveness of GA and ACO in tuning PID controllers for a five-degree-of-
freedom robotic manipulator. By evaluating both approaches within the same experimental
framework, the study seeks to provide deeper insights into the suitability of these algorithms for
advanced robotic control applications.

3. Methodology

This section describes the framework adopted for modeling, control design, and optimization of
the 5-DOF robotic manipulator. The process is structured into four main stages. First, the PID
control law and its integration within the feedback architecture are presented. Second, the
manipulator is modeled in SolidWorks and simulated in MATLAB/Simscape to capture its
kinematic and dynamic behavior. Third, metaheuristic optimization techniques, specifically
Genetic Algorithm (GA) and Ant Colony Optimization (ACO), are implemented to tune the PID
controller gains using the Integral Time Absolute Error (ITAE) as the objective function. Finally,
the performance of the tuned controllers is evaluated against manual tuning through comparative
simulations, focusing on convergence characteristics, overshoot behavior, and trajectory tracking
accuracy across all joints. The simulations were executed on a system equipped with an Intel Core
17 (2.3 GHz) processor, 32 GB RAM, using MATLAB/Simulink R2023a.

For sinusoidal reference inputs, the term overshoot in this study refers to the maximum deviation
of the output from the reference trajectory (i.e., peak tracking error).

3.1. PID control and system architecture

The control objective is to ensure accurate trajectory tracking for the 5-DOF robotic manipulator.
A Proportional-Integral-Derivative (PID) controller was adopted due to its simplicity, proven
industrial reliability, and effectiveness in handling multi-joint robotic systems. The PID control
law [54] is expressed in equation 1 as

u(t) = kye(t) + k; f, e(t)dr + kg 5-e(t) (1)
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Where u(t) is the control output, e(t)is the tracking error, k,, k;, k4 represents the proportional,
integral, and derivative gains, respectively.

The PID controller was embedded within a feedback architecture, as shown in Figure 1. The
reference trajectory serves as the input, while the controller generates joint-level commands based
on the instantaneous error between the desired and actual positions. The closed-loop control system
comprises the input trajectory, the PID controller, the manipulator dynamics (plant), and feedback
signals from joint sensors. This configuration facilitates continuous error correction, thereby
enabling the manipulator to maintain stable operation and achieve precise motion tracking, as

illustrated in Figure 2.
Optimization Algorithm
ko K Ky
v

ﬁ—b PID Controller link 1| mem—)
| 5-DOF

: T .
% =pp! PID Controller link 2 _2> Robotic ———
T Error ‘ - Manipulator

F 3
signal ‘ : Ts
== PID Controller link 5 | = —

Fig. 1. Control structure architecture for the SDOF robotic arm.

Fig. Simulink model of the closed-loop control architecture for the robotic manipulator.

3.2. System modeling and design

A CAD model of the robotic arm was developed using SolidWorks and incorporated into a
MATLAB simulation for system validation. Figure 3 illustrates the CAD design of the robotic arm
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Fig. 3. Conceptual design of the robot arm.

3.3. Simscape model

Simscape is a MATLAB toolbox that allows modeling and simulating systems using a block-based
approach. It was used to simulate the system. Figure 4 shows the Simscape model developed.

X
=
£

H
gt

Fig. 4. Simscape model of the designed SDOF robot arm.

3.4. Optimization problem formulation

In this study, Genetic Algorithm (GA) and Ant Colony Optimization (ACO) were employed to
compute the optimal PID gains for the five-degree-of-freedom robotic manipulator. Both methods
are stochastic global optimizers, capable of exploring diverse regions of the solution space. Their
stochastic nature reduces the likelihood of premature convergence to local minima and enables the
discovery of near-optimal gain configurations. The objective function selected for this work is the
Integral Time Absolute Error (ITAE), defined as:

MinimizelTAE = YN, t;.Ve(t) Vv )
Subject to:

kp' ™ <k, S kPP, =15 3)
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kilower < kij < kiupper ) j=1,..5 4)

ka'™T < kg, Skg"PPT, j=1,.5 (5)

Where t;is time at i-th sample, e(t;) is the tracking error at that instant, N is the total number of
time steps. The tuning variables are the proportional (kpj), integral (ki]., and derivative(kdj)

represent the proportional, integral, and derivative gains for the respective parts of the control
system.

The ITAE criterion was selected over IAE and ISE because it penalizes sustained errors more
heavily by weighting them with time. This makes it particularly suitable for robotic manipulators,
where prolonged deviations from the desired trajectory degrade accuracy and dynamic
performance.

The search space for each controller parameter was determined empirically from preliminary
experiments and literature guidelines. The following ranges were applied:

k, € [0.1,0.1,0.1,0.1,0.1] (6)
k; € [0.0001,0.0001,0.0001,0.0001,0.0001] (7)
k, € [0.0001,0.0001,0.0001,0.0001,0.0001] (8)

The optimization framework employed in this study is illustrated through the flowcharts of the
Genetic Algorithm (GA) and Ant Colony Optimization (ACO), shown in Figures 4 and 5,
respectively. These flowcharts outline the sequential steps of initialization, iterative search, and
convergence, providing a systematic representation of how each algorithm was applied for PID
parameter tuning.

Initialization ——— | P,/1,Dgains

Measure error, overshoot,
settling time.

Evaluation

i

Selection

NO

Crossover

topping
Criteria

Mutation

il

0

| YES

End

Fig. 5. Genetic Algorithm flowchart for PID controller tuning.
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Initialization —— | P, 1, D gains

>[ Generate global random ]

Calculate fitness Measure error, overshoot, settling

time.

<I<

[ Update pheromone ]

NO

Apply transition

New path

YES
Iteration = N >[ Return the best individual found]

04 I‘ I<

Fig. 6. Ant Colony Optimization algorithm flowchart for PID controller tuning.

To ensure reproducibility, the GA and ACO algorithms were configured with the parameter values
listed in Tables 2.0 and 3.0 respectively. A maximum of 30 generations (iterations) was selected as

the stopping criterion, or earlier if convergence tolerance was satisfied.

Table 2
Genetic Algorithm Parameters.

Genetic Algorithm parameters Type/value
Maximum generation 30
Population size 5
Encoding Binary
Selection Uniform
Crossover Single point crossover
Mutation Uniform

Table 3

Ant Colony Optimization Parameters.
ACO parameters Type/value
Maximum iteration/generation 30
Number of ants 5
Number of nodes 100
Evaporation rate 0.05
Alpha 0.5
Beta 0.2

4. Results and discussion

The effectiveness of the proposed optimization-based PID tuning strategies was assessed using the
5-DOF robotic manipulator model developed in Simscape. Genetic Algorithm (GA) and Ant
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Colony Optimization (ACO) were applied to determine the controller gains for each joint, and
their performance was compared with that of manually tuned parameters. The analysis focused on
the optimized gain values, the convergence behavior of both algorithms, the resulting trajectory
tracking and overshoot characteristics across the five joints.

Table 4.0 summarizes the tuned PID parameters for all five joints obtained through manual tuning,
GA, and ACO. These values represent the final configurations after optimization and serve as the
basis for subsequent performance analysis. It is noted that the negative derivative coefficients
observed in the manually tuned controller reflect the unconstrained nature of the trial-and-error
process rather than simulation inaccuracies. Such values indicate compensatory parameter
interactions within the PID structure and are therefore interpreted as evidence of suboptimal
manual tuning rather than as invalid results.

Table 4.0
Gains for the system.
. Joint  Proportional gain Integral gain Derivative gain
Tuning method number (k,) (k;) (ky)
1. 0.98 0.063 0.0179
1i. 1.15 0.035 -8.35
Manual 11i. 0.97 0.035 -8.35
iv. 1.14 0.035 -8.35
\'A 1.0 0.004 0.00065
1. 0.77 0.0017 0.0021
1i. 0.94 0.0029 0.0024
ACO 1ii. 0.78 0.0026 0.0023
v 0.85 0.001 0.0026
\'A 0.87 0.012 0.0025
1. 0.98 0.0011 0.0015
. 0.63 0.0041 0.0012
GA 1ii. 0.6 0.0029 0.0020
iv. 0.83 0.0016 0.0019
V. 0.97 0.0041 0.0013

Figure 5 illustrates the convergence of the Genetic Algorithm (GA) in minimizing the ITAE cost
function. GA rapidly reduced the objective value within the first 10 generations and stabilized
thereafter, indicating fast convergence. In contrast, Figure 6 shows the convergence behavior of
the Ant Colony Optimization (ACO) algorithm. ACO exhibited a slower rate of reduction in the
early generations but continued to improve steadily, ultimately reaching a lower ITAE value after
20 generations. This demonstrates that GA is computationally more efficient in terms of
convergence speed, whereas ACO provides superior final accuracy by avoiding premature
stagnation. The trade-off highlights GA’s advantage in applications requiring rapid online tuning,
while ACO is better suited for offline or high-precision scenarios where minimizing residual error
is critical.
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Fig. 7. Convergence plot for Genetic algorithm.
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Fig. 8. Convergence plot for Ant Colony Optimization algorithm.

Figures 9 — 13 present the trajectory tracking performance of the five joints under manual tuning,
GA-based tuning, and ACO-based tuning. The results indicate that both GA and ACO significantly
improve tracking accuracy compared to manual tuning, with reduced overshoot and faster
convergence. Notably, ACO achieves smoother responses for Joints 2—4, whereas GA provides
closer tracking in Joints 1 and 5. These differences reflect the stronger global search capability of
ACO at the expense of slower convergence, while GA favors rapid tuning but may sacrifice
robustness across all joints.

In addition to ITAE evaluation, overshoot analysis was conducted across all five joints to assess
transient performance and trajectory tracking accuracy. Overshoot is a critical performance index
in robotic manipulators, as excessive deviations from the desired trajectory can induce mechanical
stress, instability, and degraded precision in multi-joint coordination. Table 5.0 summarizes the
overshoot values obtained for manual tuning, GA-optimized PID, and ACO-optimized PID. The
results indicate that both GA and ACO significantly reduced overshoot compared to manual tuning,
although their performance varied across different joints. GA achieved the lowest overshoot for
Joints 1 and 5, demonstrating superior precision in these cases, whereas ACO consistently
outperformed manual tuning in all joints and showed stronger suppression of overshoot in Joints
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2, 3, and 4. These findings highlight the trade-off between the two algorithms: GA offers localized
improvements in precision for certain joints, while ACO provides more uniform overshoot

reduction across the manipulator.

- - Manually-tuned PID for joint 1

0.8
0.6 /"_“\\ ~—Desired Trajectory for joint 1
’ 2 . GA-PID for joint 1
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0.4 i

S
o

Amplitude (m)
=}
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Time (s)

Fig. 9. Trajectory tracking graph for joint 1.

1 - - Manually-tuned PID for joint 2
-------- ACO-PID for joint 2
—GA-PID for joint 2

_.-——Desired Trajectory for joint 2

7 <
o,

R
D3 & ~. N

Amplitude (m)
3 \
\
/I
&

LI I N SN 5k [ & & LI I B
0 1 2 3 4 5 6 7 8 9 10
Time (s)

Fig. 10. Trajectory tracking graph for joint 2.
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Fig. 11. Trajectory tracking graph for joint 3.
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Fig. 12. Trajectory tracking graph for joint 4.
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Fig. 13. Trajectory tracking graph for joint 5.
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Fig. 14. Overshoot Comparison by Algorithm and Joint.
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Table 5
Overshoot values for each joint for each tuning method applied.
Overshoot Joint 1 Joint 2 Joint 3 Joint 4 Joint 5
Manual -0.2164 0.0234 -0.1965 0.0098 0.41613
ACO 0.0665 0.0248 0.1194 0.0852 0.0396
GA 0.0051 0.1258 0.1835 0.0928 0.0126

The chart below in Figure 14 shows a visual representation of the overshoot clearly denoting the
lower overshoot that occurred in ACO as compared to other methods.

5. Conclusion and recommendation

This study compared Genetic Algorithm (GA) and Ant Colony Optimization (ACO) for PID
controller tuning in a five-degree-of-freedom robotic manipulator. Both optimization methods
significantly improved trajectory tracking and stability compared to manual tuning, confirming the
effectiveness of metaheuristic techniques in robotic control.

Quantitatively, GA and ACO reduced the average overshoot by approximately 51% and 61%,
respectively, relative to manual tuning. In terms of convergence, GA reached its optimal fitness
value within 10 iterations, whereas ACO required about 30 iterations but achieved a lower final
ITAE value, improving by approximately 0.04% compared to GA’s 0.36%. These results
demonstrate that both algorithms achieved substantial enhancements in tracking precision and
stability across all joints. The observed performance differences stem from their underlying search
mechanisms. GA’s crossover and mutation operations enable rapid global exploration, resulting in
faster convergence but slightly higher steady-state error. Conversely, ACO’s pheromone-update
process promotes gradual local refinement, yielding smoother convergence and more accurate
joint tracking.

Overall, the findings reveal a distinct trade-off between computational efficiency and control
accuracy: GA excels in speed, while ACO provides superior precision and robustness. By
systematically comparing these two metaheuristic approaches on a multi-DOF manipulator, this
work offers practical insights into the complementary strengths of evolutionary and swarm-based
optimization in PID controller tuning. Future work will focus on experimental validation using a
physical robotic platform to assess performance under variable payloads and disturbances.
Additionally, hybrid or multi-objective optimization strategies may be explored to further balance
accuracy, convergence speed, and energy efficiency in advanced robotic applications.
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