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Fig. 1 shows an implantable cardiac pacemaker [12], which continuously monitors and regulates 
heart rhythm to remain within a target range. The most used types are single-chamber and dual-
chamber pacemakers. A single-chamber device places one lead in either the atrium or ventricle, 
while dual-chamber pacemakers utilize two leads to pace both chambers in coordination [13, 14].

Some arrhythmias may be more effectively treated with leadless pacemakers, which reduce 
complications linked to conventional transvenous leads [12]. These newer systems are already 
in clinical use and are characterized by smaller sizes, longer battery lives, and advanced sensing 
technologies [15]. Functionally, pacemakers consist of a sensing circuit to detect the intrinsic 
heart signal and an output circuit to deliver corrective electrical impulses [3]. When bradycar-
dia occurs, the device identifies the irregular signal and generates pulses to restore the heart’s 
rhythm [4]. The advancement of dynamic control systems has been a focus of research efforts to 
enhance the efficiency and responsiveness of pacemakers.

Heart rate signals provide critical information regarding cardiac health. While natural HR vari-
ability is typical in healthy individuals, persistent abnormalities such as sustained bradycardia 
or erratic fluctuations often indicate underlying cardiac pathology. Pacemakers are specifically 
designed to detect and correct these irregularities through electrical pulses that mimic the natu-
ral sinus rhythm. In pursuit of improved pacemaker performance, various control algorithms have 
been proposed in the literature. Among them, proportional–integral–derivative (PID) controllers 
are extensively used and can be tuned via classical methods such as Ziegler–Nichols, Tyreus–
Luyben, or relay feedback approaches. Fuzzy logic controllers offer adaptive responses by incor-
porating additional physiological inputs like respiratory rate and body temperature. Adaptive 
proportional–integral–derivative (PID) controllers dynamically adjust their gains using learning 
rules like the MIT (Massachusetts Institute of Technology).

or delta rule. Fractional-order PID (FOPID) controllers extend conventional PID architecture for 
improved flexibility and robustness, and are typically tuned using optimization algorithms such 
as genetic algorithms. Finally, bio-inspired optimization techniques—including particle swarm 
optimization (PSO)—have gained popularity for efficiently determining optimal controller 
parameters. Other nature-inspired techniques such as genetic algorithms and biologically driven 
heuristics have also been employed in this context.

Several studies have developed control frameworks to optimize cardiac pacing. For instance, 
Biswas et  al. introduced a transfer function-based mathematical model of the cardiovascular 
system [16], while Inbar et al. designed a proportional–integral (PI) controller to regulate mixed 

Fig. 1.  Implantable pacemaker.

WHAT THIS STUDY ADDS ON THIS 
TOPIC?

•	 Compares PSO, GWO, DWO, and ACO 
for PID tuning under five time-domain 
performance criteria (ISE, ITAE, ITSE, IAE, 
dTISDSE) within the same simulation 
framework.

•	 Reports consistent, metric-based transient 
performance (rise time, settling time, 
overshoot, peak) and the corresponding 
tuned PID gains for reproducible 
comparison.

•	 Robustness-oriented evaluation, including 
a worst-case HR=0 bpm initialization, and 
benchmarking against Ziegler–Nichols 
tuning to quantify improvements over a 
classical baseline.



Electrica 2026; 26: 1-13
Orbay et al. Metaheuristic Optimization of Pacemaker Control

3

venous oxygen saturation [17]. Sugiura et  al. utilized fuzzy logic 
based on respiratory and thermal parameters [18], and Shin et  al. 
proposed a neuro-fuzzy controller responsive to motion and respi-
ration [19]. Other works include fuzzy control systems designed by 
Wojtasik et al. [20], adaptive PID designs by Govind et al. [21], and 
the comparative evaluation of PID and fuzzy controllers by Yadav 
et al. [1].

However, the effective application of PID controllers in pacemakers 
demands careful attention to physiological safety. Overstimulation 
from excessive pacing can cause discomfort and even harm to 
patients. Hence, performance indicators like overshoot and set-
tling time are essential in controller evaluation. Yadav et al. demon-
strated that classical PID tuning may lead to substantial overshoot, 
which was mitigated using fuzzy logic [1]. Similarly, Shi introduced 
a fuzzy-PID structure to improve tracking without compromising 
stability [22], and more recently, Dubey et al. presented an artificial 
bee colony–optimized PID controller that achieved very low over-
shoot and rapid stabilization times [23]. These studies collectively 
emphasize that controllers must balance stability with responsive-
ness, avoiding overly rigid pacing that may suppress beneficial 
natural HR variability. This research builds on this foundation by 
systematically comparing modern optimization techniques for 
PID tuning to reduce harmful transients and achieve fast yet safe 
rhythm control.

Emerging studies in cardiac signal processing further reinforce the 
relevance of this work. Isler et al. and Narin et al. showed that subtle 
variations in HR could aid in the early detection of atrial fibrillation, 
emphasizing the importance of precise HR control [24, 25]. Surucu 
et  al. leveraged deep learning for arrhythmia detection, highlight-
ing the need for pacemakers that respond rapidly and accurately to 
physiological signals [26]. Gosak et al. also stressed the importance 
of preserving HR variability, reinforcing the idea that over-regulation 
may be counterproductive [27]. An optimized pacemaker control-
ler that minimizes error while retaining natural fluctuations thus 
aligns with both clinical and computational advances in arrhythmia 
management.

In a previous study [28], reinforcement learning and genetic algo-
rithms for PID tuning in pacemakers were explored. In contrast, the 
present work focuses on a comparative evaluation of four nature-
inspired metaheuristic algorithms—PSO, grey wolf optimization 
(GWO), drunkard’s walk optimization (DWO), and ant colony optimi-
zation (ACO). Each algorithm was used to optimize the PID controller 
parameters according to five widely used time-domain error func-
tions: integral square error (ISE), integral time absolute error (ITAE), 
integral time square error (ITSE), integral absolute error (IAE), and 
Discrete-Time Integral Sample-Based Double Square Error (dTISDSE). 
This systematic approach enables a comprehensive comparison 
between algorithm–error function pairs under identical conditions.

The key contributions of this study include a comparative perfor-
mance analysis of the selected algorithms for PID tuning in pace-
makers, a first-of-its-kind investigation of the impact of five error 
functions on control effectiveness, and the identification of the 
most clinically suitable algorithm–criterion pair (DWO-ITAE) based 
on critical performance metrics such as overshoot and settling time. 
In addition, the superiority of these optimization-based control-
lers over conventional Ziegler–Nichols tuning is demonstrated and 
robustness analysis is provided under worst-case clinical scenarios 
(e.g., HR = 0 bpm).

In summary, this work underscores the value of combining simula-
tion-based system modeling with intelligent optimization strategies 
to enhance biomedical control systems. Through this, this work con-
tributes to the broader field of computational medicine, particularly 
in the design of adaptive, patient-specific pacemaker systems that 
meet the demanding safety and performance standards required in 
clinical applications.

Random-walk–based search strategies (e.g., Lévy-flight operators) 
improve the global–local balance of metaheuristics by widening 
exploration while preserving efficient exploitation and have been 
successfully applied across engineering and biomedical tasks [29, 
30]. In biomedicine, random walk methods have supported net-
work-based biological knowledge discovery and the identification 
of cancer-related modules, and Lévy-flight components embedded 
in hybrid optimizers have enhanced medical imaging pipelines and 
hyperparameter optimization [31–33]. This context supports using 
DWO—a random-walk–driven search scheme—for pacemaker 
control, where reduced overshoot and fast settling are clinically 
desirable.

A. Statement of Significance

1) Problem or Issue:
Cardiac pacemakers must maintain stable heart rhythms under a 
wide range of physiological conditions. However, traditional PID tun-
ing techniques often yield excessive overshoot or delayed responses, 
posing risks to patient safety.

2) What Is Already Known:
Previous studies have applied individual optimization algorithms or 
heuristic methods for pacemaker control. Most lack comprehensive, 
comparative evaluations across multiple error criteria and do not 
simulate worst-case clinical scenarios.

3) What This Paper Adds:
This study introduces the first unified framework that evaluates four 
nature-inspired optimization algorithms (PSO, GWO, DWO, ACO) 
across five time-domain performance criteria for PID tuning in a 
cardiac pacemaker model. It combines multidimensional algorithm-
function analysis, robust clinical scenario simulation (e.g., HR = 0 
bpm), and benchmarking against traditional Ziegler–Nichols tun-
ing. The DWO-ITAE configuration is shown to outperform others in 
minimizing overshoot and ensuring rapid recovery—all validated in 
a physiologically realistic simulation environment.

4) Who Would Benefit:
Biomedical engineers, control system researchers, and medical 
device developers are seeking robust, efficient, and clinically rel-
evant optimization techniques for life-critical systems.

II. MATERIALS AND METHODS

A. Overview of the Research Framework
This study focuses on the design and optimization of an HR control 
system for cardiac pacemakers using a proportional-integral-deriv-
ative (PID) controller. The main objective is to investigate how PID 
controller parameters can be effectively tuned through different 
optimization algorithms and error functions to enhance cardiac per-
formance. The effectiveness of the proposed approach is assessed by 
analyzing key transient response characteristics, including rise time, 
settling time, overshoot, and peak response.
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All simulations were performed in the MATLAB/Simulink environ-
ment, where a closed-loop system was constructed comprising the 
heart, the pacemaker, and the controller. The transfer functions for 
both the heart and the pacemaker were adopted from previously 
published models [16], ensuring physiological plausibility of the 
simulated dynamics. The Simulink-based implementation allows for 
real-time analysis of transient behaviors, which is critical for evaluat-
ing clinical viability under various pacing conditions.

Four metaheuristic optimization algorithms were employed to 
adjust the PID parameters (Kp, Ki, Kd): PSO, GWO, DWO, and ACO. 
The optimization process iteratively minimized various error-based 
objective functions to improve system performance.

To evaluate the performance of each optimization method, five 
widely used error functions were utilized: ISE, ITAE, ITSE, IAE, and 
dTISDSE. These metrics provide quantitative insight into the con-
trol system’s accuracy and stability under different optimization 
strategies.

B. Cardiovascular System Model and Transfer Functions
The development of mathematical models of cardiac dynamics is 
crucial to the development of control techniques for artificial and 
implantable pacemakers. Researchers have used various mathemati-
cal computations to represent the human heart. Beyond system-
level representations, some notable models have focused on the 
detailed biophysical and cellular electrical activity of the heart. For 
instance, Noble (1962) developed a model to improve the under-
standing of the Purkinje fiber cell’s action potential, focusing on the 
electrical activity at a cellular level [34]. Similarly, Beeler and Reuter 
(1977) presented one of the first models depending on the electrical 
behavior of ventricular myocardial cells [35]. These models provide a 
micro-level representation, considering elements like ion channels, 
in contrast to macro-level system models. In 2006, Biswas et al. pro-
posed a transfer function model of the cardiovascular system. This 
model is like a closed-loop negative unit feedback system with a 
filter and controller. Fig. 2 displays the block diagram of the closed-
loop cardiovascular control system.

In Fig. 2, the input R(s) of the closed-loop system shows the actual 
HR, and the output Y(s) shows the desired HR. Gc(s) shows the con-
troller. The transfer function equations for pacemaker Gp(s) and heart 
Gh(s) are given as follows:

G s
s

p � � �
�
8

8
	 (1)

G s
s s

h � � �
�
169

20 82 .
	 (2)

The main reasons for using the standard model proposed by Biswas 
et al. [16] in 2006 for the transfer functions representing the pace-
maker and cardiac dynamics in this study are to ensure consistency 
and comparability of these findings with other studies in the litera-
ture, to concentrate the main focus of this research on the optimi-
zation of the PID controller parameters, and to represent the basic 
dynamics of the cardiovascular system in a realistic yet manageable 
way. Using (1) and (2), the closed-loop transfer function of the car-
diovascular control system given in Fig. 2 is calculated as (3).
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Y s
R s
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G s G s G s
c p h
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� �
�

� � � � � �
� � � � � � �1 	 (3)

The plant used in this study follows Biswas et  al. and is a linear, 
time-invariant transfer function chosen for controlled, comparable 
in silico benchmarking of optimizers. It does not model nonlinear/
time-varying physiology (e.g., baroreflex/autonomic feedback, 
actuator saturation, refractory behavior). These aspects are therefore 
outside the present scope and are targeted in the future-work plan 
described in the Discussion.

C. Proportional–Integral–Derivative Controller Definition
One of the commonly used controllers for pacemaker regulation 
is the PID controller, a feedback mechanism frequently utilized in 
industrial and biomedical control systems. Proportional–integral–
derivative consists of three parameters: the proportional term (Kp), 
integral term (Ki), and derivative term (Kd). The proportional term 
depends on the current error value, providing immediate corrective 
action. The integral term accumulates past errors to correct persis-
tent deviations. The derivative term anticipates future error trends, 
enhancing system stability by responding quickly to rapid error 
changes. Correct tuning of these parameters is crucial to achieve the 
desired control performance.

The PID controller’s transfer function is shown in (4):

G s K
T
s

T sC p
i

d� � � � � 	 (4)

Fig. 3 displays the MATLAB/Simulink model integrating the heart, 
pacemaker, and PID controller to ensure stable HR regulation. 
Optimization algorithms are employed to tune the PID parameters 
(Kp, Ki, Kd), thus optimizing performance.

Proportional–integral–derivative controllers remain popular due to 
their simplicity, robustness, and effectiveness across various control 
applications. Although more advanced controllers such as fractional-
order PID (FOPID), adaptive PID, or fuzzy logic exist, the primary aim 
here is to systematically evaluate modern metaheuristic algorithms 
on the widely recognized PID structure, providing a baseline for 
future comparative studies.

D. Optimization Algorithms

1) Particle Swarm Optimization:
Particle swarm optimization is a population-based optimiza-
tion algorithm introduced by Kennedy and Eberhart in 1995 [36]. 
Inspired by collective behaviors of biological entities like bird flocks 
and fish schools, PSO simulates a swarm of particles exploring a 
solution space. Each particle updates its trajectory based on its own 

Fig. 2.  Block diagram of the closed-loop cardiovascular control 
system.
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best-known position (personal best, pbest) and the swarm’s best-
known global position (gbest).

Due to its ease of implementation, rapid convergence, and abil-
ity to escape local minimum, PSO is widely used in optimization 
problems such as tuning PID controller parameters. Its flexibil-
ity and robust performance make it particularly suitable for real-
time multidimensional control tasks, including cardiac pacemaker 
applications.

In PSO, particles represent potential solutions characterized by posi-
tion and velocity vectors. They iteratively adjust their positions using 
pbest and gbest, effectively balancing exploration and exploitation. 
The particle velocity and position updates are calculated using (5) 
and (6), respectively.

v t v t c r pbest x t c r gbest x ti i i i i�� � � � � � � � � � � �� � � � � � � �� �1 1 1 2 2� 	 (5)

x t x t v ti i i�� � � � � � �� �1 1 	 (6)

Here, velocity vi (t+1) depends on inertia weight (ω), personal learn-
ing coefficient (c1), and social learning coefficient (c2). Random fac-
tors r1 and r2 ensure diversity in search behavior, guiding particles 
efficiently toward optimal solutions over time.

MATLAB particleswarm (MATLAB R2024a) was used with 
SwarmSize = 50, MaxIterations = 100 (as reported in Section 3.1), and 
bounds K K Kp i d, , . ,��� ���� ��0 1 25 . A fixed seed was used for reproduc-
ibility (rng(1)). Unless otherwise stated, the solver’s default inertia/
acceleration schedule and velocity handling were used; w, c1, or c2 
were not overridden with custom constants. Bound constraints were 
enforced by the solver. The corresponding function-evaluation (FE) 
budget was 50 × 100 = 5000 (see Table I).

2) Grey Wolf Optimization:
Mirjalili et al. proposed GWO, a nature-inspired algorithm based on 
grey wolves’ social hunting behaviors, to solve global optimization 
problems. Grey wolf optimization involves three main processes—
tracking, encirclement, and attack—guided by a hierarchical lead-
ership structure of alpha, beta, delta, and omega wolves. The alpha 
wolf represents the best candidate solution, followed by beta and 
delta wolves as the second and third best. Omega wolves represent 
the remaining candidate solutions. The algorithm directs the search 
around the alpha wolf to identify optimal solutions [37].

The mathematical formulation of GWO models wolves encircling 
prey using (7) and (8).

r r u ruu r
D C X t X tav� � � � � � �| 	 (7)

Fig. 3.  MATLAB/Simulink model of heart and pacemaker controller with PID.

TABLE I.  CRITICAL HYPERPARAMETERS FOR EACH OPTIMIZER (PSO, GWO, DWO, ACO), INCLUDING POPULATION/AGENTS, ITERATION/STEP BUDGETS, BOUNDS, 
SEEDS, KEY HYPERPARAMETERS, AND FE. BOUNDARY/ACCEPTANCE HANDLING IS INDICATED IN THE HYPERPARAMETER NOTES.

Algorithm
Population/

Agents
Iterations/

Steps FE
Bounds (Kp, 

Ki, Kd) Seed Key Hyperparameters

PSO 50 100 5000 [0.1, 25] rng(1) MATLAB defaults for inertia/acceleration and velocity handling; options set: 
SwarmSize = 50, MaxIterations = 100, Display = “iter”
Built-in bound enforcement

GWO 20 100 2000 [0.1, 25] - 𝑎-schedule: linear 2 → 0; standard 𝐴 = 2𝑎𝑟1 − 𝑎, 𝐶 = 2𝑟2; update = mean of 𝛼, 𝛽, 𝛿
Clip to bounds each update

DWO – 1000 1000 Lower-bound 
only (≥ 1e−4)

rng(1) Step size 0.01; single-agent random walk; acceptance = accept-if-better
clamp ≥1e−4 (reflect optional)

ACO 30 ants 20 600 [0.01, 10] rng(1) 𝛼 = 1, 𝛽 = 2, 𝜌 = 0.1, 𝑄 = 1, 𝜏0 = 1 (per dimension); nodes = 1000
Resample within bounds

ACO, ant colony optimization; DWO, drunkard’s walk optimization; FE, function-evaluation; GWO, grey wolf optimization; PSO, particle swarm optimization.
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r u ruu r r
X t X t A Dav�� � � � � � �1 	 (8)

Here,

X t� � represents the wolf’s current position, X tav

u ruu
( ) denotes the 

prey’s position, and t is the iteration number. The coefficient vectors 
A  and 


C  regulate exploration and exploitation behaviors, balanc-

ing the search dynamics. Grey wolf optimization is widely used in 
optimization due to its effective exploration capability, rapid conver-
gence, avoidance of local minima, and parametric simplicity, making 
it highly suitable for tuning PID controller parameters.

Twenty agents and 100 iterations within bounds [0.1, 25] were used. 
The exploration parameter followed the standard linear schedule a: 
2 → 0 over iterations; coefficient vectors were generated as usual, 
A = 2ar1 − a and C = 2r2, with r r U1 2 0 1, ,� � �. Positions were initialized 
uniformly in bounds and clipped to [lb, ub] after each update. The FE 
budget was 20 × 100 = 2000 (See Table I).

3) Drunkard’s Walk Optimization Algorithm:
The drunkard’s walk or random walk algorithm is widely used in vari-
ous fields, including probability theory and statistical physics, as a 
fundamental random process model [38]. In this study, the adapted 
DWO algorithm provides an efficient exploration strategy for tuning 
sensitive PID parameters in complex search spaces such as pace-
maker controllers. Despite its simplicity, DWO effectively explores 
diverse solutions.

The DWO algorithm estimates the position of a randomly moving 
particle over time, typically beginning in one dimension and extend-
able to higher dimensions. The position at each step is found using 
(9), which is mathematically expressed using Markov chains and 
probability distributions.

X X Sn n n� � �1 	 (9)

Here, Xn denotes the particle’s position after step n, and Sn is a ran-
dom variable determining the step direction, usually chosen with 
equal probabilities P(Sn = 1) = P(Sn = −1) = 0.5.

The expected position remains constant at the initial point due to 
symmetric step probabilities, as given in (10):

E X E X E S S S X Xn n� � � � � � � ���� � � � �0 1 2 0 00 	 (10)

However, variance increases linearly with step number, meaning the 
standard deviation grows with n  as formulated in (11):

Var X Var S S S n Var S nn n n� � � � ���� � � � � � �1 2 	 (11)

Thus, the particle’s average distance from the origin scales with the 
square root of time [39].

A single-agent random walk was run for 1000 steps with step 
size = 0.01. New proposals were generated by symmetric perturba-
tions of (Kp, Ki, Kd); the accept-if-better rule was applied, and infea-
sible proposals were corrected by simple clamping (non-negativity; 
optionally reflect/clamp to [0.1, 25] for harmonized bounds). The 
FE budget equals the number of steps (1000). See Supplementary 
Table 1.

4) Ant Colony Optimization:
The ACO is the swarm intelligence of ants. Ant colony optimiza-
tion works as a population algorithm. Using pheromone secretion 

based on an objective function, it circulates a finite number of ants 
over a graph model consisting of possible solution points of a prob-
lem and weighted vertices, thereby simulating the event [40]. Ant 
colony optimization exhibits strong performance in multimodal 
search spaces and discrete optimization problems. When adapted 
to continuous space for PID parameter tuning, ACO’s feedback 
mechanism and pheromone-based exploration capability help it 
efficiently find the best paths between parameter sets. Thus, swarm 
intelligence produces a solution set that is close to the ideal solu-
tion. Ant colony optimization is feedback-driven. In the model, the 
ants’ searches represent the solution to the problem, the path to 
the food represents the goal, and the pheromone represents the 
recall.

Starting from a randomly chosen node, the ants travel around all 
the nodes, leaving pheromones along the way. These pheromones 
determine the paths of the following ants, which facilitates commu-
nication between the agents. The values of the following probability 
function determine which of these paths the ant will choose.

The probability function of choosing path j from the set of paths that 
ant k can take to point i:

P

for c N s
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0 	 (12)

where N(sp) is the set of suitable nodes (i, l) that are unvisited by the 
ant (l, k). τij is the amount of pheromone trail at nodes (i, j). ηij is the 
visibility between the nodes (i, j), or is the objective function prop-
erty of the connection. The amount of pheromone trail is updated 
according to (13).

� � � �ij ij

k

m

ij
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�
�1

1

� 	 (13)

where ρ is the evaporation rate of the pheromone trail (0 < ρ < 1). m is 
the total number of ants. ��ijk  is the amount of pheromone released 
by ant k at (i, j) and is calculated using (14).

��ij
k

k

thQ
L

if node i j is inthe round of k ant

otherwise
�

� ��
�
�

��

,

0
	 (14)

where Q is a constant variable. Lk is the tour length scanned by the 
kth ant.

Thirty ants and 20 iterations, and set K K Kp i d, , . ,��� ���� ��0 0110  were 
used, with pheromone parameters α = 0.8, β = 0.2, ρ = 0.7, and scaling 
Q = 1. Initial pheromone was set to τ0 = 1 per dimension; pheromone 
updates followed � � �� �� � ��� �1 Q / cost . Sampling was carried 
out within bounds.

In preliminary tests, widening the domain to 0 1 25. ,�� �� led to early-
round, τ-driven large-gain proposals under continuous resampling, 
which produced numerically unstable transients for the linear 
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cardiovascular plant. The narrower domain avoided these excursions 
while preserving comparability of the step-response metrics.

To ensure reproducibility, all critical hyperparameters used by each 
optimizer are summarized in Table I. The table reports population/
agents, iteration/step budgets, parameter bounds, random seeds, 
key hyperparameters, boundary/acceptance rules, and the corre-
sponding FE budgets (FE = population × iterations; DWO = steps).

Because per-iteration complexity differs across algorithm families 
(single-agent random walk in DWO, population-based updates in 
PSO/GWO, and pheromone-matrix updates with resampling over 
~1000 nodes in ACO), FE budgets are reported to provide a common 
computational currency. In the study, the budgets were PSO 50 × 
100 = 5000 FE, GWO 20 × 100 = 2000 FE, DWO 1000 steps = 1000 FE, 
ACO 30 × 20 = 600 FE.

All four error criteria (IAE, ISE, ITAE, and dTISDSE) were evaluated for 
every algorithm. For PSO, MATLAB particleswarm defaults for iner-
tia/acceleration and velocity handling were used unless explicitly 
stated. For replication or benchmarking, this code also includes an 
equal-FE protocol (uniform FE across methods) that can be enabled 
without changing the modeling assumptions.

E. Standard Proportional–Integral–Derivative Tuning Method: 
Ziegler–Nichols
In order to evaluate the performance of the optimization-based 
approaches and to demonstrate the improvements achieved com-
pared to conventional methods, the Ziegler–Nichols (Z-N) method, 
a standard PID tuning method widely accepted in the literature, was 
also applied. The Z-N method determines the controller parameters 
(Kp, Ki, Kd) based on the open-loop response of the closed-loop sys-
tem or data obtained from oscillation tests. The classical application 
of this method calculates the parameters based on the oscillation 
period (Tu) and the final gain (Ku) of the system.

In this study, the Z-N method is applied to a cardiovascular system 
model to obtain a reference control performance. The obtained 
Z-N PID parameters and the step response of the system with these 
parameters are compared with the best results obtained with the 
proposed optimization algorithms. This comparison clearly demon-
strates the real contribution of optimization techniques to the con-
trol system performance.

F. Performance Criteria
There are various performance criteria that can be considered for the 
correct tuning of PID controller parameters and for a comprehensive 
evaluation of their performance. In this study, the following perfor-
mance criteria and equations are used:

1)	 Integral square error, given in (15), takes the integral of the 
square of the error signal, giving greater weight to large errors 
and focusing on improving the overall accuracy of the system. 
It is especially helpful in rapidly reducing large error values. In 
pacemaker control, it is effective in situations where large initial 
deviations need to be reduced quickly.

2)	 Integral time absolute error, given in (16), takes the integral of 
the absolute value of the error signal weighted by time and 
minimizes long-term errors. When short response times are 
required, and the goal is to eliminate system errors over time, 
this criterion is often preferred. In clinical contexts, ITAE is par-
ticularly valuable as it penalizes prolonged deviations from the 

target HR, helping the pacemaker achieve stable rhythm resto-
ration—a critical factor for patient safety. Integral time abso-
lute error also typically results in better damping and reduced 
overshoot, thereby minimizing the risk of overstimulation of the 
heart muscle.

3)	 Integral time square error, given in (17), takes the time-weighted 
integral of the square of the error signal and is sensitive to error 
magnitude and duration. It is therefore used to obtain a fast and 
stable response.

4)	 Integral absolute error, given in (18), aims to reduce the over-
all error magnitude by taking the integral of the absolute value 
of the error signal. This criterion is more sensitive to sudden 
changes in the system, such as jumps and overshoots, and it 
aims to increase the stability of the control system.

5)	 Discrete-time integral sample-based double square error, given 
in (19), is a discrete-time performance criterion calculated by 
squaring the error signal. This criterion provides more accurate 
control by responding to small errors with high precision, espe-
cially in discrete-time systems.

As a result, ISE, ITAE, ITSE, IAE, and dTISDSE are calculated using (15) 
through (19), respectively.

ISE e e t dt� � � � �
�

� 0

2 	 (15)

ITAE e t e t dt� � � � �
�

� 0
	 (16)

ITSE e te t dt� � � � �
�

� 0

2 	 (17)

IAE e e t dt� � � � �
�

� 0
	 (18)

dTISDSE e k e
k

n

k� � � � �
�
�

1

2 2
	 (19)

All these performance criteria allow the system to be optimized for 
different control requirements according to criteria such as accuracy, 
stability, and speed, providing a more comprehensive evaluation in 
controller design.

G. Worst-Case Performance Analysis
In this study, unit step response simulations were performed to 
evaluate the performance of PID controllers. All simulations are ini-
tialized with the assumption that the initial HR is zero (HR = 0 bpm). 
This initial condition was deliberately chosen to evaluate the abil-
ity of the control system to achieve the target HR (72 bpm) under 
one of the most challenging scenarios, i.e., a complete cessation of 
heartbeat.

While the HR = 0 initial condition does not accurately reflect the 
typical operation of pacemakers clinically, i.e., monitoring the 
intrinsic signal and providing back-up as needed, it is considered a 
maximum impairment test or worst-case scenario commonly used 
in control systems analysis. It provides a powerful method to clearly 
demonstrate how quickly and stably the controller can establish the 
desired rhythm from heartbeat zero and how transient response 
characteristics such as overshoot and settling time behave. This 
demanding test demonstrates the robustness and full adaptability 
of the controller.
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III. SIMULATION RESULTS AND DISCUSSION

A. Optimization Results for Particle Swarm Optimization
The PSO was first used to select the parameters of the PID controller 
that controls the pacemaker. Transfer functions in (1) and (2) were 
used for both the heart and the pacemaker. The objective function 
of the PSO is to evaluate the unit step response of the system, rep-
resenting an HR of 72 bpm, by identifying the parameters (Kp, Ki, Kd) 
of the PID controller. The system aims to approach the healthy HR 
of an average person, 72 bpm, with the fastest and least oscillatory 
response. Fifty particles and 100 iterations were used in the opti-
mization process, choosing the bounds of the Kp, Ki, and Kd values 
between 0.1 and 25.

B. Optimization Results for Grey Wolf Optimization
Secondly, GWO was used to select the parameters of the PID control-
ler that was used to control the pacemaker. In the simulation, the 
GWO algorithm was applied with specific parameters. The algorithm 
utilized 20 search agents, representing the wolves participating in 
the search for optimal PID parameters. The optimization process was 
conducted over a maximum of 100 iterations, allowing the algo-
rithm to iteratively refine the solutions. The solution space dimen-
sion was set to 3, corresponding to the three PID parameters [Kp, 
Ki, Kd]. To define the bounds for each parameter, the lower bounds 
were set at [0.1, 0.1, 0.1], and the upper bounds were set at [25, 25, 
25], constraining the PID values within this range. The above objec-
tive functions were used to evaluate the fitness of each solution, 
where the system error for given PID parameters was calculated. The 
objective functions aimed to minimize the error, guiding the GWO 
algorithm toward the optimal PID settings. These parameters col-
lectively directed the GWO algorithm’s search process, enabling it to 

effectively explore the defined parameter space for the best possible 
PID configuration.

C. Optimization Results for Drunkard’s Walk Optimization
Drunkard’s walk optimization is a random-walk–based metaheuristic 
derived from the fundamental random walk process: at iteration k, 
the parameter vector is perturbed by a symmetric zero-mean step, 
� � �k k k� � �� �1 � with � � �k � �� �U , and Π a bound-projection oper-
ator, and the move is accepted if and only if it improves the objective; 
otherwise, the current solution is retained. In the present implemen-
tation, a single agent, constant step size η = 0.01, 1000 steps, and 
simple clamping are used to maintain feasibility (see Table I). This 
makes DWO a lightweight baseline that emphasizes exploratory 
perturbations with minimal internal bookkeeping.

D. Optimization Results for Ant Colony Optimization
Ant colony optimization was used as the fourth method to select the 
parameters of the PID controller used to control the pacemaker. The 
maximum number of iterations in the simulations was set to 20. The 
number of ants is 30. α = 0.8, β = 0.2, ρ = 0.7 are chosen. The lower 
bounds were set at [0.01, 0.01, 0.01], and the upper bounds were set 
at [10, 10, 10]. The number of nodes is taken as 1000.

E. Comparison of the Optimization Results and Discussion
To facilitate comparison, the step response results for all four opti-
mization algorithms (PSO, GWO, DWO, and ACO) are presented in 
a single combined figure (Fig. 4A–D). To ensure visual clarity and 
allow detailed inspection, high-resolution individual plots for each 
optimization method are provided in the Supplementary Material 
(Fig. A1-D1 in Appendix A–D). Each appendix also includes a corre-
sponding table that presents the optimized PID parameters and key 

Fig. 4.  Step responses of the controlled system using “(A) PSO, (B) GWO, (C) DWO, and (D) ACO” for various performance criteria.
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performance metrics (rise time, settling time, overshoot, and peak 
response) for each error function.

Fig. 4A shows the step response of the closed-loop system optimized 
by the PSO algorithm under various performance criteria. As seen in 
the figure, PSO achieves more stable responses with reduced oscilla-
tions and faster settling times, particularly under the ISE and IAE error 
functions. Among the five error functions applied using the PSO algo-
rithm, both ISE and IAE provided identical PID parameters, yielding 
a rise time of 0.0310 seconds, a settling time of 0.3280 seconds, and 
the lowest overshoot of 32.50%. In contrast, ITAE, ITSE, and dTISDSE 
resulted in higher overshoot values (55.47%) and longer settling times. 
A high-resolution version of this step response, including clearer dis-
tinctions among error functions, is provided as Fig. A1 in Appendix A. 
The complete PID parameters and performance metrics for each error 
function used with PSO are presented in Table A1 (Appendix A).

Fig. 4B illustrates the step response of the control loop optimized 
using the GWO under various performance criteria. With the GWO 
algorithm, dTISDSE provided the best balance, achieving the low-
est overshoot (53.11%) and a relatively moderate peak value (110.24 
bpm), although its settling time was the highest (1.2491 seconds). 
On the other hand, ISE and ITSE yielded the shortest rise time (0.0135 
seconds) and lower settling times (~0.299 seconds). A high-resolu-
tion version of this step response, including clearer distinctions 
among error functions, is provided as Fig. B1 in Appendix B. For full 
details on the PID values and response metrics under each error 
function, refer to Table B1 (Appendix B).

Fig. 4C shows the step response of the control loop obtained 
because of DWO for different performance criteria. The ITAE function 
under the DWO algorithm produced the most favorable results, with 
a settling time of 0.2919 seconds, overshoot of only 3.96%, and a 
peak value of 74.85 bpm—the best overall among all configurations 
tested. While ISE and dTISDSE offered the fastest rise times (~0.0225 
seconds), their overshoot values were significantly higher (around 
38%). A high-resolution version of this step response, including 
clearer distinctions among error functions, is provided as Fig. C1 in 
Appendix C. Detailed results for all error functions with DWO are 
available in Table C1 (Appendix C).

Fig. 4D displays the step response of the control loop, which the ACO 
determined for various performance criteria. The ACO algorithm 
performed best under the IAE criterion, achieving the lowest over-
shoot (21.16%), shortest settling time (0.2921 seconds), and lowest 
peak value (87.23 bpm). In contrast, the fastest rise time (0.0357 sec-
onds) was obtained with ISE, albeit with slightly higher overshoot 
(24.80%). A high-resolution version of this step response, including 
clearer distinctions among error functions, is provided as Fig. D1 in 
Appendix D. A complete breakdown of PID gains and performance 
results for ACO is provided in Table D1 (Appendix D).

In order to compare the results obtained with all the optimization 
techniques used in this study, the step response of the closed-loop 
system is redrawn in Fig. 5. The best error functions of the PSO, GWO, 
DWO, and ACO techniques are ISE, dTISDSE, ITAE, and IAE, respec-
tively. Table II shows the comparison of the step responses obtained 
by all four optimization techniques, along with the results from a 
classical Ziegler–Nichols (Z-N) tuned PID controller.

Table II shows that the GWO technique yielded the best rise time 
result, achieving 0.0149 seconds. However, comprehensive analy-
sis, including settling time, overshoot, and peak parameters, 
reveals a more nuanced picture. The DWO algorithm, particularly 
when combined with the ITAE function, produced the most favor-
able overall results. This combination achieved a remarkably low 
overshoot of 3.9603% and the shortest settling time of 0.2919 
seconds, making it highly advantageous for clinical applications 
where stability and rapid recovery without excessive stimulation 
are paramount.

When compared to the classical Z-N tuning method, the superiority 
of the metaheuristic optimization approaches becomes evident. The 
Z-N tuned PID controller, while providing a stable response, exhib-
its a significantly higher overshoot of 59.19% and a longer settling 
time of 0.7049 seconds compared to the optimized controllers. For 
instance, the DWO-ITAE combination (3.9603% overshoot and 0.2919 
seconds settling time) significantly outperforms the Z-N method in 
terms of both overshoot and settling time, offering a more precise 
and safer control response.

Fig. 5.  Simulation results of the pacemaker control system using PSO, GWO, DWO, and ACO.
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Beyond Z-N, these findings also stand comparably with more 
advanced approaches, such as the fractional-order PID (FOPID) con-
trollers optimized by Momani et  al. (2019) using PSO and genetic 
algorithm (GA) [41]. While FOPID offers greater tuning flexibility, its 
implementation involves increased complexity and computational 
load due to fractional calculus approximations. The DWO-ITAE opti-
mized integer-order PID achieved a low overshoot of 3.96% and a 
fast settling time of 0.2919 seconds. This performance approaches, 
and in some respects surpasses, that reported for FOPID, demon-
strating that a standard PID, carefully tuned with modern optimi-
zation, can deliver comparable results with a simpler structure and 
lower implementation complexity, crucial for implantable devices.

The performance of the pacemaker system with a closed-loop PID 
controller, obtained with all the optimization techniques and criteria 
used in this study, showed significant improvements compared to the 
closed-loop system without a controller. This emphasizes the critical 
role of advanced tuning methods in achieving optimal HR regulation.

To further assess the clinical applicability of the DWO-ITAE controller, 
additional simulations were performed in which the HR started from 

low values that were not zero but required pacemaker intervention. 
These simulations were performed to evaluate the ability of the sys-
tem to achieve the target 72 bpm from clinically significant low ini-
tial HR values of 40 bpm, 50 bpm, and 60 bpm. Fig. 6 shows the step 
responses of the DWO-ITAE controller to reach the target of 72 bpm 
from these different initial HR values.

These simulation results show that the dynamic response character-
istics (rise time and settling time) of the optimized DWO-ITAE control-
ler remain consistent even under different initial HR conditions. For 
all initial HR values, the rise time was observed to be approximately 
0.1211 seconds, and the settling time was approximately 0.2997 
seconds. This shows that the controller exhibits the same stable and 
predictable performance over a wide range of operations, i.e., the 
system approaches the target with a similar dynamic regardless of 
the initial state. Fig. 6, the overshoot values exhibit small variations 
with respect to the initial HR; starting from lower initial HR values, 
such as 40 bpm, the overshoot percentage is about 3.74%, reaching 
a peak value of 73.20 bpm. At an initial HR of 50 bpm, the peak value 
is 72.82 bpm, and at 60 bpm, the peak value is 72.45 bpm. However, 
these overshoot values were within clinically acceptable limits in all 

TABLE II.  COMPARISON OF THE PERFORMANCE METRICS. STEP-RESPONSE PERFORMANCE OF THE BEST ALGORITHM–ERROR-FUNCTION PAIRING FOR EACH 
OPTIMIZER (PSO, GWO, DWO, ACO) COMPARED WITH A ZIEGLER–NICHOLS (Z–N) TUNED PID BASELINE. FOR EACH OPTIMIZER, ALL FOUR ERROR CRITERIA (IAE, 
ISE, ITAE, DTISDSE) WERE EVALUATED; THE ROW REPORTS THE PAIRING THAT ACHIEVED THE LOWEST COST TOGETHER WITH THE RESULTING TUNED GAINS (KP, 
KI, KD). BOLDFACE MARKS THE BEST VALUE ACROSS ALGORITHMS FOR EACH METRIC (RISE TIME, SETTLING TIME, OVERSHOOT, PEAK). HYPERPARAMETER 
SETTINGS, BOUNDS, AND FE BUDGETS ARE SUMMARIZED IN TABLE I

Algorithm Criteria Kp Ki Kd Rise Time (s) Settling Time (s) Overshoot (%) Peak

PSO ISE 4.1450 2.4106 1.3780 0.0310 0.3280 32.5045 95.4033

GWO dTISDSE 0.6301 0.2018 4.7875 0.0149 1.2491 53.1129 110.2413

DWO ITAE 1.4784 1e−04 0.2217 0.1174 0.2919 3.9603 74.8514

ACO IAE 3.35 1.22 0.59 0.0532 0.2921 21.1610 87.2359

Z-N – 6 24 0.375 0.0554 0.7049 59.19 114.62

ACO, ant colony optimization; DWO, drunkard’s walk optimization; GWO, grey wolf optimization; PSO, particle swarm optimization.; Kd, derivative term; Kp, 
proportional term; Ki, integral term; Z-N, Ziegler–Nichols. Note: Bold values in Table I indicate the best (most favorable) result across all compared methods for each 
metric (lower is better for rise time, settling time, overshoot, and peak).

Fig. 6.  Simulation results of the pacemaker control system using various HR conditions for the DWO-ITAE controller.
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scenarios, confirming that the system can safely achieve the target 
rhythm without overstimulating the heart. In general, settling times 
were also short, even at low HRs, reinforcing the pacemaker’s ability 
to quickly meet patient comfort and physiological needs.

Compared to the results obtained with PSO, GWO, DWO, and ACO 
optimization methods, whose simulation results are shown in Fig. 
5, and the initial HR is set to zero, the performance of DWO-ITAE at 
low initial HR conditions is quite consistent. In the scenario starting 
from zero (Fig. 5, DWO-ITAE curve), it can be seen that the controller 
reaches the target value with a fast rise and low overshoot. These 
new simulations prove a similarly stable and reliable response of the 
controller not only in the zero-start condition but also in more realis-
tic low bradycardia situations. This reinforces the effectiveness of the 
DWO-ITAE controller in a wide range of clinical applications.

While these results are consistent across error criteria and the HR = 0 
bpm stress test, they were obtained under a linear time-invariant 
plant with step inputs. Real cardiovascular dynamics are nonlinear 
and time-varying and include actuator/sensor nonidealities (satura-
tion, rate limits, delays, refractory behavior). Next: 1) the controllers 
on nonlinear lumped-parameter models (e.g., time-varying elas-
tance with autonomic/baroreflex feedback) are evaluated; 2) actua-
tion/sensing nonidealities in closed-loop simulations are included; 
3) Monte Carlo analyses are performed using demographic/comor-
bidity-informed priors to quantify robustness; and 4) the in silico 
findings are cross-validated against de-identified pacemaker telem-
etry. These extensions complement the patient-specific validation 
plan below.

This study uses canonical linear cardiovascular transfer functions 
under controlled scenarios; real patient telemetry was not used, 
nor was the plant individualized for age, sex, or comorbidities. 
Accordingly, the reported gains should be interpreted as in silico 
evidence under population-agnostic dynamics. A patient-specific 
validation pipeline is pursued to: 1) assemble an Institutional Review 
Board (IRB)/ethics-approved, de-identified cohort with pacemaker 
telemetry and HR/ECG (electrocardiogram) time-series; 2) estimate 
subject-level model parameters via constrained grey-box/Bayesian 
identification with physiology-informed priors; 3) re-tune PID gains 
per patient and, in parallel, design a robust gain set that maximizes 
worst-case performance across demographic subgroups; and 4) 
assess safety/performance endpoints—overshoot, settling time, 
rate stability, and control effort—under Monte Carlo perturbations 
reflecting intra-patient variability (e.g., medication or electrolyte 
shifts). The HR = 0 bpm initialization is a deliberately stringent stress 
test and will be complemented by patient-specific initial states in 
future analyses.

IV. CONCLUSION

Pacemakers play a critical role in the management of cardiac 
arrhythmia, providing life-saving support to patients with heart dis-
ease. However, the effectiveness of a pacemaker largely depends 
on the performance of its controller, which regulates the HR in 
response to physiological demands. In this study, advanced optimi-
zation techniques—PSO, GWO, DWO, and ACO—were used to tune 
the PID controller parameters for an intelligent pacemaker system.

The results showed that each optimization technique performed 
best with a specific error function: PSO with ISE, GWO with dTISDSE, 

DWO with ITAE, and ACO with IAE. Among these, GWO achieved 
the best rise time, while DWO excelled in settling time, overshoot, 
and peak response. In particular, the combination of the DWO algo-
rithm and the ITAE function produced the most favorable overall 
results.

Furthermore, the pacemaker system with the optimized PID control-
ler showed significant improvements in performance compared to 
the system without the controller. These results highlight the impor-
tance of using effective optimization techniques and performance 
criteria to improve the reliability and functionality of pacemak-
ers, ultimately contributing to better patient outcomes, especially 
through the minimization of clinically critical performance metrics 
like overshoot.

It is important to acknowledge that the current model and opti-
mized PID controller are designed for a general single-chamber HR 
control system. Therefore, their direct applicability to more complex 
systems such as bi-cameral pacemakers or rate-responsive pacemak-
ers, which involve multi-chamber coordination and dynamic adapta-
tion to physiological demands, falls outside the direct scope of this 
study. Future research could extend these optimization approaches 
to multi-input, multi-output systems and explore their integration 
with adaptive control strategies for comprehensive pacemaker 
functionality.

Nonetheless, the present findings highlight the applicability of 
advanced simulation-based optimization techniques in the field of 
computational medicine and support the development of intelli-
gent biomedical control systems. Future work will validate the meta-
heuristic PID tuning on patient-specific models and real pacemaker 
telemetry, with subgroup analyses by age, sex, and comorbidity to 
establish generalizability and clinical robustness.
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APPENDIX A – PARTICLE SWARM OPTIMIZATION RESULTS

Detailed Performance of PSO-Tuned PID Controller
This appendix provides the detailed simulation results of the pacemaker control system optimized using the particle swarm optimization 
(PSO) algorithm. The PID parameters were tuned based on five distinct error functions: ISE, ITAE, ITSE, IAE, and dTISDSE.

SUPPLEMENTARY TABLE 1.  PID CONTROLLER GAINS (KP, KI, KD) AND CORRESPONDING PERFORMANCE METRICS (RISE TIME, SETTLING TIME, OVERSHOOT, 
PEAK) FOR EACH ERROR FUNCTION APPLIED USING PSO. NOTABLY, ISE AND IAE YIELDED IDENTICAL PARAMETERS AND ACHIEVED THE LOWEST OVERSHOOT 
VALUES

Error Functions Kp Ki Kd Rise Time (s) Settling Time (s) Overshoot (%) Peak

ISE 4.1450 2.4106 1.3780 0.0310 0.3280 32.5045 95.4033

ITAE 7.2949 2.7912 4.8957 0.0146 0.3213 55.4681 111.9371

ITSE 7.2949 2.7912 4.8957 0.0146 0.3213 55.4681 111.9371

IAE 4.1450 2.4106 1.3780 0.0310 s 0.3280 s 32.5045 95.4033

dTISDSE 7.2949 2.7912 4.8957 0.0146 0.3213 55.4681 111.9371

Supplementary Figure 1.  Step response of the closed-loop pacemaker control system using PSO-tuned PID parameters for five different error 
functions. The responses are compared based on rise time, settling time, overshoot, and peak heart rate.



APPENDIX B – GREY WOLF OPTIMIZATION RESULTS

Detailed Performance of GWO -Tuned PID Controller
This appendix presents the performance details of the PID controller tuned using the grey wolf optimization (GWO) algorithm. Five standard 
time-domain error functions were used as objective functions to evaluate control quality.

SUPPLEMENTARY TABLE 2.  SUMMARY OF THE PID PARAMETERS AND ASSOCIATED TIME-DOMAIN PERFORMANCE METRICS OBTAINED WITH GWO. DTISDSE 
PROVIDED THE LOWEST OVERSHOOT, WHILE ISE AND ITSE OFFERED THE FASTEST RISE TIMES

Error Functions Kp Ki Kd Rise Time (s) Settling Time (s) Overshoot (%) Peak

ISE 9.1117 0.7651 5.7284 0.0135 0.2990 58.4923 114.1145

ITAE 24.1959 0.1 4.1039 0.0158 0.3438 60.1401 115.3009

ITSE 10.0442 0.1041 5.6501 0.0135 0.3006 58.5566 114.1608

IAE 21.2379 0.1004 4.0701 0.0160 0.3092 59.2332 114.6479

dTISDSE 0.6301 0.2018 4.7875 0.0149 1.2491 53.1129 110.2413

Supplementary Figure 2.  Step response of the pacemaker system controlled by GWO-optimized PID parameters. Each curve represents a 
different error function, allowing visual assessment of transient behavior.



APPENDIX C – THE DRUNKARD’S WALK OPTIMIZATION RESULTS

Detailed Performance of DWO -Tuned PID Controller
The drunkard’s walk optimization (DWO) algorithm was used to tune the PID controller parameters. This appendix includes simulation results 
under five error functions to assess robustness and control precision.

Supplementary Figure 3.  Step response plots of the PID-controlled system tuned via DWO. Among all error criteria, ITAE exhibited the best 
response in terms of stability and minimum overshoot.

SUPPLEMENTARY TABLE 3.  PID PARAMETER VALUES AND ASSOCIATED PERFORMANCE MEASURES FOR EACH ERROR FUNCTION UNDER DWO. THE ITAE 
FUNCTION RESULTED IN A SETTLING TIME OF 0.2919 S AND AN OVERSHOOT OF ONLY 3.96%, DEMONSTRATING OPTIMAL PERFORMANCE

Error Functions Kp Ki Kd Rise Time (s) Settling Time (s) Overshoot (%) Peak

ISE 1.4361 0.3128 2.3585 0.0227 1.1438 38.8999 100.0079

ITAE 1.4784 1e-04 0.2217 0.1174 0.2919 3.9603 74.8514

ITSE 2.9478 0.1156 1.0049 0.0387 0.4126 24.3704 89.5467

IAE 2.6603 0.0103 0.6093 0.0540 0.3112 16.7403 84.0530

dTISDSE 1.0685 0.1104 2.4451 0.0225 1.6908 38.6053 99.7958



Supplementary Figure  4.  Step response plots for ACO-tuned PID controllers using different error functions. The responses illustrate the 
variation in system behavior depending on the cost criterion used during optimization.

SUPPLEMENTARY TABLE 4.  PID GAIN VALUES AND CORRESPONDING PERFORMANCE METRICS FOR EACH ERROR FUNCTION. THE IAE CRITERION DELIVERED 
THE BEST OVERALL PERFORMANCE WITH THE LOWEST OVERSHOOT (21.16%) AND PEAK VALUE (87.24 BPM)

Error Functions Kp Ki Kd Rise Time (s) Settling Time (s) Overshoot (%) Peak

ISE 1.92 9.16 1.16 0.0357 2.2104 24.8072 89.8612

ITAE 4.7 5.86 0.98 0.0383 0.4741 30.3255 93.8344

ITSE 4.21 7.74 0.55 0.0528 0.7271 29.0363 92.9062

IAE 3.35 1.22 0.59 0.0532 0.2921 21.1610 87.2359

dTISDSE 2.37 4.14 0.28 0.0843 0.9643 21.4319 87.4310

APPENDIX D – ANT COLONY OPTIMIZATION RESULTS

Detailed Performance of ACO -Tuned PID Controller
This section documents the simulation outcomes of the pacemaker controller tuned using ant colony optimization (ACO). Five objective func-
tions were applied to compare the controller’s transient characteristics.


