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Abstract

This paper introduces a novel cascaded softsign function-based PID (CSoft-PID) controller
designed for precise pressure regulation in highly nonlinear shell-and-tube steam condenser
systems. For the first time in the literature, the classical PID control structure is enhanced
through a cascaded nonlinear transformation using the softsign function, which dynami-
cally adjusts the controller input according to the magnitude of the error. This architecture
allows for high sensitivity near the setpoint while gracefully limiting excessive control
efforts during larger deviations, thereby improving stability and transient performance. To
optimally tune the six parameters of the proposed controller, a new hybrid optimization
algorithm, termed hGASO-PS, is proposed. This method synergistically integrates an
adaptive gbest-guided atom search optimization (ASO) strategy with the precision of the
pattern search (PS) technique, ensuring both effective global exploration and fine-tuned
local exploitation. The controller parameters are optimized by minimizing the integral of
time-weighted absolute error (ITAE), subject to a step change in the condenser pressure
setpoint. Extensive simulations and statistical evaluations demonstrate the superiority of
the proposed approach. The hGASO-PS-based CSoft-PID controller achieved the lowest
ITAE value of 2.1608, with an average of 2.2746 across 30 runs. It also demonstrated the
fastest settling time (12.51 s) and the lowest overshoot (1.98%) among all tested controllers.
Comparisons with recent PI, FOPID, and cascaded PI-PDN controllers confirm the con-
sistent outperformance of the proposed method in both transient response and control
precision, making it a promising candidate for industrial condenser applications.

Keywords: nonlinear optimization problem; pressure regulation of steam condenser;
softsign function-based PID controller; atom search optimization; pattern search

1. Introduction
Shell-and-tube steam condensers are vital components in thermal, nuclear, and ma-

rine power plants, playing a key role in converting exhaust steam from turbines back
into water, thereby completing the energy cycle [1]. Given their central role, maintaining
stable pressure within these systems is essential for ensuring thermodynamic efficiency,
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operational safety, and system reliability. However, the intrinsic dynamics of these con-
densers are far from linear. The interaction of steam, non-condensable gases, condensate,
and cooling water introduces complex, nonlinear behaviors that challenge conventional
control strategies.

Over the years, researchers have explored various control strategies to enhance the
performance and stability of heat exchanger systems. For example, Nithya et al. [2] investi-
gated the application of predictive control strategies for a shell-and-tube heat exchanger.
Their study highlighted the effectiveness of model predictive control (MPC) in handling
multivariable systems with constraints, offering improved setpoint tracking and distur-
bance rejection compared to traditional PID controllers. Pandey et al. [3] designed a fuzzy
logic controller for a cross-flow shell-and-tube heat exchanger. The fuzzy controller demon-
strated superior performance in managing the nonlinear behavior of the system, providing
better temperature regulation and reduced overshoot compared to conventional control
methods. Ahn et al. [4] proposed a proportional–integral–derivative (PID) control scheme
incorporating feedforward control and anti-windup techniques for a shell-and-tube heat
exchanger system. Their approach effectively mitigated the adverse effects of actuator
saturation and improved the overall system response, ensuring stability and robustness
under varying operating conditions. Wang and Li [5] applied particle swarm optimization
(PSO) to tune PID controller parameters for a steam condenser system. The PSO-based PID
controller achieved enhanced performance metrics, including reduced settling time and
overshoot, demonstrating the potential of metaheuristic algorithms in control parameter
optimization. Reddy and Balaji [6] utilized a genetic algorithm (GA) to optimize PID
controller settings for temperature control in a shell-and-tube heat exchanger. The GA-PID
controller outperformed traditional tuning methods, offering improved transient response
and stability. Al-Dhaifallah [7] introduced a fuzzy fractional-order PID (FOPID) controller
for heat exchanger systems. The integration of fuzzy logic with fractional calculus provided
a more flexible control structure, capable of handling system uncertainties and nonlin-
earities effectively. Schiavo et al. [8] explored the application of PID acceleration (PIDA)
control for heat exchangers. Their study demonstrated that PIDA controllers could offer
improved dynamic performance, particularly in systems requiring rapid response and high
precision. Jabari et al. [9] proposed a novel TDn(1+PIDn) controller optimized using a
diligent crow search algorithm (DCSA) for pressure regulation in nonlinear shell-and-tube
steam condensers. Their approach achieved significant improvements in control accuracy
and response time, highlighting the efficacy of combining advanced control structures with
bio-inspired optimization techniques.

Traditional controllers, such as the PID [10] family, have long been favored in indus-
trial applications due to their simplicity and effectiveness. Yet, their linear nature often
limits their adaptability in systems with time-varying nonlinearities. In the context of
steam condensers, this may result in slower response times, excessive overshoot, or even
instability, particularly under load disturbances or setpoint changes.

Over the decades, numerous enhancements have been introduced to improve PID
performance in the face of nonlinear dynamics, time delays, and system uncertainties.
These include robust control extensions, such as H∞ control [11], sliding mode control [12],
and FOPID controllers, that provide greater tuning flexibility [13,14]. Researchers have
also proposed fuzzy-PID and optimal fuzzy-based PID controllers to handle complex
nonlinearities and ensure smoother control actions under varying conditions [15,16].

The integration of intelligent optimization techniques with PID design has led to fur-
ther performance improvements. For example, PSO [17], GA [6], and hybrid evolutionary
approaches have been employed to automatically tune PID gains for various nonlinear
processes, ranging from exoskeletons [17] and pressure systems [16] to power system
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stabilizers [18]. More recent innovations include sigmoid-based [18,19], exponential [20],
and reinforcement learning-enhanced structures [21], which aim to adaptively modulate
control intensity based on system states or learned behavior. Multi-stage and cascaded
PID variants have also gained popularity for improving disturbance rejection and transient
response, particularly in voltage regulation [22,23], renewable-integrated systems [24,25],
and converter dynamics [26,27].

Despite the breadth of these advancements, the majority of existing techniques still rely
on either gain tuning of conventional PID structures or indirect shaping via approximation
techniques. To address these challenges, the present study introduces a novel cascaded
softsign function-based PID (CSoft-PID) controller, designed specifically for nonlinear
condenser systems. This is the first time such a cascaded nonlinear transformation has
been integrated into a PID framework using the softsign function [28]. By shaping the
input signal through a smooth, saturating nonlinearity, the proposed controller enhances
sensitivity near the setpoint while preventing aggressive control actions when large errors
occur. This adaptive shaping mechanism ensures smoother transitions and improved
damping without compromising responsiveness.

Equally important is the tuning of the controller’s parameters, which must be metic-
ulously calibrated to achieve the desired performance in a nonlinear environment. In
response to this need, the study further proposes a new hybrid optimization algorithm,
the hybrid adaptive gbest-guided atom search optimization and pattern search (hGASO-
PS). This method blends the global search [29] capabilities of an improved atom search
optimization algorithm [30] with the local refinement precision of pattern search [31]. The
result is a well-balanced optimizer that overcomes the stagnation and slow convergence
typically associated with standalone metaheuristics.

To verify the effectiveness of the proposed control scheme, extensive simulation exper-
iments were conducted. The CSoft-PID controller, tuned via hGASO-PS, was benchmarked
against several state-of-the-art PI, FOPID, and cascaded PI-PDN controllers from recent
literature. The evaluations covered both statistical optimization metrics and closed-loop
transient performance. Notably, the proposed approach achieved the lowest integral of
time-weighted absolute error value (2.1608), the shortest settling time (12.51 s), and the
smallest overshoot (1.98%), outperforming a broad range of recent control strategies.

The remainder of this paper is structured as follows: Section 2 introduces the dynamic
modeling of the nonlinear steam condenser system. Section 3 discusses the fundamentals
of the atom search optimization algorithm, while Section 4 presents the development of the
proposed hGASO-PS. Section 5 details the novel CSoft-PID controller and its integration
with the hybrid optimization framework. Section 6 reports the simulation results and
comparative evaluations, and Section 7 concludes the paper with potential future directions.

2. Dynamic Modeling of Nonlinear Steam Condenser System
Shell-and-tube steam condensers are pivotal components within thermal, nuclear, and

marine power plants, serving the critical role of condensing exhaust steam back into water
for reuse within the power generation cycle [9]. The dynamic behavior of such condensers
is inherently nonlinear due to the complex interactions between steam, non-condensable
gases, cooling water, and the heat exchange surfaces. An accurate dynamic model is thus
essential to ensure efficient control and to enhance system stability, energy efficiency, and
operational safety [32].

The shell-and-tube condenser typically features a cylindrical or elliptical shell fitted
with perforated tube plates and end closures that form water chambers [33]. Steam enters
the upper section of the condenser through an inlet connected to the turbine exhaust,
while cooling water flows through the tubes from the lower chambers. As steam contacts
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the cooler surfaces of the water tubes, condensation occurs, releasing latent heat that is
absorbed by the circulating cooling water. The resulting condensate is collected at the
bottom in a hot well, while air and non-condensable gases are extracted through dedicated
air outlets to maintain the necessary vacuum. A simplified schematic representation of the
shell-and-tube steam condenser system is depicted in Figure 1 [33].

Steam inlet

Condensate 
water outlet

Cooling 
water inlet

Cooling 
water outlet

Figure 1. Simplified structure of the shell-and-tube steam condenser system.

2.1. Mathematical Modeling of the Steam Zone

The mass and energy balances within the steam zone are critical to understanding the
condenser’s dynamic behavior. The mass conservation of the steam inside the shell can be
expressed as:

dGs

dt
= Gst + Gost + Gc − Gss (1)

where Gs denotes the steam mass inside the condenser, Gst is the steam flow rate from the
turbine, Gost is the additional steam input, Gc represents the condensate mass flow rate,
and Gss accounts for steam removed via vacuum pumps. The variation in steam pressure
Ps within the shell is governed by:

dPs

dt
=

Rs

V

(
dGs

dt

)
(Ts + 273.15) (2)

Here, Rs is the specific gas constant for steam, V is the effective gas volume, and Ts is
the saturated steam temperature. The steam’s average enthalpy dynamics are described by:

dGsHs

dt
= Gst Hst + GostHost − (Gc + Gss)Hs (3)

where Hs, Hst, and Host refer to the average enthalpy of steam inside the condenser, the
turbine exhaust steam enthalpy, and any auxiliary steam input enthalpy, respectively.

2.2. Mathematical Modeling of the Air Zone

Non-condensable gases present in the condenser, such as air, significantly affect its
thermal performance and pressure dynamics. The mass balance for air content Ga is
defined by:

dGa

dt
= Gvb + Gn + Gg − Ga (4)
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where Gvb is the air inflow through the vacuum break valve, Gn is the air ingress from nor-
mal drainage, Gg accounts for seal leakages, and Ga is the air removal rate. Correspondingly,
the variation in air pressure Pa is modeled as:

dPa

dt
=

Ra

V

(
dGa

dt

)
(Ts + 273.15) (5)

with Ra being the specific gas constant for air. The overall absolute pressure Pc inside the
condenser can then be expressed simply as the sum of steam and air partial pressures
(Pc = Ps + Pa).

2.3. Mathematical Modeling of the Hot-Water Zone

The hot well, where condensate accumulates, has its own dynamics that are critical
for overall mass balance. The hot well water level Lc can be calculated by Lc = Gw/(ρAw),
where Gw is the water mass, ρ is the water density, and Aw is the cross-sectional area of the
hot well. The dynamics of water accumulation and enthalpy are governed by:

dGw

dt
= Ggc + Ggp − Gwo (6)

dGw Hw

dt
= GcHcw + GgpHgp − Gwo Hw (7)

where Ggp denotes the volume of oxygen expelled, Gwo is the water leaving the condenser,
and Hcw and Hgp are enthalpies related to cooling water and exhaust gases, respectively.

2.4. Mathematical Modeling of the Cooling-Water Zone

The dynamic heat exchange occurring within the condenser tubes can be captured
through an energy balance:

MwCw
dT
dt

= Q − Qw (8)

where Mw is the mass of cooling water, Cw is its specific heat, Q is the heat transferred
from steam to cooling water, and Qw is the heat carried away by the cooling water. The
logarithmic mean temperature difference ∆tm required for evaluating heat transfer is
computed as:

∆tm =
T − Tcw

ln
(

Ts−Tcw
Ts−T

) (9)

In this model, Tcw and T refer to the inlet and outlet temperatures of the cooling
water, respectively. Finally, a simplified model of the pressure dynamics under ideal gas
assumptions, considering the condensation rate and volume changes, can be written as:

dP
dt

=
RTc

V
(Fs − Fc) (10)

where Fs and Fc are the respective mass flow rates of steam inflow and condensate outflow.

2.5. System Parameters

The dynamic modeling of the shell-and-tube steam condenser system requires the
adoption of specific thermodynamic and system parameters. The parameters reported in
refs. [9,32,33] were considered in order to simulate the dynamic behavior of the nonlinear
steam condenser system accurately. These parameter selections align with prior modeling
studies and reflect typical operating conditions of industrial shell-and-tube steam con-
densers. They ensure that the developed mathematical model realistically captures the
essential dynamics and nonlinearities of the system.
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For compactness, the nonlinear steam condenser model described in Sections 2.1–2.4
may also be interpreted in a state-space-oriented form. In this representation, the overall
system is written as

.
x(t) = f (x(t), u(t)), y(t) = g(x(t), u(t)) where x(t) denotes the state

vector collecting the main dynamic variables associated with the steam zone, air zone, hot-
water zone, and cooling-water zone, u(t) denotes the system input, and y(t) denotes the
measured output. In the present pressure regulation problem, the state vector is composed
of the dominant thermodynamic variables introduced in Equations (1)–(10), whereas the
output corresponds to the condenser pressure. Accordingly, the developed model may
be viewed as a coupled nonlinear multi-state system in which mass and energy balances
jointly determine the pressure evolution. This compact representation does not modify the
physical model derived above; rather, it provides a unified summary of the model structure
and highlights the coupled and nonlinear nature of the condenser dynamics considered in
this study.

3. Atom Search Optimization Algorithm
Metaheuristic algorithms, inspired by natural phenomena, have demonstrated sub-

stantial success across a wide range of optimization problems [34–37]. Among them, the
recently introduced atom search optimization (ASO) algorithm presents a novel approach
that combines principles from molecular dynamics with heuristic search strategies [38].
ASO draws its core inspiration from the physical interactions observed among atoms, par-
ticularly the interplay of attractive and repulsive forces as governed by classical mechanics.
In ASO, each atom represents a candidate solution within the search space. The behavior
of the atoms is governed by two principal types of forces: interaction forces modeled by
a modified Lennard-Jones potential, and constraint forces based on bond-length poten-
tials [39]. The interaction forces facilitate exploration by allowing atoms to either attract or
repel each other depending on their relative distances, while the constraint forces serve to
maintain a structured movement toward the current best solution. This dual mechanism
ensures a harmonious balance between global exploration and local exploitation, which is
essential for avoiding premature convergence. At the heart of ASO lies Newton’s second
law of motion, which relates the acceleration ai of each atom i to the sum of the interaction
force Fi and constraint force Gi divided by its mass mi:

ai =
Fi + Gi

mi
(11)

The interaction force between two atoms is mathematically derived from a modified
Lennard-Jones potential, expressed as:

F′
ij(t) = η(t)

[
2
(
hij(t)

)13 −
(
hij(t)

)7
]

(12)

where η(t) is a time-varying depth function controlling the balance between attraction and
repulsion, and hij(t) is a normalized interatomic distance factor. The position and velocity
of each atom are iteratively updated according to the following relations:

vi(t + 1) = randi · vi(t) + ai(t) (13)

xi(t + 1) = xi(t) + vi(t + 1) (14)

where randi is a random number in the interval [0, 1], ensuring stochastic perturbations to
the movement direction. A key adaptive mechanism in ASO is the gradual adjustment of
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the number of neighboring atoms K(t) considered during force calculations, decreasing
over time according to:

K(t) = N − (N − 2)

√
t
T

(15)

where N is the total number of atoms, t is the current iteration, and T is the maximum num-
ber of iterations. This strategy enhances exploration in the early stages and exploitation in
the later stages of the optimization process. The main parameters governing ASO behavior
include α (the depth weight modulating the interaction strength), β (the multiplier weight
regulating constraint forces), N (the population size of atoms), and T (the maximum num-
ber of iterations). Through the dynamic modulation of forces and adaptive neighborhood
interactions, ASO successfully balances the competing needs for global search diversity and
local convergence efficiency. Extensive benchmarking has demonstrated that ASO offers a
competitive edge over several classic and emerging optimization methods, highlighting its
potential for tackling complex, multimodal, and real-world engineering problems [40–47].

4. Proposed Hybrid Algorithm
Although the ASO algorithm has demonstrated strong global search capabilities,

it shares a common shortcoming with many population-based methods: a diminished
efficiency during the exploitation phase. As the optimization advances, ASO tends to lose
its ability to effectively concentrate the search around the most promising regions, leading
to slower convergence [48]. To overcome this limitation, we introduce a hybrid version of
ASO, referred to as the hybrid adaptive gbest-guided atom search optimization and pattern
search (hGASO-PS) algorithm, which integrates an adaptive guidance mechanism [49]
centered on the global best solution and performs pattern search mechanism [50] to further
improve the solution. To adaptively balance the global and local search behaviors, we
integrate a gbest-guided mechanism into the standard ASO such that the velocity of each
atom is updated using the following formulation:

vi(t + 1) = randi · vi(t) + c1 · ai(t) + c2 · (gbest − xi(t)) (16)

Here, c1 and c2 are adaptive coefficients controlling the influence of acceleration
and attraction towards the global best, respectively. Their values evolve over iterations
according to:

c1 =

(
−2t3

T3

)
+ 2, c2 =

(
2t3

T3

)
(17)

These dynamic parameters ensure that early iterations emphasize exploration (c1 > c2),
while the later stages prioritize exploitation by increasing the weight of the global best
influence (c2 > c1). In the proposed hGASO-PS framework, the principal algorithmic
quantities are determined in a straightforward and adaptive manner. The current best
fitness value is not prescribed in advance; rather, it is obtained iteratively as the minimum
objective function value achieved by the population up to the current iteration. Similarly,
the iteration index t is simply the running counter of the optimization process, whereas T
denotes the predefined maximum number of iterations and serves as the stopping limit of
the global search stage. Therefore, quantities such as the best fitness and the current global
best solution are updated automatically during the search, while the adaptive coefficients in
Equation (17) are calculated directly from the normalized iteration progress (t/T). In this
way, the parameter adaptation mechanism does not require additional manual tuning and
naturally shifts the search behavior from exploration in the early iterations to exploitation
in the later ones.
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While ASO and its adaptive variant are effective in global search, they may struggle
to refine solutions in the vicinity of the optimum. To address this, the pattern search
(PS) mechanism [51] (shown in Figure 2) is employed as a local optimizer. It operates by
generating mesh points in four principal directions: [1, 0], [0, 1], [−1, 0], and [0,−1]. These
directions are iteratively expanded or contracted depending on the success of the search.

𝑋0 

𝑋0 ൅ ሾ0, 1ሿ 

𝑋0 ൅ ሾ0,െ1ሿ 

𝑋0 ൅ ሾ1, 0ሿ 𝑋0 ൅ ሾെ1, 0ሿ 

 

Figure 2. The process of the pattern search mechanism.

Let Xk be the current solution. The pattern mesh at iteration k is defined by:

Xk = ∆k · d, d ∈ {[1, 0], [0, 1], [−1, 0], [0,−1]} (18)

If a better solution is found, ∆k is increased (expansion); otherwise, it is reduced
(contraction), guiding the search toward optimal regions. This mechanism enhances the ex-
ploitation phase, ensuring precise convergence [52]. In the context of the above mechanisms,
the hybrid algorithm proceeds in two stages (as detailed in Figure 3):

1. Global search with adaptive ASO: The population of candidate solutions (atoms)
evolves using the adaptive gbest-guided ASO described above. The global search is
continued until a stopping criterion or satisfactory convergence is achieved.

2. Local exploitation via PS: The best solution obtained from the ASO stage is used to
initialize the PS algorithm. This second stage refines the solution locally by exploring
the immediate neighborhood using deterministic mesh patterns.

This sequential combination allows the algorithm to effectively explore the global
landscape and then concentrate search efforts near the most promising region.
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𝑡 = 𝑇  𝑡 = 𝑡 + 1 
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Return the best solution Stop
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successful?
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mesh size
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mesh size
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conditions reaches?

Specify the PS parameters 
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yes

no

no

yes

yes

no

yes

no

 

Figure 3. Flowchart of hGASO-PS algorithm.

5. Novel Control Approach
5.1. Cascaded Softsign Function-Based PID Controller

To enhance the robustness and adaptability of control in highly nonlinear systems
such as steam condensers, a novel control approach (termed the cascaded softsign function-
based PID (CSoft-PID) controller) is proposed. This controller builds upon the classical PID
framework [10] but introduces a nonlinear shaping mechanism via a softsign function to
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improve transient response and prevent aggressive control actions. The conventional PID
structure used in this work is defined in the Laplace domain as:

CPID(s) = KP +
KI
s

+
Ns

s + N
KD (19)

This form incorporates a filtered derivative term using the parameter N, which helps
to mitigate noise sensitivity—a known limitation of pure derivative action. While this
controller effectively combines proportional (KP), integral (KI), and derivative (KD) dynam-
ics, its behavior remains linear with respect to the error signal. To enhance its nonlinear
response characteristics, a softsign transformation [28] is applied to the error before it feeds
into the control law. The softsign function is defined as:

So f tsign(x) =
x

1+|x| (20)

This function introduces a smooth, saturating nonlinearity that compresses the control
signal as the input magnitude increases, thereby allowing high sensitivity near the setpoint
and bounded responses during large disturbances.

While nonlinear error-shaping mechanisms based on functions such as sigmoid, hyper-
bolic tangent, and saturation have been explored in previous studies, the softsign function
provides several distinct properties that make it particularly suitable for practical control ap-
plications. Unlike sigmoid or tanh functions, which rely on exponential terms, the softsign
function possesses a rational polynomial form. This structure produces a smooth and grad-
ual saturation characteristic while maintaining a relatively simple computational structure.

From a control perspective, this property offers three important advantages. First,
the softsign transformation limits the magnitude of the error signal in a continuous and
bounded manner, preventing excessively aggressive control actions during large transient
deviations. Second, the function maintains an approximately linear slope in the vicinity of
the origin, which preserves high sensitivity near the setpoint and enables accurate steady-
state regulation. Third, the absence of exponential operations reduces computational
complexity and improves numerical robustness, which is advantageous for real-time
implementation in industrial control systems.

Therefore, the softsign function provides a balanced nonlinear shaping mechanism
that simultaneously maintains sensitivity near the operating point and suppresses excessive
actuation under large disturbances. In the proposed controller architecture, this transforma-
tion is implemented in a cascaded structure together with two adjustable gains, allowing
the degree of nonlinear shaping to be flexibly tuned during the optimization process.

As shown in Figure 4, the proposed CSoft-PID controller cascades this nonlinear
transformation after a linear scaling stage. The error signal e(t) is first scaled by a gain
G1, yielding:

l(t) = G1 × e(t) (21)

This signal l(t) is then passed through the softsign function and further scaled by a
second gain G2, resulting in the nonlinear control input:

v(t) = G2 × So f tsign(l(t)) = G2 × So f tsign(G1 × e(t)) = G1 × G2 ×
e(t)

1+|G1 × e(t)| (22)

This cascaded arrangement forms the core of the CSoft-PID controller, where the input
of the PID controller (v(t)) is a nonlinear transformation of the error signal, modulated by
tunable gains G1 and G2. The purpose of this structure is to retain the intuitive nature of
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PID control, while introducing a nonlinear correction layer that dynamically adjusts the
response intensity based on the magnitude of the error.

error 

𝐾𝑃 

𝑒ሺ𝑡ሻ 𝑣ሺ𝑡ሻ 

𝐾𝐷 

𝑢ሺ𝑡ሻ 
𝐺2 𝑆𝑜𝑓𝑡𝑠𝑖𝑔𝑛ሺ𝑙ሺ𝑡ሻሻ 

𝑙ሺ𝑡ሻ 

1
𝑠
 

𝑁 

𝐺1 𝐾𝐼 
1
𝑠
 

൅ 

൅ 
൅ 

൅ 
െ 

𝑆𝑜𝑓𝑡𝑠𝑖𝑔𝑛൫𝑙ሺ𝑡ሻ൯ ൌ
𝑙ሺ𝑡ሻ

1 ൅ 𝑎𝑏𝑠ሺ𝑙ሺ𝑡ሻሻ 
 

Softsign function block PID block

controller 
output

 

Figure 4. Block diagram of CSoft-PID controller.

Figure 4 visually illustrates the architecture of this controller. The error signal enters
a gain block G1, then passes through a softsign function, and is finally scaled by G2.
This processed signal, which reflects a shaped version of the error, is then used within
the broader PID control loop as an input, enhancing stability and mitigating the risk of
overshoot or oscillations in dynamic scenarios. In summary, the CSoft-PID controller offers
a practical and computationally efficient enhancement over conventional PID designs.
By cascading a nonlinear transformation that adapts to error magnitude, the controller
achieves smoother transient performance, better handling of nonlinear dynamics, and more
graceful saturation behavior, making it particularly well-suited for complex industrial
systems such as steam condensers.

5.2. Definition of Optimization Problem

To ensure high-performance control of the nonlinear steam condenser system, the
parameters of the proposed CSoft-PID controller must be finely tuned. This tuning process
is formulated as a constrained optimization problem in which the goal is to minimize
a predefined objective function that captures the controller’s effectiveness in reducing
pressure tracking error over time. The objective function selected for this study is the
integral of time-weighted absolute error (ITAE), which penalizes both the magnitude of the
control error and its duration. This function is defined as [53]:

ITAE =

t2∫
t1

(t − t1)|e(t)|dt (23)

where e(t) denotes the instantaneous error signal, calculated as the difference between the
desired pressure setpoint and the actual output of the condenser system. In this study, the
evaluation interval of the ITAE objective function is selected as [t1 = 10 s, t2 = 50 s]. The
lower bound t1 = 10 s corresponds to the instant at which the step change in the condenser
pressure reference is introduced, ensuring that the optimization process focuses directly on
the transient response of the closed-loop system rather than the pre-disturbance steady-
state condition. The upper bound t2 = 50 s is chosen because this duration is sufficient
for all examined controller configurations to complete their dominant transient behavior
and approach steady-state operation. Therefore, the selected interval captures the main
dynamic characteristics of interest, including overshoot, oscillations, and settling behavior,
whereas the tracking error outside this range remains negligible due to steady-state regula-
tion. The ITAE criterion is particularly suitable for pressure regulation applications, as it
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emphasizes fast settling with minimal sustained error, thereby promoting both accuracy
and responsiveness.

To rigorously evaluate the controller under dynamic conditions, a pressure setpoint
change is introduced during the simulation. Specifically, the reference pressure P is initially
held at 90 kPa, then increased to 95 kPa at time t1 = 10 s. This step change allows the
assessment of the controller’s performance during both steady-state and transient periods.
The optimization process also involves adjusting the following six control parameters: KP,
KI , KD, N, G1, and G2. These parameters are subject to the following constraints to ensure
safe and realistic operation of the controller: 1 ≤ KP ≤ 100, 0.1 ≤ K I ≤ 10, 1 ≤ KD ≤ 100,
5 ≤ N ≤ 1000, 0.1 ≤ G1 ≤ 10, and 0.1 ≤ G2 ≤ 10. These bounds were chosen based on
preliminary experiments and control engineering heuristics to maintain system stability
and avoid excessively aggressive control actions. The optimization algorithm seeks to
determine the optimal set of these six parameters that minimizes the ITAE objective function,
thereby achieving accurate, fast, and stable pressure regulation in the shell-and-tube steam
condenser system.

5.3. Application of hGASO-PS Algorithm

The proposed hybrid algorithm, hGASO-PS, plays a central role in fine-tuning the
control parameters of the newly developed CSoft-PID controller to ensure optimal perfor-
mance within the nonlinear dynamics of the steam condenser system. As detailed earlier,
hGASO-PS integrates the global exploration strength of the adaptive gbest-guided ASO
algorithm with the local search precision of the PS technique. This hybridization ensures
that both global optimality and local refinement are achieved in the search for the best
controller settings.

The complete implementation strategy is illustrated in Figure 5, which outlines the
interconnection between the nonlinear condenser model, the optimization framework,
and the controller structure. As shown, the process begins with initializing the hGASO-
PS algorithm, where an initial population of candidate solutions (each representing a
distinct set of controller parameters) is randomly generated within the defined bounds.
Each candidate solution is evaluated based on the ITAE objective function defined in
Section 5.2. This evaluation involves simulating the nonlinear condenser system’s dynamic
response using the candidate CSoft-PID controller settings and computing the integral of
time-weighted absolute error resulting from a predefined pressure setpoint change.

Pressure 
setpoint

Input 
step test

Condenser 
pressure

൅ 
൅ 

Nonlinear plant 
(Steam condenser)

െ 

Calculate 𝐼𝑇𝐴𝐸 
objective function 

Minimize

Assign new 
controller parameters

Error൅ 
CSoft-PID controller

Apply 
hGASO-PS

Figure 5. The implementation of hGASO-PS tuned novel CSoft-PID controller to nonlinear steam
condenser system.
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Within the hGASO-PS framework, the ASO mechanism first guides the population
using atom-inspired dynamics and adaptive global best attraction. The gbest-guided
approach enables the algorithm to gradually shift from global search to a more refined
local regions as iterations progress. Once a sufficiently promising solution is identified, the
PS module is invoked to fine-tune this solution further. This phase performs a localized
search around the best solution using mesh-based directional probes, aiming to minimize
the ITAE value even further. This two-phase optimization loop continues until the stopping
condition is satisfied (by reaching the maximum number of iterations). The outcome is
the optimal parameter set for the CSoft-PID controller, which is then embedded within
the closed-loop system for final performance verification. In essence, the application of
hGASO-PS to the nonlinear condenser system enables automated and intelligent calibration
of the controller. This hybrid algorithm not only ensures robust convergence to high-quality
solutions but also facilitates reliable pressure regulation with reduced steady-state error,
faster settling, and smoother transient behavior.

6. Simulation Results
6.1. Statistical Test and Evolution of Objective Function

To assess the robustness and consistency of the proposed hGASO-PS-based CSoft-PID
controller, a comprehensive comparative evaluation was carried out using a statistical
approach over 30 independent runs. For a fair comparison, all algorithms were executed
under the same optimization framework, using the identical objective function defined
in Equation (23), the same controller parameter bounds, a population size of 40, and a
maximum of 100 iterations. In all cases, the initial candidate solutions were randomly
generated within the same predefined search intervals of the controller parameters. Further-
more, the internal parameters of the benchmark algorithms were not additionally retuned
for the present problem; instead, the default parameter settings recommended in their
original studies were adopted. For comparative purposes, the recent and good-performing
algorithms of ASO [38], Newton–Raphson-based optimizer (NRBO) [54], honey badger
algorithm (HBA) [55], and sine cosine algorithm (SCA) [56] were used.

The results of the statistical performance across all algorithms are presented in Figure 6
and Table 1. The boxplot in Figure 6 visually illustrates the distribution of ITAE values
obtained from 30 independent runs for each algorithm. As observed, the proposed hGASO-
PS algorithm not only achieves the lowest median ITAE but also exhibits a narrow in-
terquartile range, indicating its strong consistency and stability across multiple runs. In
contrast, other algorithms such as the standard ASO, NRBO, HBA, and SCA show wider
spreads and higher median values, signifying either less accurate convergence or more
variable outcomes.

Table 1. Comparative numerical values for statistical performance.

Algorithm Mean Standard
Deviation Best Worst

hGASO-PS 2.2746 0.0934 2.1608 2.5607
ASO 2.8189 0.0801 2.6986 2.9822

NRBO 3.0439 0.0977 2.9029 3.2664
HBA 3.2306 0.0918 3.0650 3.4380
SCA 3.4423 0.1695 3.2831 4.1080
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Figure 6. Boxplot evaluation based on the minimization of the ITAE objective function value.

The numerical values further confirm this observation. As summarized in Table 1,
the hGASO-PS algorithm yields the lowest mean ITAE value of 2.2746 with a standard
deviation of 0.0934. Its best recorded ITAE was 2.1608, while the worst remained at
2.5607 (still outperforming the average performance of all competing methods). The
second-best performer, ASO, had a mean ITAE of 2.8189 and a higher worst-case value of
2.9822. The performance degradation is more noticeable with algorithms like HBA and
SCA, whose worst-case results reached up to 3.4380 and 4.1080, respectively.

To further explore convergence behavior, Figure 7 presents the best convergence curves
of each algorithm. The curves illustrate how the objective function value evolves over
iterations. Here, hGASO-PS stands out with a rapid initial decline in ITAE, followed by
a smooth and steady convergence trend, ultimately reaching a lower final error than all
other methods. This demonstrates the effectiveness of the hybrid mechanism in balancing
exploration and exploitation throughout the optimization process. In contrast, some
algorithms like NRBO and SCA show slower descent and earlier stagnation, suggesting
that they may be more prone to premature convergence.

Complementing the statistical and convergence analysis, Table 2 lists the optimal
parameter sets of the CSoft-PID controller obtained by each algorithm. The hGASO-PS-
tuned controller features notably larger proportional and derivative gains compared to
its competitors, which likely contributed to its faster transient response. Additionally,
the gains associated with the nonlinear shaping structure reflect a more moderate but
stable shaping effect, helping the controller avoid excessive actuation and maintain robust
performance. In summary, the statistical test and objective function evolution analysis
clearly indicate that the hGASO-PS algorithm not only provides superior control accuracy
but also maintains high reliability across multiple trials. These findings validate the
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algorithm’s effectiveness in tuning the CSoft-PID controller for dynamic pressure regulation
in nonlinear condenser environments.
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Figure 7. Comparative convergence curves demonstrating the minimization of ITAE with respect
to iterations.

Table 2. Optimal parameters of CSoft-PID controller obtained by different algorithms.

Algorithm KP KI KD N G1 G2

hGASO-PS 80.1191 1.5810 75.3387 573.5719 0.2767 6.7309
ASO 53.6933 1.2813 62.0966 516.6798 0.4211 6.2016

NRBO 89.2304 2.7917 96.3650 585.0400 0.4215 2.8376
HBA 43.8164 2.4606 64.0248 756.7654 1.1601 2.0134
SCA 58.9604 4.3778 75.2959 880.6523 1.6108 1.0585

6.2. Closed-Loop Response

To further validate the performance of the proposed hGASO-PS-based CSoft-PID
controller under dynamic operating conditions, a step-change simulation was conducted
on the nonlinear steam condenser system. The goal was to evaluate how effectively each
controller configuration regulates the condenser pressure in response to a reference input
disturbance. As illustrated in Figure 8, the simulation begins with an initial pressure
setpoint of 90 kPa, which is increased to 95 kPa at 10 s. The Figure depicts the step response
of the condenser pressure under five different configurations: the proposed hGASO-PS-
based CSoft-PID and those tuned by ASO, NRBO, HBA, and SCA.
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Figure 8. Step response showing the change in condenser pressure from 90 kPa to 95 kPA at t = 10 s.

A visual inspection of the step responses reveals that the hGASO-PS-based controller
delivers the fastest and smoothest tracking with minimal overshoot and rapid settling. A
more detailed perspective is presented in Figure 9, which zooms in on the transient region
surrounding the step change. In this closer view, the superiority of the hGASO-PS-based
CSoft-PID controller becomes even more evident. Unlike other controllers, which exhibit
noticeable overshoots and longer transient tails, the proposed controller responds swiftly
and stabilizes the system output without oscillatory behavior. To quantitatively support
these observations, Table 3 presents the key transient performance metrics derived from
the closed-loop simulations. These include:

• Normalized rise time (nrt): time taken to rise from 10% to 90% of the final value;
• Normalized rise time (nst): time required for the output to remain within ±2% of the

final value;
• Normalized rise time (nos): the maximum peak beyond the steady-state value ex-

pressed as a percentage;
• Normalized rise time (npt): the time at which the peak response occurs.

Table 3. Numerical transient performance of different algorithms.

Algorithm nrt (s) nst (s) nos (%) npt (s)

hGASO-PS 0.6180 12.5096 1.9823 11.2477
ASO 0.6190 13.0096 2.1658 11.2508

NRBO 0.6192 13.2438 3.0758 11.2647
HBA 0.7042 12.7072 4.8169 11.4175
SCA 0.8154 12.8445 6.8440 11.6250
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Figure 9. Zoomed view of Figure 8.

Among all tested controllers, the hGASO-PS-based CSoft-PID demonstrates the lowest
normalized overshoot (1.9823%) and the fastest normalized settling time (12.5096 s), while
maintaining a minimal normalized rise time and normalized peak time. These metrics
reflect its ability to deliver rapid and stable responses with minimal deviation from the
target value. Although the ASO-based controller achieves comparable normalized rise
and peak times, it still lags behind in terms of normalized overshoot and settling precision.
Controllers based on HBA and SCA, in particular, display significantly larger normalized
overshoots and delayed responses, underscoring their limitations in handling the nonlin-
earities of the system effectively. Overall, the closed-loop performance results reaffirm
the superior dynamic behavior of the proposed hGASO-PS-tuned CSoft-PID controller.
It consistently achieves better transient characteristics, making it a promising solution
for real-world steam condenser applications that demand fast, precise, and reliable pres-
sure regulation.

6.3. Comparison with Reported Studies

To rigorously assess the efficacy of the proposed hGASO-PS-based CSoft-PID con-
troller, its performance was compared against several state-of-the-art controllers reported
in the literature. These include optimization-based proportional–integral (PI), fractional-
order PID (FOPID), and cascaded PI-PDN controllers designed using various advanced
metaheuristic algorithms such as the gray wolf optimizer (GWO) [33], particle swarm
optimization (PSO) [33], gazelle optimization algorithm (GOA) and its logarithmic spiral
version (Ls-GOA) [57], enhanced cooperation search (en-CSA) [32], rime optimizer [32],
sinh-cosh optimizer (SCHO) [58], aquila optimizer (AO) [58], electric eel foraging opti-
mizer (EEFO) [59], quadratic interpolation optimizer (QIO) [59], golden eagle optimizer
(GEO) [59], and slime mold algorithm (SMA) [59]. These methods are listed in Table 4. The
comparative evaluations are categorized into three groups based on the type of controller
design. These comparisons are made under identical simulation scenarios, particularly
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involving a step change in the pressure setpoint from 90 kPa to 95 kPa, to ensure consistency
across all assessments.

Table 4. Comparative numerical performance analyses with respect to reported approaches in
the literature.

Method No. Reference Algorithm Control Scheme

1 [33] GWO PI
2 [33] PSO PI
3 [57] GOA PI
4 [57] Ls-GOA PI
5 [32] en-CSA FOPID
6 [32] RIME FOPID
7 [58] SCHO FOPID
8 [58] AO FOPID
9 [59] EEFO Cascaded PI-PDN

10 [59] QIO Cascaded PI-PDN
11 [59] GEO Cascaded PI-PDN
12 [59] SMA Cascaded PI-PDN

6.3.1. Comparison with Reported PI-Based Approaches

As shown in Figure 10, the hGASO-PS-tuned CSoft-PID controller significantly out-
performs the PI controllers optimized using GWO, PSO, GOA, and Ls-GOA in terms of
transient response. The step response profile demonstrates faster settling, lower overshoot,
and improved tracking accuracy. Numerical results in Table 5 confirm these observations.
The proposed controller achieved the lowest overshoot (1.9823%), fastest settling time
(12.5096 s), and shortest rise time (0.6180 s). In comparison, even the best-performing PI
approach (GWO-based) showed a settling time of 19.8228 s and an overshoot of 21.0680%,
which is more than 10 times higher than that of the CSoft-PID controller.
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Figure 10. Step response of the proposed hGASO-PS-based CSoft-PID with respect to reported
PI-based approaches.
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Table 5. Comparative numerical performance evaluation with respect to reported PI-based approaches.

Control Approach nrt (s) nst (s) nos (%) npt (s)

hGASO-PS-based
CSoft-PID 0.6180 12.5096 1.9823 11.2477

GWO-based PI 1.4436 19.8228 21.0680 13.3639
PSO-based PI 1.0513 24.9424 37.8753 12.6667
GOA-based PI 1.5929 19.7733 16.6180 13.5921

Ls-GOA-based PI 2.0267 18.9174 5.7279 14.1223

6.3.2. Comparison with Reported FOPID-Based Approaches

The next set of comparisons, presented in Figure 11 and Table 6, includes FOPID con-
trollers optimized using en-CSA, RIME, SCHO, and AO algorithms. Despite the increased
flexibility offered by fractional-order structures, the proposed integer-order CSoft-PID
controller outperformed all reported FOPID controllers in terms of rise time, settling time,
and overshoot. For instance, the best among the FOPID controllers (en-CSA-based) resulted
in an overshoot of 8.7070% and a settling time of 16.5104 s, which still falls short of the
performance achieved by the hGASO-PS-based controller.
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Figure 11. Step response of the proposed hGASO-PS-based CSoft-PID with respect to reported
FOPID-based approaches.

Table 6. Comparative numerical performance evaluation with respect to reported FOPID-based
approaches.

Control Approach nrt (s) nst (s) nos (%) npt (s)

hGASO-PS-based CSoft-PID 0.6180 12.5096 1.9823 11.2477
en-CSA-based FOPID 1.4095 16.5104 8.7070 12.9427
RIME-based FOPID 1.2115 17.6610 17.7156 12.7197
SCHO-based FOPID 1.7037 17.6635 6.0647 13.4467

AO-based FOPID 1.5232 17.2855 12.4207 13.2887
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6.3.3. Comparison with Reported Cascaded PI-PDN-Based Approaches

The final set of comparisons targets cascaded PI-PDN controllers optimized with
EEFO, QIO, GEO, and SMA algorithms. As illustrated in Figure 12 and the zoomed view
in Figure 13, the proposed controller again shows superior performance, achieving faster
settling with less overshoot and reduced oscillatory behavior. From Table 7, the proposed
controller maintained the lowest overshoot (1.9823%) compared to 2.5609% (EEFO), 3.8836%
(QIO), 4.6208% (GEO), and 7.9315% (SMA). While some cascaded structures like SMA
exhibited slightly faster rise times, they suffered from significant overshoot and longer
settling durations. Lastly, Figure 14 visualizes the final ITAE objective values attained by
each controller. The hGASO-PS-tuned CSoft-PID controller clearly achieves the lowest ITAE
value among all compared approaches, further reinforcing its efficiency and robustness in
regulating the nonlinear steam condenser system.

Table 7. Comparative numerical performance evaluation with respect to reported cascaded PI-PDN-
based approaches.

Control Approach nrt (s) nst (s) nos (%) npt (s)

hGASO-PS-based CSoft-PID 0.6180 12.5096 1.9823 11.2477
EEFO-based PI-PDN 0.6451 13.1799 2.5609 12.3907
QIO-based PI-PDN 0.6216 13.5744 3.8836 12.6384
GEO-based PI-PDN 0.6815 14.1196 4.6208 11.4138
SMA-based PI-PDN 0.5937 13.9776 7.9315 11.2872
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Figure 12. Step response of the proposed hGASO-PS-based CSoft-PID with respect to reported
cascaded PI-PDN-based approaches.
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Figure 13. Zoomed view of Figure 12.
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Figure 14. Comparison of ITAE objective function values for different reported approaches.

6.4. Real-Time Implementation of the CSoft-PID Controller

To further support the practical applicability of the proposed control strategy, a simpli-
fied real-time experimental validation was conducted. Since direct access to an industrial
steam condenser system was not available, a laboratory-scale test platform was employed
to demonstrate the real-time feasibility and robustness of the proposed CSoft-PID controller
under representative dynamic conditions. The developed experimental setup is illustrated
in Figure 15. The platform is centered around a permanent magnet brushed DC (PMDC)
motor system, which is widely used as a benchmark for evaluating control strategies due
to its nonlinear characteristics and sensitivity to disturbances. The control algorithm was
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implemented on a DSP-based embedded system (TMS320F28335), which handled real-time
signal acquisition, controller execution, and command generation.

 

Figure 15. Test platform for speed regulation.

Commercially available TMS320F28335 (TI) digital signal processor (DSP) is used for
managing the system, receiving feedback signals such as position and current from the
PMDC motor, and sending commands to the bridge converter that supplies the PMDC
motor. The PMDC motor model under control is Sanyo Denki R730T-042EL7. The generator
model is Sanyo Denki T730B-569EL8N, which is coupled to the PMDC motor in order
to apply external torque disturbances when required. Sampling time for controlling the
motor armature current and speed was set to 13.33 µs and 500 µs, respectively. The system
speed response is accurately acquired through the output voltage of a tachogenerator with
a voltage constant of 7.4 V/krpm, and this, in addition to the motor current, is collected
by a Tektronix DPO2024 oscilloscope. The PMDC motor nominal parameters are included
in Table 8.

Table 8. PMDC motor nominal parameters.

Description Value

Rated power 300 W
Rated armature current 4.8 A

Rated voltage 80 V
Rated speed 2500 rpm
Rated torque 1.15 Nm

Armature resistance 1.75 Ω
Electrical time constant 1.5 ms

Voltage constant 28.6 V/kmin−1

Nominal inertia 5.8 · 10−4 kg m2

Viscous-friction coefficient 0.00055 Nm

The best six parameters for the CSoft-PID controller are searched in the range [0, 20]
by the hGASO-PS using the same procedure articulated in Section 5.3. In the algorithm,
the maximum iteration number and the population size were set to 75 and 30, respectively.
The final controller parameters found at the minimum value of ITAE are KP = 0.0116,
KI = 19.5627, KD = 2.3752, N = 0.0275, G1 = 1.3807, and G2 = 17.0410. The convergence
profile of the algorithm is displayed in Figure 16, from which it is obvious that the best
ITAE value is minimized from its initial value of 51.92 down to 47.21 through the successful
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steps of the hGASO-PS algorithm. By inserting the controller parameters into the DSP,
two sets of experiments are performed: (i) speed regulation and (ii) torque disturbance
rejection. In the former test, speed regulation was tested, when the reference speed step
amplitude was n∗ = 2500 rpm, and the load torque was about half the rated one. The latter
test aims to explore the controller’s capacity for rejection of step load disturbances. To
realize this, the motor previously rotating at 2000 rpm was loaded around its rated value at
t = 1.5 s, and later the load was removed at t = 2.5 s. The respective responses simulated
using the CSoft-PID controller are shown in Figure 17. It is evident from this Figure that the
CSoft-PID controller preserves a satisfactory speed regulation and remarkable robustness
to abrupt load changes. Note that the maximum motor current was limited to +/−5 A to
protect the system from excessive current.
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Figure 16. Convergence of the hGASO-PS algorithm for the real-time speed regulation problem of
the PMDC motor.
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Figure 17. Simulated results under (a) a step speed command under half the rated torque, and
(b) abrupt load changes.
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The experimental responses complementing the above simulation analysis are pro-
vided in Figure 18. Critical observation of Figure 18 points out that the experimental
responses are in very good agreement with the simulated responses in Figure 17. Like in
Figure 17a, the motor accelerates quickly, and its speed settles to the reference one within
0.2 s without any sustained oscillations in Figure 18a. Likewise, the disturbance rejection
profile seen in Figure 17b is very similar to what we experience in Figure 18b. Overall, by
carrying out the experimental work, the proposed control scheme was validated practically.
Within this context, the paper has fulfilled its goal.

 
(a) 

 
(b) 

Figure 18. Experimental results under (a) a step speed command under half the rated torque, and
(b) abrupt load changes.

7. Conclusions
In this study, a cascaded softsign function-based PID controller was proposed and

implemented for effective pressure regulation in nonlinear shell-and-tube steam condenser
systems. The proposed control structure introduces a nonlinear transformation layer into
the traditional PID framework by exploiting the smooth and bounded characteristics of the
softsign function. Through this mechanism, improved adaptability of the control action is
achieved, enabling fine regulation around the setpoint while preventing excessive control
activity during large error transients. To obtain suitable controller parameters, a hybrid
optimization algorithm termed hGASO-PS was developed. By combining the adaptive
global search capability of the gbest-guided atom search optimization algorithm with the
local refinement ability of the pattern search method, the proposed optimizer effectively
balances exploration and exploitation during the parameter tuning process. The resulting
hybrid framework enables reliable identification of high-quality controller parameters
within a reasonable computational effort. Extensive simulation studies were conducted to

https://doi.org/10.3390/electronics15061320

https://doi.org/10.3390/electronics15061320


Electronics 2026, 15, 1320 25 of 28

evaluate the effectiveness of the proposed control strategy. The obtained results demon-
strated clear improvements in both statistical optimization performance and closed-loop
dynamic behavior. Among the five competing metaheuristic algorithms considered in the
study, hGASO-PS achieved the most favorable statistical performance, with a minimum
ITAE value of 2.1608, an average value of 2.2746, and a standard deviation of only 0.0934.
In terms of transient characteristics, the proposed method produced the fastest settling
time (12.51 s) and the lowest overshoot (1.98%), outperforming several recently reported
PI, FOPID, and cascaded PI-PDN controllers available in the literature. These results indi-
cate that the proposed controller–optimizer framework provides promising potential for
nonlinear pressure regulation problems.

It should also be noted that the pressure dynamics considered in this study were
represented using a simplified nonlinear model derived under ideal gas assumptions.
Nevertheless, the proposed CSoft-PID structure is not inherently limited to this specific
formulation. Owing to its input–output nature and cascaded nonlinear error-shaping
mechanism, the controller can, in principle, be extended to more complex process models
incorporating additional thermodynamic effects, nonlinear couplings, actuator limitations,
or model uncertainties. However, such extensions may introduce additional challenges,
including more intricate closed-loop dynamics, increased complexity in controller tuning,
and the need for broader robustness validation under varying operating conditions. Con-
sequently, the investigation of more detailed condenser models represents an important
direction for future research. In addition, the present study has primarily focused on nomi-
nal closed-loop performance and optimization effectiveness under a common benchmark
scenario. Dedicated disturbance rejection tests, measurement-noise sensitivity analyses,
and detailed computational cost evaluations were therefore not included within the current
scope of the manuscript. Although these aspects fall outside the focus of the present work,
they remain important considerations for comprehensive practical validation and should
be examined in future investigations to further assess the real-world applicability of the
proposed hGASO-PS-based CSoft-PID framework.

Finally, several promising directions may be considered for future work. These include
extending the softsign-based control concept to alternative controller structures such as
fractional-order or model-predictive controllers, integrating the proposed approach with
hardware-in-the-loop platforms for real-time validation, and applying the hGASO-PS opti-
mization framework to other nonlinear processes, including thermal power plant systems,
fuel cell applications, or multi-input–multi-output processes. Furthermore, the develop-
ment of adaptive or self-tuning variants of the CSoft-PID controller under varying operating
conditions may provide additional improvements in practical industrial applications.
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