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Abstract

Nowadays, the optimization methods are widely used to adjust controller parameters to tune their
optimal values in order to enhance the efficiency and performance of dynamic systems. In this study,
the parameters of a linear PI controller were optimized by using five different optimization
algorithms such as Artificial Tree Algorithm (ATA), Particle Swarm Optimization (PSO), Differential
Evolution Algorithm (DEA), Constrained Multi-Objective State Transition Algorithm (CMOSTA),
and Adaptive Fire Forest Optimization (AFFO). The optimized controllers were implemented in real
time for temperature control of a Heat-Flow System (HFS) under various step and time-varying
reference signals. In addition, the Ziegler—Nichols (Z-N) method was also applied to the system as a
benchmark to compare the temperature tracking performance of the proposed optimization methods.
To further evaluate the performance of each optimization algorithm, Mean Absolute Error (MAE)
values were calculated and improvement ratios were obtained. The experimental results showed that
the proposed optimization methods provided more successful reference tracking and enhanced
controller performance as well.

Keywords: heat flow system; optimization methods; temperature control; optimization-based linear
control

1. Introduction

In recent years, substantial research efforts have focused on heat flow systems and the
development of advanced control strategies for their efficient temperature control. In industrial
systems, any malfunction in temperature control can lead to significant financial losses and even
endanger human life. Therefore, temperature regulation in both civilian and industrial applications
should not be left to human intervention but must be managed by autonomously operating, software-
based control mechanisms. Due to their simple structure and reliance on only two or three
parameters, PI controllers have become one of the most widely used control methods in industrial
applications. However, despite its relatively simple structure compared to other linear control
methods, the parameters of a PI controller must be optimized according to the dynamics of the
specific system. For this reason, the literature contains a substantial number of academic studies on
PI parameter optimization. For instance, Adrian has investigated the optimization of heat transfer
paths between a volume and a single point, showing that when heat can travel through multiple
channels, the most efficient configuration for minimizing overall resistance under steady-state
conditions is a tree-like structure [1]. The optimization of such tree-shaped flow patterns, combining
conduction and convection effects, has been demonstrated in two-dimensional fin systems. This
study illustrates both the natural emergence of organized structures and the potential of engineering
approaches that transcend disciplinary boundaries. Cermak et al., have examined sap flow in mature
tree trunks by employing a heat transfer measurement technique [2]. Their method allowed for
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continuous, automated monitoring of sap transport across long periods and across many specimens.
Davoud and Ellips, on the other hand, have presented various applications of particle swarm
optimization (PSO) and provided a taxonomy of its algorithmic variants [3]. Rao and Patel, have
applied PSO to thermodynamic optimization of heat exchangers, benchmarking it against genetic
algorithms, and studied the impact of PSO parameter adjustments on convergence and solution
quality [4]. Vakili and Gadala, have explored the use of PSO for inverse heat conduction problems
[5]. They evaluated computational requirements for three PSO variants (standard, impulsive, and
fully impulsive), concluding that the method is effective even in noisy conditions. Manoharan et al.,
have introduced Forest Fire Optimization (FFO) for wireless sensor networks constrained by node
energy [6]. Their findings demonstrated both scalability and robustness, establishing FFO as a
competitive solution. Sayah and Zehar, have compared Differential Evolution (DE) method with
other evolutionary methods and highlighted its capacity to solve complex, non-linear, and multi-
modal functions [7]. Using multiple generator cost scenarios, they validated the effectiveness of the
proposed optimization algorithm. Babu and Jehan, have also addressed two multi-objective
optimization problems a simple test problem and an engineering problem involving cantilever
design, solved using Differential Evolution (DE), a population-based search algorithm considered an
improved form of the GA [8]. Simulations include: as a first part solving both problems using the
penalty function method, and secondly, solving the first problem using the weighting factor method
and obtaining a Pareto-optimal set. The results show that DE is robust, fast, and efficient. To further
demonstrate its effectiveness, the classical Himmelblau function with bounded variables is solved
using both DE and GA. The DE has achieved the exact optimum value in fewer generations compared
to the basic GA. Wang et al., have proposed an exergy-based optimization model is developed to
reduce the energy consumption and operating costs of AEP [9]. A new multi-objective state transition
algorithm is proposed for the complex multi-objective problem, including archiving and infeasible
solution modification mechanisms. Thanks to the new operators, the algorithm achieves Pareto
optimal solutions quickly, accurately, and in a balanced manner, and has yielded successful results
in both benchmark tests and industrial applications. Wozniak et al., have studied a plant where hot
water was circulated through two heat exchangers using controlled pumps [10]. The system was
calibrated using Polar Bear Optimization, and the results were compared with PSO method.
Comparisons with non-optimal parameters revealed that applying the correct settings resulted in
significant improvements. Yang et al., have combined Sliding Mode Control (SMC) with Model
Predictive Control (MPC) to evaluate fault-tolerant control for discrete-time systems with time delays
[11]. The optimization process was enhanced with PSO method to avoid local minima and improve
control performance.

Similarly, Khadraoui and Nounou, have studied robust controller design for input-constrained
linear systems using frequency-domain data [12]. In this context, they introduced a data-driven
control approach in which controllers are designed based directly on measurement data. They have
also aimed to develop a nonparametric controller design method based on frequency-domain data,
considering input constraints. Furthermore, Li et al., have developed a new bionic algorithm called
artificial tree (AT) algorithm inspired by the law of tree growth [13]. The calculation process of AT is
achieved by simulating the transportation of organic matter and the updating of tree branches. They
found that AT is very effective in dealing with various problems. Deng et al., have developed a
differential evolution algorithm augmented with mutation operators and adversarial learning
strategies [14]. This method uses a generalized adversarial learning mechanism to select the superior
performing solution from the current solution and the adversarial solution to improve the initial
population and efficiently approach the global optimum. This approach allows the direction of
convergence to be oriented, thereby accelerating the algorithm's convergence rate, improving
computational efficiency, enhancing the stability of the solution process, and significantly reducing
the likelihood of premature convergence. It is demonstrated that the proposed algorithm exhibits
higher convergence accuracy, faster convergence speed and superior optimization capacity in the
optimization of high-dimensional and complex functions. As another example on literature, Ledezma
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et al.,, have focused on the problem of connecting a heat-generating volume to a point heat sink using
a finite amount of highly conductive material that can be distributed throughout the volume [15]. In
their work, a comprehensive study was carried out on the problem of optimizing the thermal access
between a finite volume and the point, i.e., minimizing the thermal resistance. It was demonstrated
that the optimal design is characterized by a tree-like distribution of high-conductivity material.
Furthermore, the geometry, operating mechanism, and minimum thermal resistance of this tree
structure can be precisely determined, and the constrained optimization of access paths corresponds
to macroscopic structures observed in nature.

In this paper, the controller parameters of a HFS have been obtained by using ATA, PSO, DEA,
CMOSTA and AFFO optimization methods, and then tested in real-time experimental setup. The
obtained results have been compared with Z-N method and analyzed in detail in terms of rise time,
reference tracking success and improvement rate, etc. In addition, the reference tracking success of
the all optimization methods compared to Z-N, has also been analyzed numerically by calculating
their MAE values by using real-time data, as well. The experimental results demonstrate that the
proposed optimization methods have provided superior reference tracking performance compared
to the classical Z-N method and significantly enhance the performance of the linear controller.

2. Materials and Methods

2.1. System Modelling and Experimental Setup

The total thermodynamic model of the HFS includes specific optimization models and
experiments. Using a heater and a fan, the air temperature is measured from three temperature
sensors at selected points on a duct and a model is obtained from the response of the system, and a
PI controller is designed to control the system. By applying an analogue step signal to the HFS, the
temperature changes at each sensor can be observed. The following formula can be used for the
thermodynamic model of system [16,17]:

d/dt Tn = F(Vh, Vb, Ta, Xn) 1)

where T, is the temperature at the nth sensor, V;, is the voltage applied to the heater, Vj, is the
voltage applied to the fan, Ta is the ambient temperature and X,, is the distance of the n* sensor to
the heater [16]. The operating curves of the system must be obtained from the measurements from
each sensor. The first-order model of the system to be derived in this way should be approximately
written as follows [16,17]:

Kth (S )

T,.(s) = Ts+1 )

where T, and K, represent the time constant and steady state gain for the nth sensor [16,17].
Another issue is temperature control. The temperature of the room is maintained using an on-off
control and a compensator. The voltage-temperature transfer function of the HFS can be written as
given below [16,17].

T(s) K
() =y " Ts+1

The PI controller equation for a feedback control system that will control the temperature at the

3)

first sensor of the system and reset the steady-state error is as follows [16,17].

K.
Vg =Kp(Tyq — Ty + ?l (T —T1) 4

If this expression is used in a closed loop system, the following relation is obtained as given
below [16,17].
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T, G(K,s + K;)
T s2T + (K,G + 1)s + GK;

)

Additionally, the experimental set of HFS used to evaluate the performance of each optimization
algorithm and its system specifications are presented in Table 1 and Figure 1, respectively.

Figure 1. Experimental setup used in real-time experiments [16].

Table 1. The MAE values of all optimization methods for step + sinusoidal reference signal [16].

Symbol Description Value Unit
HFE dimensions 50x15x10 cm
HFE mass 0.5 kg
Vb nom Blower nominal input voltage 6 1%

B Blower nominal airflow 36 CFM
B, Blowe;irrzcgrlnlllr:laillse)urflow 1.02 m?3 /min
W Max wind speed 159.4 m/min

Wh max Blower max speed 2700 RPM

Py, Heater max power (at 5 V) 400 w

Temperature sensor
calibration gain
A Cross sectional area 0.0064 m
Current power requirements

20 °C/V

2

. 5 A
(maximum current)

Heat flow voltage power

. 120-240 VAC
requirements

W = watt, VAC = volts alternating current, V = volt, s = second, cm = centimeter, m = meter, A = ampere, kg =

kilogram.
2.2. Methods

2.1.1. Particle Swarm Optimization

The PSO is an optimization algorithm based on swarm intelligence, developed by Kennedy and
Eberhart in 1995 [18]. It mimics the collective movement logic of real-life bird flocks or fish schools.
It is essentially inspired by the social behavior of flocks of birds or fish communities as they search
for the best food source [19]. A large number of “particles” move in the search area, updating their
positions according to their experiences and the best individual in the swarm [10,11]. This method
does not require derivative knowledge, it works even if the system model is not clear. The probability
of getting stuck in local minimum is lower than other algorithms. It is suitable for parallel processing
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and gives fast results. Each particle has a position (the solution) and a speed (how that solution will
change). Speed determines how much and in what direction this position changes. Each particle
remembers the best solution it has ever reached (its own best). The best solution in the swarm is
known by all particles, and others tend towards this solution [19-21]. Each particle has a two-
dimensional vector [3,4] as given below.

X = K, +K; (6)
Besides, the velocity update can be written as given below [3,5,22,23],
vi(t+1) =w.v(t) + oy (Pbest,i - xi(t)) + o1, (gbest - xi(t)) 7

where puest (personal best) represents the best position reached by the particle, gust (global best)
represents the best position reached by all particles, w represents the inertia weight, ¢; and c,
represents the cognitive and social coefficients, r; and 7, represent the random numbers in the
range [0,1] [23]. Also, the position update can be written as in (8) [24].

x(t+1) =x(6) +c;(t+1) €)

At each iteration, particles update their positions and velocities according to these equations,
and the best values are continuously refined until convergence.

2.1.2. Constrained Multi-Objective State Transition Algorithm

CMOSTA focuses on determining controller parameters using a dynamic model of the heat flow
system. A mathematical model of the system is obtained or estimated from experimental data set.
Using the obtained model, the controller parameters are adjusted to optimize a certain performance
criterion. Then, the obtained parameters are applied to the real system or tested by simulation. If
necessary, the optimization is repeated [12].

The CMOSTA first generates an initial solution candidate randomly or at certain intervals. Each
solution is evaluated by a multi-objective fitness function [9]. In the CMOSTA method, firstly the set
of Pareto-optimal solutions is found as [23,24];

minimize f(x) = (fl(x),fz(x), ...,fm(x)), xeQ € R"
subjectto g;(x) <0,i=1,...... ,p hi(x)=0,j=1,..,4q.
Here x is the decision vector, m is the objectives, p is the inequality, q is the equality constraints.

After that, one can define a feasible region as given below [9,23-27].

F={xeQ g;(x) <0,h;(x) = 0Vi,j} 9)
Moreover, defining constraint violation functions as [9]:

V@) = V() + V() (10)
where
14 q
00 = Y max(0,g:00); V) = Y [y (11)
i=1 i=1

Here » > 0 balances the equality violations. Also, a state that means solution vector can be
defined as x € R™. Besides, the population at each iteration can be obtained as t: P, = {xt(l), ...... ,xt(N)}
as well as A: keeps Pareto front approximations.

Defining two solutions as x and y, one can obtain the following possibilities [9];

o If x feasible and y infeasible; then x < y.

. If both feasible, wusual Pareto dominance satisfies the x<y & fi(x) <
fi(W)Vk and 3k with strict inequality holds for at least one k
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J If both infeasible, the solution with smaller total violation dominates as given below

x<yif Vix) < V(y). (12)
On the other hand, let current state x and each operator produces candidate x". In order to search
local around x, the following equation can be used [9].

R
x’=x+a(—)*x (13)
llxIl, + €

where R € R™" is a random matrix, a>0 is the step scale and € > 0 avoids division by zero. For a
directional exploitation,

x'=x+pd (14)

where >0 controls step length and a normalized version can be written as given below [9,23-27].

d
d=——+e 15
T, 4
For a global exploration,

x'=x+y¢E¢ &E~N(0,In) (16)
with ¥ > 0 and large Gaussian jump to escape local minima. To pick coordinate index set S &

{1, .....,n}, then the following equation can be written.
x'y=x;+6i, €S, Si~U(—ni,ni) (17)

Moreover, the other coordinates remain unchanged and 7; small enough as well. For each generated
candidate x’, one must evaluate the objective function f(x’) and the constraint function V(x’),
respectively. Optionally, one can use a penalty aggregation for scalarized checks as given below
[9,23-27],

Fpen(x) = ¢(f(x)) + AtV(x) (18)

where ¢ isascalarizing functionand A, is a penalty coefficient. For a given archive Arand candidate
x’, the following steps must be satisfied.

. Remove any y € At for which x” dominates y.

. If no member of A: dominates x’, add x’,

. To limit archive size, apply truncation based on diversity metric (crowding distance or
grid density).

To maintain diversity in the objective space, the following expression can be written as given
below [9,23-27].
m f(i+1) _fk(i—l)

k
CDs = ;W (19)

2.1.3. Artificial Tree Algorithm

The Artificial Tree Algorithm (ATA) is a nature-inspired metaheuristic optimization method that
mimics the natural growth and reproduction processes of real trees. The algorithm imitates how
trunks, branches, and leaves expand and develop in response to environmental conditions. In this
analogy, obtaining the optimal solution within a search space corresponds to a tree growing toward
the most favourable light, water or nutrient source. Thus, ATA searches for increasingly better
solutions by modelling how real trees adapt and restructure themselves in nature. In heat-flow
systems, the relationship between controller parameters and system performance is typically
modelled using historical operational data or simulation results [13]. This model allows prediction of
appropriate controller parameter values under new or unseen operating conditions. As the system is
operated with different controller parameter sets, error signals and performance indicators are
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collected. These data form input-output pairs where the inputs may include variables such as
temperature, flow rate, or previously applied control parameters, while the outputs contain
corresponding performance measurements. Based on the collected dataset, a decision-tree model is
constructed. Each branch of the tree represents a classification or a regression rule that describes how
the system behaves under different parameter combinations [15]. When a new system state is
observed, the model traverses the decision tree and recommends the most suitable PI controller
parameters corresponding to the given input variables.

For a general optimization problem, the following formulation is considered [23,28]:

minf(x), X = (xll x21 ---:xn) (20)
XEQ
subject to:
gix) <0, i=1,..,p,hi(x) =0, j=1,..,q. (21)

In ATA, the solution space is treated as a forest, each individual solution is represented as an
artificial tree, and the fitness of a tree is evaluated by the objective function f(x). The algorithm
begins with a main stem (root node), which represents an initial pair of randomly generated
solutions. For a PI controller design, an initial solution can be expressed as [1,2];

xo = [Kp Ki] (22)

Over time, the artificial tree grows by branching. Each new branch corresponds to a newly
generated solution, obtained by applying a deviation from its parent solution. This branching
mechanism enables exploration of new regions of the search space. A general branching (growth)
operator is described by [15,28];

Xnew = Xo1a + BN(0,1) (23)

where f is a small step-size parameter and N(0,1) is a standard Gaussian random variable. To
enable learning from the best solution, ATA updates solutions by moving them toward the current
global best [15,28];

Xnew = Xorg + 8 (Xpest — Xo14)- (24)

Here, x,,4 is the current solution, X, isthe best solution found so farand & € (0,1) is the learning
rate. Finally, similar to the natural dispersal of seeds, ATA introduces new candidate solutions by
randomly planting trees in the feasible region,

Xpew =1l +r =10 (25)
where r ~U(0,1), ensuring broad global exploration.
2.1.4. Differential Evolution Algorithm Optimization Method

Differential Evolution Algorithm (DEA) is an evolutionary optimization algorithm capable of
performing global optimization without requiring explicit mathematical models or analytical
gradients. It is widely used in complex and nonlinear systems, particularly in parameter tuning
problems. DE is well suited for optimizing controller parameters in delayed and dynamic
environments such as heat flow systems, based on either experimental data or simulation results [14].
DEA mimics natural evolutionary processes. Its main idea is to exploit the differences between
existing high-quality solutions to generate new, potentially better candidate solutions. A population
of random parameter vectors is first initialized within the parameter space. The system is then
simulated, or data are collected from the real plant. A performance (cost) function is defined to
evaluate controller quality. Differential Evolution improves individuals in the population iteratively
by applying mutation, crossover, and selection. The parameter set that minimizes the performance
function is ultimately chosen as the optimal controller [29,30].

An individual in the population can be represented as [7,8,30],
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xo = [Kp Ki]- (26)

For each target vector x;, three distinct individuals from the population are randomly selected.
A mutant vector v; is generated as [7,8,29-32];

Vi = X1+ F. (X — Xp3) (27)

where x,1, %5, %3 are randomly chosen and mutually different individuals, F € (0,2) is the
mutation (differential weight) factor, and v; is the mutant vector, as well.

For crossover, the trial vector u; is generated by mixing components of the target vector x; and
the mutant vector v; according to a crossover probability [7,8,29-32];

_ (vij, if rand; S CROTj = jrgna
uij =

Xij» otherwise (28)

where CR € [0,1] is the crossover probability, rand; ~U(0,1), and j,q,q ensures that at least one
component is always taken from v;.

Finally, DEA applies a greedy selection to determine the next-generation individual [[7,8,29-
32];
LD {ui: if f(u) < f(x)

i X, otherwise (29)

This ensures that the population never deteriorates from one generation to the next.
2.1.5. Adaptive Fire Forest Algorithm Optimization Method

The Adaptive Forest Fire Optimization (AFFO) method analyzes the incremental functional
responses of a system such as temperature variations in heat flow processes to identify and model its
dynamic characteristics. By examining the functional growth curve of the system output, the AFFO
method extracts essential dynamic parameters such as delay time and time constant. Using
experimental data, these dynamic characteristics are estimated and used for controller design [33].
AFFO is inspired by the natural forest fire cycle. Although forest fires appear destructive, they
ultimately promote long-term ecological renewal. This concept is translated into optimization as
follows: eliminate poor solutions (“burned trees”), intensify the spread of promising solutions (“fire
spread”), and explore new regions of the search space through regeneration. In this manner, the
algorithm simultaneously performs exploration and exploitation while maintaining population
diversity [6,33-37].

For initialization, a population of N trees (candidate solutions) is randomly generated as;
x@ =1+ (u-Drand(1,d), i=1,..,N (30)

where xi(t) is the i solution at iteration ¢, d is the dimensionally of the decision vector, l and u are the
lower and upper bounds of the search space. Each solution generates sparks-new candidate solutions
around itself [33-37];

xl=x" +aR5,  5~U(-1,1)% (31)

Here, R, is the adaptive burning radius, a, is the adaptive scaling factor, and § is a uniformly
distributed random vector. The burning radius decreases over time to shift from exploration to
exploration as given below [33-37].

t

Re = Riax (1 - )+ Rinin (32)

Tmax

The worst pN solutions (burned trees) are replaced with new random solutions;
Xnpew = L+ (u—Drand(1,d) (33)

where p is the regeneration ratio. Besides, the adaptive scaling factor in (31) is updates using the
following equation [33-37].
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a; = Amin + (Gnax — amin)e_#t/Tmax (34)

where pu is the decay rate of the function. In addition, the renewal probability, which governs
random regeneration events, is defined as given below.

. t
Py = Ppin + (Prax — Pmin)snl( -

Tmax

) (35)

For the AFFO algorithm, the defined penalty-based fitness function can be defined using Deb’s
Constraint Dominance Principle [33-37];

|1 (0] (36)

14
=1

Fx)=f(x)+ A Z max (0, g;(x)) +

J

where g;(x) are the inequality constraints, h;(x) are the equality constraints, and 4 is the penalty
weight, respectively. Furthermore, the population for the next iteration is selected from the union of
current solutions, sparks, and regenerated ashes [33-37].

P®D = BestN(P® U Sparks U Ashes). (37)

The operator BestN selects the N best individuals with respect to the penalized fitness function F(x).

3. Experimental Results

In this section, the experimental results of all optimization methods have been presented. The
lower and upper bound values of the controller parameters are selected as 0 < K, <4 and 0 < K; <
0.5, respectively. Also, the controller parameter values obtained from all optimization methods are
presented in Table 2.

Table 2. The controller parameter values obtained via each optimization methods.

Methods Kp Ki
Z-N 0.2550 0.0941
PSO 2.0010 0.1902
ATA 3.1957 0.1882
DEA 1.8180 0.1986

CMOSTA 3.0180 0.1730

AFFO 1.9852 0.0347

In Figure 2, a step + sinusoidal reference signal is applied to the HFS. For the step part of the
reference signal, all optimization methods have exhibited nearly the same rise time, with the
exception of the Z-N method. As can be seen in the figure, the AFFO method have reached the
reference signal faster than the other optimization methods. However, although the AFFO method
achieved the shortest settling time, it also exhibited a larger overshoot magnitude value compared to
the other optimization techniques. Examining the performance of the Z-N method, it is observed that
the reference signal is reached at approximately the 11th second, after which the method continued
to track the reference with a noticeable overshoot.
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Figure 2. Experimental results of all optimization methods under step + sinusoidal reference signal.

Furthermore, although all methods except Z-N followed the reference with slight oscillations,
the DEA method has demonstrated the best temperature tracking performance among them. For the
sinusoidal part of the reference signal, the Z-N method is observed to have difficulty tracking the
reference signal, exhibiting large tracking errors and frequent overshoots. In addition, the AFFO
method followed the reference signal with more pronounced oscillations compared to the other
optimization methods, with CMOSTA showing the closest performance to it. Furthermore, similar to
the behavior observed in the step part of the reference signal, the DEA method has demonstrated
superior performance in tracking the smoothly varying sinusoidal reference signal compared to the
other methods.

In Figure 3, the error signals for all optimization methods. As can be seen from the figure, the Z-
N method exhibited the highest reference-tracking error. In addition, although the temperature
tracking errors of the methods other than Z-N are of nearly the same magnitude, as can be seen from
the figure, the DEA method appears to have a lower temperature tracking error throughout the
reference signal.
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Figure 3. Error signals of all optimization methods under step + sinusoidal reference signal.

In Figure 4. the control signals of all optimization methods have been depicted. For each method,
the amplitude of the control signal applied to the system for temperature tracking, is kept within the
range of 0-5 V. As illustrated in the figure, the AFFO method produced the highest amplitude and
most oscillatory control signal along the reference trajectory compared to the other methods.
Although the Z-N method generates the least oscillatory control signal, the control effort produced
by the controller parameters obtained with this method, is insufficient for effective reference
temperature tracking. In contrast, the DEA method, which provided the best temperature tracking
performance, has produced one of the lowest amplitude control signals, together with CMOSTA.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.2229.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 November 2025 d0i:10.20944/preprints202511.2229.v1

12 of 22

w

Control Signal (V)
N

N

0 ﬂ ——Measured,, |

MeasuredpSo

MeasuredATA

- Measured

— MeasuredCMOSTA

MeasuredAFFo
2 | 1 | 1 |

0 25 50 75 100 125 150
Time (s)

Figure 4. Control signals of all optimization methods for step + sinusoidal reference signal.

Moreover, the MAE values obtained from the experimental results to analyse the reference
temperature tracking performance of all optimization methods, are presented in Table 2. For the step
part of the reference signal, the DEA method has the lowest MAE value of approximately 0.6188,
which shows that it is the optimization method with the highest tracking accuracy. After that, the
DEA is followed by AFFO with 0.6291, PSO with 0.6416, CMOSTA with 0.6602 and ATA with 0.6650,
respectively. Furthermore, the highest MAE value, 1.3471, is observed for the Z-N method, indicating
that it exhibited the worst reference-tracking performance for the step part of the reference signal.
When analysing the MAE values for the sinusoidal part of the reference signal, it is seen that all
optimization methods have almost the same MAE value, but the method with the lowest MAE value
belongs to the DEA method with approximately 0.0901. Besides, it is observed that this method is
followed by CMOSTA with 0.1011, PSO with 0.1098, ATA with 0.1107, AFFO with 0.1307 and Z-N
with 0.2930, respectively. Additionally, it was observed that the DEA achieved the lowest overall
MAE value for the entire reference signal, approximately 0.2055, indicating the best tracking
performance, while the Z-N recorded the highest MAE value, around 0.4898.

Table 2. The MAE values of all optimization methods for step + sinusoidal reference signal.

Methods Step Sinusoidal Step + Sinusoidal
Z-N 1.3471 0.2930 0.4898
PSO 0.6416 0.1098 0.2091
ATA 0.6650 0.1107 0.2428
DEA 0.6188 0.0901 0.2055
CMOSTA 0.6602 0.1011 0.2526
AFFO 0.6291 0.1307 0.2751

In Figure 5, the experimental results of all optimization methods have been depicted for step +
square reference signal. Examining the step part of the reference signal, it is observed that the
CMOSTA, DEA, and PSO methods exhibited nearly similar rise time performance, whereas the AFFO
method displayed the largest overshoot compared to the other techniques. In addition, the AFFO and
CMOSTA methods showed more pronounced oscillations during reference tracking relative to the
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remaining methods. In contrast, the performance of the Z-N method indicated that the reference
signal is reached at approximately the 11t second, after which the method continued to track the
reference with a noticeable overshoot. In the time-varying portion of the reference signal, a square
temperature signal form has been applied to evaluate how the controller parameters respond to
sudden changes. As illustrated in the figure, the DEA, AFFO, and CMOSTA methods responded
more rapidly to the sudden changes in the square reference than the other methods. However, the
AFFO method exhibits the highest overshoot, and together with CMOSTA, produced larger
oscillations during reference tracking compared to the other approaches. Furthermore, in the
decreasing phase of the square reference, the Z-N method showed the highest overshoot, while the
DEA method followed the reference temperature with performance comparable to CMOSTA, ATA,

and PSO.
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Figure 5. Experimental results of all optimization methods under step + square reference signal.

In Figure 6, the error signals of all optimization methods throughout the step + square reference
signal have been depicted. In the step part of the reference signal, the DEA method exhibited a lower
reference-tracking error compared to the other methods. In contrast, the AFFO method showed some
error oscillations with amplitudes ranging from -2 to 1. Similar oscillatory behavior is observed in the
CMOSTA method. The PSO and ATA methods exhibited nearly the same error amplitudes. When
examining the Z-N method performance, while the other methods maintained the error values
around approximately O, the error magnitude for Z-N varied within the range of -0.5 to 0.5
throughout to the square reference signal. For the time-varying part of the reference signal, it is
observed that under sudden changes, the AFFO method produced higher error values (-1 to 1)
compared to the other methods, whereas the Z-N method exhibited errors due to overshoot.
Moreover, the PSO method showed the next highest error oscillations following AFFO, followed by
CMOSTA, ATA, and DEA, with the DEA method achieving the lowest error magnitude overall.
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Figure 6. Error signals of all optimization methods under step + square reference signal.

In Figure 7, the control signals of all optimization methods have been given. In the step part of
the reference signal, the AFFO method produced a higher amplitude control signal compared to the
other methods. The method with the next highest control signal amplitude was ATA, followed by
CMOSTA, PSO, and DEA, in that order. Although the Z-N method generated the least oscillatory
control signal, the controller parameters obtained with this method result in the poorest temperature
tracking performance. For the square reference signal, the control signal amplitudes showed a similar
trend: the AFFO method exhibited the highest amplitude and oscillations, followed by ATA,
CMOSTA, PSO, and DEA. Notably, although the DEA method produced the lowest amplitude
control signal, it achieved the lowest error magnitude, as also illustrated in the error graph in Figure
6.
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Figure 7. Control signals of all optimization methods for step + square reference signal.

Besides, the MAE values obtained from the experimental results for the step + square
temperature signal, used to evaluate the temperature tracking performance of all optimization
methods, are presented in Table 3. For the step portion of the reference signal, the DEA method
exhibited the lowest MAE of approximately 0.6006, indicating the highest tracking accuracy among
the methods. It is followed by ATA (0.6443), PSO (0.6468), CMOSTA (0.6537), AFFO (0.7966), and Z-
N (1.3655). For the square part of the reference signal, all methods showed relatively similar MAE
values, with DEA again achieving the lowest value of approximately 0.7014. This is followed by
CMOSTA (0.7107), ATA (0.7150), AFFO (0.7357), PSO (0.7483), and Z-N (0.7651). Considering the
overall reference tracking performance across the entire signal, the DEA method again achieved the
best result with a MAE of 0.7005, followed by ATA (0.7018), CMOSTA (0.7100), AFFO (0.7192), PSO
(0.7294), and Z-N (0.8772). These results indicate that the controller parameters obtained using DEA
provided the most accurate reference tracking performance.

Table 3. The MAE values of all optimization methods for step + square reference signal.

Methods Step Sinusoidal Step + Sinusoidal
Z-N 1.3655 0.7751 0.8772
PSO 0.6468 0.7483 0.7294
ATA 0.6443 0.7150 0.7018
DEA 0.6006 0.7014 0.7005
CMOSTA 0.6537 0.7107 0.7100
AFFO 0.7966 0.7357 0.7192

In Figure 8, the experimental results of all optimization methods have been depicted for step +

sawtooth reference signal. For the step part of the reference signal, the PSO method reached the
reference signal most quickly, followed by CMOSTA, AFFO, ATA, and DEA, respectively.
Additionally, the AFFO method exhibited the highest overshoot, while the PSO and DEA (excluding
Z-N) displayed the lowest overshoot, and the remaining methods showed nearly similar overshoot
magnitudes. All methods tracked the reference temperature signal with slight oscillations throughout

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.2229.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 November 2025 d0i:10.20944/preprints202511.2229.v1

16 of 22

the step part, with the largest oscillations observed in AFFO. In contrast, the Z-N method reached
the reference at approximately the 12 second and continued tracking with overshoot thereafter.

For the sawtooth part, which includes both abrupt and smooth changes, the AFFO method again
showed the highest overshoot, followed by CMOSTA, DEA, PSO, and ATA. All methods attempted
to track the slowly varying portion of the sawtooth reference with slight oscillations, and nearly all
optimization methods exhibited similar reference-tracking performance and amplitude profiles.
Additionally, the Z-N method responded very slowly to the sudden change and continued to track
the reference with overshoot.
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Figure 8. Experimental results of all optimization methods under step + sawtooth reference signal.

In Figure 9, the error signals of all optimization methods under step + sawtooth reference signal
have been given. For the step part, the Z-N method exhibited the highest initial error, followed by
DEA, ATA, CMOSTA, AFFO, and PSO, respectively. Additionally, the AFFO method, which has the
largest overshoot, showed an error value approaching -nearly 2, with the other methods following.
The Z-N method, due to its delayed response and subsequent overshoot, exhibited error values
fluctuating between -0.5 and 0.5, whereas the error values of the other optimization methods quickly
converged nearly toward zero. For the sudden-change part of the sawtooth reference signal, the
highest error is observed in the AFFO method, followed by DEA, PSO, ATA, and CMOSTA. The error
amplitudes of all methods varied approximately between -0.5 and 0.5 and subsequently converged
nearly toward zero. In contrast, the Z-N method failed to converge to zero throughout the sawtooth
signal, with the error magnitude continuously fluctuating due to overshoot. Overall, the DEA method
demonstrated relatively superior reference-tracking performance compared to the other methods.
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Figure 9. Error signals of all optimization methods under step + sawtooth reference signal.

Figure 10 presents the control signals obtained from all optimization methods. For the step part
of the reference signal, the AFFO and CMOSTA methods produced the highest control signal
amplitudes, followed by PSO, ATA, and DEA, in that order. Although the control signal generated
by the AFFO method has had a higher amplitude, its reference tracking performance has been found
to be lower compared to the other methods. Additionally, the control signal of the Z-N method
exhibited minimal oscillation and varied approximately between 0 and 4 V.
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Figure 10. Error signals of all optimization methods under step + sawtooth reference signal.
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For the sawtooth part of the reference signal, the AFFO method again produced the highest
amplitude control signal, followed by PSO, ATA, CMOSTA, and DEA. Despite ATA, CMOSTA, and
AFFO generating relatively higher control signal amplitudes, the DEA method achieved
comparatively more effective reference tracking performance. It is also observed that the control
signals reached their maximum value of 5 V at points corresponding to sudden changes in the
reference signal, while their amplitudes were significantly lower in regions characterized by
smoother changes.

Besides, Table 4 presents the MAE values obtained from the experimental results of the step +
square temperature signal to analyze the temperature monitoring performance of all optimization
methods. Firstly, it was observed that the highest MAE value for the step part of the reference signal
was obtained with the Z-N method with approximately 1.3413. On the other hand, it was observed
that the best temperature tracking in the step part of the reference signal was obtained with the
controller parameters combined with the DEA method having lowest MAE value with approximately
0.6434. Secondly, it was observed that the lowest MAE value for the part of the reference signal
containing time-dependent changes was obtained with DEA, approximately 0.2603, while the highest
value was obtained with Z-N, again 0.3334. Thus, it was observed that the controller parameters
obtained with DEA have followed the saw reference signal with less error than other methods.
Finally, it was observed that the method with the best reference tracking performance and minimum
MAE value throughout the entire reference belongs to the controller parameters obtained by the DEA
method with 0.3310, followed by CMOSTA with 0.3442, PSO with 0.3354, ATA with 0.3374, AFFO
with 0.3533 and Z-N with 0.5215, respectively.

Table 4. The MAE values of all optimization methods for step + sawtooth reference signal.

Methods Step Sinusoidal Step + Sinusoidal
Z-N 1.3413 0.3334 0.5215
PSO 0.6525 0.2665 0.3354
ATA 0.6593 0.2635 0.3374
DEA 0.6438 0.2603 0.3310
CMOSTA 0. 6604 0.2617 0.3342
AFFO 0.6716 0.2803 0.3533

4. Discussion

In this study, the parameters (Kp and Ki) of the PI controller used in the temperature control of
a time-delayed HFS system, were obtained by using Z-N, ATA, AFFO, PSO, CMOSTA and DEA
optimization methods and tested in real time for three different step + time-varying reference signals.
The results were analyzed both figural and performance analyses were performed by calculating
MAE values. As a result, the following findings were obtained.

The first experiment, step + sinusoidal temperature reference signal, was implemented to
analyze the reference tracking performances of the controller parameters obtained via mentioned
optimization methods, during a smoothly changing signal. Table 5 presents the improvement rates
of the PSO, ATA, AFFO, CMOSTA, and DEA methods with respect to the Z-N method. Examination
of the table shows that, for the step part of the reference signal, all proposed optimization methods
achieved at least a 50% improvement rate in reference-tracking performance over Z-N method.
Furthermore, the DEA method demonstrated the highest improvement rate, achieving
approximately 54.06% with the obtained controller parameters.

Table 5. The improvement table of all optimization methods for step + sinusoidal reference signal.

Step Sinusoidal Total Improvement
Methods (wrt. Z-N) (wrt. Z-N) (wrt. Z-N)
PSO %52.37 %62.52 %57.30
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ATA %50.63 %62.21 %50.42
DEA %54.06 %69.24 %58.04
CMOSTA %50.99 %65.49 %48.42
AFFO %53.29 %55.39 %43.83

In second experiment, a step + square reference signal was applied to evaluate the controllers’
responses to sudden changes, in contrast to the previous reference signal. Table 6 presents the
improvement rates achieved by the optimization methods proposed in this study compared to the
Z-N method. For the step portion of the reference signal, the DEA method exhibited the highest
improvement rate at approximately 56.01%, followed by ATA (52.81%), PSO (52.63%), CMOSTA
(52.12%), and AFFO (41.66%), respectively. Throughout the square reference signal, the controller
parameters obtained by using the DEA method achieved the highest improvement rate in reference
tracking compared to Z-N, with an improvement rate of approximately 9.5%, followed by CMOSTA
with 8.3%, ATA with 7.75%, AFFO with 5.08%, and PSO with 3.45%. As a result, as shown in the
table, the controller parameters obtained by using the DEA method, achieved the highest overall
reference-tracking improvement of 20.14% compared to the Z-N method across the entire reference
signal.

Table 6. The improvement table of all optimization methods for step + square reference signal.

Step Square Total Improvement
Methods (wrt. Z-N) (wrt. Z-N) (wrt. Z-N)
PSO %52.63 %3.45 %16.84
ATA %52.81 %7.75 %19.99
DEA %56.01 %9.50 %20.14
CMOSTA %52.12 %8.3 %19.06
AFFO %41.66 %5.08 %18.01

The improvement rates achieved in the final experiment, using the step + sawtooth reference
signal, are presented in Table 7. As can be seen from the table, in the step part, the DEA method
performed nearly 52% better reference tracking than Z-N, followed by PSO with 51.35%, ATA with
50.84%, CMOSTA with 50.76% and AFFO with 49.92%. Additionally, for the sawtooth part of the
reference signal, which includes both sudden and smooth changes, the DEA method outperformed
Z-N, achieving an improvement of approximately 21.92%, followed by CMOSTA with 21.50%, ATA
with 20.96%, PSO with 20.06% and AFFO with 15.92%. Finally, across the entire reference signal, the
DEA method not only achieves a 36.52% improvement in reference tracking compared to Z-N, but
also demonstrated the highest overall improvement among all the optimization methods.

Table 7. The improvement table of all optimization methods for step + sawtooth reference signal.

Step Sawtooth Total Improvement
Methods (wrt. Z-N) (wrt. Z-N) (wrt. Z-N)
PSO %51.35 %20.06 %35.68
ATA %50.84 %20.96 %35.30
DEA %52.00 %21.92 %36.52
CMOSTA %50.76 %21.50 %35.91
AFFO %49.92 %15.92 %32.25

5. Conclusions

In this study, the parameters (Kp and Ki) of the linear controller used in the temperature control
of a time-delayed HFS system were obtained using the AFFO, PSO, CMOSTA, DEA, and ATA
optimization methods and tested in real time for three different steps plus a time-varying reference.
The results were analyzed both formally and error analyses were conducted by calculating MAE
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values. Furthermore, the Z-N method was also used to compare the performances of the proposed
optimization methods. The MAE values of the proposed optimization methods were compared with
Z-N, and the reference tracking success of each method was analyzed. When the obtained findings
were examined, it was observed that the PI controller parameters obtained with the DEA method
performed better reference tracking than both the other methods and the widely used classical Z-N
method.

In future studies, the number of parameters to be optimized, will be increased by employing a
fractional-order PI controller, which offers greater flexibility compared to the classical integer-order
PI controller. In addition, it is intended to enhance the efficiency of the PI controller, which is widely
used in industry, by employing other up-to-date optimization methods available in the literature.
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Abbreviations

The following abbreviations are used in this manuscript:

PSO Particle Swarm Optimization
DEA Differential Evolution Algorithm
HFS Heat Flow System

ATA Artificial Tree Algorithm

AFFO Adaptive Fire Forest Algorithm
AT Artificial Tree

Z-N Ziegler-Nichols

CMOSTA Constrained Multi-Objective State Transition Algorithm
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