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Abstract: Fractional-order systems capture complex dynamic behaviors more accurately
than integer-order models, yet their real-time identification remains challenging, partic-
ularly in resource-constrained environments. This work proposes a hybrid framework
that combines Particle Swarm Optimization (PSO) with various artificial intelligence (AI)
techniques to estimate reduced-order models of fractional systems. First, PSO optimizes
model parameters by minimizing the discrepancy between the high-order system response
and the reduced model output. These optimized parameters then serve as training data for
several Al-based algorithms—including neural networks, support vector regression (SVR),
and extreme gradient boosting (XGBoost)—to evaluate their inference speed and accuracy.
Experimental validation on a custom-built heating system demonstrates that both PSO
and the Al techniques yield precise reduced-order models. While PSO achieves slightly
lower error metrics, its iterative nature leads to higher and more variable computation
times compared to the deterministic and rapid inference of Al approaches. These findings
highlight a trade-off between estimation accuracy and computational efficiency, providing
a robust solution for real-time fractional-order system identification on edge devices.

Keywords: fractional-order systems; reduced-order modeling; Particle Swarm Optimization;
artificial intelligence; edge computing; real-time control

MSC: 93C99

1. Introduction

In the field of industrial control, it is essential to characterize process dynamics to
properly design and tune closed-loop controllers. For this purpose, simplified mathematical
models are used to capture key aspects of the system without introducing unnecessary
complexity [1]. An appropriate reduced-order model must meet two key requirements:
(a) it must be easily identifiable from experimental data, and (b) it must accurately represent
the process behavior near its operating point [2].

Within this context, the proportional-integral-derivative (PID) controller remains the
predominant choice in industrial settings due to its effectiveness and ease of implemen-
tation [3]. For tuning purposes, reduced-order models are commonly used, with the
first-order plus dead-time (FOPDT) model being the most widely employed in industrial
settings. Model accuracy significantly impacts control loop performance, and previous
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studies have shown that using more representative models can improve PID tuning rules,
leading to optimized system responses [4].

In recent years, advancements in fractional-order calculus and computational methods
have facilitated the development of sophisticated identification techniques for modeling
processes governed by fractional differential equations [5]. Fractional-order systems extend
classical integer-order models by incorporating derivatives and integrals of non-integer
orders. This generalization offers greater modeling flexibility and more accurate repre-
sentations of real-world dynamic behaviors [6]. One of the main advantages of these
models is their ability to more accurately capture memory effects and hereditary dynamics,
which are prevalent in many physical systems, including thermal, electrical, mechanical,
and biological domains. Fractional derivatives enable the modeling of long-term memory
effects and non-local behavior, providing a more accurate representation of real-world
dynamics compared to integer-order models. Additionally, fractional models offer greater
flexibility in parameter tuning based on experimental data, allowing for a more precise
characterization of processes whose dynamic responses cannot be adequately captured by
traditional models.

As a result, the use of fractional models in industrial environments has been increasing.
For a comprehensive overview of fractional-order systems in automatic control, see [7].
The FOPDT model is widely used in practice for characterizing process dynamics and
designing control systems [3]. However, given the enhanced capability of fractional models
to capture complex dynamics, the fractional first-order plus dead-time (FFOPDT) model
extends the traditional FOPDT framework [8], offering a better balance between simplicity
and accuracy in system identification.

An increasing number of methods have been developed for estimating fractional-order
models based on the reaction curve. These techniques require only a step test to obtain the
reaction curve and demand minimal system information, making them widely applicable
in industrial settings.

Broadly, these methods generally fall into two categories: analytical and optimization-
based approaches. Among analytical techniques, Tavakoli-Kakhki’s pioneering work in [9]
introduced analytical techniques for estimating FFOPDT model parameters directly from
step response data.

Recent efforts have focused on adapting classical analytical identification methods for
fractional-order processes. In particular, Ref. [10] examines Sundaresan’s technique for
modeling fractional-order systems, highlighting a limitation related to the convergence
of the response derivative in the frequency domain. To address this issue, a corrective
equation and a simplified formulation that avoids the inversion of the Mittag-Leffler
function are proposed.

Within this context, Gude and Garcia Bringas introduced an identification proce-
dure for FFOPDT models based on three arbitrary points of the process reaction curve
(x1-x2-x3%) [11]. Building on this work, Ref. [12] introduced a simplified approach
by exploiting the symmetrical distribution of three key points on the reaction curve
(x-50-(100 — x)%). Both techniques are designed for overdamped processes evaluated
in an open-loop system subjected to a step input. Furthermore, new analytical techniques
have been introduced to enhance the accuracy of fractional model estimation. In [13], a
method is presented that estimates the fractional order of the model by leveraging the
asymptotic behavior of the Mittag-Leffler function, while determining the parameters in
the time domain using two arbitrary points, x; and x3, from the process reaction curve. It
has also been demonstrated that the accuracy of the identified model is influenced by the
placement of these points.



Mathematics 2025, 13, 1308

30f29

In fractional-order model identification, nonlinear optimization is the most commonly
used approach in industrial applications. This method seeks to minimize the discrepancy
between the step response of the estimated model and the process reaction curve. Sev-
eral techniques have been proposed to achieve this. For instance, Ref. [14] used curve
fitting and analytical solutions in the time domain, incorporating the Mittag-Leffler func-
tion to identify fractional-order models. Similarly, Ref. [15] applied integral equations
for model identification from step test data. Additionally, Ref. [16] utilized both the
Mittag-Leffler and Griinwald-Letnikov methods to identify FFOPDT models based on step
response measurements.

Another relevant approach uses the CRONE methodology, which was applied in [17]
for fractional-order model identification. This method has also been used in the design of
fractional-order PI and PID controllers, as discussed in [18].

Analytical identification methods are known for their simplicity and low computa-
tional cost, whereas optimization-based techniques are recognized for offering greater
accuracy at the expense of higher computational demands. In the technical literature,
there is an ongoing debate on this topic, highlighting the need to find a balance between
accuracy, robustness, and computational efficiency. Expanding on this approach, the dis-
tinctiveness of the hybrid method presented in [19] lies in its combination of single-variable
optimization to estimate the fractional order « with analytical expressions for determining
the remaining FFOPDT model parameters.

Within this context, reduced-order models simplify complex dynamic systems while
preserving key behaviors, making them highly valuable for real-time applications and
resource-constrained edge devices. Their main advantages include the following:

*  Computational efficiency: They simplify system representation for faster calculations.

¢ Lower memory and processing requirements: This makes them suitable for embedded
controllers and IoT devices.

e  Faster response times: They help ensure that control algorithms meet strict timing
constraints.

e Improved controller design and model interpretability: By highlighting essential
dynamics, they facilitate controller development and enhance model understanding.

*  Reduced power consumption: This is especially crucial for battery-powered systems.

Due to these advantages, reduced-order modeling is widely used in industrial control.

Traditional analytical methods for fractional-order system identification often rely on
approximations that, while computationally efficient, can lead to reduced accuracy when
capturing complex system dynamics. Optimization-based approaches improve accuracy
but are computationally expensive, making them unsuitable for real-time deployment
in edge computing scenarios. The proposed hybrid framework leverages PSO to refine
parameter estimation with high fidelity while employing Al-based inference for rapid,
deterministic execution. By combining these techniques, the framework achieves a balance
between precision and computational efficiency, outperforming purely analytical meth-
ods in accuracy and surpassing traditional optimization techniques in execution speed.
This dual benefit enables real-time identification and control applications on resource-
constrained devices, an aspect that is critical for industrial automation and embedded
system implementations.

The main objective of this study is to derive a reduced-order fractional model from
the dynamic response of a high-order system using an innovative combination of PSO
optimization and Al-based algorithms. By leveraging information from the process reac-
tion curve obtained through a simple step test, the proposed method enhances estimation
accuracy, computational efficiency, and model generalization. Specifically designed for
overdamped step responses, it integrates PSO with Al techniques to improve parameter
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estimation for the FFOPDT model. Its effectiveness is demonstrated through illustrative ex-

amples, highlighting advantages over analytical and optimization-based methods. Finally,

the identification algorithm is implemented on microprocessor-based hardware, validating

its applicability to real-world thermal process identification in experimental prototypes.
The key contributions of this work can be summarized as follows:

1. A hybrid identification framework that combines PSO-based optimization with
Al-driven inference to derive reduced-order models from high-order fractional
dynamic systems.

2. Aninnovative edge computing integration that enables real-time deployment of the
identification framework, ensuring low latency and efficient resource usage.

3. A comprehensive experimental validation using a custom-built heating system,
demonstrating the proposed method’s effectiveness in accurately capturing the dy-
namics of overdamped systems and enabling real-time control on edge devices.

4. A detailed comparative analysis of PSO and Al-based approaches, highlighting the
trade-offs between accuracy and computational efficiency, and providing insights for
deploying these methods in resource-constrained environments.

The remainder of this paper is organized as follows. Section 2 presents the theoret-
ical background, including the fundamentals of fractional calculus, the formulation of
fractional-order systems, and an overview of the optimization techniques employed, with
a particular focus on PSO and various Al-based approaches. Section 3 details the materials
and methods used in this study, covering data generation and balancing strategies, as well
as the implementation of both PSO-based parameter identification and Al-based estimation
methods. Section 4 describes the experimental setup and presents the results, providing
a comprehensive evaluation of model accuracy and computational performance across
different edge devices. The Discussion section (Section 5) examines the trade-offs between
estimation accuracy and execution speed, exploring the practical implications of deploying
these methods in real-time edge computing environments. Finally, Section 6 summarizes
the key findings, outlines the theoretical and practical contributions of this work, and
suggests directions for future research.

2. Theoretical Background

This section provides an overview of the fundamental concepts and methodologies
used in this work. It covers key aspects of fractional calculus, optimization algorithms, and
Al-based techniques applicable to system identification.

The section is organized as follows. Section 2.1 presents the fundamental concepts of
fractional calculus necessary for this work. Section 2.2 describes the PSO algorithm, used to
estimate optimal FFOPDT model parameters by minimizing the error between its and the
process’s response. Finally, Section 2.3 introduces various Al-based techniques employed
for the identification of dynamic systems.

2.1. Fractional Calculus

This section introduces fundamental concepts in fractional calculus, which extends
classical differentiation and integration to non-integer orders. For a more in-depth discus-
sion, refer to [20,21].

Fractional calculus generalizes the conventional derivative % to the non-integer-order
operator ,Df, where « € R denotes the fractional order, and 4 and t represent the lower
and upper limits of the differ-integral operator. This operator is defined as follows:
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;%, a>0,
Df =4 1, a =0, (1)

fat(d'c)”‘, a <0,

Although « is typically a real number, it can also be complex. In this study, we focus
exclusively on real-valued fractional orders.

The literature presents various definitions of fractional-order operators. Below is a
brief overview of those used in this work.

Definition 1. Riemann—Liouville:

The Riemann—Liouville fractional operator is one of the most commonly used formulations
in fractional calculus. It is important to note that this is the definition used for the mathematical
development in this work. The fractional derivative of a function f(t) is defined as follows:

D (1) = gy o, (0= D" (i o

where m is the smallest integer greater than « (i.e., m — 1 < a < m, withm € Z%1),T(:) is the
Gamma function [20], t > 0, and « € R,

Definition 2. Griinwald—Letnikov:
The Griinwald—Letnikov operator provides a discrete approximation to fractional differentiation
and integration, making it well-suited for numerical computations. It is defined as follows:

oDE (1) = fim - 3°(-1)¢ () £~ k), ®

o
h—0 h* =

where & > 0 corresponds to differentiation, « < 0 to integration, (i) represents the binomial
coefficient, and h is the step size.

Unlike the Riemann—Liouville formulation, the Griinwald—Letnikov approach aligns more
closely with numerical methods, making it useful for computational implementations of fractional
operators. This definition is the one used for the implementation of the fractional operators in the
results of this work.

Definition 3. Mittag-Leffler Function:

The Mittag-Leffler function plays a fundamental role in fractional calculus, serving as a
generalization of the exponential function. The one-parameter Mittag-Leffler function is defined as
follows [22]:

o0 Z‘r
E.(z) = —_— 4
«(2) rgol"(ar—kl) @)
where T'(+) is the Gamma function, « € R, and z € C.

Because it generalizes exponential behavior, the Mittag-Leffler function is fundamental for
modeling fractional-order systems, including the FFOPDT model [23].

Definition 4. FFOPDT model and step response:
The FFOPDT model is one of the most widely used reduced-order fractional models. Its transfer
function is given as follows:

K-eLs

P(s) = 1T T (5)
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where K is the process gain, T > 0 is the time constant, L > 0 is the apparent time delay, and « is
the fractional order of the model. Note that the FFOPDT model reduces to the standard FOPDT
model when « = 1.

The time-domain expression for the response of the FFOPDT model to a step signal of magnitude
Au is the following:

0, 0<t<L
yalt) = {KAu{l —E, [—%(t— L)“} } £> L ©)

where the output signal change is Ay = K - Au and E, represents the one-parameter Mittag-Leffler
function [20].

2.2. PSO Optimization

PSO is a population-based stochastic optimization technique inspired by the social
behavior of bird flocking and fish schooling [24]. In PSO, a swarm of candidate solutions
(particles) is initialized in the parameter space, and each particle iteratively updates its
position and velocity based on its own best-found solution and the global best solution
discovered by the swarm. This process allows PSO to efficiently explore complex, multidi-
mensional search spaces, making it particularly well-suited for challenging optimization
problems in system identification [25].

In our work on fractional-order system identification, PSO is employed to identify
the optimal parameters {K, T, L, a} that define the reduced-order fractional model. The
optimization objective is to minimize the discrepancy between the step response of the
high-order system and that of the reduced model, quantified by error metrics such as the
mean squared error (MSE).

The PSO Algorithm 1 used in this study can be summarized as follows:

Algorithm 1: PSO algorithm for reduced-order parameter identification.

Data: High-order system output, parameter bounds for {K, T, L, « }, random
initialization of particles

Result: Optimized parameter set {K, T, L, « } minimizing the discrepancy between
the high-order system and reduced model

Initialization: Generate a swarm of particles (candidate solutions) in the

parameter space {K, T, L, a} randomly;

Assign initial velocities to each particle within predefined bounds;

Evaluate the fitness (e.g., MSE) for each particle;

Determine each particle’s personal best (ppest);

Identify the global best (gpest) among all particles;

while Stopping criterion not met (e.g., maximum iterations or minimal error

improvement) do

foreach particle in the swarm do
Update velocity using inertia, cognitive (distance to ppest), and social

(distance to gpest) cOmponents;
Update particle position within parameter bounds;
Evaluate the fitness of the updated position;
Update personal best if current fitness is better than ppes;

B Update the global best (gpest) among all particles;
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The use of PSO in our framework is justified by its ability to handle non-convex,
high-dimensional optimization problems without requiring gradient information, making
it robust against local minima. This attribute, coupled with its proven success in previous
system identification studies [19], underscores its suitability for our approach. By lever-
aging PSO, we ensure that the reduced-order model closely approximates the dynamic
behavior of the high-order system, providing a reliable foundation for subsequent control
and real-time implementation on edge devices.

2.3. Al-Based Algorithms for System Identification

Al is increasingly used to identify reduced-order models that approximate complex
dynamical systems while preserving essential behavior at a lower computational cost. Al-
driven techniques facilitate the estimation of these models from experimental or simulated
data, improving efficiency in control and optimization tasks.

The use of Al in the modeling and control of fractional systems has gained significant
attention in recent years. Fractional systems, characterized by the presence of non-integer-
order derivatives, have proven to be more suitable for describing physical systems with
memory and hysteresis. Identifying key parameters such as K, T, L, and « in these systems
is essential for their control and optimization. In this context, various machine learning
techniques have been employed to improve the accuracy of parameter estimation.

Raubitzek et al. (2023) [26] present a comprehensive review on the combination of
fractional derivatives with Al They classify the approaches into three main categories: data
preprocessing, where fractional operators are used to enhance input features in learning
algorithms; machine learning-based fractional modeling, approaches that integrate machine
learning with fractional differential equations to improve the accuracy of system dynamics
prediction; and hyperparameter optimization, where machine learning is used to fine-tune
fractional models based on observational data.

2.3.1. Comparison with Traditional Optimization Techniques

Supervised learning has been a key tool for parameter estimation in fractional control
models. Cheng et al. (2022) [27] apply fractional derivatives along with supervised learning
techniques such as SVR and random forest to improve the estimation of the content of
photosynthetic pigment in apple leaves. This work demonstrates that using fractional
operators in combination with machine learning improves the accuracy of estimating
relevant physical variables. Moreover, it has also been applied in the biomedical field,
as Annadurai et al. (2024) [28] introduce an approach that integrates transfer learning
techniques with fractional operators to enhance medical image quality. Their method, called
ETLFOD, combines pre-trained deep neural network models (DenseNet121, ResNet50, etc.)
with fractional operators for noise reduction in MRI, CT, and X-ray images. The application
of fractional operators in this case helps preserve crucial image features, demonstrating
their applicability in signal processing tasks.

2.3.2. Al-Based Parameter Estimation vs. Traditional Methods

While traditional optimization techniques have been widely used in system identifica-
tion, Al-based approaches offer notable advantages:

*  Robustness to nonlinearities: Al techniques handle nonlinearity better than traditional
mathematical models.

¢  Flexibility and adaptability: Machine learning models can generalize across different
datasets, improving the estimation of parameters such as K, T, L, and «.

*  Higher efficiency in large datasets: Al-based optimization can process large volumes
of data faster, whereas conventional methods may struggle with scalability.
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Given these advantages, the integration of Al-based methodologies in system identifi-
cation and parameter estimation represents a promising direction to enhance traditional
optimization frameworks. This complements the PSO approach [24] by refining the param-
eter search process and improving convergence to optimal solutions.

2.3.3. Machine Learning Techniques

Machine learning has become an essential tool for modern data-driven applications,
providing diverse methodologies for predictive modeling and optimization. Different
algorithms have been used to address complex system identification problems, balancing
interpretability, computational efficiency, and predictive performance. In this subsection,
we describe the machine learning algorithms used in this experiment, highlighting their
advantages and common applications in parameter estimation and predictive modeling.

Linear Regression

Linear regression is one of the most fundamental statistical methods used for predictive
modeling. It assumes a linear relationship between the dependent variable and one or more
independent variables, making it efficient and interpretable. However, its performance is
often limited in cases where nonlinear relationships exist or when high multicollinearity is
present in the data [29].

Random Forest

Random forest is an ensemble learning method based on decision trees, introduced by
Breiman (2001). It builds multiple decision trees and combines their predictions to improve
accuracy and reduce overfitting. This algorithm is widely used for classification and
regression tasks due to its robustness to noise and ability to capture nonlinear relationships
in data [30].

Neural Networks

Artificial neural networks (ANNSs) are inspired by the structure of the human brain and
have become a crucial technique in deep learning. They consist of multiple interconnected
layers of artificial neurons that extract complex patterns from data. Although ANNSs require
large datasets and significant computational resources, they have demonstrated superior
performance in predictive modeling and classification across various domains [31].

Deep Learning

Deep learning is an extension of ANNs with multiple hidden layers, often referred
to as deep neural networks (DNNs). These models excel in recognizing complex patterns
and modeling sequential or structured data. Methods such as convolutional neural net-
works (CNNs) and recurrent neural networks (RNNs) have been highly effective in image
processing and time-series forecasting [32].

Extreme Gradient Boosting—XGBoost

XGBoost is an optimized version of the boosting technique, designed for high-
performance classification and regression tasks. It improves accuracy by combining weak
models iteratively, minimizing errors and reducing overfitting. XGBoost has gained pop-
ularity in data science competitions due to its efficiency and effectiveness in handling
structured data [33].

Support Vector Regression—SVR

SVR is an extension of support vector machines (SVMs) for regression tasks. It aims to
find an optimal hyperplane that minimizes prediction errors while maintaining robustness
against outliers. SVR is particularly effective for high-dimensional data and applications
requiring strong generalization capabilities [34].

Gaussian Process Regression—GPR

GPR is a probabilistic approach that models distributions over functions, making it
highly suitable for uncertainty quantification. Unlike traditional regression techniques, GPR
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provides confidence intervals for predictions, making it particularly useful in applications
where understanding the model’s uncertainty is essential [35].

3. Materials and Methods
3.1. Simulation Setup

The simulation framework was designed to accurately capture the dynamics of
fractional-order systems, with particular emphasis on overdamped systems. This frame-
work ensures that both fast transient dynamics and slow steady-state behaviors are faith-
fully reproduced, providing a robust foundation for evaluating and optimizing system
identification and control strategies in practical, real-world scenarios.

3.1.1. Software and Tools

The simulations were conducted using the FOMCON [36] Python 3.11 package, a
specialized toolbox for the analysis and simulation of fractional-order systems. This pack-
age provides a robust environment for modeling dynamic systems with non-integer-order
derivatives, ensuring an accurate representation of fractional dynamics. Its capabilities
were essential for generating the high-fidelity simulations required for this study.

3.1.2. System Description

The dynamic system under investigation is a high-order, overdamped model charac-
terized by the following commensurate transfer function:

K

Ps) = (14 T15%) (1 + Tps%) (1 + Tas®)

(7)

where the following definitions apply:

*  Gain (K): A scalar value representing the system’s amplification factor.

*  Time constants (T3, T, T3): Parameters that define the system’s transient response.

e  Fractional order (x): A non-integer order characterizing the system’s fractional
dynamics.

This model structure is chosen for its versatility and proven ability to approximate a
wide range of real systems. In this work, the focus is on overdamped systems, where the
dynamic response exhibits non-oscillatory, exponentially decaying transients—a common
behavior in thermal processes and other applications requiring stability and smooth re-
sponses. The combination of multiple time constants with a fractional derivative enables
the model to capture both fast and slow dynamics, effectively representing transient and
steady-state behaviors across diverse physical and engineering applications.

The primary objective of this research is to estimate an FFOPDT model from the
step response of a high-order system. The FFOPDT model provides a simplified yet
accurate representation of the system’s dynamics, facilitating efficient real-time control,
particularly in edge computing applications. In essence, the high-order model generates
realistic, noisy data, from which our hybrid identification framework—integrating PSO-
based optimization with Al-driven inference—derives the reduced model parameters.

3.2. Data Generation
3.2.1. Sampling Strategy

To ensure reproducibility and determinism, a fixed seed was initialized for the random
number generator prior to parameter sampling. This approach guarantees that the same
sequence of pseudo-random numbers is generated across independent simulation runs.
The system parameters were generated using a uniform sampling strategy, ensuring a
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systematic and unbiased exploration of the parameter space. The specific ranges for each

parameter are shown below:

e Gain (K): Uniformly sampled from [1,100].

e Time constants (T1, T, T3): Independently sampled from a uniform distribution in
[0.1,100].

e Fractional order («): Uniformly sampled from [0.2, 1].

The chosen parameter ranges are justified through a combination of rigorous theoret-
ical analysis and extensive empirical testing. This ensures the dataset effectively covers
a broad and realistic array of system behaviors, facilitating robust analysis and model
training. Additionally, these ranges capture the variability in amplification factors observed
in many practical dynamic systems [37-41].

3.2.2. Input and Output

A step input was applied to the high-order system. For each simulation run, the time
horizon was dynamically determined by continuously monitoring the system’s output until
steady state was reached. Specifically, the simulation analyzed the transient response and
extended the recording duration until the variation in the output fell below a predefined
threshold over a sufficient period, indicating stabilization. The sampling frequency was
carefully chosen to capture both the rapid transient dynamics immediately following the
step input and the gradual approach to steady state.

3.2.3. Dataset Balancing

To ensure that the dataset uniformly covers the parameter space and represents the
majority of possible combinations of system parameters, a comprehensive numeric space
analysis was performed. Scatter plots were employed to evaluate the distribution of the
sampled values for K, T7, T, T3, and « (see Figure 1). This analysis verified that the uniform
sampling strategy effectively spanned the entire range of each parameter, minimizing
bias and avoiding clustering in specific regions. Where underrepresented regions were
identified, the sampling process was iteratively refined to improve coverage. This rigorous
approach to dataset balancing ensures that the generated dataset is both comprehensive and
representative, facilitating robust system identification and enhancing the generalization
capability of the trained models.

3.3. Performance Metrics

The performance of the proposed identification methodologies is quantified using a
range of statistical metrics that assess both model prediction accuracy and computational
efficiency of the algorithms. These metrics are essential to ensure that the identified
models are reliable and that the inference process remains feasible in real-time, edge-based
applications. In the following subsection, we detail the computation of each metric and
explain its importance in the context of dynamic system identification.

3.3.1. Mean Squared Error (MSE)

MSE quantifies the average squared difference between the measured output y(t) and
the predicted output §(¢). It is computed as follows:

1Y R
MSE = - Y (i — 9:)", (®)
N=
where N is the total number of data points. MSE is important because it penalizes larger
errors more than smaller ones, providing a sensitive measure of the overall discrepancy.
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Figure 1. Pairwise scatter matrix visualization of the dataset parameters (K, Ty, T, T3, and «). The
diagonal elements represent the marginal distributions of each parameter, while the off-diagonal
scatter plots illustrate their pairwise relationships.

3.3.2. Root Mean Squared Error (RMSE)
RMSE is the square root of the MSE:

©)

Expressed in the same units as the output, RMSE offers an intuitive measure of the
error magnitude, making it particularly useful for comparing prediction errors relative to
the natural scale of the measured output.

3.3.3. Mean Absolute Error (MAE)

MAE represents the average absolute difference between the measured and predicted
output:

1 N .
MAE = = Y |yi — i (10)
N i=1

Unlike MSE and RMSE, MAE is less sensitive to outliers, providing a robust measure of
typical error. This robustness is crucial in dynamic system identification, where occasional
noise or anomalies may occur.

3.3.4. Coefficient of Determination (R?)

The coefficient of determination, R?, measures the proportion of variance in the
observed data that is explained by the model:

R2 =1— Zf\il(yl - ]?l')z

, (11)
o (yi — 7)°
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where 7 is the mean of the observed values. A higher R? indicates a better model fit, vali-
dating that the identification method accurately captures the underlying system dynamics.

3.3.5. Relative Mean Absolute Error (RMAE)

To facilitate comparison across different scales, MAE is normalized by the range of
observed values:

RMAE = _ MAE , (12)

Ymax — Ymin
where ymax and ymin denote the maximum and minimum observed values, respectively.
This scale-independent metric provides meaningful comparisons between systems with
different output ranges.

3.3.6. Relative Root Mean Squared Error (RRMSE)

Similarly, RMSE is normalized to yield a relative measure:

RRMSE = —MoC (13)

Ymax — Ymin ‘
RRMSE is crucial when comparing performance across different scenarios, as it ac-
counts for variations in the dynamic range of the output.

3.3.7. Computation Time

In addition to accuracy metrics, the computation time required for the identification
process is recorded. This time, measured in seconds, encompasses the entire duration of
the parameter estimation and model evaluation phases. Monitoring computation time is
crucial, particularly for edge applications where deterministic execution is essential.

3.3.8. Summary

Together, these performance metrics provide a comprehensive framework for evaluat-
ing both the accuracy and efficiency of the proposed identification methods:

*  MSE, RMSE, and MAE offer insights into the absolute prediction errors, with RMSE
and MSE being sensitive to larger errors.

e R? quantifies the proportion of variance explained by the model, serving as a measure
of overall model fit.

¢ Relative error metrics (RMAE and RRMSE) allow for scale-independent comparisons.

e  Computation time provides an evaluation of the algorithm’s efficiency, an important
factor for practical applications.

3.4. PSO-Based Parameter Identification

The reduced-order model parameters were estimated using PSO, a widely used opti-
mization technique in system identification that provides accurate and robust parameter
estimates [19]. Unlike in the cited text, where the focus may have been on optimizing
parameters for a specific system, our goal is to develop a general set of parameters that can
be applied to estimate any generic system. This approach leverages the PSO algorithm to
iteratively update a swarm of candidate solutions, optimizing the parameters based on
the MSE between the high-order system’s output and the response of the reduced model.
PSO has been widely used in system identification tasks, obtaining accurate and robust
parameter estimates.

3.4.1. Objective and Implementation

The primary objective of the PSO-based parameter identification is to estimate the
parameters of the reduced-order model—gain K, time constant T, time delay L, and frac-
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tional order a—by minimizing the discrepancy between the high-order system’s output
and that of the reduced model. For each simulated sample, PSO determines the optimal
set of parameters. The optimization process is driven by an objective function defined as
the MSE (see Equation (8)), which quantifies the difference between the measured and
predicted output:

*  Measured output: ypgp (;) denotes the high-order system’s output at time ¢;.
e Predicted output: yeq(t;; K, T, L, a) represents the reduced-order model’s response
computed using parameters K, T, L, and «.

The search space for the reduced-order parameters is constrained to the following
intervals:
e Gain(K):1 <K <100
e Time constant (T): 0.1 < T <100s
e Timedelay (L):0 <L <20s
e  Fractional order (x): 0.2 <a <1

The PSO algorithm iteratively updates a swarm of candidate solutions by evaluating
the MSE for each candidate and adjusting their positions based on both the individual best
positions and the global best found by the swarm. The algorithm is implemented using a
custom framework based on the methodology described in [25]. To ensure convergence
while avoiding excessive computation time, the following stopping criteria were enforced:

* A maximum of 300 iterations per optimization run.
*  Convergence of the swarm, indicated by negligible parameter changes across succes-
sive iterations.

For each simulated sample, a swarm of 50 particles was used. These hyperparameters
were selected based on empirical observations and extensive testing, ensuring efficient
convergence and reliable performance.

3.4.2. Resulting Dataset

Upon completion of the PSO-based optimization for each simulated sample, the
dataset is enriched by appending the optimal reduced-order model parameters alongside
the high-order system’s output and the corresponding time vector. Specifically, the resulting
dataset includes the following data:

¢  The high-order system’s output.

*  The associated time vector.

e The optimal parameters derived from PSO {K, T, L, a}.

*  The reduced-order model’s response computed using these optimal parameters.
¢ All performance metrics described in Section 3.3.

This augmented dataset provides a comprehensive basis for subsequent analyses
and serves as a benchmark for evaluating and comparing the performance of Al-based
parameter estimation methods.

3.5. Al-Based Algorithm Implementation

To facilitate Al-based parameter estimation, the dataset was split into multiple subsets,
each targeting a specific parameter. Each dataset includes real system observations and
corresponding time vectors, which serve as input features for Al-based algorithms.

The Al-based models in this study were implemented using the Scikit-learn and
XGBoost libraries. The dataset was split into 80% training and 20% testing, ensuring a
balanced distribution of system parameters. Data preprocessing involved standardization
using the StandardScaler function for neural networks and support vector regression (SVR),
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while tree-based methods such as random forest and XGBoost were applied directly to
raw data.

Algorithm Deployment

Each model was configured with specific hyperparameters to optimize its performance:

*  Linear regression: A simple baseline model using the least-squares approach to fit the
data. No regularization was applied.

*  Random forest: Configured with 100 trees, using a mean squared error (MSE) crite-
rion for node splitting and a minimum of two samples per leaf. The random_state
parameter was fixed at 42 for reproducibility.

*  Support vector regression: Used a radial basis function (RBF) kernel with C = 100 and
e = 0.1, optimized via grid search. Feature scaling was applied to ensure numerical
stability.

*  Extreme gradient boosting (XGBoost): Configured with a maximum tree depth of 6, a
learning rate of 0.05, and 1000 boosting rounds, employing early stopping based on
validation loss.

¢ Neural networks: Implemented using the MLPRegressor class with three hidden
layers (128, 64, and 32 neurons) using ReLU activations. The model was trained with
the Adam optimizer (learning rate = 0.001), batch size = 32, and early stopping based
on validation performance. The maximum number of iterations was set to 100.

. Deep learning: A more complex neural network with three hidden layers (256, 128,
64 neurons) and L2 regularization (alpha = 0.0005). Training was performed using
batch size = 64 and early stopping with a 10% validation split.

*  Gaussian Process Regression (GPR): Used a default kernel with automatic hyperpa-
rameter tuning. While GPR allows for probabilistic predictions, it exhibited high
computational cost and suboptimal performance in our experiments.

All models were evaluated using the error metrics presented in Section 3.3 to quantify
their accuracy. Additionally, inference speed was measured using execution time for single-
instance predictions and all-instance predictions, ensuring suitability for real-time edge
computing deployment.

Each model was trained and validated on its respective dataset to determine the most
accurate approach for system parameter estimation.

3.6. Edge Device Implementation

In this study, AI models were evaluated using three edge computing devices: the
NVIDIA Jetson Xavier NX [42], the NVIDIA Jetson Nano [43], and the NVIDIA Jetson
Orin Nano [44]. These devices are designed for executing Al workloads in resource-
constrained environments, offering a balance between computational performance and
energy efficiency.

3.6.1. NVIDIA Jetson Xavier NX

The Jetson Xavier NX is a high-performance platform optimized for advanced Al tasks
in embedded systems. Its key specifications include the following;:

. CPU: 6-core ARM v8.2 64-bit;

e  GPU: 384-core NVIDIA Volta with 48 Tensor Cores;

e RAM: 8 GB LPDDR4x;

e STORAGE: 16 GBeMMC 5.1;

¢  POWER CONSUMPTION: Configurable between 10 W and 15 W.
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3.6.2. NVIDIA Jetson Orin Nano

The Jetson Orin Nano is a next-generation edge Al platform that offers an excellent
balance between performance and energy efficiency, making it suitable for more demanding
edge applications than the Jetson Nano, while maintaining a compact form factor. Its key
specifications are the following:

e  (CPU: 6-core ARM Cortex-A78AE;

e  GPU: 512-core NVIDIA Ampere;

* RAM: 4 GB LPDDRS5;

e  STORAGE: microSD card;

e POWER CONSUMPTION: Configurable between 7 W and 10 W.

3.6.3. NVIDIA Jetson Nano

The Jetson Nano is a more compact and energy-efficient alternative, suitable for edge
Al applications with moderate computational requirements. Its main specifications are
as follows:

e  (CPU: 4-core ARM Cortex-A57;

e  GPU: 128-core NVIDIA Maxwell;

e RAM: 4 GBLPDDR4;

e STORAGE: 16 GBeMMC5.1;

¢  POWER CONSUMPTION: Configurable between 5 W and 10 W.

Although its processing power is lower than that of the Jetson Xavier NX, the Jetson
Orin Nano remains a viable option for lightweight AI models and applications where
power efficiency is a priority.

In this study, the selected metrics (Section 3.3) are critical to determine the feasibility
of deploying Al solutions in edge environments, ensuring an optimal balance between
processing speed, power consumption, and predictive performance.

4. Results

This section presents a comprehensive evaluation of the proposed hybrid identification
methodology from two different perspectives. First, we discuss the training and validation
phase, where Al-based algorithms are trained using inputs generated from simulations
and PSO-derived output. Second, we describe the inference phase for both the PSO and
Al-based algorithms, in which the trained models are applied to real experimental data.
This dual analysis provides insights into the accuracy of parameter estimation during
model training and the practical effectiveness of the approach when deployed in real-
world scenarios.

4.1. Training and Validation Phase Results

The experimental evaluation was divided into four independent tasks, each dedi-
cated to predicting one of the key system parameters: K, T, L, and a. Initial experiments
attempted to predict all parameters simultaneously; however, this approach yielded sub-
optimal results, leading to the decision to decouple the prediction tasks. For each target
parameter, several machine learning models were applied and evaluated using standard re-
gression metrics, including MSE, RMSE, MAE, and R? score. The results of each prediction
task are summarized below.

4.1.1. Prediction of K

The results for predicting variable K are presented below in Table 1.
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Table 1. Performance metrics of different Al-based algorithms for estimating parameter K.

Algorithm MSE RMSE MAE R? RMAE RRMSE
Linear Regression 0.329 0.573 0.272 0.948 3.04 6.42
Random Forest 0.617 0.785 0.357 0.903 4.00 8.79
Neural Networks 0.552 0.743 0.466 0.913 521 8.31
Deep Learning 3.900 1.975 1.584 0.390 17.72 22.08
XGBoost 0.687 0.828 0.360 0.892 4.03 9.27
SVR 0.342 0.584 0.217 0.946 243 6.54
GPR 30.655 5.536 4.763 -3.793 53.26 61.91

The first experiment aimed to estimate the K parameter, which had a mean of 5.632 and
a standard deviation of 2.537, with values ranging across 8.943 units. The best-performing
models in terms of error minimization were linear regression (MSE = 0.329, R? = 0.948)
and SVR (MSE = 0.342, R? = 0.946), both achieving high accuracy relative to the vari-
able’s natural variation. In contrast, deep learning showed significantly higher errors
(MSE = 3.900, RMSE = 1.975), suggesting overfitting and poor generalization. The worst
performance was observed with GPR, which yielded an MSE of 30.655 and a negative R?
score (—3.793), failing to approximate the system dynamics effectively.

4.1.2. Prediction of T

The results for predicting variable T are presented below in Table 2.

Table 2. Performance metrics of different Al-based algorithms for estimating parameter T.

Algorithm MSE RMSE MAE R2 RMAE RRMSE
Linear Regression 1.767 1.329 0.916 0.311 11.66 16.92
Random Forest 2.084 1.443 0.925 0.187 11.78 18.37
Neural Networks 1.657 1.287 0.940 0.354 11.97 16.38
Deep Learning 3.736 1.933 1.664 —0.456 21.19 24.60
XGBoost 2.276 1.508 0.932 0.112 11.87 19.20
SVR 2.733 1.653 0.803 —0.065 10.22 21.04
GPR 39.169 6.258 4.233 —14.264 53.88 79.65

For the T parameter, which had a mean of 9.201, a standard deviation of 1.603, and
a range of 7.857, all models exhibited greater difficulty in achieving precise predictions
compared to K estimation. The highest R? score was 0.354 achieved by ANNs, while linear
regression (MSE = 1.767, R*> = 0.311) provided competitive performance despite the
parameter’s complexity. GPR performed the worst, with an MSE of 39.169 and a highly
negative R? (—14.264), confirming its inadequacy in capturing the underlying dynamics
of T. These results indicate greater variability in estimation accuracy, consistent with the
relatively lower dispersion of the T variable.

4.1.3. Prediction of L

The results for predicting variable L are presented below in Table 3.

The estimation of the L parameter, which had a mean of 6.215, a higher standard
deviation of 3.226, and a range of 10.0, proved more challenging than K and T, as indicated
by higher error values across all models. Linear regression achieved the best performance
(MSE = 7.336, R?> = 0.369), though the overall predictability of L remained limited. Deep
learning and XGBoost failed to generalize effectively, displaying higher error metrics, while
GPR once again yielded the worst results (MSE = 26.273, RMSE = 5.125, R? = —1.259),
reaffirming its unsuitability for this estimation task.
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Table 3. Performance metrics of different Al-based algorithms for estimating parameter L.

Algorithm MSE RMSE MAE R? RMAE RRMSE
Linear Regression 7.336 2.708 2.183 0.369 21.83 27.09
Random Forest 11.502 3.391 2.780 0.010 27.81 33.92
Neural Networks 9.714 3.116 2.595 0.164 25.96 31.17
Deep Learning 15.296 3.911 3.268 —0.315 32.69 39.11
XGBoost 13.269 3.642 2.964 —0.141 29.64 36.43
SVR 11.871 3.445 3.035 —0.020 30.35 34.46
GPR 26.273 5.125 4171 —1.259 41.72 51.26

4.1.4. Prediction of «

The results for predicting variable « are presented below in Table 4.

Table 4. Performance metrics of different Al-based algorithms for estimating parameter «.

Algorithm MSE RMSE MAE R? RMAE RRMSE
Linear Regression 0.014 0.118 0.081 0.641 8.63 12.63
Random Forest 0.013 0.116 0.086 0.667 18.264 15.40
Neural Networks 0.011 0.107 0.075 0.706 7.96 11.43
Deep Learning 0.032 0.180 0.146 0.206 25.899 17.97
XGBoost 0.015 0.124 0.087 0.622 18.539 15.79
SVR 0.013 0.114 0.082 0.678 18.537 16.62
GPR 0.250 0.500 0.413 —5.106 61.625 28.97

The a parameter presented the narrowest range (0.942) and smallest standard de-
viation (0.198) among all targets, indicating a more stable and constrained distribution.
The models performed consistently well, with neural networks achieving the highest R?
(0.706) and the lowest MSE (0.011). SVR (R? = 0.678, MSE = 0.013) and linear regression
(R? = 0.641, MSE = 0.014) followed closely, showing comparable performance. Deep
learning models exhibited slightly higher error values (MSE = 0.032), while GPR once
again underperformed (MSE = 0.250, R? = —5.106). The lower variability of a appears to
have contributed to model stability, enabling most approaches to achieve better estimation
accuracy compared to the other targets.

4.2. Experimental Setup and Validation

To evaluate the performance of the proposed identification methodologies, both the
PSO-based parameter identification and the Al-driven parameter estimation approaches
were implemented and tested on a custom-built heating system. This experimental platform,
originally developed for research and educational purposes [45], offers a versatile environment
that emulates the dynamics of thermal processes exhibiting fractional behavior.

Figure 2 displays the experimental apparatus used in this section, along with the
block diagrams representing the controlled process for both configurations. The thermal
process occurs at the top of the prototype, featuring a thermal module where heat transfer
is primarily governed by a heating element and controlled airflow. The experimental
prototype supports two configurations: in the first, the heating resistor acts as the actuator
while the fan remains at a fixed setting; in the second, the heating resistor operates at
a constant power level, and the air fan serves as the actuator. More details about this
experimental setup can be found in [45].
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Figure 2. Image of the experimental setup, including details of the thermal process occurring in
the extruder head. The figure also illustrates the block diagram of the controlled process for both
available configurations.

Computation Time

To evaluate the computational efficiency of the proposed Al-based parameter esti-
mation methods, the execution times required to predict the system parameters (K, T, L,
and «) were measured on three edge devices: NVIDIA Xavier NX, NVIDIA Jetson Nano,
and NVIDIA Jetson Orin Nano. Table 5 presents a detailed comparative analysis of the
execution times for each algorithm across all four parameters and hardware platforms.

It is important to note that the Al-based algorithm metrics are computed as simple
deterministic numbers. That is, given the same input, these algorithms produce consistent
output with negligible variance in execution time; any observed latency primarily stems
from low-level system operations. This determinism ensures that the reported execution
times for AI methods are highly reproducible across runs.

Table 5. Execution times (in seconds) of different Al-based algorithms on three edge devices for
estimating system parameters (K, T, L, and «).

Algorithm

NVIDIA Xavier NX NVIDIA Jetson Nano NVIDIA Jetson Orin Nano

K (s)

T() LG a() K() T(s) L(s) a(s) K() T() L (s) w (s)

Linear Regression
Random Forest
Neural Networks
Deep Learning
XGBoost

SVR

GPR

0.024
0.039
0.001
0.002
0.037
0.026
0.035

0.052 0.026 0.020 0.038 0.039 0.037 0.082 0.027 0.013 0.026 0.036
0.043 0.041 0.038 0.062 0.060 0.038 0.060 0.029 0.028 0.038 0.028
0.001 0.001 0.007 0.002 0.009 0.002 0.002 0.001 0.0007 0.002 0.003
0.002 0.002 0.001 0.002 0.003 0.002 0.034 0.001 0.0009 0.002 0.0008
0.039 0.040 0.041 0.019 0.026 0.024 0.025 0.012 0.014 0.017 0.019
0.030 0.043 0.001 0.004 0.008 0.022 0.0016 0.004 0.006 0.016 0.001
0.051 0.080 0.002 0.030 0.084 0.152 0.006 0.012 0.031 0.052 0.006
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For the PSO algorithm, a similar execution time analysis was performed on the same
set of edge devices. However, unlike Al-based algorithms, which yield deterministic
execution times due to their fixed computational steps, the PSO algorithm exhibits variable
execution times. This variability arises from its inherently iterative nature and the use of
adaptive stopping criteria. The convergence of the PSO process depends on the specific
characteristics of the optimization landscape for each sample, which can lead to differences
in the number of iterations required to satisfy the convergence threshold. As a result,
Figure 3 illustrates the distribution of PSO execution times.

Execution Time Distribution of PSO on Different Edge Devices

1100 ~ —r—
——

1000 +
900 +
800
700

600 +

Computation Time (s)

500 A

400 + ==

300 A T

T T T
NVIDIA Jetson Nano Orin - NVIDIA Xavier NX NVIDIA Jetson Nano

Figure 3. Boxplot of PSO execution times on three edge devices (NVIDIA Xavier NX, NVIDIA Jetson
Nano, and NVIDIA Jetson Orin Nano), illustrating the variability due to the iterative optimization
process and adaptive stopping criteria.

In Table 6, we present the total execution times for the various Al-based algorithms
and the PSO algorithm across the three evaluated edge devices. It is important to em-
phasize that the total execution time for the Al-based algorithms is not simply the sum
of the individual metric execution times, as these algorithms are capable of executing
the parameter predictions in parallel, thus reducing the overall latency. In contrast, the
execution time for the PSO algorithm is reported as the median value from multiple runs;
however, this median does not fully capture the distribution of execution times, as shown
by the variability in Figure 3.

Table 6. Total execution time (in seconds) of different Al-based algorithms and PSO on edge devices
for estimating system parameters.

Algorithm NVIDIA Xavier NX NVIDIA Jetson Nano N ‘(/)H.)IA Jetson
rin Nano
Linear Regression 0.057 0.092 0.039
Random Forest 0.049 0.071 0.043
Neural Networks 0.007 0.009 0.003
Deep Learning 0.002 0.038 0.002
XGBoost 0.048 0.029 0.021
SVR 0.051 0.026 0.018
GPR 0.096 0.186 0.062

PSO (median) 420.470 1076.751 308.133
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4.3. Algorithm Performance Evaluation

To assess the effectiveness of the proposed identification algorithms under different
operating conditions, two separate experiments were conducted using our custom-built
heating system. Both experiments employed an open-loop step test procedure but corre-
sponded to distinct configurations of the experimental apparatus, as illustrated in Figure 2.
Notably, the dynamic response of the system varies significantly due to the different
actuators modulated in each experiment.

When using configuration #1 (Experiment 1), the air fan is maintained at a constant
power level, and the heating resistor is used as the actuator. For configuration #2 (Experi-
ment 2), the air fan acts as the primary actuator, while the heating resistor remains at a fixed
setting. For each experiment, the process reaction curve was recorded over a dynamically
determined time horizon, extending until steady state was reached.

In both cases, the recorded input was fed to both the PSO and Al-based algorithms.
The recorded real system output serves as the reference signal against which the estimated
outputs are compared. Although all Al-based algorithms were evaluated during our
investigation, neural networks consistently demonstrated superior performance in terms
of both error minimization and model consistency. Therefore, for the final analysis, only
the neural network results are presented as the representative Al-based estimation.

4.3.1. Experiment 1 (Configuration #1)

In Experiment 1, the experimental setup was used in its configuration #1, so that the
air fan remained at a constant setting and the heating resistor acted as the actuator. In this
configuration, a step-input signal was applied directly to the heating element.

Specifically, an initial step input of magnitude uy = 30% was applied to the heating
resistor, while the command signal to the air fan was kept constant at ur = 10%. This
modification generated a process reaction curve with a temperature variation from 60.5 °C
to 102.5 °C, corresponding to a AT, of 42 °C.

Table 7 provides the estimated reduced-order parameters for Experiment 1, and Table 8
reports the corresponding error metrics.

Table 7. Estimated reduced-order parameters for Experiment 1 (Configuration #1), highlighting the
comparative performance of PSO and neural network methods, demonstrating the accuracy and
robustness of the proposed identification framework.

Parameter PSO Estimate Neural Network Estimate
K (°C/%) 1.37317 1.37239
T (s) 63.42542 63.97536
L (s) 16.81552 16.84059
x 0.99286 0.99096

Table 8. Error metrics for Experiment 1, obtained by comparing the real system output with the
estimated output from PSO and the neural network. (Placeholder values).

Metric PSO Neural Network

MSE (°C?) 0.15983 0.18715
0.15983 0.18715

RMSE (°C) 0.39979 0.43261

MAE (°C) 0.23269 0.27063

R? 0.99884 0.99865

RMAE 0.24952 0.24952

RRMSE 0.42870 0.46389
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Figure 4 presents a representative comparison of the real system output and the
estimated output from both PSO and the neural network for Experiment 1.
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Figure 4. Comparison of the real system output (blue) with the estimated output obtained via PSO
(orange) and the neural network (green) for Experiment 1 (Configuration #1). The figure illustrates
the accuracy of both methods in capturing the transient and steady-state behaviors of the system,
with a focus on the temperature variations in response to a step input.

4.3.2. Experiment 2 (Configuration #2)

For Experiment 2, the experimental setup was used in its configuration #2. The system
was stimulated by a sudden reduction in fan speed, while the heating resistor maintained
a steady power output. This configuration produced an overdamped response that was
recorded over a dynamically determined time horizon until steady state was achieved.

In particular, the control signal to the air fan was set to ur = 40% while the heating re-
sistor remained at a constant command signal of uy; = 100%. At t = 0's, a step change with
an amplitude of Aur = —20% was applied to the fan, resulting in a process reaction curve
characterized by a temperature increase from 113.75 °C to 139.75 °C (i.e., AT,; = 26 °C).

Table 9 summarizes the estimated reduced-order model parameters (K, T, L, and «)
for Experiment 2, while Table 10 presents the corresponding error metrics computed by
comparing the estimated output with the real system output.

Table 9. Estimated reduced-order parameters for Experiment 2 (Configuration #2). These parameters
are derived from both PSO and neural network-based methods, demonstrating the accuracy and
robustness of the proposed identification framework.

Parameter PSO Estimate Neural Network Estimate
K (°C/%) —1.30235 —1.3228
T (s) 46.7780 47.8970
L (s) 12.2130 11.3650

x 0.9740 0.9643
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Table 10. Error metrics for Experiment 2, obtained by comparing the real system output with the
estimated output from PSO and the neural network. (Placeholder values).

Metric PSO Neural Network
MSE (°C?) 0.04676 0.09743
RMSE (°C) 0.21623 0.31215
MAE (°C) 0.16998 0.25093
R? 0.99896 0.99784
RMAE 0.12542 0.18515
RRMSE 0.15955 0.23032

Figure 5 displays a representative comparison of the real system output with the
estimated output obtained via PSO and the neural network for Experiment 2.
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Figure 5. Comparison of the real system output (blue) with the estimated output obtained via PSO
(orange) and the neural network (green) for Experiment 2 (Configuration #2). The figure illustrates

the accuracy of both methods in capturing the transient and steady-state behaviors of the system,
with a focus on the temperature variations in response to a step input.

5. Discussion
5.1. Comparative Analysis of PSO and Al-Based Parameter Estimation Methods

Our experimental evaluation comprised two real-world experiments conducted on
our custom-built heating system. Both experiments aimed to assess the performance of
the hybrid identification framework, where PSO-based optimization is used to generate
high-fidelity parameter estimates that subsequently train neural network models under
actual operating conditions. The parameters of the reduced-order model and the corre-
sponding performance metrics are summarized in Tables 7 and 8 for Experiment 1, and in
Tables 9 and 10 for Experiment 2. In addition, Figures 4 and 5 visually compare the real sys-
tem output with the estimates provided by both the PSO and neural network approaches.

In both experiments, the PSO-based method consistently achieved very high accuracy
by directly minimizing the mean squared error between the high-order system output
and the reduced model output. Although the absolute error metrics varied slightly be-
tween experiments—reflecting minor differences in environmental conditions and system
noise—the PSO approach maintained an excellent fit overall. However, its inherent iterative
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optimization process and the adaptive stopping criteria, which are set loosely to ensure
broad applicability, led to variable and generally higher execution times.

In contrast, the neural network component of our hybrid approach, trained on the
PSO-generated data, exhibited slightly higher error metrics compared to PSO but offered
significant advantages in terms of speed and determinism. The neural network’s fixed
computational steps ensured consistent, low-latency inference, making it particularly suit-
able for real-time applications on edge devices. Across both experiments, the performance
trends of the neural network remained robust, with error metrics that were closely aligned
despite the slightly elevated values relative to PSO.

Moreover, the reduced-order parameters—namely, K, T, L, and a—estimated by
both methods were highly comparable between the two experiments (see Tables 7 and 9).
This consistency confirms the robustness and generalizability of the hybrid identification
framework, as the neural network was able to replicate the high-fidelity estimates generated
by PSO across varying real-world conditions.

5.2. Model Accuracy and Trade-Offs

Our analysis of the reduced-order models derived via PSO and Al-based identification
methods indicates that they effectively capture the key dynamic behaviors of the original
high-order system. However, several trade-offs and potential sources of error emerge when
simplifying complex dynamics into a lower order representation.

5.2.1. Accuracy Assessment

The error metrics presented in Tables 8 and 10 and the visual comparison in Figures 4 and 5
demonstrate that both the PSO and neural network approaches yield models that closely
approximate the real system output. High R? values, along with low MSE, RMSE, and
MAE, indicate that the reduced-order models accurately reproduce both the transient and
steady-state dynamics. This confirms that the simplified models are capable of representing
the essential characteristics required for control and prediction tasks.

5.2.2. Potential Sources of Error

Despite the promising accuracy, several factors may contribute to discrepancies be-
tween the reduced-order models and the original high-order system:

*  Model simplification: Reducing a high-order system to a lower order model necessi-
tates certain approximations, which may omit higher frequency dynamics or nonlinear
effects inherent in the full-order system. With our approach, the PSO estimates, which
capture the intricate behavior of the full-order system, serve as a robust training
dataset for the neural network. As a result, even though the reduced-order model
inherently simplifies the system dynamics, the neural network is trained to generalize
from the detailed PSO output, thereby compensating for potential oversimplifications.

*  Parameter estimation: Both PSO and Al-based algorithms introduce estimation errors.
For instance, the PSO algorithm employs a relatively loose stopping criterion to en-
sure generality across various scenarios, which can result in suboptimal parameter
convergence. Similarly, while neural networks offer rapid inference, their perfor-
mance is dependent on the quality and representativeness of the simulated training
data. Our experimental results provide clear evidence that the hybrid approach ef-
fectively addresses challenges in parameter estimation. These consistently low errors
across experiments affirm that the hybrid approach successfully mitigates parameter
estimation challenges.

. Noise and uncertainty: Measurement noise, sensor inaccuracies, and environmental
variations in the experimental setup can lead to errors in the recorded output. These
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inaccuracies directly affect the fidelity of the parameter estimation process. In our
experiments, the raw acquired signal-—complete with inherent measurement noise
and environmental uncertainty—was directly fed into both the PSO and the hybrid
approaches. Remarkably, despite the presence of such noise in the raw data, both
methods yielded low error metrics. The PSO-generated estimates maintained excellent
accuracy, while the neural network trained on these high-fidelity outputs. These
results demonstrate that our hybrid approach is robust against noise and uncertainty,
effectively extracting the true system dynamics from real-world measurements.

¢  Computational trade-offs: There is a clear trade-off between computational efficiency
and model accuracy. The PSO approach, while delivering high-fidelity estimates,
incurs longer and more variable execution times, which may limit its applicability in
real-time scenarios. In contrast, the neural network-based component of our hybrid
approach offers a dramatic reduction in computational time, enabling rapid, deter-
ministic inference. Importantly, the slight increase in error metrics observed with
the neural network is minimal and remains within acceptable bounds. Thus, the
significant decrease in compute time more than compensates for the marginal increase
in error, making the hybrid approach highly suitable for real-time applications where
determinism and speed are critical.

5.3. Novel Contributions

Our approach introduces several novel contributions that significantly advance the
field of fractional-order system identification. First, we propose a hybrid framework that
integrates PSO-based optimization with Al-driven inference. The novelty of our approach
does not stem from the use of PSO alone but rather from its integration within a hybrid
system identification framework. This integration enables the accurate estimation of
reduced-order model parameters from high-order systems by leveraging the high precision
of PSO and the deterministic, rapid execution of Al methods. As a result, our methodology
achieves a favorable balance between estimation accuracy and real-time performance,
which is crucial for edge computing applications.

Second, our comprehensive evaluation encompasses both simulated data and exper-
iments on a real heating system. By validating our methods in a practical setting, we
demonstrate that the proposed framework is robust and applicable in real-world scenarios.
The detailed error metric analysis and execution time measurements further confirm that
our approach can reliably capture the dynamics of complex fractional-order systems while
remaining computationally efficient.

Third, we provide a systematic comparison between PSO and Al-based techniques,
highlighting the trade-offs associated with each. Our results indicate that while PSO
achieves marginally better accuracy, its variable and higher execution times may limit its
use in time-sensitive applications. In contrast, the Al-based method, particularly using
neural networks, offers consistent and low-latency performance, making it a more attractive
option for deployment in resource-constrained environments.

Finally, our work advances the current state-of-the-art by introducing a dynamic
sampling strategy for parameter estimation and by rigorously analyzing both the accuracy
and computational costs involved in the identification process. Collectively, these contri-
butions pave the way for more efficient and reliable fractional-order system identification,
particularly in applications that require real-time operation on edge devices.

5.4. Implications for Edge Device Deployment

Deploying the proposed hybrid identification models on edge devices presents both
significant benefits and notable challenges. One of the primary advantages is the capability for
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low-latency, real-time processing. The deterministic execution times of the Al-based approach,
particularly the neural network implementation, enable rapid inference that is crucial for
real-time control and monitoring tasks. This has been evidenced by the performance metrics
on platforms such as the NVIDIA Jetson Xavier NX, Jetson Nano, and Jetson Orin Nano (see
Tables 5 and 6). The consistent, low-latency performance makes these models well-suited for
edge computing scenarios where prompt decision-making is critical.

In summary, the combination of high-speed Al-based inference with the localized pro-
cessing capabilities of edge devices presents a powerful solution for real-time dynamic system
identification. Future improvements in algorithm efficiency and hardware compatibility
will further enhance these speed-ups, making the deployment of sophisticated identification
models on resource-constrained edge devices increasingly feasible and effective.

6. Conclusions
6.1. Summary of Findings

Our study demonstrates the successful derivation of a reduced-order fractional model
that accurately approximates the dynamics of a fractional-order system using a hybrid
identification framework, with a strong emphasis on its applicability for edge computing.
The key findings of this work are summarized as follows:

*  The PSO-based approach achieved high accuracy in estimating the reduced-order
model parameters, as evidenced by low MSE values and high R? scores. However, its
iterative optimization process results in variable execution times, which may limit its
suitability for time-critical edge applications.

e  The Al-based method, particularly the neural network implementation, provided
deterministic and rapid inference times, making it ideally suited for deployment on
edge devices. Although its error metrics were marginally higher compared to the PSO
approach, the neural network’s speed and consistency offer a significant advantage in
real-time scenarios.

*  Experimental validation on a custom-built heating system confirmed that both ap-
proaches can effectively capture the essential dynamics of the high-order system. The
reduced-order parameters estimated by both methods closely matched the expected
values, demonstrating the robustness of the proposed framework.

* A comprehensive analysis of error metrics and computational performance revealed
a clear trade-off between accuracy and speed. While the PSO method offers slightly
higher accuracy, its increased and variable computational demands make it less
favorable for edge deployment. In contrast, the neural network approach strikes a
favorable balance, delivering competitive accuracy with the deterministic low-latency
performance required for edge computing.

*  The integration of our identification framework with edge devices underscores its
potential for real-time dynamic system identification, enabling rapid decision-making
and control in resource-constrained environments.

Overall, the proposed hybrid identification framework effectively balances the trade-
off between model accuracy and computational efficiency. By leveraging the strengths of
PSO for high-fidelity parameter estimation and Al-based methods for real-time execution,
our approach provides a robust solution for fractional-order system identification. The ex-
perimental validation across different configurations confirms the framework’s adaptability
to varying system dynamics, reinforcing its viability for real-time deployment on edge
devices. These findings emphasize the potential of hybrid optimization—Al methodologies
in engineering applications, particularly where computational constraints and execution
speed are critical factors.
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6.2. Practical and Theoretical Implications

Our work has several broader implications for both system identification and
control system design. From a practical standpoint, the hybrid identification frame-
work—integrating PSO-based optimization with Al-driven inference—demonstrates that
high-fidelity reduced-order models can be derived and deployed on edge devices for
real-time applications. The deterministic, low-latency performance of the Al approach,
combined with the high accuracy of PSO, enables rapid, adaptive control in resource-
constrained environments.

Theoretically, our study advances the understanding of trade-offs between computa-
tional complexity and estimation accuracy in fractional-order systems. The comparative
analysis between PSO and Al methods highlights the benefits and limitations inherent in
each approach. Furthermore, the dynamic sampling strategy and comprehensive dataset
generation employed in our study provide a robust foundation for extending these methods
to more complex or nonlinear systems.

In summary, our findings establish a clear pathway for the adoption of hybrid opti-
mization—Al approaches in dynamic system identification, particularly for fractional-order
models. The demonstrated improvements in computational efficiency, coupled with real-
time implementation feasibility, provide valuable insights for future developments in
control system design. This research not only highlights the practical benefits of deploy-
ing hybrid identification frameworks in edge computing environments but also sets the
foundation for further exploration into scalable and adaptive modeling strategies for more
complex dynamical systems.

6.3. Future Research Directions

In light of the findings and limitations of the current study, several avenues for future
research emerge:

e Optimization technique enhancements: Explore hybrid approaches that compute only
the most critical performance metrics using Al, while deriving the remaining metrics
analytically. This strategy could further optimize computational efficiency without
sacrificing accuracy.

*  Larger system scalability: While our current study focuses on a representative thermal
system, an important direction for future work is evaluating the scalability of the
proposed hybrid PSO-AI framework for larger and more complex fractional-order
systems.

¢  Non-commensurate fractional-order systems: An important extension of this study
would involve applying the hybrid PSO-AI framework to non-commensurate
fractional-order systems, where different components exhibit distinct fractional orders.
This would further validate the method’s robustness and generalizability across a
broader range of fractional-order dynamic behaviors.

* Real-time adaptation via DRL: Develop approaches based on deep reinforcement
learning (DRL) that can adapt “on the fly” to changing system dynamics. This would
enable continuous optimization and improved performance under varying operational
conditions.

¢  Enhanced experimental validation: Extend validation of the proposed methods to a
broader set of experimental data, encompassing a wider range of operating conditions
and dynamic behaviors. This would help to generalize the findings and improve the
robustness of the identification framework.

e  Alternative Al Models: Evaluate the performance of alternative Al architectures
(e.g., convolutional neural networks, recurrent neural networks, or transformer-based
models) for parameter estimation.
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