
VII International Conference on Mathematics and its Applications in Science and Engineering
(ICMASE 2026)

PARAMETER ESTIMATION OF FRACTIONAL-ORDER DYNAMIC
SYSTEMS USING PSO AND MACHINE LEARNING ALGORITHMS

ON EMBEDDED DEVICES

Nerea Gómez Larrakoetxea1,*, Ignacio Fidalgo Astorquia1, Juan J. Gude1

1University of Deusto, Faculty of engineering, Unibertsitate Etorb. 24, Deusto, 48007 Bilbo, Spain

ABSTRACT

Fractional-order models offer a more accurate mathematical representation of complex industrial
processes compared to classical integer-order models, owing to their ability to capture memory ef-
fects and hereditary dynamics through non-integer differential operators. However, their real-time
identification remains a significant challenge, particularly in resource-constrained edge computing
environments. This work presents a hybrid framework that combines Particle Swarm Optimiza-
tion (PSO) with machine learning techniques (including neural networks, Support Vector Regres-
sion (SVR), and Extreme Gradient Boosting (XGBoost)) to estimate reduced-order Fractional First-
Order Plus Dead-Time (FFOPDT) models from step response data. PSO is employed to generate
high-fidelity parameter estimates by minimizing the discrepancy between the high-order system re-
sponse and the reduced model output, while the trained AI-based algorithms enable deterministic
and rapid inference suitable for real-time deployment. The proposed methodology is validated on a
custom-built thermal system, demonstrating that neural networks achieve R² values above 0.99 with
inference times below 10 milliseconds on NVIDIA Jetson edge devices, compared to median PSO
execution times exceeding 300 seconds. These results highlight a clear trade-off between estimation
accuracy and computational efficiency, establishing the hybrid framework as a robust solution for
real-time fractional-order system identification in industrial edge computing applications.
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