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Abstract

Rapid fault diagnosis in complex processes of gas refineries is a key Received: 20 December 2024
challenge in process engineering and control, due to the strategic Accepted: 20 April 2025
importance of this equipment and the high maintenance costs. Despite Page Number: 50-59

the vast amount of data generated in these processes, the effective
exploitation of this data has been limited so far. In data-driven fault
detection methods, two main approaches exist: fault detection and
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classification, and fault diagnosis and fault measurement, with the latter Keywords:
being achievable throug_h regress!on techniques or accurate models. T_hls Data Driven Fault
paper presents a machine learning-based approach for the regression Diagnosis

modeling of industrial systems with outlier and noisy data, tailored for
fault diagnosis applications. For fault diagnosis, two regression methods,
including Support Vector Machine Regression and Gaussian Process

Machine Learning,
Support Vector Machine

. . . Regression,
Regression, have been utilized. These models are capable of predicting .
; . . ) . . Gaussian Process
the behavior of industrial systems and diagnosis faults without the need Regression
for precise physical models. The main innovation of this paper is o '
_p _p y . . pap Distributed  Control
the introduction of a machine learning framework that can perform more Systems

accurately and rapidly compared to traditional expert fault diagnosis

. . ) . . . Gas Refining Processes
methods, particularly in scenarios with outlier and noisy data.
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1. Distributed Control System (DCS)

2. Support Vector Machine Regression (SVR)
3. Gaussian Process Regression (GPR)

4. Outliers

5. Sparse Data
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Figure 2. Support Vector Machine Classifier Using Maximum
Margin Between Classes.
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2. Support Vector Machine Regression (SVR)

1. Support Vector Machine (SVM)
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4. Deep Neural Network (Matlab: Fully Connected Layer = 10)

1. Gaussian Support Vector Machine
2. Quadratic Support Vector Machine
3. Cubic Support Vector Machine
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Figure 14. The turbo expander model with a fourth-degree
polynomial regression model (Rmse = 1.427 degrees Celsius, 98%
Accuracy).
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Figure 12. Schematic of the turboexpander in the ethane
recovery unit.
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Figure 15. Turboexpander model, GPR andSVM metod
(maximum model accuracy of 1°C with GPR, 98.7%).
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Figure 16. Regression model in fault diagnosis applications.
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for optimal efficiency.
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