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Refrigerant leak detection in industrial vapor compression refrigeration systems using machine learning
Amal Mtibaa, PhD student at CMA, Research engineer at Clauger 3E

* Efficient detection of refrigerant leakage is utmost importance for Heating, Ventilation, Air conditioning and Refrigeration (HVAC& R) systems,
particularly in industrial refrigeration systems due to its potential to cause substantial impacts on system performance and the environment.

 Research has given considerable attention to maintaining HVAC& R systems using Fault detection and diagnosis (FDD) techniques, often conducted in
laboratory data or specific settings.

A data-driven refrigerant leak detection method for industrial vapor compression refrigeration systems is proposed to predict the fault-free liquid level in
the receiver. Real-world data obtained from operational installations are used for feature and model selection, as well as validate the effectiveness of the
method.

 The proposed approach can detect gradual leaks regardless of the physical installation characteristics and regardless of the operation condition (steady-
state and transient).
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Random Forest Extremely Randomized Trees
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