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Abstract: In coal liquefaction systems, regulating valves are prone to cavitation under large pressure-
drop throttling conditions, leading to degraded flow capacity and intensified pressure pulsations,
which ultimately undermine the long-term stable operation of the plant. To achieve the efficient
identification of cavitation stages, an experimental platform for cavitating flow in a regulating valve
was established. Fluid features—including valve opening, pressure drop, inlet and outlet pressures,
flow rate, flow coefficient, deviation ratio, and the root-mean-square (RMS) value of pressure
pulsations—were selected as input variables to construct a cavitation stage identification model based
on multi-parameter fusion. A comparative evaluation of Random Forest (RF), Gradient Boosting
Decision Tree (GBDT), and Xtreme Gradient Boosting (XGBoost) reveals that GBDT exhibits the

best overall performance with an accuracy of 90.61%. Furthermore, the Particle Swarm
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Optimization (PSO) algorithm was introduced to develop a PSO-GBDT model, which improves the

accuracy to 92.12% and reduces the misclassification between incipient cavitation and critical

cavitation. Moreover, its classification performance significantly outperforms the accuracy of any

single-feature model. Feature importance analysis indicates that the deviation ratio and pressure drop

contribute the most to the classification. Based on the importance evaluation, after eliminating low-

contribution redundant features such as valve opening and inlet/outlet pressures, the model accuracy

is still maintained at a high level of 91.52%. The study demonstrates that the proposed multi-

parameter fusion model enables the effective identification of cavitation stages in regulating valves,

providing methodological support for the online monitoring of the system.

Keywords: Regulating valve; Cavitation stage identification; Multi-parameter input; Machine

learning ; Particle swarm optimization (PSO)
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Fig. 1 Physical picture of the laboratory bench
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Fig. 2 Schematic of the regulating valve flow passage and

pressure tap locations.
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Fig. 3 Schematic diagram of cavitation state classification

based on flow deviation ratio
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Fig. 4 The variation trends of each parameter under different

cavitation stages
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