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ABSTRACT

This study proposes a machine learning-based approach for predicting lost signals specifically, flow rate( ¢)) and pressure( )
in flow control system by utilizing the inherent characteristics of control valves, particularly the flow coefficient( C,).
Experimental data were obtained by measuring system flow rate( ()) and pressure(”) corresponding to various valve opening
rates(Z VDT). Using the acquired dataset, correlations among variables were analyzed, and signal recovery models developed
using Random Forest(ZF) and Multi-Layer Perceptron(A/LP) algorithms. The model evaluation results showed high prediction
performance, with the coefficient of determination(2?) reaching up to 0.96. The proposed method demonstrates potential for

enhancing the operational safety and reliability of flow control systems.
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Table 1 Data Description
Symbol Description Specification (S/N)
41 Pressure Vessel (3 m°, 10 bar) -
P Valve Inlet Pressure, bar © 452)]?;]28;0551)
P, Valve Outlet Pressure, bar © 4S()ETZS];{ (i_ n
Q Valve Outlet Flowrate, LPM (DYI-)Ii);]Vgé;n-i 00)
LVDT Valve Opening Rates, % © 117(0(;1;/;](3)%05)
DAQ | Data Acquisition System, 32 ch. 3({;)51;20(}812‘3;\(/)?

Fig. 1 Data acquisition test system
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Fig. 2 Results of Pearson—based correlation analysis
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Fig. 3 Data distribution after outlier removal using IQR
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Fig. 4 Valve characteristic coefficient curve
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Fig. 6 Structure of 3—layer perceptron

Table 2 Model evaluation for random forest

put| LVDT | TRIANGLE] Q
Output MSE| R®> | MSE| R® | MSE| R?
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Table 3 Progress model optimization for diff, pressure( TRIANGLEP) prediction based on input features(Z VDT, Q)

Random Forest MLP MLP + RepeatKFold MLP RepeatKFold‘ y
Input Feature Hyperparameter Tunning
MSE R? MSFE R? MSE R? MSE + CI R*+ CI
LVDT 7.8143 0.8434 0.0070 0.8749 0.0068 0.8745 0.006320.0011 0.88330.0120
Q 41.9686 0.7312 0.0137 0.7556 0.0133 0.7544 0.01240.0017 0.7708+0.0158
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