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Abstract : Valve internal leakage is caused by damage to the internal parts of the valve, resulting in accidents and shutdowns of the piping system. This
study investigated the possibility of a real-time leak detection method using the acoustic emission (AE) signal generated from the piping system during
the internal leakage of a butterfly valve. Datasets of raw time-domain AE signals were collected and postprocessed for each operation mode of the valve
in a systematic manner to develop a data-driven model for the detection and classification of internal leakage, by applying machine learning algorithms.
The aim of this study was to determine whether it is possible to treat leak detection as a classification problem by applying two classification algorithms:
support vector machine (SVM) and convolutional neural network (CNN). The results showed different performances for the algorithms and datasets used.
The SVM-based binary classification models, based on feature extraction of data, achieved an overall accuracy of 83% to 90%, while in the case of a
multiple classification model, the accuracy was reduced to 66%. By contrast, the CNN-based classification model achieved an accuracy of 99.85%, which
is superior to those of any other models based on the SVM algorithm. The results revealed that the SVM classification model requires effective feature
extraction of the AE signals to improve the accuracy of multi-class classification. Moreover, the CNN-based classification can be a promising approach

to detect both leakage and valve opening as long as the performance of the processor does not degrade.
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Fig. 1. Acoustic emission monitoring system.
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Fig. 3. Acquisition of AE signal from valve using lab-scale
piping system.

Table 1. Designation of valve operation modes

Code Description

DD Valve with damaged disc

DS Valve with damaged seat
New 0 New valve with 0% opening (=Full closed)
New 20 New valve with 20% opening
New 50 New valve with 50% opening
New_80 New valve with 80% opening
New 100 New valve with 100% opening (=Full open)
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Table 2. Key AE parameters for different valve operation modes

3

4

Total Amplitude ASL Average
Valve mode AE hits Count Energy (dB) (dB) Gy RMS
DD 207 2682.464 50590.37 73.6667 55.1449 2.1981 0.0398
DS 198 17298.89 25333.24 74.7929 49.4545 16.7879 0.0209
0% 186 7159.618 785.3978 33.1613 20.9194 6.6989 0.0008
25% 201 9182.309 690.1144 32.6318 19.6517 8.6567 0.0007
50% 183 9283.273 65400.23 86.6503 59.5082 8.8197 0.0673
75% 188 28748.38 4501.309 61.1277 34.4894 28.266 0.0038
100% 237 19910.85 5308.363 59.9494 35.7975 19.4219 0.0044
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Table 3. Feature extraction from time domain raw AE waveform for different valve operation modes

Class Max Min Average Semle(:l RMS Skewness Kurtosis

DD 0.104065 -0.10315 -0.00054 0.035024 0.035012 -0.09269 0.541693

DS 0.039368 -0.04242 0.000108 0.015704 0.015697 -0.40045 -0.01817

0% 0.003967 -0.00366 -0.00018 0.001476 0.001486 0.250456 -0.43042

25% 0.00824 -0.01038 -0.00014 0.002904 0.002906 0.072281 1.053581

50% 0.169678 -0.21393 -0.00185 0.07164 0.071629 -0.46765 0.095849

75% 0.085449 -0.08392 -0.00033 0.028249 0.028237 0.20145 0.494152
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Table 4. Classification models of valve internal leakage: datasets and result of performance metrics

Binary Classification

No. of datasets
Model Normal Abnormal Performance metric
0% 20% 50% 80% 100% DD DS
SVM1 500 500 500 500 500 1000 1000 F1 score 0.849
SVM2 500 250 250 Accuracy 0.9
SVM3 500 500 Accuracy 0.853
SVM4 500 500 Accuracy 0.833
Multi-class Classification
No. of datasets
Model Performance metric
0% 20% 50% 80% 100% DD DS
SVM5 500 500 500 500 500 500 500 Accuracy 0.660
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