SHRHBEY RS =27

Journal of The Korea Society of Computer and Information
Vol. 25 No. 2, pp. 59-66, February 2020
https://doi.org/10.9708/jksci.2020.25.02.059

Pipe Leak Detection System using Wireless Acoustic Sensor Module

and Deep Auto-Encoder

Doyeob Yeo*, Giyoung Lee*, Jae-Cheol Lee**

*Post-Doctorate Researcher, Electronics and Telecommunications Research Institute (ETRI), Daejeon, Korea
*Senior Researcher, Electronics and Telecommunications Research Institute (ETRI), Daejeon, Korea
**Principal Researcher, Korea Atomic Energy Research Institute (KAERI), Daejeon, Korea

[Abstract]

In this paper, we propose a pipe leak detection system through data collection using low-power wireless
acoustic sensor modules and data analysis using deep auto-encoder. Based on the Fourier transform, we
propose a low-power wireless acoustic sensor module that reduces data traffic by reducing the amount of
acoustic sensor data to about 1/800, and we design the system that is robust to noise generated in the
audible frequency band using only 20kHz~100kHz frequency signals. In addition, the proposed system is
designed using a deep auto-encoder to accurately detect pipe leaks even with a reduced amount of data.
Numerical experiments show that the proposed pipe leak detection system has a high accuracy of 99.94%

and Type-II error of 0% even in the environment where high frequency band noise is mixed.
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I. Introduction
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II. Preliminaries

1. Related Works
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1.1 Pipe Leak Detection using Image-Based
Feature Extraction
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Fig. 1. Image feature extraction for pipe leak detection[2]
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1.2 Pipe Leak Detection using Deep Auto-Encoder
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Fig. 2. Basic architecture of the auto—encoder[3]
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1.3 International Standard for Pipe Leak Detection
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Table 1. International standard for pipe leak detection

Standard Class Condition
O.rlflce 0.2mm
diameter
ASTM Class glrztsasnucri 10m
E 1002-11 I . 0.7atm
(USA) difference
[16] Frequency 20kHz~100kHz
Leak rate 0.024gpm
Class | Distance: 5m
II Others: Same as Class I
O.rlflce 0.2mm
diameter
NDIS Distance 50mm
3420:2000
Pressure
(Japan) . 0.1atm
[17] difference
Frequency 20kHz~100kHz
Leak rate 0.00156gpm

III. The Proposed Scheme
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1. Low-Power Wireless Acoustic Sensor Module
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Fig. 3. A low—power acoustic sensor module
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2. Pipe Leak Detection Model using Deep
Auto-Encoder
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2.1 Architecture of Deep Auto-Encoder
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Fig. 4. Architecture of deep auto—encoder for pipe leak
detection using data from low—power acoustic sensors
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2.2 Pipe Leak Detection Model using Deep
Auto-Encoder
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IV. Experimental Results
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Fig. 5. Data from low—power acoustic sensor modules
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2. Pipe Leak Detection Results using Deep
Auto-Encoder
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2.1 Classification Results using Deep Auto-Encoder
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Table 2. Confusion matrix for pipe leak detection
using proposed deep auto-encoder
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2.2 Comparison Results with Pipe Leak Detection
Model using MLP
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Table 3. Classification Accuracies (%) for pipe leak
detection using MLP
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V. Conclusions
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