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[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.

» Key words: Wireless, Ultrasonic wave, Low-power, Deep auto-encoder, Pipe leak detection

2 9f]

B e AE AdE B4 AN BES S9 dolE 737 J 2EQIIYE o83 Ho]
B £4S B8 w3 FES 9XsE Al2ES ARkl vlolE FAlES Fol7] HsiA
gol B Tl SFAA dlolH F& oF 18002 AAAIE AMH T SFAAM RES T
23331, 20kHz~100kHz T3k A5 o] &3to] 7Y Fab fooA] dAsh= o=l 74l
g & B A" stk B9 doly 4o e v FES AgsHA gAske
2 5 OEJINE o]&3 HolE ¥4 7Y A FA4Y s B, £ =EolA
Abet & FA Alxgo] an o] wo]=Tt 491 AL 99.94%°] F> I}
Type-II error 0%°] %< %S Kol 2& ASsltt

P O 2, ST A, © EQIAC, M L& B

 First Author: Doyeob Yeo, Corresponding Author: Giyoung Lee
*Doyeob Yeo (yeody@etri.re kr), Electronics and Telecommunications Research Institute (ETRI)
*Giyoung Lee (giyoung®@etri.re.kr), Electronics and Telecommunications Research Institute (ETRI)
*x Jae-Cheol Lee (jclee2@kaeri.re.kr), Korea Atomic Energy Research Institute (KAERI)

* Received: 2019. 12. 13, Revised: 2020. 01. 06, Accepted: 2020. 01. 17.

Copyright © 2020 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



60 Journal of The Korea Society of Computer and Information

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

IIL 18] AR SAIN Rag &l g §lo dojx]=
z z€ R*Q #E|(Vector)olth 6714 R 2 4l
& YR Pl 2P, 2 Rl dolEE
=t o] F2'd & F HE HojHE FAsk=Y|
7V e‘ﬂ MOog ARRElE= MLP #&F o] &sigith

& AoME MLP 725 °o]8¢t § REJIFHE &5l



Pipe Leak Detection System using Wireless Acoustic Sensor Module and Deep Auto-Encoder 63

Fajo] wgte] AmER olole|2Rel A ) dlole)
of He shastol A et 5 ke RSk
olgstuAt Fict.

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

Tri

1 2 3 A 5 Ave.
al
’?j‘; 96.41 | 96,57 | 96.53 | 96.41 | 96.31 | 96.45

ot Elx] zHlo] Mgt md
96.45%2, & =304 Aot § QEQIIAT|S 0|85t
i =& BAl 29 ol wlste] 3%p 7P7te] /350l
- Ol BAIEA] 62 S5 Ale

El.o

7t AR SN BES F5) Fajo] Wae] AmER
wee %%‘Ol BA) A Bhe oo AuE 9o o

V. Conclusions
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AlErolo|l e B 15ty Aste 99.94%, Type II ErrorZt
0%2) UE & TR BRS YHEod 4 918 A
o2 slsgrt.
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