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Unsupervised Learning—Based Pipe Leak Detection using Deep Auto—-Encoder
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Abstract

In this paper, we propose a deep auto—encoder-based pipe leak detection (PLD) technique from
time—series acoustic data collected by microphone sensor nodes. The key idea of the proposed
technique is to learn representative features of the leak—free state using leak—free time-series
acoustic data and the deep auto—encoder. The proposed technique can be used to create a PLD
model that detects leaks in the pipeline in an unsupervised learning manner. This means that we only
use leak—free data without labeling while training the deep auto—encoder. In addition, when compared
to the previous supervised learning—based PLD method that uses image features, this technique does
not require complex preprocessing of time-series acoustic data owing to the unsupervised feature
extraction scheme. The experimental results show that the proposed PLD method using the deep
auto—encoder can provide reliable PLD accuracy even considering unsupervised learning—based
feature extraction.
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[I. Preliminaries

1. Related works
1.1 Image feature extraction for pipe leak detection
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Fig. 1. Image feature extraction for pipe leak detection[2]
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Fig. 2. Basic architecture of the auto—encoder

olg]gh QBRI Fx HIX| =859 o] ¥ (Anomaly
detection) R2E vt =2 &89 4= v} o]JEA
Aol 75, B EE 7L obd HA o] o)At dHlolEE

of Hag vg 289 98
Ao g o) el HolHE %

@ % ek =, ole] F79 o

)

o
A5

N
-

1) JH (ol

g
— 1
o

A/

e e
g

rofl
o
Wy

ox
o>‘

gﬂ,: e

N

2

]

4

H

o,

N

—

2 oz @ o)} A

Sl
=2
3l
ria
o\
il
o,
o,

o,

ox o
Ruig
=2

&1 ;ﬂ: o,

_|°ﬁ'
_O‘L
rlo
it
N
olr
_O‘L
ui

o
_V‘.i
rot
o

> Jo
il
=
Sl

L2
to
Tt
ro,
{
i
fo
o
ox rrr
=
o,
o
]
o

£

-
o
Jm

N,
e

il
rO
al
iny
1o,
(o o
i
ro,

o,
oo
_O‘L
Q
o,
ox
P
% T
X oo 4
Of
bR G
ﬁ i
L oo oo &
o e R o
Ehn o
o 2 it
oy U e
oo s
> 2w
o e 4
1o i)
PR
TN
m o K S g o

Wi
-
o



Unsupervised Learning-Based Pipe Leak Detection using Deep Auto-Encoder 23

[1l. The Proposed Scheme
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1. Design of deep auto—-encoder architecture
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2. Loss function for deep auto—encoder
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3. Learning procedure of deep auto—encoder

3 1 Preprocessing
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1. Experimental settings

1.1 Time-series acoustic data for experiments
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Table 3. Classification accuracy [%] for pipe leak detection

Method Classification accuracy(%)
Existing method[2] 99.97
Proposed method 99.00
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Table 4. Classification accuracy [%] versus the number of
leak data to determine the threshold T

The number of leak data Threshold (T9 gscsjgzj(tz;
10 (0.033%) 0.01180 98.62
6,000 (20%) 0.01562 99.08
12,000 (40%) 0.01633 99.17
18,000 (60%) 0.01428 98.91
24,000 (80%) 0.01428 98.91
30,000 (100%) 0.01428 98.91
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