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[Abstract]

Leakage from aging infrastructure causes significant water losses and economic costs. Conventional
acoustic detection methods are limited by their dependence on expert experience and susceptibility to
external noise. While sensor-based data and machine learning methods have been introduced to address
these issues, existing models treating frequency spectra as independent features suffer from class
imbalance and limited capacity to capture global patterns, resulting in poor generalization. In this study,
we design a hybrid architecture that combines 1D-CNN and 2D-CNN and validate its performance
using the AI-Hub leak detection dataset. The proposed model leverages 1D-CNN to extract local
patterns along the frequency axis and 2D-CNN to capture inter-channel interactions, thereby overcoming
the shortcomings of previous approaches. Experimental results demonstrate that the hybrid architecture
achieves an accuracy of 0.9587, a Macro F1 score of 0.9487, and an MCC of 0.9456, confirming its

potential applicability to a wide range of frequency-based sensor data analysis tasks.
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I. Introduction
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3. Overcoming the limitations of machine
learning approaches

7)1E mjAl2Y 78k = E1X] ALEC Q1R A% o)A
o 452 PAstgoLt, Holeisle Fea
Oka}o:] A2 Zajr0] AlSE oK og HEshH
the gt AR,

Byun& 22 ndl xjzsks pdo x1835t0 XA
A3 =5 £ L5 R dlole] MEV Bast
b A AFstn w4 BUE A A2 st
7) SJh 2% clole] ZIe Weld Bae AR 1E o
Aleld 7IEE0 452 vBlustt10]. AiRket E2'd
R HI2AMA Fuby AHEAS Qfitol, 32XHAC]
Dense layer?} Relu2 WAl A8sl= ohE Al4T L2
2 A=t dE5e Alelet 7t layerols AT W
XS 95} DropoutE 0.2 AASISIL, OpX|gto=
SoftmaxE AREst A4, W w4, 7IAIR7]8 3714
of A0 thet 252 Foloh AY 2y 7IE oAl
21 71891 SVMF KNN2 2Fz+ 0.8006, 0.91689] &=t
5 HoRglont Aloke Feld ZHE2 0.93849] =2
FE=E BRIt ARl Alokeh RHo] 3 #25

ARESZ] theofl Set-Eet ofyet [oT 77|y AOtE
StEdlofolM = A-8et 7HsAdo] =t 24
shoach. et w2 Atk AN TAR e w59
3 ogAtnet e 87 melg EY 4 g AU
tjjotel A8 7r=x31ich

v o= o

= AZO
L



134  Journal of The Korea Society of Computer and Information

Aolats &3 ARSHATH11]. ol2i3 ARS
o|= AN & oFRx o 2 ZRISH A ol 71
Aol

S B 7l H2EY Baye

: CNN 222 Fl-score
94.82%, MCC 94.47%=2 7]& SVM 7|8t WPAl tfjy] 3R]
8 w2 dse 2ETRM. Faid 7R Aol 7IE
A2t ofE4-54 24 718 349 g =52 4
Aes USIIAH
IIl. The Proposed Scheme
1. Dataset

A= AI-HUBOA 370 A2 w4 A O
OlE1E 7|8to 2 7F MEL FFTZ o]gsto] ¥ighd &
10Hz bin® 2 Batz]oQl= 10~5120Hz9] Fipp AHE
5127115 ol 85It sl HlolE e E5g9A E A
e 15 A9 Ao “Kl o AR AlA
£ E5} £ 70,384 710] 24 QIct AlME T2 Ui A=
1, 59 dolH e 3% w4 SAF A&7t
Jato]] Wt A3 (Normal), £9]%+4Out), <
. $733(Other), 71711'7<171U(N013e)4 57H —2-
FEAS. 4 2L E = T
_:Lai _I_j,}/\ /\nﬂEE%J 5 %
13} Zo] 7 ZejA0] Zups J7PH ot K= 2
5o} AlZiglsleitt. AlZel Axf, AFnt JHoA=

o > mu
foi
il
AP
o?d
oll

rE
dn
m\l

r
e
E

[1

LH
_Ei

>
B2y

A9z E23 Aot WA oF Sof, 84S
714718 500Hz olstolA] e A1ES wolo], A
dolel A 7ol Ef Zajao] uls) e AEG B

£ oo

of &3 S £t 9] ke FENLE {A
e BYouy, AIRAQl mjH9] FEjer A7]ofA AolE
Boick 3hH, 1,000Hz o]4fe] 1zn} gAoas KA
02 FlEo| Wolx]= FFE EoFou, 4,000Hz T
o] Fuf FHolxf= SeAE njAgH |l xlo]7) o
5] EAlsHATE

ﬂ~
o]l
-

r

Table 1. Class-wise Sample Counts in the Dataset
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Fig. 1. Comparative Mean Frequency Spectra of Leak Types

2. Model architecture
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Fig. 2. Model Architecture
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3. Experimental setup
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Table 2. Experimental Results
Metric el EN D G SVMI4] 2D CNN[11]
(ours) (ours)

Loss 0.1909 0.2189 - -
Accuracy 0.9587 0.9491 0.8478 0.9580
Macro F1 0.9487 0.9378 0.8099 0.9482

MCC 0.9456 0.9329 0.7986 0.9447
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4. Results
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