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Abstract Losses in domestic water supply due to leaks are very large, such as fractures and defects in
pipelines. Therefore, preventive measures to prevent water leakage are necessary. We propose the
development of a leakage detection sensor utilizing vibration sensors and present an optimal leakage
detection algorithm leveraging artificial intelligence. Vibrational sound data acquired from water
pipelines undergo a preprocessing stage using FFT (Fast Fourier Transform), followed by leakage
classification using an optimized tree-based boosting algorithm. Applying this method to approximately
260,000 experimental data points from various real-world scenarios resulted in a 97% accuracy, a 4%
improvement over existing SVM(Support Vector Machine) methods. The processing speed also increased

approximately 80 times, confirming its suitability for edge device applications.
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[Fig. 1] Sensor module diagram

Algorithm 1: Sensor module operation

init state: sampling repeat = 2000
raw_ADCdata = [|;
for i = 1 to sampling repeat do
tmp = get_pizo_sinal();
Digital_signal = Analog-to-digital(tmp);
raw_ADCdata.append(Digital _signal);
end
frequency elements = FFT (raw_ADCdata);

1
2
3
4
5
6
7 return frequency elements;

[Fig. 2] Sensor module operation
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(Table 1> Indoor simulation environment specifications

Category Unit Value
Pipe type - PB Steel
Inside diameter mm 15
Pipe length m 1.6 2
Pipe shape - Curved Straight
Diameter of leak point mm 1 4
Number of leak points - 3 1
Distance bn_etvveen om 245 B
leak points

T WA g2 g RAl Rl fAIRE K-water
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{Table 2) K-water simulation environment

specifications
Category Unit Value
Pipe type - Joop | sp [ pE
Pipe diameter mm 100
Pipe length m 300
Flow rate m/s 1
Diameter of leak point mm 1,2 3 4
Number of leak points - 1,1, 1,1
Distance between om 60~70
leak points
9 e49] 7t vl 7 AAE A F, 7 AlA
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(Table 3> AI-Hub Data

Class Number of data
Train Validation Total

Out 17,540 2,193 19,733
In 13,274 1,660 14,934
Noise 5,030 630 5,660
Other 7,020 879 7,899
Normal 19,705 2,463 22,168
Total 62,569 7,825 70,394
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(Table 4> Indoor Data

Number of data
Class
Train Validation Total
Leak 24,221 10,380 34,601
Normal 110,515 47,364 157,879
Total 134,736 57,744 192,480
(Table 5) K-water Data
Number of data
Class
Train Validation Total
Leak 374 161 536
Normal 5,522 2,367 7,889
Total 5,896 2,528 8,424
(Table 6) AI-Hub Data
Number of data
Class
Train Validation Total
Out 17,540 2,193 19,733
In 13,274 1,660 14,934
Noisse 5,030 630 5,660
Other 7,020 879 7,899
Normal 19,705 2,463 22,168
Total 62,569 7,825 70,394

v YeRlth F1 A4(Fl-score)= JULe} AdE
9] x3tgdoltt.

Accuracy= TP+ TN
TP+ FN+ FP+ TN
Precision = TP __
TP+ FP
_ TP
Recall= TP+ EN
_ 2
Flscore= 1 1
Precision Recall
—9x Precisionx Recall
Precision + Recall

[Fig. 4] Confusion Matrix
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(Table 7> The specifications of edge computing

device
Category Description
CPU 4 core 64-bit ARM-Cortex A72 1.5GHz
GPU VideoCore VI 3D Graphics
RAM LPDDR4 4GB
0s Linu>§ 6.1.0—rpi§—rp\'—v8,
Debian GNU/Linux 12
Python 3.11.2
Numpy 1.26.2
Pandas 2.1.3
Version of Scipy 1.11.3
libraries Joblib 1.3.2
Scikit-learn 1.3.2
XGboost 2.0.2
LightGBM 4.1.0
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(Table 8) The classification results of AI-Hub data

Category Value
Algorithm LightGBM | XGBoost SW DT
Training 5.724 4445 | 120,961 56
time (sec)
Inference 0.431 0.057 44.64 0.015
time (sec)
Accuracy 0.95 0.96 0.92 0.93
Precision 0.95 0.96 0.93 0.93
Recall 0.95 0.96 0.92 0.93
F1-score 0.95 0.96 0.92 0.93

{Table 9> The classification results of Indoor testing

data

Category Value

Algorithm LightGBM | XGBoost SV™Mm DT

Training 17537 | 20346 | 967.598 | 56.435
time (sec)

Inference 0.792 0331 | 277081 | 0041
time (sec)

Accuracy 0.97 0.98 0.96 0.95

Precision 0.97 0.98 0.96 0.95

Recall 0.97 0.98 0.96 0.95

F1-score 0.97 0.98 0.95 0.95

(Table 10) The classification results of K-water
testing data

Category Value

Algorithm LightGBM | XGBoost SVMm DT
Training 3.249 3.27 1221 1581
time (sec)

Inference 0.067 0.058 0.59 0.005
time (sec)

Accuracy 0.96 0.96 0.94 0.92
Precision 0.95 0.95 0.88 0.92
Recall 0.96 0.96 0.94 0.92

F1-score 0.95 0.95 0.91 0.92

(Table 11) The classification results of total data

Category Value
Algorithm LightGBM | XGBoost SVM DT
[Training 20586 | 20479 | 2768415 | 67.184
time (sec)
Inference 178 0187 | 110662 | 0075
time (sec)
Accuracy 0.96 0.97 0.91 0.94
Precision 0.96 0.97 0.92 0.94
Recall 0.96 0.97 0.91 0.94
F1-score 0.96 0.97 0.91 0.94

AY A3, APAoA AFHE Al-Hub Z7HHolE
ARE Al E] 7]5HY) HElEo] Y 4% =2 7 85
= HGlow, Sk AR Hd 27.214, 2 AR 3
o 2,976H HIE AIE Ko} AAFHoZ £XI5t g
ol8 % K-water HoIEE W22 DT7F SVM thH]
AE g B2 459 Hyou LightGBMT}
XGBoost= EE Tlo]Eo] thsfiA SVM thH] &2 £5&
35 DAIoHHA B Al o 135.18H], & Al
72 Hd 5,917.744] B2 A3E Bt

5. 22

FFETA LYok Ae-S 0|85t 8 T
Hote A8S APt dlolEls mto]mojA WAYs):
U&= A AAE B3l 54 F FFTE &9 29
g HlolE| &2 W] AMgglon, Ay AlEdold 4,
K-water =g ZHE, Al-Hub Z/idlo]g S &-83t}.
qZ] 7171014 Hed HAl 2 BES BR G5 E A8
AI7HS 59 H7lelqtt. LightGBM, XGBoost, SVM,
DT ¢12l5Z F8H o, T 23 APATlA A
2% SVM i8] LightGBM, XGBoost7} Agte= )
oF 4% FFAtEl0] A ATE 97%S G4SN, Bhy
AlZE B2 oF 754, ASAITE Wk oF 1,3628) #HE
AAEER oA tHlo] Ao S 7153t A& ERIskct

REFERENCES

[1] National Water Supply Information System, National
water quantity management,
https://www.waternow.go.kr/web/ssdoData/?pMENUI
D=8&ATTR_1=2011&ATTR_5=4

[2] Seung-Heon Oh, Seung-hee Park, Ho-sung Kim, and
Jong-rip Kim, "Implementation of GAN-based Water
Pipeline Leakage Monitoring System," Korea Institute
of information and Communication Engineering, Vol.
27, No. 1, pp. 32-35, 2023.

[3] Lee, Chan Wook and Yoo, Do Guen, “Development of
leakage detection model in water distribution networks
applying LSTM-based deep learning algorithm,”
Journal of Korea Water Resources Association, Vol.
54, No. 8, pp. 599-606, 2021.

[4] Jae-Moon Hwang, Ho-Hyun Lee, Gang-Wook Shin
and Nam Kim. “Leakage Detection Prediction by
Neuro-Fuzzy and WECR in Water Distribution
Network.,” Journal of Korean Institute of Intelligent



(5]

(0]

(71

8]

9]

[10]

(11]

(12]

(13]

[14]

(15]

Systems, Vol. 27, No. 4, pp. 349-356, 2017.

Poulakis, Z., Dimitris Valougeorgis, and Costas
Papadimitriou, "Leakage detection in water pipe
networks using a Bayesian probabilistic framework."
Probabilistic Engineering Mechanics Vol. 18, No. 4,
pp. 315-327, 2003.

Xiaoqgin Li, Xiaomei Wu, Mingzhuang Sun, Shenggiao
Yang and Weikun Song, "A Novel Intelligent Leakage
Monitoring-Warning System for Sustainable Rural
Drinking Water Supply," Sustainability Vol. 14, No. 10, 2022.

Wei-Yi Chuang, Yao-Long Tsai, and Li-Hua Wang,
“Leak Detection in Water Distribution Pipes Based on
CNN with Mel Frequency Cepstral Coefficients,” In
Proceedings of the 2019 3rd International Conference
on Innovation in Artificial Intelligence (ICIAI '19).
Association for Computing Machinery, New York, NY,
USA, pp. 83-86, 2019

Youngmin Seo, Kwanghyun Choi, Yuseong Lim, Byungjoon
Lee and Yunyoung Choi "Application of Machine
Learning Models for Water Pipeline Leakage Detection,"
Crisisonomy, Vol. 19 No. 4, pp. 45-54, 2023.

Jungyu Choi and Sungbin Im, “Leak Detection and
Classification of Water Pipeline based on SVM using
Leakage Noise Magnitude Spectrum,” Journal of the
Institute of Electronics and Information Engineers,
Vol. 60, No. 2, pp. 6-14, 2023.

Thambirajah Ravichandran, Keyhan Gavahi, Kumaraswamy
Ponnambalam, Valentin Burtea and S. Jamshid Mousavi,
"Ensemble-based machine learning approach for
improved leak detection in water mains," Journal of
Hydroinformatics, Vol. 23, No. 2, pp. 307-323, 2021.

Quinlan, J. R. "Induction of Decision Trees," Mach
Learn, Vol. 1, pp. 81-106, 1985.

Tin Kam Ho, "Random decision forests," Proceedings
of 3rd International Conference on Document
Analysis and Recognition, Montreal, QC, Canada, Vol.
1, pp. 278-282, 1995.

Tiangi Chen, Hang Li, Qiang Yang and Yong Yu "General
Functional Matrix Factorization Using Gradient
Boosting," Proceedings of the 30th International
Conference on Machine Learning, PMLR Vol. 28, No.
1, pp. 436-444, 2013.

Guolin Ke, Qi Meng, Thomas Finley, Taifeng Wang,
Wei Chen, Weidong Ma, Qiwei Ye and Tie-Yan Liu,
“LightGBM: A Highly Efficient Gradient Boosting
Decision Tree,” In Proceedings of the 3l1st
International Conference on Neural Information
Processing Systems (NIPS'17), Curran Associates Inc,
Red Hook, NY, USA, pp. 3149-3157, 2017.

Tianqi Chen and Carlos Guestrin, “XGBoost: A
Scalable Tree Boosting System," In Proceedings of the
22nd ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining (KDD '16).
Association for Computing Machinery, New York, NY,
USA, pp. 785-794, 2016.

E(Lee, Jae-Heung) (=5
= 19854 29 : SloFdisty AAZ

LEICE R
= 1994 29 : SlQFstn HAE

spaE s

19899 3 ~ @A) : st

AReBoL 25

TAZoD
YHHE AIAH, SoC HA|, HEd

2 2 H(Oh, Yun-Seong) ESE
= 2024 29 : Shatisly ARE
ERENCH)

(TR
YHHE Al2E], AFA

o

ol & &(Min, Jun—Hyeok) ESSES

ETAED
A= A2E] AFA]

ol



