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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
AL Yo ot By EHECIH 2 Ad
M= BRI R e S5 AlEFldsk ] Hsl 2
Jﬂrollwﬂ TS Fol o AHS BEE & WEE o
&3l 7 45E Z:Z}OJ‘:} £ AgolM ARg3t HIAE
‘31]‘:4 F8 Al¥2 (Table 2)9 Zow, £ Hojg
< e 53571, B 7,8897H.

{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
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