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Abstract Smart cities are increasingly arising worldwide, with the ongoing development of smart water
management technology. A key element for such smart city water management involves a smart water
meter that collects and provides real-time water usage data to secure information for water demand
management and water leakage detection. However, since data collected from smart water meters may
contain various errors, preprocessing to correct them is essential. This study attempts to develop a
model for automatically preprocessing data collected from smart water meters to improve the quality,
and to analyze and predict water usage patterns. Original data collected from the actual smart water
meters were used, the error types were defined, and the processing method for each was developed and
applied in the research. To analyze the water usage pattern, cluster analysis, time series decomposition,
LSTM, and XGBost models were applied, and their feasibilities and accuracies were analyzed. The results
were applied to develop an algorithm that automatically handles errors in collection data of various
types, to create a quality dataset that can be used for water usage pattern analysis. Water usage pattern
analysis determined lowest RMSE value and best performance when the noise component was removed
and only the periodic component was obtained using the XGBoost model.
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Fig. 1. Examples of cumulative data by hour
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Fig. 2. (a) Examples of N/A errors in the measured
data (b) N/A errors in cumulative data (No.
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Fig. 3. Examples of zero errors in the measured data
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Fig. 4. Examples of low-value errors in the measured
data
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Fig. 5. Examples of high-value errors in the
measured data
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Fig. 6. Examples of initialization errors in the
measured data
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Table 1. Classification of data collected from smart
water meter devices to determine groups
with correlation coefficients

Group Correlation coefficient
Group 1 0.95
Group 2 0.92
Group 3 0.92
Group 4 0.92
Group 5 0.82
Group 6 0.94
Group 7 0.87
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Fig. 9. Cluster dendrogram for classifying data
collected from smart water meter devices
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Table 2. Optimum parameters for group model

Parameter Value
Activation Relu
Epoch 15
Optimizer Adam
Learning rate 0.01
Loss Mean squared error

0.00065
0.00068
0.00067
0.00066
0.00065
0.00064
0.00063
0.00062
0.00061

0.0006
4]

loss

2 4 6 8 10 12 14 16

Fig. 10. Results on loss analysis for optimization
learning range in group 1
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11. Comparison of observed data and
predictions by LSTM model for group
1 (blue line: observed data; orange

line: model predictions)

Fig.

oleist At e AL FHskE YIstel 4 A ]
olge] o7t HEEe] o Fysiglon, u
24 Groupi2 BRI sissle] 283kt AL olele
Aolek AL Ak Wetd] 2 A FulEE
2 s 2R WEe vkl 2 gslgt fast

577

dlolE]

285

£ 92 BE AS7]0 diote] /EHoE HdS
Fout 7|4 1 24 E 71A] Lo st
of theaAt gttt Fig. 12+ APFE SvlE A4 51
Holl tisto] mdll 53 AFE H S5314
A WSS Aot ot o714 LSTM Zde] 24 uf
7i¥iSE Table 20 U2 A3} 5YsHA 2-8st9ict. 1
g xmof] Urept upel Zro] sR53lo]| wlet &4 Fho] 7+
Adhs A Bou 1530 EEE 5] 2
e Hole AoZ yephgdtt g AE719 4 o]
Eo] tisto] LSTM ZEg -85t A3kFig. 13)0l41=
AT} ASFHEFZ)S 2 Alolg Hole A
o= Uepgon 4 ¥A9 FeETh ozt St
28 %= A=t

= &
&

0.328
0.326
0324

“

8 0322

]

032
0.318

0316

o 2 4 ] 8 10 12 14 16

Fig. 12. Results on loss analysis for optimization
learning range for device No.51
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Fig. 13. Comparison of observed data and
model predictions by LSTM model
for device No.51 (blue line: observed
data; orange line: model predictions)
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Fig. 16. Comparison of observed data and model
predictions by LSTM model for device
No.46 after wavelet transformation (blue
line: observed data; orange line: model
predictions)
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Fig. 14. Results on wavelet transformation for
collected data from smart water meter

No.46
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Table 3. Verification results for LSTM models
(case 1, case 2, and case 3)

Device Case 1 Case 2 Case 3
No. RMSE RMSE RMSE
46 0.06199 0.06271 0.03457
51 0.04015 0.04163 0.02339
56 0.03551 0.03715 0.02011
58 0.02364 0.02450 0.01305
60 0.05605 0.05871 0.02898
62 0.05630 0.05935 0.03186
66 0.05285 0.05527 0.03219
67 0.09288 0.09708 0.05623
Table 4. Verification results for XGBoost models
(case 1, case 2, and case 3)
Device Case 1 Case 2 Case 3
No. RMSE RMSE RMSE
46 0.06322 0.06266 0.03236
51 0.04041 0.04063 0.02121
56 0.03556 0.03571 0.01853
58 0.02383 0.02383 0.01231
60 0.05447 0.05522 0.02872
62 0.05688 0.05790 0.03027
66 0.05316 0.05347 0.02832
67 0.08795 0.08952 0.04759
4. A2
2 A= AUE SRH[EA £YEE HolHE A
o2 AAEst FHS PN, olF &St
B A8F HEL BT oI55 AT BEe Y
371 gistel ST AR AntE FEmlEdA 4

579

Gk

2% Holes FYENT
st ASol AAol Wi o2
A}, Tt o] AN 9
A 913719 ol 28 AA o
I 2% Be dasee

O
jul

27 A
£ A7el A Ave
At & A8 o

SEolg Yold A

292 244 dolgg 1S
FPA|T BB ¥AS ouR T BER A
89 5 9l AoE weEd. 53 £ d7ade vt

EAgoA £35E B3 golHe 243 8-S 9
sto] avtFor EgE Zo7 J|gHth
References

Matt Hamblen, Just what IS a smart city?, Available
From: https://www.computerworld.com (accessed
Nov. 11, 2022)

McLaren, Duncan; Agyeman, Julian, “Sharing Cities: A
Case for Truly Smart and Sustainable Cities”, MIT
Press. 2015, ISBN 9780262029728.

Boyd Cohen, The 3 Generations Of Smart Cities,
Available From: https://fastcompany.com (accessed
Nov. 11, 2022)

[4] Peris-Ortiz, Marta; Bennett, Dag R.; Yabar, Diana
Perez-Bustamante, Sustainable Smart Cities: Creating
Spaces for Technological, Social and Business

Development, Springer, 2016, ISBN 9783319408958.

Allied Market Research, Smart Cities Market by
Component (Hardware, Software, and Service) and
Functional Area (Smart Infrastructure, Smart
Governance and Smart Education, Smart Energy,
Smart Mobility, Smart Healthcare, Smart Buildings,
and Others): Global Opportunity Analysis and Industry
Forecast, 2021-2030, Market analysis report, 2022.

M. H. Panahi Rizi, S.A. Senob, “A systematic review of
technologies and solutions to improve security and
privacy protection of citizens in the smart city’,
Internet of Things Volume 20, Nov. 2022,

DOl https://doi.org/10.1016/].i0t.2022.100584

Albino, V., Berardi, U., & Dangelico, R. M. (2015).
Smart cities: Definitions, dimensions, performance,
and initiatives. ] ournal of urban technology, 22(1),
3-21. Feb. 2015,

DOI: https://doi.org/10.1080/10630732.2014.942092




AR &85 =5 A A243d A1E, 2023

[8] Y. Lee, “Evaluation of Smart Water Management
System of Water Infrastructure in a Sustainable Smart

City”, Ph.D. Thesis, Korea University, Feb. 2021.

[9] L. Fabbiano, G. Vacca, G. Dinardo, “Smart water grid:
A smart methodology to detect leaks in water
distribution networks” Measurement Volume 151,
107260, Feb. 2020,

DOL: https://doi.org/10.1016/j.measurement.2019.107260

A. Cominola, M. Giuliani, D. Piga, A. Castelletti, A.E.
Rizzoli, “Benefits and challenges of using smart
meters for advancing residential water demand
modeling and management: A review” Environmental
Modelling & Software Volume 72, 198-214, Oct. 2015,
DOI: https://doi.org/10.1016/j.envsoft.2015.07.012

(101

[11] C.D. Beal, J. Flynn, "Toward the digital water age:
Survey and case studies of Australian water utility
smart-metering programs,” Utilities Policy, Vol. 32(C),
29-37. Jan. 2015,

DOI: https://doi.org/10.1016/j.jup.2014.12.006

K. P. Wai, M. Y. Chia, C. H. Koo, Y. F. Huang, W. C.
Chong, “Applications of deep learning in water quality
management: A state-of-the-art review” Journal of
Hydrology Volume 613, Part A, 128332, Oct. 2022,
DOI: https://doi.org/10.1016/j.ihydrol.2022.128332

G. Fu, Y. Jin, S. Sun, Z. Yuan, D. Butler, “The role of
deep learning in urban water management: A critical
review” Water Research Volume 223, 1, 118973, Sep.
2022

DOI: https://doi.org/10.1016/j.watres.2022.118973

[12]

(13]

0| 4 &(Sangho Lee) [H3lg]

+ 19999 24 : AEdigte FA3}
st (@IS

19999 3€¥ ~ 2003¢ 3¢€¥
Northwester

Univ.  Senior
Researcher

20034 4¢¥ ~ 20114 2¢¥ :
| A971$A7Y HYATAY
-+ 20114 3¢9 ~ cﬂXH SRSt W

.
O

=

@yRop
Sejat 34, AvkEAlE,

A3, 2d

580

Z Y(Juyoung Lee) [H3l

- 20184 29 : IRy AHA]
28135t} (AEAAFFSISIAD
20209 29 : IRIiskE AMA]
AEZE} (-554AD
20219 3¢ ~ @A : IFHigigy
3455t dAlaty

.

GRELS
uelat 3%, AukEAE,

o],
r o

A, stElsAlelS

X &HJunghwan Yun)

+ 20029 2¥ : SAYsky EE)sta}
(E9ststAb
+ 20154 8¢9 ~ 20214 24 : 235}

ek EREsT (EEEAAD
£ 201549 4¢ ~ @4 @ "R
o] A}




