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Data Quality Assessment and Improvement for Water Level
Prediction of the Han River
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[Abstract]

As a side effect of recent rapid climate change and global warming, the frequency and scale of flood disasters are increasing worldwide.
In Korea, the water level of the Han River is a major management target for preventing flood disasters in Seoul, the capital of Korea. In this
paper, to improve the water level prediction of the Han River based on machine learning, we perform a comprehensive assessment of the
quality of related dataset and propose data preprocessing methods to improve it. Specifically, we improve the dataset in terms of
completeness, validity, and accuracy through missing value processing and cross-correlation analysis. In addition, we conduct a
performance evaluation using random forest and LightGBM to analyze the effect of the proposed data improvement method on the water
level prediction performance of the Han River.
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Table 1. Descriptions of the variables in the dataset

Variable Description

ymdhm Timestamp (year, month, day, hour, minute)
Water level of Paldang Dam

swl (Elevation above sea level, unit: m)

inf Inflow of Paldang Dam (m?/s)

stw Water storage volume of Paldang Dam (10K m?)
Available water storage volume of Paldang Dam

6epe (1M m?)

tototf Outflow of Paldang Dam (m?/s)

tide_level Tide level of Ganghwa Bridge (cm)

wl_1018662 Water level of Cheongdam Bridge (cm)

fw_1018662 | Flow rate of Cheongdam Bridge (m®/s)

wl_1018680 Water level of Jamsu Bridge (cm)

fw_1018680 | Flow rate of Jamsu Bridge (m?/s)

wl_1018683 Water level of Hangang Bridge (cm)

fw_1018683 | Flow rate of Hangang Bridge (m?/s)

wl_1019630 Water level of Haengju Bridge (cm)

fw_1019630 | Flow rate of Haengju Bridge (m®/s)
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Table 2. Data quality criteria defined by the guideline [8]
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Table 3. The number and percentage of missing values in

each variable

Quality criterion | Description Variable # of missing values Missing rate (%)
Completeness There must be no missingness of mandatory ymdhm 0 0
variables swi 743 0.27
Uniqueness Data items must be unique and not duplicated inf 743 0.27
Validity Data items must meet the valid value range sfw 743 0.27
for each variable
- ecpc 743 0.27
Consistency The structure, value, and expression of data tototf 743 027
times must be retained consistently oo :
Acourac Data items must accurately represent objects tide_level 4927 1.78
4 in the real world wi_1018662 59 0.02
fw_1018662 16380 5.93
- - - 1018680 59 0.02
29 A 7)Z2L 37 =9 lo]H o] A&t Al ohe Wi
J*LZA A 7IEE 9 HlelEel 48k Aaks v fw_1018680 196849 71.24
‘7’} ZEE]" wi_1018683 59 0.02
o A (completeness): MGHE AF X7} EAEI LR W fw_1018683 1279 0.46
5 ;(] s }1;]_ wi_1019630 59 0.02
o YA (uniqueness): SEF HoJE] &&o] glormE W fw_1019630 59 0.02
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Fig. 1. Missing value visualizations by variable
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Fig. 2. Example of polynomial regression result: Flow
rate of Haengju Bridge
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Fig. 3. Tide level distributions by hour
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Table 4. The numbers of negative values by variable

Variable # of negative values
inf 8994

sfw 1

tototf 5
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Fig. 4. Spatial relationships between Paldang
Dam and major bridges of the Han
River
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Table 5. Hyperparameter settings by algorithm RMSE 4
Algorithm Hyperparameter | Value | Description
n_estimators 100 Number of trees 2 47)19] Bo] Uls] As 7L e AT ¥ e} 2
max_depth None | Maximum tree depth o _ o B )
min_samples_s Minimum number of o} dlolH H4& 7hdgh A9, e Ze~ES LightGBM &
Random | pit |2 | Sameles reauied to e} 0 ARG} HASP Sk of % 9aks 27t o
Forest Fraction of  the 0.0745,0.0677 X Zaghorz B 450 oF) 10 1.7% A
igi i A e} A A _9_
max_samples None gir\'/%'get‘g a:;?i;?\/tidu; A Jek AEA 0w doly ek, a4, 434
tree NAE7] 3k ASA] A, &7 A, 2elal Mg AZES
n_estimators 100 Number of trees T3 9 A5 2ol AeS St Ao FAE L,
max_depth None Maximum tree depth
LightGBM | num_leaves 31 Maximum tree Igaves 6 A mo} 21
subsample 10 Subsample ratio of : .
: the training instance Table 6. Performance evaluation results
Model R* RMSE
_ RFa)_Baseline 0.9976 3.5856
5-2 &3 RF_Proposed 0.9977 3.5111
LGBMb)_Baseline 0.9974 3.9340
T:S__ ‘1’] ﬂol 1% =] 7H}1\j.'% %?} ]% }\6]_1_6; 7‘(]—0]% :;ijl_?l LGBM_PI’ODOSGd 0.9975 3.8663
= = - a) RF: Random Forest
a7] 918 F 744 A9 B HolHE TAslek oA f) L rendon S
= dlole F2 /MAE 8] &2 73—‘%‘3]‘:]( aseline). S
A7 B RG A|ZES FslA] ko, ASA] o] 749 b
1Al At A (mean substitution) 7]%2; %E]s]— g} = V. d =
AT 2 =l A AlRE vloly Fd S S e A f-oltt
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TA7P e S Sstel e HrkE ek o, Mg FellEs} LightGBM 8y %u12l5S olg31e] o

137

www.koni.or.kr



J. Adv. Navig. Technol. 27(1): 133-138 Feb. 2023

o}% 7(:3]_%; \,],l’:o.] E!\ﬂ] )\—]
S At o AA, 1
3 wEio]Tom EREEERE
55 stk e, e e
ﬂ1 1 o)== dlofEjAlel] 3k vl
i7l wjol, elole] A1) 7o) wal 4%
|2 A] o Aoz BAw)
ol &2 7153 A== vlolE AAE 7Y
Soll sl ZEA 2AFete] B34 o2 vloly F4S ek gl
A7) 15k o] 24

AA N thel] A+-8farat gt

OHH

Acknowledgments

2 AE B BEAR] A YE Wol P E S
(T 52 NRF-2021R1F1A1063160).

References

[1] DACON [Internet]. Available: https://dacon.io

[2] Q. -K. Tran and S. -K. Song. “Water level forecasting based
on deep learning: A use case of Trinity River-Texas-The
United States,” Journal of KIISE, Vol. 44, No. 6, pp.
607-612, June, 2017.

[3] G. -Y. Han, H. -J. Geum, and H. -I. Kim. “Building a data

Z| X| & (Ji-Hyun Choi)
20194 3 ~ #A| shAICHSEtm A&
A 2oL Ho|H

ZEHois

uiGlolef 24

os)
S =,

4 T Y (Jin-Yeop Kang)
20181 38 ~ S| SHAICHBHT 2= =9]of
A2 0L H|o[E] glojo]Ef &4

CEER AR

s}
S =, A

8 (Hyun Ahn)
2021'-1 38 ~ s shalchstm 2T EQIofg
2018 3% ~ 2021 29 ZAV|f&tn ZHFE
20174 28 A7|cistm ZFEe{nlstal o| teta
Aok olole Z&, Z2AMA ololY, AlA|

shst

Ol

Ok

Hr

Q P

ma

Fo%

J

[T

st

o
4r

!

=]
g 24

http://dx.doi.org/10.12673/jant.2023.27.1.133 138

driven model for real-time urban flood reduction,” Water for
future, Vol. 51 No. 11, pp. 13-19, Nov. 2018.

[4] S. Jung, et al. “Prediction of water level in a tidal river using
a deep-learning based LSTM model,” Journal of Korea
Water Resources Association, Vol. 51, No. 12, pp.
1207-1216, 2018.

[51 S. A. A Ojeda, A. S. Geoffrey, and C. P. Elmer,
“Multivariate series short-term

time imaging for

precipitation forecasting using convolutional neural
networks,” in Proceedings of 2020 International Conference
Artificial Information

Communication. Fukuoka, Japan, pp. 33-38, 2020.

on Intelligence  in and

[6] M. Lee, et al. “Water level prediction in Tachwa River basin
using deep learning model based on DNN and LSTM,”
Journal of Korea Water Resources Association, Vol. 54. No.
S-1, pp. 1061-1069, 2021.

[71 Han River Flood Control Office [Internet]. Available:
https://www.hrfco.go.kr/.

[8] Data quality assessment procedure manual, Korea Database
Agency, 2009.

[9] T. K. Ho, “Random decision forests,” in Proceedings of 3rd
international  conference document and
recognition, Montreal: QC, pp. 278-282, 1995.

[10] G. Ke, et al,

boosting decision tree,”

on analysis
“Lightgbm: A highly efficient gradient
in Advances in neural information

processing systems, pp. 3149-3157, 2017.



