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Abstract

Recently, local torrential rain have become more frequent and severe due to abnormal climate conditions, causing a surge in human and
properties damage including infrastructures along the river. In this study, water surface elevation prediction algorithm was developed using
the LSTM (Long Short-term Memory) technique specialized for time series data among Machine Learning to estimate and prevent flooding
of the facilities. The study area is Jamsu Bridge, the study period is 6 years (2015~2020) of June, July and August and the water surface
elevation of the Jamsu Bridge after 3 hours was predicted. Input data set is composed of the water surface elevation of Jamsu Bridge (EL.m),
the amount of discharge from Paldang Dam (m?/s), the tide level of Ganghwa Bridge (cm) and the number of tweets in Seoul. Complementary
data were constructed by using not only structured data mainly used in precedent research but also unstructured data constructed through
wordcloud, and the role of unstructured data was presented through comparison and analysis of whether or not unstructured data was used.
When predicting the water surface elevation of the Jamsu Bridge, the accuracy of prediction was improved and realized that complementary
data could be conservative alerts to reduce casualties. In this study, it was concluded that the use of complementary data was relatively
effective in providing the user’s safety and convenience of riverside infrastructure. In the future, more accurate water surface elevation
prediction would be expected through the addition of types of unstructured data or detailed pre-processing of input data.
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Banpo-dong

Fig. 2. Urban frequently flooded area in seoul derived from naver news
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Input Data P-value Usage status
Water surface elevation (EL.m) (Hidden layer) 2 & & 47 Fx]o]H Table 5= VA =4S
Outflow (m’/s) , F-8Yot= A5 Aotk viZfHs 1Ak, 1000, 5,
Tide Level (om) ~0.0 Available
Tweets Table 4. Separation of learning / execution period
Table 3. Degree of error by input data L;:;?(;gg Cogz?(:jon MAE" |RMSE'| 10AT R
Input Data MAE RMSE I0A R’ 2015 0.402 | 0.671 0.961 0.831
W 0.292 0.371 0.985 0.873 2015~2016 0.237 | 0.273 | 0.993 | 0.947
W, o' 0.301 0.402 0.986 0.802 2015~2017 2020 0.213 | 0.263 | 0.994 | 0.946
w, T 0.231 0.330 0.989 0.930 2015~2018 0.246 | 0.296 | 0.992 0.932
W, T,O 0.228 0.271 0.994 0.950 2015~2019 0.206 | 0.259 | 0.994 | 0.958

" W: Water surface elevation (EL.m), TO: Outflow rate (m’/s),
*T: Tide level (cm)

*MAE: Mean absolute error, ' RMSE: Root mean square error,
TIOA: Index of agreement, R R-squared
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Table 5. Test cases for sensitivity analysis

Parameter Setting Value Evaluation
Sequence Length 1", 5,10, 20
Tteration 10, 100, 1000°, 10000 | RMSE, MAE,
- IOA, R
Hidden Layer 1,2,5,10 Comparison
Learning Rate 0.005, 0.01, 0.05", 0.1
*: selected value
Table 6. Results of sensitivity analysis
Parameter | Setting Value | MAE | RMSE | IOA R’
1 0.206 0.259 0.994 0.958
Sequence 5 0.235 | 0281 | 0.993 | 0.944
Length 10 0.257 0.300 0.992 0.919
20 0.238 | 0.276 | 0.993 | 0.941
10 0988 | 1.801 | 0.357 | 0.885
Heration 100 1.066 1.596 0.111 0.100
1000 0.206 0.259 0.994 0.958
10000 0.244 0.288 0.993 0.925
1 0.230 0314 0.990 0.946
Hidden 0.206 | 0.259 | 0.994 | 0.958
Layer 0.197 0.258 0994 0.960
10 0.232 0.296 0.992 0.933
0.005 0.225 | 0.276 | 0.993 | 0.938
Learning 0.01 0.628 | 0.750 | 0.958 | -0.241
Rate 0.05 0.206 | 0.259 | 0.994 | 0.958
0.1 0.212 0.264 0.994 0.952

Table 7. Comparison of degree of error on data types

MAE RMSE I0A R?
SD’ 0.252 0.295 0.992 0.919
SD+UD T 0.225 0.269 0.994 0.937

*SD: Structured Data, TUD: Unstructured Data
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Table 8. Rates of positive error and negative error

Water surface Type of Data Positive Negative
elevation M error rate error rate
Interest SD 1.33% 28.40%
nteres
SD+UD 1.40% 30.21%
Pedestrian SD 0.98% 24.32%
Control SD+UD 1.00% 19.59%
Vehicle SD 0.10% 20.59%
Control SD*+UD 0.11% 17.86%
S SD 0.14% 6.37%
evere
SD+UD 0.20% 4.18%
Table 9. Ratio of unstructured to structured data
WZ;Z:/:EZTCC Type of Data # of Data Ratio (%)
SD 8189
Interest 5%
UD 429
Pedestrian SD 804 Y
control UD 62 ‘
Vehicle SD 175
1 0,
Control UD 32 8%
SD 1647
Severe 18%
UD 295

215 71532016, 2017, 2018, 2020 o] S<=F
AE AU Z7|AFE HAISIEY 30507, 445071, 485071,
16000730131t

°0]=2020d FAYE F5-= Qlof| Z=rof Thgh AFe] A<l
A E7E 2 Hof| vl B S71oFa= AE71ARe] Al
2 AFAQl Ihe & 4= 91911120201 8F Rt o €]
Hog g o uAgtRrt Y ol fFE AAEE 43
Aok wHEbA] Table 8914 TATEZHEL. 3.9 m O)/d)~E 3=}
BATZHEL. 5.5 m o’d)ollA o] A L F&o] =A st
Fig. 60114 i #7te] vIA P2t 5 o] 7H4=7F Heh= A& 11
o A v YA =TT 4=9] 3L AIS Al BRI A= QS

—~

=

ok
30

2 8 e

I Ut

HH, o5 At 5 AR o] B g2 s ] vl g2 At
Aoto] B4 sk 7P oS 27H2020'H 6, 7, 84) Hiell
A AR T=ZH20158~20194 6, 7, 89) 5 A3 AL diH]
v @2t =7 752] H]-&(Ratio)S B w3l Ax}, M4 o
2 5~18% FLHtof| mA]R] Z5holed], o) = W2 H&2] H]
AR Yol = mEl o] Herof kS m ik Tekeh =
A2k Table 9). £35] THITFIHEL. 3.9 m ©14}), 23z 54
TZHEL. 5.5 m old)ollA 2] Hl&o] 5% E 8% Aol 372

o

Fof Hlofl i o & A Fo| v F AR A o =2
ASAtel] Z FFE H= T 5 ok whebA] v
P N7t S A TATIHEL. 3.9 m o)~ K
2L EATLZHEL. 5.5 m oXholl A B8 = Ay w235t
Zol2} TehET)

3.2 8
20219 79, SA A= 42 QI F]oto] QI 1] 87}
SRS 92 URtol| A e 0|47 & F E5] 592} Bl F0]|

Aol wjairtalsto] B Q1% 2 A ek 7 gl A
otk uebA] olefsh BUES ot e Ao 2R el 1
she vl 2 Al PHOIA thgst] 91te] 15 o AR E

ARSI E A Bt T Hdg o =g
AR &, A PAGETS AR -2 vl 9 BASH Y.

AR = A= Feu s AAshlal A7
201535E] 2020 6, 7, 8Y, AR B = T o] =91, 7
St 29, S R, A4 2] ESle] 742 245t
Aot sl 71 ol A o] YR RS ST Fofl = t-test, U
2 7re] @ &pH|a, X4 o] ghS =Est7] 9lof shs 717t
AP7 7S 247 20158~2019, 20208 0 2 AA5H 1
AT BA8-& fotolnt. v g2tz o] 2 5-5-of what
A&54=9] 3ol Bt o BA| Hslsh=2] H|w et A3, H]
A= E AT 7499 Bt YA =TS AHE RS
o] B]5l] TTZHEL. 3.9 m o2 A L§ L 2] 71|
A B A Uit o] & A4 tiv]of| &-8517] flote] 17t
H=2 3 9 B 0 78-S Vet A} v PR EE ARE
gt 7490 3 0780 JPARTS AESH I o =
Al ket S8 7 =8 71 0 2 ofAtE| Qe mabA Ha o=
of| QolA PR L A v FARE 0] 83 AFS Koty
o 257t H-& B U & 4= Sl

£5] 9] 1S AlEsloto] EA4519S o I LHEL.
3.9m oA, Bz SATZHEL. 5.5 m oAholl A 2 A4
TZHEL. 6.2 m 0%, AZFZHEL. 6.5 m ool v] 3] H] A
AR Nee Aol B0t FH /72 Alol7t Y



S. Y. Lee et al. / Journal of Korea Water Resources Association 54(S-1) 1195-1204 1203

B o 1ol A v gA= ] ggel F 9 At A
= utefe 5= lSie
2, B GRS ARSSlE Hlofl 3ot A = =AY

stk AA, 2 =Rl v Y= E SR AR ¢
o] =91 A& A7t tha Y o, T H) g gt
29 |57t B A=) Aol Hlel -2 H]5-2 2pA| okl
o] g At Z2] erofcal metEch mhEtA] B =fo
A A EAEH| o] E(E 9] E]) #5t opbd o]n|z]To] &, g
“Fdo]E 5 2tz2] A Q1 2o 9lo] HelE Shiste] B
o2 AeE 5 gao] ot B4, BB RS &
A A A ol AFm A =) w el AlzRe] 7HA 2¢
o7} EAT = QAL AR 0 =Xeof| oA = BA7HA 7
4= k= Holot vy F2tm = g o] AFEEe] AARE A4
Sk Holl A thedRt thFe] RS A 4= Qlrh= A3 o]
EASAN R 2 EXHE & 4 gle R T E4 s b+
of| K} 1 she X gjabgo] W asict. ol2gt eAES B
ehsto] 2Fg S AFHEL. 6.2 m o) HZFTHEL. 6.5 m
ool A1 e] Helgt of| Z-2 flsto] afjd AT AdA] 23]l
Aol 2 =k dlo|E, CCTV AR 52 &-g61ALt
U AR A2 ARE AR 4= Qe AlER HlolH
A S At Bt YUsty ST w2 S5
LE0| 7Fs S Aolot. & theFet v Patm o] Al 2|7t
SH o] AA| At of - Bl E8E]7]|E 7] thgitt.

2Nl 2

2 AT SRR Ald o R ed o] 2
212757200 28l B = A5

References

Asmai, S.A., Abidin, Z.Z., Basiron, H., and Ahmad, S. (2019). “An
intelligent crisis-mapping framework for flood prediction.”
International Journal of Recent Technology and Engineering,
Vol. 8, No. 2, pp. 1304-1310.

Bae, D.H., and Lee, B.J. (2011). “Development of continuous
rainfall-runoff model for flood forecasting on the large-scale
basin.” Journal of Korea Water Resources Association, Vol.
44, No. 1, pp. 51-64.

Behzad, M., Asghari, K., and Coppola Jr, E.A. (2010). “Comparative
study of SVMs and ANNSs in aquifer water level prediction.”
Journal of Computing in Civil Engineering, Vol. 24, No. 5, pp.
408-413.

Choi, D.W., Lee, W.B., Song, Y.H., Kang, T.H., and Han, Y.J.
(2020). “Prediction of Highy Pathogenic Avian Influenza
(HPALI) diffusion path using LSTM.” The Journal of Bigdata,
Vol. 5, No. 1, pp. 1-9.

Gautam, Y. (2021). “Transfer Learning for COVID-19 cases and
deaths forecast using LSTM network.” IS4 transactions. doi:
10.1016/j.isatra.2020.12.057

Ha, M., and Ahn, H. (2019). “A machine learning-based vocational
training dropout prediction model considering structured and
unstructured data.” The Journal of the Korea Contents Associ-
ation, Vol. 19, No. 1, pp. 1-15.

Han, G.Y., Son, I.H., and Lee, J.Y. (2000). “Hydraulic model for real
time forecasting of inundation risk.” Journal of Korea Water
Resources Association, Vol. 33, No. 3, pp. 331-340.

Hochreiter, S., and Schmidhuber, J. (1997). “LSTM can solve hard
long time lag problems.” Advances in Neural Information
Processing Systems, 473-479.

Jang, S., Chun, H., Cho, 1., and Kim, D. (2017). “A study on
cabbage wholesale price forecasting model using unstructured
agricultural meteorological data.” Journal of the Korean Data
and Information Science Society, Vol. 28, No. 3, pp. 617-624.

Jung, S.H., Lee, D.E., and Lee, K.S. (2018). “Prediction of river
water level using deep-learning open library.” Journal of the
Korean Society of Hazard Mitigation, Vol. 18, No. 1, pp. 1-11.

Kim, J.H., Kang, M.S., and Kim, S.H. (2019). “Comparing the
performance of artificial neural networks and long short-term
memory networks for rainfall-runoff analysis.” Proceedings of’
the Korea Water Resources Association Conference, KWRA,
pp- 320-320.

Kim, M.S., Jung, S.H., Kim, J.G., Lee, H.S., and Kim, S.S. (2021).
“A study on solar radiation forecasting based on long short-
term memory considering hourly weather changes.” Journal
of Korean Institute of Intelligent Systems, Vol. 31, No. 1, pp.
88-94.

Lee, J., and Hwang, S. (2019). “A study on the application of social
network service data for monitoring flood damage.” Journal
of the Korean Society of Hazard Mitigation, Vol. 19, No. 7,
pp. 77-85.

Liang, C., Li, H., Lei, M., and Du, Q. (2018). “Dongting Lake water
level forecast and its relationship with the three gorges dam
based on a long short-term memory network.” Water, Vol.
10, No. 10, 1389.

Ruxton, G.D. (2006). The unequal variance t-test is an underused
alternative to Student's t-test and the Mann — Whitney U test.
Behavioral Ecology, Vol. 17, No. 4, pp. 688-690.

Tran, Q.K., and Song, S.K. (2017). “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.

Tran, Q.T., Hao, L., and Trinh, Q.K. (2016). “A novel procedure to
model and forecast mobile communication traffic by ARIMA/
GARCH combination models.” Advances in Computer Science
Research, Vol. 58, pp. 29-34.

Yu, J.D., and Lee, L.S. (2018). “A prediction of stock price through



1204 S.Y. Lee et al. / Journal of Korea Water Resources Association 54(S-1) 1195-1204

the big-data analysis.” Journal of the Society of Korea
Industrial and Systems Engineering, Vol. 41, No. 3, pp. 154-
161.

Zhang, C., Zhou, G., Yuan, Q., Zhuang, H., Zheng, Y., Kaplan, L.,
Wang, S., and Han, J. (2016). “Geoburst: real-time local event

detection in geo-tagged tweet streams.” Proceedings of the
39th International ACM SIGIR conference on Research and
Development in Information Retrieval (SIGIR '16). ACM, Pisa
Italy, pp. 513-522.



