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Abstract Abnormal weather such as climate change and torrential rains frequently occur, and natural
disasters such as floods and droughts have a serious impact on surrounding areas. It is very important
to analyze and predict river flow in order to prevent damage from floods. It is very difficult to
conceptually express flow-rate data as they are nonlinear and complexly influenced by variables that are
difficult to predict, such as rainfall patterns, rainfall duration, soil quality of the surrounding area, river
shape, and temperature. Artificial neural networks have shown success in various fields with such
nonlinear change characteristics. Studies tend to use models with only the river water level or flow rate,
precipitation, and measurement data. Research on integrated flow-rate prediction in combination with
other environmental factors is incomplete. Therefore, in this study, the performance of a flow-prediction
model was compared and analyzed by mixing the flow data provided by the Ministry of Environment and
the meteorological data provided by the Korea Meteorological Administration. The data used in this
study were meteorological data measured at a weather station provided by the Korea Meteorological
Administration in Inje-gun, Gangwon-do, and flow data measured at Livingston Bridge provided by the
Ministry of Environment. The models configured for the comparative analysis of performance were
LSTM, GRU, and CNN-LSTM. The prediction performance was checked according to a total of 20 cases
per hyper-parameter for optimal learning. The CNN-LSTM model had the highest learning speed and
prediction accuracy.
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Fig. 1. LviningStongyo and Inje-Eup Weather Station
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Table 1. Data Status with Missing Values

Feature Unit Source Region Mlilslir;l:e\r/acl)ie
Water Flow | m? /s | HRFCO | Inge-Gun 147
Temperature ¢ ASOS | Inge-Gun 9
Precipitation mm ASOS Inge-Gun 33,788
Windspeed m/s ASOS | Inge-Gun 35
Humedad % ASOS Inge-Gun 8
VaporPressure | hPa ASOS Inge-Gun 12
TE;“;;;’ES; € | ASOS | Inge-Gun 12
Atmospheric | b1 2508 | Inge-Gun 12
Pressure
Total Cloud | Decile | ASOS Inge-Gun 453
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VaporPressure DewPointTemperature AtmosphericPressure  TotalCloud

count 36768.000000 36768.000000 36768.000000 36768.000000 36768.000000
mean 2852139 10.642869 0127597 1524992 68.658671
std  110.361405 11.038592 0987863 1278313 21.623739

Fig. 6. Data Information After handling missing data

25

36768.000000 36768.000000 36768.000000 36768.000000
10.868981 4264039 993.004844 5.082789
7902168 11.876340 7740442 4025121



SHARSH7| &38| B 2] #1243 A8, 2023

water flow

Training Data : validation

65% Data :
e 10%

LLM J Ldl " .

000 10000 00 2000 2000 X000

SR N

— \ \ -

R T
L

Fig. 7. Water flow prediction precess

Test Data:||p
25%

300

Feature :N

s

dole] RIS 919 Bq. 1 Ale] et Bske 9

stglom, dgold HEghe W ke Do ARG

Ao H3:gho W o UFH 0t 1 Aole] A

o} § go WEId & 1oL
x—xmin

1

max _ Lmin

2 saEE 12

dlolelE 57 9% 5L of Fig. 89 2ol

shEl, ERIARIN hours)ol wet 97j9] w4 o]
2 B9 N+ A9 1R(1ARY 9 IS5

T} ol A% wkEsle] §F AUA AES S

Feature = 9

]
1]

-;-J—P |:] Prediction 1 hours

Time .
.

NSI:CP . ]
et L L L LT T T T ] (] preciconz hours
] ] l:l Prediction 3 hours
EEEEEEEEE|! : :
:l . .
H
I_I_I_I_I_I_I_l_lj .
.
H
Prediction of Water Flow
Input Data

Fig. 8. Water flow prediction precess

meo] Huplyt g4 S-S 9o 484 dejvlEE
< Table 29} ZoH, g A 24%, CNN-LSTM
gl Aoz AEFH TEY A8 7HH ge=E
A7gsto] sttt

d& Fedx P 9 2EE vu-248 99 Eq.
2 RMSE(Root Mean Squared Error)?} Eq. 3
R2(R-Squared)& S35t 457 Pt
RMSE: #tol 2245, R2E& 1°] 7SS 5 4

3o0] 943,

-

)
T

26

Table 2. Parameter setting value for learning

Division Setting Value
Time Step 24, 48
Variable Hidden Layer 180-30, 120-30, 90-30
Convolution Filter 4, 8 (CNN-LSTM)
Number of Feature 9
Batch Size 16
Activation Function RelLU
Stride 1(CNN-LSTM)
Pooling e 2
Fixed
Value Learning rate 0.001
Epoch 200
Early Stopping 20
Loss Function MSE
Optimizer Adam
Performance Evaluation RMSE, R2

1 &
RMSE= E E (ypred - yaaﬁu,al)Z (2)
i=1

n

Z (y[)1'ed - ym,ﬁ(m, ) :

3)
Z (yactuul - ymean)z

i

R%score =

Aol &89t PC &74-& CPUE i5-10400, GPU
£ RTX 2060, RAM2 16GBZ A€t E3h, ®lA
Z2%(Tensorflow)ol4l GPU = <A 5|
CUDA (Computed Unified Device Architecture)2}
g8d Ze]E#EQl cuDNN(CUDA Deep Neural
Network)E &3}t

3.3 2& 45 =4
Aol melol H5 B A& g3t "y
YERFE Table 33 o] LSTM, GRU, CNN-L

(o]
Ao

STME &5 & 9o gd A2 24A17H19),
48A7H29), 2492 90-30, 120-30, 180-302.2

A7t CNN-LSTMS] ¢ CNN HEH I} 7}
7] g2l HEFA I8 A7E 4, 8, 2EH0|E=
L% 12 H839t ol B3 F 20714 CaseZ +
AJstAtt. Z Case ¥ Shssstojof & mhetn|g k=

Table 33 Z°] CNN-LSTM, GRU, LSTM €22 &
Qa, 24935 37] 3ol AAY sG mEte|E 7L wot

Acka 4% 4 et
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Table 3. Case according to deep learning network

Variable Value

Total

Division Tir(r}llzuSrt)ep Hidden Layer Stl‘ideConvolution — Parameter

Case 1 24 90-30 - - 50,551
Case 2 24 120-30 - - 80,551

LSTM Case 3 24 180-30 - - 162,151
Case 4 48 90-30 - - 50,551
Case 5 48 120-30 - - 80,551
Case 6 48 180-30 - - 162,151
Case 7 24 90-30 - - 38,281
Case 8 24 120-30 - - 60,871

GRU Case 9 24 180-30 - - 122,251
Case 10 48 90-30 - - 38,281
Case 11 48 120-30 - - 60,871
Case 12 48 180-30 - - 122,251
Case 13 24 30 1 4 4,271
Case 14 24 60 1 4 15,701
Case 15 48 30 1 4 4,271

CNN Case 16 48 60 1 4 15,701

-LSTM Case 17 24 30 1 8 4,791
Case 18 24 60 1 8 16,701
Case 19 48 30 1 8 4,791
Case 20 48 60 1 8 16,701

Table 4. Prediction performance
T e [ RS o

Case 1 13 25.1574 0.9445
Case 2 13 26.7029 0.9375

LSTM Case 3 14 32.0185 0.9101 26.760
Case 4 17 27.3736 0.9344
Case 5 18 24.2473 0.9486
Case 6 19 25.1143 0.9448
Case 7 11 39.3885 0.8639
Case 8 11 44.9875 0.8225

GRU Case 9 11 36.4848 0.8832 38.300
Case 10 15 35.0375 0.8926
Case 11 13 37.5970 0.8763
Case 12 13 36.8966 0.8809
Case 13 9 18.7271 0.9693
Case 14 15.8402 0.9780
Case 15 10 21.9961 0.9576
Case 16 9 21.2203 0.9606

%ITI\LI Case 17 10 20.6231 0.9627 2059
Case 18 8 18.3206 0.9705
Case 19 20.1482 0.9645
Case 20 27.8702 0.9320
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