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Abstract

The upper Yom River basin often experiences flooding
every year due to its mountainous terrain and steep slopes,
coupled with the lack of water storage facilities in the

upstream area. Discharge forecasting is one of the measures

for preventing and mitigating the damage caused by floods
that affect human lives and property. This study developed
a 24-hour runoff forecasting model for the upper Yom River
basin using Recurrent Neural Networks (RNNs), Long Short-
Term Memory networks (LSTMs), and Gated Recurrent Units
(GRUs), combined with the application of watershed
response time parameters. Data from 8 rainfall stations and
4 runoff stations were used as inputs to train the models,
with 60% of the data allocated for training, 20% for model
validation and 20% for model testing. The study found that
the GRU model can most accurately predict water flow rates
24 hours in advance. The GRU model achieved r, RMSE and
NSE values of 0.9649, 19.7187, and 0.9283, respectively,
outperforming the LSTM and RNN models. The study
demonstrates that the model can effectively learn and
adapt to changing data patterns, making it suitable for water
management decision-making and flood warning systems in

flood-prone areas with high risk.

Keywords: Discharge Forecasting, Multi-Step Forecasting, Deep

Learning, The Upper Yom Basin
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Recurrent Neural Networks (RNNs)
Long Short-Term Memory Networks (LSTMs)

Gate Recurrent Unit Networks (GRUs)
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Batch size 32 64 128
Buffer size 15000 10000 15000
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Steps 250 250 250
Optimizer RMSprop RMSprop RMSprop
Activation Relu Relu Relu
Learning rate 0.001 0.001 0.001
Node 8 8 8
Dropout - 0.2 -
Recurrent dropout - 0.2 -
- History — 51
0.8 4 11afnL-oss Future target = 24
—— Validation Loss | Step 1
Batch size 32
o 0.6 Buffer size = 15000
a Epochs 150
=2 Steps 250
Z 04 4 Learning rate  0.001
a Node 8
0.2 4
0.0 T T T T T T
0 25 50 75 100 125 150
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0.8 Train T Tlistory = 51
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0 50 100 150 200
Epoch

3U17i 7 NINANNNIEaAETaeUUUTIABY RNNS, LSTMSs, GRUs

32 Useansninvedlasadieuseamiien [unsweinsal

USsnaush g sl

nsUseiiiudsednSanveswuuinassdinsuldnensalusunu
Wvifiszeslian 3, 6, 9, 12, 16, 18 uag 24 Falusaramtiuanadsgui

9-11 warA15199 3 Fadunsuseliumededutinisadfsiuig 3 A

WRE-51-6



g |

N15Us29u3vIN5IAINTINESWNIUA ATN 30

Fudl 28-30 woBN1AL 2568 2.UsTAIUATTUS

The 30" National Convention on Civil Engineering

May 28-30, 2025, Prachuap Khiri Khan, THAILAND

<

18uA r, RMSE uag NSE agiuindlessegnatvasnmsnensalaautin

"
a =

WuTuUseanSnmeesnisnensalazanas dunalaa1naAl r wag NSE
fifiAntioras uazAn RMSE flunntu uwuusiass GRUs anansamennsal
#fensusiugunniign Tnsdwsunisneinsalaumin 24 $2lusdu
WUUIIaBY GRUs dadetl r, RMSE uaz NSE fia 0.9649, 19.7187 uaz
0.9283 MIUAIRU WUUII@Y LSTMs SiA1as59d r, RMSE wag NSE A
0.9581, 22.3544 ag 0.9078 AUAIAU LazkuUINa0d RNNs @1
st r, RMSE way NSE Aie 0.9500, 23.5502 waz 0.8977 AINaIAU
nnswlaziuldsuuusiasssanlidnvasnisnssaefives
Foyaiivsmaunogldidunues mneanuiuvusiaesiuliien
nensaITisINIIA193 %aaamﬂﬁmﬁugﬂﬁ 8 fuandlifiuinlugaei

1N kuusiaesaznensalladnaiinle

1400
24h —— Observed

—— Predicted (RNNs)
— Predicted (LSTMs)
— Predicted (GRUs)

1200 4

1000 A

800

Q (cms)

600

400

200 A

2020-08 2020-08 2020-08 2020-08 2020-08 2020-08 2020-08
Date
1400
24h = Observed
—— Predicted (RNNs)
1200 — Predicted (LSTMs)
— Predicted (GRUs)
1000
800 4
-
g
L
= 600
400 4
200 H
0 4
T T T T T T T
2020-07  2020-10  2021-01  2021-04  2021-07  2021-10  2022-01

Date
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wuuinaey RNNs LSTMs GRUs
dalusit R RMSE NSE R RMSE NSE R RMSE NSE
3 09983 | 4.4246 | 0.9964 | 0.9950 | 8.2476 | 09875 | 0.9985 | 4.2549 | 0.9967
6 09950 | 7.4443 | 0.9898 | 0.9927 | 9.7092 | 09826 | 0.9958 | 6.9912 | 0.9910
9 0.9905 | 10.2857 | 0.9805 | 0.9896 | 11.4595 | 0.9758 | 0.9927 | 9.1281 | 0.9846
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24 0.9500 | 23.5502 | 0.8977 | 0.9581 | 22.3544 | 0.9078 | 0.9649 | 19.7187 | 0.9283
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