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Multi-step Runoff Prediction in Phetchaburi River
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Abstract

Flooding in Mueang District, Phetchaburi Province, is often
caused by heavy rainfall in the area, combined with water
discharge from the Kaeng Krachan Reservoir. This results in rising
water levels in the Phetchaburi River, leading to overflow and
flooding in economic zones and residential areas. Flood
forecasting is therefore a crucial measure for issuing early
warnings and preparing response plans to minimize damage to
lives and property. This study applied deep learning models
using Recurrent Neural Networks (RNNs) to predict water flows
24 hours in advance at the B.10 runoff station, in order to
compare the efficiency of multi-step forecasting and single step
forecasting. The case study was divided into two scenarios for
predicting water discharge: Case 1 involved Multi-Step
forecasting, while Case 2 focused on Single-Step forecasting. The
results indicated that during the peak flooding season, the
model was able to forecast maximum water discharge values
closely aligned with measured values, due to the application of
the timing of peak water flows. However, the statistical indices
used to evaluate the model's performance in both scenarios
showed little difference. Specifically, when comparing forecasts
made 6, 12, and 24 hours in advance, the Nash-Sutcliffe’s
Efficiency (NSE) values for Case 1 were 0.989, 0.960, and 0.860,
while for Case 2, they were 0.984, 0.961, and 0.813. The results
highlight the effectiveness of the deep learning model,
demonstrating its potential application in forecasting water flows
in advance for effective water management planning during

flooding situations.

Keywords: Runoff Prediction, Recurrent Neural Networks (RNNs),
Deep Learning
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uenniilWuaninsmnsnszanefissrinedannisinasnnis
anvinuazaINNIINENSaTiTiIaT 6, 12 uay 24 Falusaravth Tu
n3dlfl 1 wensafusuadwindasiuuuraieganat (Multi -
Step Discharge Forecasting) waznsaii 2 wernsalusinaniviuy
qmamw‘fm (Single Step Discharge Forecasting) ﬁI%aULﬂJmTaaﬂa
thudrdounds 25 92l Fauwanslugy 6 9nguasiulddnts 2 nedl
fiandnsnisinanensaifilndidestuadnsnisinansiaiasay
wiulfannsnszaredivesgateyaiiinisdssfauuuady 45°
Tnglavgnanensaiaandilud 6 wiidledlumennsaldamii
wnFu msnensaliuulufifaunaiandeunnd iy uneld
nndeyaiimsnszanemesnainidu 45° Tuddlumennsalil 12 was
24 $alusdamii Taglurasiishsnislvatosdeyadsfinnainizngy
AURLWUILEY 45°LLam§a°z’J'a;3av‘?aaaqéTaﬁmm?Tmﬁuﬁﬁuﬁau%wqﬁ A s T
Tuvaziivasdnsnisivagsmuindnsnisinaneinsaliidgenindng

Scatter Plot for hour 6

Discharge Predicted ,cms.

o o 9 v e o Y (A
nslvansndn dunaldaingadeyainiinisnszaedilumednuuu
YoauwwndU 45° Fanandliiiuiuuuiiaeswisaensaisnyazves
ool o o C . Scatter Plot for hour 12
NINYINTUNEINIIAIATIAIN (Overprediction) 400 —
WeRNasunUszansnnvesnuuinaosnieariuszd@nsam R, S -
RMSE wae NSE teusgifiuusyansnmeusawuuinaadlunisnenseal
300 s

Usinaiiviarswei 24 $alusarewei s Salued 6, 12 was 24 &
wanslum1519f 4 iudnnsdi 1 1and 6 way 12 Falus e
NSE WU 0.989 waz 0.960 AUEGU waxnsaid 2 fif NSE Wity
0.984 uae 0.965 Mudu Feflenfuszansamvesiuudiansguas
Tndiisaty lusasd o T2lued 24 nsdl 1 waznsdlil 2 e
UszdnSamuuudnassanas laadan NSE w1y 0.860 wag 0.793
ANUAIAU uaﬂmﬂﬁyﬁawudwmmgﬂﬁawmmeﬁaan%ﬁmamm

Discharge Predicted ,cms.

A O & a X o v B ' a
WathluawennsaiiiuannTudanalaiainwulliuvesdn R way NSE # e
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Scatter Plot for hour 24
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= ] a a a o 7 aa
A1519 4 LanIAnFUUTEIUUTEENTNINYDILUUIIADININTUN 1 hag

nyein 2
sudiussfiuussansnmnuuudnass 3 1 N3t 2
R 0.994 0.993
Falusdi 6 RME 2.321 2.768
NSE 0.989 0.984
R 0.983 0.984
oo RME 4.405 4.145
Faluedl 12 0
NSE 0.960 0.965
R 0.944 0.951
e 20 RME 8.270 10.011
NSE 0.860 0.793
4. unasd

nan1swensalusunasivingramidn 24 Falucluituil e
w3 TnglduuudnaenisBeuiiddnlasigdssamidienuuuiu
n&u (Recurrent Neural Networks, RNNs) 39ufiuni1susgendldiia
nafindnvigean Tnefiansan 2 nsdife nsdifl 1 neansaiuiun
137viﬂﬁaawﬂ;'fmuwawagﬂnm (Multi - Step Discharge Forecasting)
nseif 2 Wmﬂiiﬁﬂ%mm‘ljﬂﬁmmmLﬁEJ’J (Single Step Discharge
Forecasting) Tngvinn siuSsuiiisunaniswennsalusunaiinn
At s Falusil 6, 12 way 26 wuimsnensalsverdy Tugaa
e Falusdl 6 wardlusdl 12 n3dlfl 2 SAUszAnsamuuusiaes
fnd1 wiluniswennsaiszezens 24 Faluaarand nsdld 1 den
Usyansnmuuusiassnninnsaii 2
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