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Comparative study of ANN and XGBoost in Water Level Prediction: A Case Study of the Pasak River in Thailand

o (9

2 a1
gIfana nuIua

@ _d v d)
naz oigg lesumSng

o @ a @ a @ @ aa o @ a a @ a @ o
lunﬁﬂymaﬂ’gmmmmﬁmumummm msiamsuianssuma lulatatna Tausniaine1ds unInedowSoo1nud popwandee@gmail.com

P o w a o A o o an o o A A o N o ¢
Zamﬁaﬂ3:mﬂanqmmmmﬁmwmmmm mstamsuianssumaluladaina Tasfiainerds unIneaoodooinud nuto@sau.ac.th

U 1

unnnage
o a H v
dszmalnedszauidymdosssumnaviaunaniilugguds
a2 R -] Y Yy
Tuvazmimanlugausgu msmamsaszanihalamiidedis
1o 2 o P} o = A o 3
siudiailuanuimmelunssuiumsdagula mearuauszauii
' 2 ' Y o A = Y A o
Tumihaeais q Wegluszauiiminzay soudamsusudousy
' y A = a o ¥y 3 Y 1A
arnih eaaransznunazimanindeiudwazimon 1dediad]

B Y v 1L
daz@niamw sueh llgmsusmssamaniwenaiededatu

ao Ay yr = ~ ~ ] A .
\1WH’JﬂUu"lﬂi,,!\iﬁﬂH'IWIﬂuﬂﬂ'lﬂiﬂug”llﬂxﬂﬂiﬂxi (Machine
Learning) #2015 198ane3 v 1d5ua11ution 141A Artificial
Neuron Network (ANN) ita ¢ Extreme Gradient Boost (XGBoost) Tay

1A ' A 4
IFdoyaanmernannaniilfasusnaugquuiithdnaeunu e

M . M ,
Wfﬂﬂiiﬁi%ﬂﬂu'ﬁHﬂﬁ\iﬂinmﬁﬂ1ﬁ'f]ﬂi$ﬂﬂu1 PAS004 %Qiuﬁ’ﬂﬂ
s .
NOMNARNTZAUNURAY 61.89 W, FIGN 68.23 U, HAZAIGA 58.96 .
a a a 91 A A o C4

ﬂ'ﬁuﬁﬂiﬂ.‘ﬂﬂﬂﬂi?éﬁ“/l‘ﬁﬂ'I‘WGl"]fﬂ1ﬂ31ﬂﬂﬁ1ﬂ!ﬂﬁﬂumaﬂﬁﬂﬂuim Mean
Absolute Error (MAE) wamiwﬂamwuiﬁ'ana?ﬁn ANN IR

o o oy Y YA o '3
aNDINY XGBoost mmmwmﬂim“lﬂ%mmmu AANIINEINITY

H A

sz o nariinensal (a1 o wuusiaefiadndiesanei iy
ANN A 1AINAa AT wIRA s AUy 8] MAE 1D 2.42 33,
Fane3 i XGBoost iif1 MAE i1y 3.14 wu. TaefisaneSiu ANN
1$mirenusveuniesnouiiuaefuazldnarlunszuiuns

Foufunnidane3 iy XGBoost

Y

o o w a v 4 s o ¥ 13
AMAINTY: NITLITYUIVDAUATDI MINYINTUITAVUN udithdn

Abstract

Flooding and drought are some of the natural disasters in Thailand.
It is a challenge to manage water resources to control the water level.
However, many dams have been built to sufficiently hold Thailand's wa-
ter resource reservation in the dry season. Oversupply water retention
lead to flooding in the rainy season. Accurate forecasting of water level
is, therefore, one of the important factors to make a decision-making pro-
cess in controlling water level. This research aims to study machine learn-
ing techniques for water level prediction in the Pasak River basin. Ex-
treme Gradient Boosting, a useful machine learning technique, has been

implemented. Water level and precipitation of stations PAS001, PAS002,

available online May 1, 2023.

PASO003, and PAS004 are variables, and water level in PAS004 is the
target prediction. The study found that ANN and XGBoost algorithm are
accurate in predicting water levels. The evaluation means absolute error
(MAE) by ANN is 2.42 cm. and XGBoost is 3.14 cm. The ANN algo-
rithm uses computer’s memory much more and takes time for learning

process longer than XGBoost.

Keywords: Machine learning, Water level prediction, Artificial Neuron

Network, XGBoost
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