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Abstract

‘l

n water resource

Estimating precipitation height in data-scarce regions is important for its, widg,applic
management-related topics. In this study, the performance of the Extreme G
was evaluated for predicting precipitation depth at short-term forecasting horizo
averaged precipitation, in the Karkheh River Basin. For this purpose, thwee-hdurly data on precipitation, air
temperature, and relative humidity recorded at synoptic stations during the period from January 2001 to February

stations and removing outliers. Additionally, to consider thaxgffectSnof pr
temperature from previous days on the current day’s precipitation
days were applied to the data and prepared as inputs to theanachi

Test section results showed that the prediction accuracE of t

earning model in seven different scenarios.
odel increased with the use of more historical
information; such that in the seven-day scenario, th
prediction with R?2=0.93, RMSE = 0.41 mﬁ, and MA
indices of R? = 0.46, RMSE = 1.13 mm, and E

el demonstrated more accurate precipitation time
.19 mm compared to the one-day scenario, which had
= 0.61 mm.

Keywords: Precipitation prediction, Machine ing, XGBoost, Karkheh River Basin.
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