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R - RaAle JRAeT 1 3T Sk 3F@eial 1 YRAR AcTdel o §leT & el 7 Tocdl €M HhN
forar 81 eraifes, o W, SfET gorae A, @A R avt 3er & FROT fEEes R e arer
aut 1 AT AT (A7) F FAS W o FA B g LTI TGl I IR A arelr AT AT et
e & AU ‘FergAT goEE YU spRs GANT fag T (CHIRPS) $T 3UFeFaar T Hodiehel il
¢l 38 §As A HA § TN FHeE AR g o w Agcaqol @A giar 8, oed sraes @y
afsamol 3 SHfEF ~geietor & fov Regaer avt @A A T ggae FEA Agcaqer 8 Sdr &1 g
Heemse awt A 7 Ffad 3R Ffed At ®9 § e q@tee g €, safaw CHIRPS & fawey west
3TT & §T 7 41 RITNT auT deliehall & TIIROMcHS 3T I YA Feh 2019-2024 & AT Tt frar
T ol IRREEr & et RMSE, U gfastioia #fife (Dichotomous metric), 3R =& awt gaeiani
& 3L FXh fhar a2 A1) avt WAT AT HFEelT A 3R CHIRPS adt & o gear-3menia e
garT gred v v &, 5 a1g 3, 5, 10, 15, 20 3R 30 et & qdadt @edi & @y @gFd A ah
&1 @k faReNor (Curve analysis) faRar aram ar| &g 3 $F@eleT i T3l & IUR ) AR a9 (3-30
f3eT) & g% Reewer ¥ @A A weg B s o R g § & gadm &E (>1000 #ex) &
CHIRPS &I H&IdT forael gl T Joial & &a ¢ G favaweiar @ A o &fash awt 1 15-ad
qdadt ast & @rr Ser, S 67% FERAT AIed g5, SR FA F9 (10 e) 1 gadier @ (5%) T
HET o (500-750 HIex) A ITwcH HfAST dHgadlen &HA el | haer 20 /e Hir ggareh 7S
drar A, O SeRar & godr at & 9 & Fefipa fonar arar &, 9% goma & § f grenifs CHIRPS
IMRATSToToh &, ofehet Aeolge au I IR EEe= TRIAF Al F g @6 § &0 3= & g 3R
318 e &7 3Tt B

ABSTRACT. Early warning of landslides using remote sensing has received increasing attention in recent decades.
However, in Luwu Raya, South Sulawesi, rainfall thresholds that trigger landslides remain poorly understood due to limited
rainfall ground data. This study evaluates the suitability of the Climate Hazards Group InfraRed Precipitation with Station
(CHIRPS) to determine landslide-triggering thresholds. This lack of understanding poses significant risks to local
communities and infrastructure, making it crucial to identify reliable rainfall thresholds for landslide prediction and risk
mitigation. Because satellite rainfall estimates have varying biases, both spatially and temporally, validation was performed
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using observational data from 41 ground-based rainfall observation as reference data for 2019-2024 against CHIRPS.
Accuracy was assessed using RMSE, a dichotomous metric, and extreme rainfall indices. Rainfall thresholds were derived
by event-based matching between the landslide inventory and CHIRPS rainfall, followed by curve analysis of daily rainfall
combined with antecedent accumulations over 3, 5, 10, 15, 20, and 30 days. Thresholds were derived from curve analysis
of accumulated rainfall (3-30 days) based on flood and landslide events. Results show that CHIRPS accuracy is lower in
mountainous areas (>1000 m) than in lowlands. The most reliable threshold combined daily rainfall with 15-day antecedent
rainfall, achieving 67% accuracy, while shorter accumulation (10 days) performed poorly (5%). Central Luwu (500-750
m) showed the highest predictive potential. The identified threshold of only 20 mm/day, categorized as light rainfall in
Indonesia, suggests that while CHIRPS offers promise, further refinement is needed before satellite rainfall can be fully

applied in operational landslide early warning.

Key words — Landslide, Early warning, Extreme, CHIRPS, Luwu Raya.

1. Introduction

Landslides caused by high-intensity rainfall threaten
communities throughout the world (Dowling and Santi,
2014; Teja and Dikshit, 2019), whose frequency is
increasing due to changing of atmospheric climate (IPCC,
2014). The risk level of landslide impacts can increase due
to changes in land use, population density, and urbanization
of residents in landslide-prone areas (Gian et al., 2017;
Brunetti et al., 2018). The ability to predict the time and site
of landslides that triggered by rainfall is a challenge and an
effort to reduce the number of fatalities and other
destructive impacts. Many efforts have been made to use
rainfall threshold determination to mark the potential for
landslides, such as rainfall intensity, and duration (Aleotti,
2004).

The mechanisms of soil characteristics and their
triggering factors is the main key in predicting landslide
events and developing the early warning system for
landslides (Uhlemann et al., 2016; Segoni et al., 2018).
Identifying changes in soil pore water that can move a land
is very important, especially due to rainfall with a certain
duration and intensity (Bogaard and Greco, 2016). Some
research focuses on relation with the landslide events and
rainfall characteristics (intensity and duration) (Rosi et al.,
2019; Guzzetti et al., 2019). This method requires much
information about material properties on the surface up to
a certain depth, which is difficult and expensive to obtain
the data (Robbins, 2016), therefore, investigations are
typically limited to specific slopes or localized areas (Rossi
et al. 2017). Meanwhile, empirically, the statistical
landslide model only requires real time of data, landslide
occurrence sites and total rainfall accumulation. This model
requires complete inventory of landslide data, as well as
sufficient rainfall temporally and spatially (Robbins, 2016;
Tirani and Rabuffetti, 2010).

Generally in developing countries, rainfall data and
detailed landslide data are very limited. Apart from being
limited in location, temporal data availability is also
minimal. Landslide data is only available after the event,
and even then if the landslide that occurs becomes the
center of attention and causes casualties. Meanwhile,
rainfall data is generally only daily data, not hours or even
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minutes. The remote sensing observation for rainfall
estimates provides data that is wide in coverage, consistent
and offers fine resolution (Marra et al., 2014; Robbins,
2016). Generally, verification of satellite rainfall estimates
is carried out by comparing pixels versus points where
surface rainfall measurements are made and it has been
shown that satellite rainfall products exhibit varying levels
of accuracy (Liechti et al. 2012; Li et al. 2014; Moazamia
et al. 2013; Xue et al. 2013; Prasetia et al. 2013; Hu et al.
2014; Rahmawati and Lubczynski 2018).

Several studies have used satellite rainfall data to
examine how precipitation influences landslides, showing
its potential for risk assessment. However, before being
used for practical applications, satellite products were
usually evaluated using statistical analysis with several
parameters such as relative bias, root mean error,

correlation coefficient or identification using the
dichotomous method. Among these, the CMORPH
(Climate Prediction Center MORPHing technique),

CHIRPS (Climate Hazards Group InfraRed Precipitation
with Station data), and IMERG (Integrated Multi-satellite
Retrievals for Global Precipitation Measurement) datasets
have gained prominence due to their widespread use and
accessibility. CMORPH is a product of the NOAA Climate
Prediction Center, utilizing a technique known as morphing
to blend satellite-derived precipitation estimates with
ground-based observations. This approach produces high-
resolution (0.1°) rainfall estimates with global coverage
and a focus on capturing both convective and stratiform
precipitation patterns (Joyce et al., 2004). CHIRPS was
established at the University of California, Santa Barbara,
through the work of the Climate Hazards Group and uses a
blend of satellite imagery, station data, and topographic
information to generate gridded precipitation estimates.
Incorporating gauge-based observations allows CHIRPS
aimed at improving rainfall estimates, particularly in data-
scarce regions (Funk et al., 2015). The latest remote
sensing estimation product in tropical areas, IMERG is
originating from NASA’s  Global Precipitation
Measurement (GPM) mission, the product synthesizes data
from multiple satellite platforms using advanced
algorithms. Near-real-time rainfall estimates are provided
by IMERG at a specified spatial resolution of 0.1°,
facilitating the monitoring of worldwide precipitation



