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Abstract. Traditionally, Intensity-Duration-Frequency (IDF) curves are based on rain gauge data under the assumption of sta-

tionarity. However, only limited long time series of sub-daily precipitation data are available worldwide, making it difficult

to accurately estimate precipitation intensity for different durations and return periods, while climate change is challenging

stationarity. This study aims to better understand how the stationary assumption and data length of hourly precipitation data

influence the annual maximum intensities of precipitation events in continental Chile, a region with varying climate and topog-5

raphy that has been affected by an unprecedented drought since 2010. Five hourly gridded precipitation datasets (IMEGv06B,

IMERGv07B, ERA5, ERA5-Land, CMORPH-CDR) and 161 quality-checked rain gauges are used to compute annual max-

imum intensities (Imax, mm h−1) using the stationary and non-stationary Gumbel distribution for six return periods (2–100

years) and 11 durations (1–72 h). Bias-correction factors are applied to match the gridded Imax values with the in situ ones, and

the modified Mann-Kendall test is used to assess the trends in Imax. Annual maximum intensities are calculated for the 20-year10

period (2001–2021) for all products, while an additional 40-year period (1981–2021) is used for ERA5 and ERA5-Land to as-

sess the impact of data length. Our results revealed significant decreasing trends across Chile for CMORPH-CDR, decreasing

trends in Central-Southern Chile (32–43◦S) for ERA5 and ERA5-Land, and isolated, divergent trends for IMERGv06B and

IMERGv07B. In addition, our results show that the annual maximum intensities derived from stationary and non-stationary

models (Imax) reached its highest values in central and southern Chile, for all durations and return periods, in contrast to the15

spatial pattern of mean annual precipitation, which increases steadily towards the south. For durations of 24 hours or more, the

highest intensities are primarily found in the Andes, particularly between the Maule and Araucanía region (35-40◦S). While the

Imax values were similar for IMERGv07B, ERA5 and ERA5-Land, they were much higher for IMERGv06B and CMORPH-

CDR. The difference between stationary and non-stationary Imax values ranges from 0 to 5 mm h−1 and become smaller for

durations greater than 8 h. Despite the differences observed in the Gumbel parameters for ERA5 and ERA5-Land when using20

20- and 40-year records, the resulting Imax values showed differences with median values below 1 mm h−1. The Imax values

are available on a public and user-friendly web platform (https://curvasIDF.cl/).
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1 Introduction

Accurately estimating extreme precipitation (P ) events is crucial for various engineering, hydrology, and climate science

applications. One of the essential tools used by engineers worldwide for quantifying extreme precipitation events are the25

Intensity-Duration-Frequency (IDF) curves (Sherman, 1931; Bernard, 1932; Haruna et al., 2023), which represent statistical

relationships between intensity (precipitation depth divided by duration), duration (e.g. 30 minutes, 1 h, 24 h) and frequency of

occurrence of extreme precipitation events. IDF curves are constructed by fitting a theoretical probability distribution function

(pdf) to samples of annual maximum (AM) or peak-over-threshold (POT) precipitation data (Yan et al., 2021). These curves

are central to urban infrastructure design, stormwater management and flood risk assessment.30

Notwithstanding the assumption of stationarity in precipitation extremes, i.e., a time-invariant probability distribution, has

been widely debated in recent decades (Milly et al., 2008; Montanari and Koutsoyiannis, 2014; Koutsoyiannis and Monta-

nari, 2015; Serinaldi and Kilsby, 2015; Serinaldi, 2015; Milly et al., 2015; Beven, 2016), IDF curves are still predominantly

developed under this assumption for most engineering and practical applications. This reliance on stationarity can lead to in-

frastructure failures during extreme events in a changing climate (Cheng and Aghakouchak, 2014; Mohan et al., 2023). While35

stationarity simplifies the construction of IDF curves, it may not adequately capture climate change impacts or long-term

variability in precipitation intensities.

On the other hand, non-stationary IDF curves consider the time-dependent nature of distribution parameters and can capture

existing trends in precipitation intensity (e.g. Agilan and Umamahesh, 2018; Ouarda et al., 2019; Yan et al., 2021; Silva et al.,

2021; Vinnarasi and Dhanya, 2022; Schlef et al., 2023).40

Therefore, several approaches have been developed in the last decades for computing non-stationary intensity-duration-

frequency curves, to face changing precipitation patterns (e.g., Cheng and Aghakouchak, 2014; Agilan and Umamahesh,

2016, 2017; Salas et al., 2018; Agilan and Umamahesh, 2018; Ouarda et al., 2019; Nwaogazie and Sam, 2020; Yan et al.,

2021; Schlef et al., 2023). Among them, Schlef et al. (2023) provides a comprehensive review of IDF curves under non-

stationary conditions, including global precipitation trends, estimation methods, regionalization challenges, and uncertainty in45

design values.

While the aforementioned methods rely on stationary or non-stationary statistical models to summarise historical data,

Koutsoyiannis et al. (2024) introduced a stochastic framework that models precipitation as a random process, and provides a

probabilistic and theoretically grounded approach to estimating the relationships between intensity and duration across time

scales (durations) and return periods. This method accounts for the inherent variability and uncertainty of precipitation events50

without relying on stationary assumptions, and potentially provides more robust estimates under changing climate conditions

(Iliopoulou et al., 2024).

Regarding the data sources used to build IDF curves, traditionally they have been derived from point measurements obtained

from rain gauges installed on the ground (e.g. Chow et al., 1988; Koutsoyiannis et al., 1998; Sivapalan and Blöschl, 1998;

Watkins et al., 2005). However, point-based precipitation data obtained from rain gauges, while valuable, present limitations in55

capturing the true spatio-temporal variability of precipitation patterns, due to the relocation of stations, the use of different types
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of rain gauges, among others (Wood et al., 2000; Habib et al., 2001; Villarini et al., 2008; Gianotti et al., 2013; Pollock et al.,

2018; Morbidelli et al., 2020; Fadhel and Saleh, 2021). In particular, worldwide there is a limited availability of long time series

of sub-daily rainfall data. As a result, the true value of individual annual maximum rainfall depths might be underestimated

up to 50% for short durations, i.e., when the event duration is similar or lower than one day. The use of uncorrected series of60

annual maxima can lead to underestimations of� 10% in the resulting IDF curves (Morbidelli et al., 2017, 2020).

To overcome these limitations, gridded precipitation products have emerged in recent decades, providing spatially continuous

and temporally homogeneous datasets that offer a more comprehensive representation of precipitation dynamics (Funk et al.,

2015; Huffman et al., 2017; Xie et al., 2017; Beck et al., 2019a, b; Baez-Villanueva et al., 2020; Nguyen et al., 2020; Muñoz-

Sabater et al., 2021; Sadeghi et al., 2021; Beck et al., 2022). These griddedP products have opened up new opportunities to65

improve the accuracy and spatial representation of IDF curves, especially in regions with complex topography and climatic

variability (Endreny and Imbeah, 2009; Marra et al., 2017; Ombadi et al., 2018; Faridzad et al., 2018; Sun et al., 2019; Noor

et al., 2021; Venkatesh et al., 2022). Their improved resolution and coverage make them valuable tools for various scienti�c

and engineering applications, while also advancing our understanding of extreme precipitation events. However, estimates of

gridded precipitation products are not directly comparable to rain gauge measurements, because gridded estimates represent70

area-averaged values, which can smooth out variability.

Notwithstanding the previous limitation, in the last decades these precipitation products have been extensively evaluated

against in situ measurements (e.g., Aghakouchak et al., 2011; Ward et al., 2011; Chen et al., 2013; Duan et al., 2016; O

et al., 2017; Zambrano-Bigiarini et al., 2017; Baez-Villanueva et al., 2018; Beck et al., 2019a) and used for hydrological pur-

poses (Casse et al., 2015; Bisselink et al., 2016; Maggioni and Massari, 2018; Baez-Villanueva et al., 2020, 2021; Fernandez-75

Palomino et al., 2022; Aguayo et al., 2024). However, only a few studies have focused on the development of IDF curves from

publicly available gridded precipitation datasets for different regions (Endreny and Imbeah, 2009; Marra et al., 2017; Faridzad

et al., 2018; Ombadi et al., 2018; Sun et al., 2019; Courty et al., 2019; Noor et al., 2021; Venkatesh et al., 2022). These studies

highlight the potential of these products as an alternative to in situ rainfall data for developing IDF curves, but also describe

some challenges. Ombadi et al. (2018) mention that errors in IDF curves derived from gridded datasets are related to the ability80

of the original product to reproduce the maximum rainfall intensities and to uncertainties derived from the short length of the

data records, highlighting the necessity of bias adjustment from local rain gauges to provide accurate quantile estimates. Sun

et al. (2019) emphasise the importance of sub-daily rainfall records to obtain reliable IDF curves.

In this study, we aim to address the previously mentioned challenges by deriving IDF curves from �ve state-of-the-art

hourly-gridded precipitation datasets and 161 hourly rain gauges. In particular, we address the following research questions:85

1. What is the spatial distribution of the stationary annual maximum precipitation intensities for different durations?

2. Are there any signi�cant trends in the stationary annual maximum precipitation intensities that justify using non-

stationary IDF curves?

3. Is the difference between stationary and non-stationary IDF curves signi�cant enough to justify using a non-stationary

analysis?90
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4. What is the impact of the typical data length of precipitation products used for estimating stationary and non-stationary

IDF curves?

In other words, this study aims to better understand how the spatial distribution, temporal trends and data length of hourly

precipitation data in�uence the use of stationary versus non-stationary IDF curves in a study area with diverse climate zones

and topography. Additionally, it would provide practical guidance for hydrological and engineering applications that require a95

reliable quanti�cation of extreme precipitation events.

This article is organised as follows: Section 2 describes the study area and datasets, while Section 3 describes the method-

ology used to develop stationary and non-stationary IDF curves. Numerical and graphical results, along with an in-depth

discussion in the light of the wider literature, are described in Section 4. Concluding remarks are summarised in Section 5,

followed by practical considerations that should be considered by decision-makers.100

2 Study area and datasets

2.1 Study area

Our study area is continental Chile, with more than 4,000 km of latitudinal extension (17.5-56.5� S), from the Paci�c Ocean

in the west (� 76� W) to the Andes mountains in the east (� 66� W). It covers an area of� 756,626 km2, with elevations

ranging from sea level to 6,893 m a.s.l., encompassing four distinctive geomorphological units: coastal plains, coastal mountain105

range, intermediate depression, and the Andes mountain range. This area exhibits exceptional climatic variability (11 different

climates), ranging from hot and dry deserts in the north to polar and tundra climates in the south (Figure 1) .

To better describe the spatial patterns of extreme precipitation, we divided our study area into �ve macro-climatic zones,

slightly adapted from Zambrano-Bigiarini et al. (2017): Far North (17.5–26.0� S); Near North (26.0–32.2� S); Central Chile

(32.2-36.2� S), South (36.4-43.7� S) and Austral / Far South (43.7-56.5� S). Figure 1 shows the macro-climatic zones, elevations110

(Jarvis et al., 2008), mean annual precipitation (Muñoz-Sabater et al., 2021), and the Köppen-Geiger climate classi�cation

(Beck et al., 2023) for our study area.

2.2 Datasets

2.2.1 Rain gauges

The General Directorate of Water (DGA), the Meteorological Directorate of Chile (DMC), the Agrometeorological Network115

of the Agricultural Research Institute (Agromet) and the Center for Advanced Studies in Arid Zones (CEAZA) have more

than 600 rain gauges with hourly time series of observed precipitation in Chile. All these raw hourly records (GMT-4) from

2000 to 2021 are publicly available in the Vismet web platform (https://vismet.cr2.cl/) of the Center of Climate and Resilience

Research (CR2).
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After an exploratory analysis and basic quality control, we discarded 406 Agromet stations due to the existence of some120

anomalously large precipitation values. For the remaining 194 stations, we analysed the amount of hourly data effectively

available for several 5-year temporal periods (see supplementary material S1 in Soto-Escobar et al., 2025), which led to the

selection of 161 rain gauges with more than 80% hourly data between 01-Jan-2013 and 31-Dec-2017. Figure 1a shows the

location of the 161 selected rain gauges, which are described in Table S1 in supplementary material S1 (Soto-Escobar et al.,

2025).125

2.2.2 Gridded precipitation datasets

In this study, we initially analysed six gridded precipitation datasets. However, our analysis and results are only presented

for �ve of them, listed in Table 1. The sixth dataset, Precipitation Estimation from Remotely Sensed Information Using Ar-

ti�cial Neural Networks–Dynamic Infrared Rain Rate (PDIR-Now, Nguyen et al., 2020), was ultimately not included in this

manuscript (see details in supplementary material S2; Soto-Escobar et al., 2025). The �ve gridded precipitation datasets �nally130

used for this study are brie�y described in the following sections.

Table 1.GriddedP datasets used in this study.

P Full temporal Spatial Spatial and Product References

product period extent temporal resolution type

IMERGv06B* 2000/Jun–2021/Sep 60� N-60� S 0.10� ; half-hourly Satellite Huffman et al. (2015, 2017)

IMERGv07B* 1998/Jan–present global 0.10� ; half-hourly Satellite Huffman et al. (2023, 2024)

ERA5 1940/Jan–present global � 0.28� ; hourly Reanalysis Hersbach et al. (2018, 2020)

ERA5-Land 1950/Jan–present global 0.10� ; hourly Reanalysis Muñoz-Sabater (2019);

Muñoz-Sabater et al. (2021)

CMORPH-CDR** 1998/Jan–present 60� N-60� S 0.08� ; half-hourly Satellite Xie et al. (2017, 2018)

* Global Precipitation Climatology Centre (GPCC) monthly precipitation data for 1891–present is used for corrections.

** CPC Uni�ed Daily Gauge Analysis (over land) and the Global Precipitation Climatology Project (GPCP) pentad dataset (over oceans) are used for

corrections.

IMERG V06B Final Run

The Integrated Multi-satellitE Retrievals for GPM (IMERG) is a precipitation product developed by NASA as a part of

the Global Precipitation Measurement (GPM) mission (Huffman et al., 2015). It integrates data from passive microwave and

infrared sources to create an instantaneous precipitation estimate at a 30-minute, 0.1� resolution globally from 2000 to the135

present, allowing it to capture a wide range of precipitation events, from light rain to heavy storms (Huffman et al., 2017).

To reduce biases inherent to satellite-only retrievals, monthly satellite precipitation totals are �rst aligned with the GPCC

Monitoring Product, and then the high-resolution satellite estimates are rescaled accordingly.

5



We used the retrospective IMERG V06B Final Run dataset, hereafter IMERGv06B, which provides precipitation intensities

(mm h� 1/10) every 30 minutes, from 00:00 to 23:59 UTC+00 and from 01 Jun 2000 to 30 September 2021. To work with140

complete years only, we selected data from 01 January 2001 to 31 December 2020 (i.e., 20 years of data and 350,640 half-

hourly �les). We downloaded the half-hourly GeoTiff �les from NASA (http://pmm.nasa.gov/data-access/, access date: from

Jan-2019 to Dec-2022) using the WGS84 geodetic geographic coordinate system. Finally, we corrected the IMERG gridded

geolocation error of 0.1� (one-pixel) shift westward for all grid boxes, described in the Appendix 1 of Huffman et al. (2024).

IMERG V07B Final Run145

The Integrated Multi-satellitE Retrievals for GPM (IMERG) dataset provides global precipitation estimates at 0.1° spatial

and half-hourly temporal resolution. The latest version, IMERG V07 (released in 2023), incorporates several major upgrades

over V06B (Tan et al., 2022; Huffman et al., 2024). These include enhanced calibration of passive microwave observations,

updated CORRA and GPROF retrieval algorithms, re�ned infrared (IR) estimates with improved quality control, and better

detection of precipitation phase near freezing temperatures. Additional improvements involve expanded coverage over frozen150

surfaces, correction of the spatial offset present in earlier versions, and increased consistency across the Early, Late, and Final

runs. IMERG V07 also extends the data record back to 1998 using GridSat-B1 observations, providing more than 20 years of

uniformly reprocessed precipitation estimates from the TRMM and GPM eras. Collectively, these updates make IMERG V07

a more accurate, consistent, and globally applicable dataset than its predecessors.

Similarly to IMERGv06B, we used the retrospective IMERG V07B Final Run dataset, hereafter IMERGv07B, which pro-155

vides precipitation intensities (mm h� 1/10) every 30 minutes, from 00:00 to 23:59 UTC+00 and from Jan/1998 to present. Due

to data availability during our data processing, we downloaded data from 01 January 2001 to 31 December 2021 (i.e., 21 years

of data and 368,160 half-hourly �les). We downloaded the half-hourly GeoTiff �les from NASA (https://arthurhouhttps.pps.

eosdis.nasa.gov/gpmdata/, access date: Dec-2023) using the WGS84 geodetic geographic coordinate system.

ERA5160

The �fth Generation of the European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis (ERA5) super-

sede the previous ERA-Interim used from 2006 to 2019, and provides a comprehensive and high-quality dataset of various

atmospheric variables, including precipitation (Hersbach et al., 2020). It combines observations and model simulations, assim-

ilating a vast amount of data sources to produce hourly precipitation estimates on a regular grid with a spatial resolution of

0.25� , which allows for detailed analyses of precipitation dynamics at regional and global scales (Hersbach et al., 2020). Since165

2009, ERA5 assimilates ground-based radar-gauge composite observations over certain regions (notably the contiguous United

States), but it is not systematically bias-corrected globally using a dense rain-gauge network. We downloaded hourly data from

the Copernicus Climate Data Store (Hersbach et al., 2018).

ERA5-Land

ERA5-Land is a high-resolution reanalysis dataset that provides land-focused variables from the ERA5 system at 0.1� (� 9170

km) spatial and hourly temporal resolution (Muñoz-Sabater et al., 2021). It is speci�cally designed to represent the spatio-
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temporal dynamics of the water and energy cycles over land, including variables such as soil temperature, soil moisture, snow

cover, and vegetation properties, while ERA5 also includes ocean components. Precipitation in ERA5-Land is obtained by

linearly interpolating ERA5 forcing data onto a �ner triangular mesh, without applying bias correction to the original ERA5

�elds. Compared to ERA5, the input atmospheric variables (like temperature, humidity, and pressure) used for ERA5-Land175

are corrected for altitude differences between the ERA5 grid and the ERA5-Land grid to account for elevation effects, which

improves the representation of land surface processes (Muñoz-Sabater et al., 2021). We downloaded hourly ERA5-Land data

from the Copernicus Climate Data Store (Muñoz-Sabater, 2019).

Although ERA5 and ERA5-Land share the same underlying reanalysis, their differences in spatial resolution and land-

surface representation might have meaningful implications for characterising sub-daily extreme precipitation. Including both180

datasets allows us to assess whether the �ner resolution and enhanced land-surface processes in ERA5-Land improve the es-

timation of IDF curves compared to ERA5, providing insights into the in�uence of spatial detail on extreme precipitation

metrics. This comparison is particularly relevant for researchers and practitioners across hydrology, climatology, and water re-

sources, as it highlights potential trade-offs between computational cost, data volume, and the added value of higher-resolution

products.185

CMORPH-CDR

The National Oceanic and Atmospheric Administration (NOAA) uses the Climate Prediction Center (CPC) morphing tech-

nique (CMORPH; Joyce et al., 2004) to create near-real-time and high-resolution satellite precipitation estimates at the global

scale. CMORPH estimates are obtained exclusively from passive microwave observations from low-orbiting satellites (PMW)

and then transported in space using infrared data from geostationary satellites during periods when no direct PMW data are190

available (Joyce et al., 2004).

Unlike the original CMORPH, which does not include any bias correction, the Climate Data Record (CDR) version of

CMORPH (Xie et al., 2017, 2018) incorporates the CPC Uni�ed Daily Gauge Analysis (over land) and the Global Precipitation

Climatology Project (GPCP) pentad dataset (over oceans) to bias correct the raw integrated CMORPH satellite precipitation

estimates. These corrections ensure improved temporal consistency and spatial homogeneity, essential for long-term climate195

studies (Bates and Barkstrom, 2006).

CMORPH-CDR is a quasi-global dataset (60� N–60� S) with a spatial resolution of 8 km and half-hourly temporal frequency,

starting from 01-Jan-1998 (Xie et al., 2017, 2018). In this work, we used CMORPH-CDR version 1, hereafter CMORPH-

CDR, which is produced manually once a month with a latency of 3-4 months (Xie et al., 2018). We downloaded half-hourly

NetCDF �les from NOAA ( https://www.ncei.noaa.gov/products/climate-data-records/precipitation-cmorph, access date: Jun-200

2022) using the WGS84 geodetic geographic coordinate system.

3 Methodology

After downloading the original datasets, the half-hourly precipitation products (IMERGv06B, IMERGv07B and CMORPH-

CDR) were aggregated into hourly intervals to ensure consistency in the temporal resolution used for the subsequent analyses.
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As a basic �rst checking, all the products were able to reproduce the spatial distribution of annual mean precipitation when205

compared with the Chilean CR2METv2.5 gridded precipitation product (Boisier, 2023). All the spatio-temporal analyses were

carried out using theterra (Hijmans, 2025) andhydroRTS (Zambrano-Bigiarini and Bernal Vallejos, 2023) R packages (R

Core Team, 2024).

Figure 2 illustrates the procedure used to address the research questions outlined in Section 1:i ) estimation of annual maxi-

mum intensities for different durationsd using stationary and non-stationary statistical models, for each one of the 161in situ210

rain gauges, and for the �ve gridded precipitation datasets described in Section 2.2;ii ) computation of bias-correction factors

for each gridded dataset, to match the annual maximum intensities observed at each rain gauge;iii ) assessment of the temporal

evolution of the bias-corrected annual maximum intensities using the modi�ed Mann-Kendall trend tests;iv ) estimation of

annual maximum intensities for different durations and return periodsT and each one of the bias-corrected gridded datasets,

using both the stationary and non-stationary Gumbel probability distribution. Finally, for ERA5 and ERA5-Land, we addition-215

ally estimated annual maximum intensities using 40 (1981-2021) and 20 (2001-2021) years of hourly precipitation data, to test

the impact of the data length used in the computation of annual maximum intensities, for both the stationary and non-stationary

approaches.
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