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Abstract. Remotely sensed or model-based gridded precipitation products are increasingly used for hydrological assessments, 

especially in data scarce regions. However, their coarse spatial resolution often limits the accurate representation of daily 10 

rainfall variability and extremes, particularly in complex mountainous terrain. To address this, several methods have been 

developed to downscale these products and improve their spatiotemporal representation. In the Peruvian Andes, sparse and 

discontinuous rain gauge networks have led to a strong reliance on satellite-based precipitation products for hydrological 

assessments, despite persistent uncertainties in their spatio-temporal accuracy. In this study, we developed daily downscaled 

precipitation datasets covering the Andean region of Peru based on the Global Precipitation Measurement (GPM) IMERG 15 

product using parsimonious relationships, including exponential regression (EXP) and geographically weighted regression 

(GWR), incorporating environmental covariates such as NDVI, topography, and geographical location. These downscaled 

datasets were evaluated against in situ meteorological stations and benchmarked against regionally optimised products, such 

as PISCO and Rain4PE, using statistical performance indices, indicators of overall rainfall pattern representation, and extreme-

value metrics. Results show that Rain4PE achieves the highest overall performance with a median Kling-Gupta Efficiency 20 

(KGE) of 0.67, whereas PISCO faces some limitations with overall performance (median KGE ≈ 0.25), but it excels at 

representing extreme precipitation. GPM-based datasets exhibit systematic limitations in both temporal coherence and 

detection of extremes. The GWR approach enhanced spatial detail while preserving the performance of the source GPM dataset 

(median KGE ≈ 0.28), outperforming the simpler EXP (median KGE ≈ 0.21) method without degrading temporal coherence 

and extreme-event representation. These findings highlight the potential of parsimonious downscaling strategies to improve 25 

precipitation datasets in complex, data-scarce mountainous regions, while underscoring the continued importance of regional 

gauge-informed products. 
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1 Introduction 

To adequately assess the hydrological processes of a watershed, the quality of the input data is essential. In the case of Peru, 

the continuity and quality of precipitation time series are associated with different uncertainties that compromise the quality 30 

data of conventional rainfall station data (Hunziker et al., 2017). In the highlands and rainforest regions in particular, there is 

a low density of pluviometry stations (SENAMHI, 2017), which could lead to an inadequate spatial representation of rainfall, 

considering that even within the same pixel in the same Andean area comparisons between rainfall measurements showed 

around 5 to 7% differences (Padrón et al., 2020). Therefore, biased or uncertain results are likely when applying this data to 

more specific purposes (e.g., hydrological modelling). Due to the limited availability and spatial density of climate data, 35 

satellite-based precipitation products have been produced, such as PISCO (Aybar et al., 2020; SENAMHI, 2017), Rain4PE 

(Fernandez-Palomino et al., 2021), NASA’s Tropical Rainfall Measuring Station (TRMM), and Global Precipitation 

Measurement (GPM), the latter of which is the most recent and provides global coverage, including tropical and subtropical 

regions (Blumenfeld, 2015). GPM’s Integrated Multi-satellitE Retrievals (IMERG) processes raw satellite measurements into 

‘Early’, ‘Late’, and ‘Final’ products, each with a higher processing level (Huffman et al., 2014). The final product is agrid of 40 

half-hourly, daily, and monthly precipitation data at a 0.1° × 0.1° resolution. 

Studies around the world have evaluated and assessed these types of products for use in hydrological assessments; some have 

found that products developed before GPM (e.g., TRMM, National Oceanic and Atmospheric Administration Satellite-Based 

Rainfall Estimates, PERSIANN) can adequately represent the monthly discharges of a watershed, when used as an input for 

rainfall in hydrological modelling. However, the daily values were usually over- or under-estimated, and usually presented a 45 

bias (Artan et al., 2007; Su et al., 2008). Furthermore, provided the grid size of the product, performance is usually better in 

larger catchments (Yilmaz et al., 2005). 

The GPM product undergoes multiple stages of processing and is available at different temporal frequencies. Daily and sub-

daily GPM rainfall estimates perform better than their predecessor, the TRMM, for hydrological modelling in China (Tang et 

al., 2016), which is a significant improvement for this purpose. In addition, the product was used to generate probability 50 

distribution functions, and the results were comparable to those obtained from ground stations. However, systematic bias, 

overestimation of peak flows, and delayed diurnal peaks were detected. The representation of dry areas was the weakest point, 

indicating that improvements were warranted (Tang et al., 2016). GPM has shown good performance in mid- to low-latitude 

mountain regions, particularly at altitudes below 3000-4000 m, as opposed to higher-range mountains (Sun et al., 2022). A 

study conducted in Malaysia using the SWAT model in combination with GPM to simulate a significant flood in 2014-2015, 55 

compared the different processing stages of the GPM product, and showed that the final stage (IMERG_F) of the daily 

precipitation estimation outperformed simulations using ground station data (Tan et al., 2018). However, GPM’s resolution 

may be too coarse to represent basin-scale hydrology, and studies have shown that the quality  of the spatial representation of 

rainfall significantly influences hydrological analysis, particularly in hydrological models (Immerzeel et al., 2009). 
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Furthermore, hydrological assessments generally perform better when spatially distributed datasets are used instead of point 60 

data (i.e., ground-based meteorological measurements) (Guo et al., 2004; Smith et al., 2004). 

In the Peruvian Andes, similar results to those from other regions of the world have been observed for the performance of 

satellite precipitation products (SPPs). Studies have found that the TRMM multi-satellite precipitation analysis (TMPA) can 

capture the most prominent seasonal patterns in the Andean region. However, it generally fails to do so on a daily basis. There 

is improved performance with temporal aggregation, where deficiencies in the detection of orographic rainfall are one of the 65 

main drawbacks (Ochoa et al., 2014; Scheel et al., 2011). Derin et al. (2019) evaluated GPM- and TRMM-based precipitation 

products across multiple mountainous regions, including the Peruvian Andes. The authors found patterns consistent with 

previous studies, noting the good performance of the GPM IMERG_F product over annual scales, which reduces at higher 

temporal resolutions. In addition, the inclusion of orographic rainfall correction methods, as occurs on the Global Satellite 

Mapping of Precipitation (GSMaP) product, significantly increased quantitative detection of rainfall in these regions. 70 

Given the generally adequate accuracy but low spatial resolution of the GPM product, several methods have been proposed to 

downscale it to a finer spatial resolution. There is a relationship between the Normalized Difference Vegetation Index (NDVI) 

and precipitation at different spatial and temporal scales (Davenport & Nicholson, 1993; Immerzeel et al., 2005; Malo & 

Nicholson, 1990), which forms the basis of the downscaling method (Immerzeel et al., 2009). In this method, an exponential 

equation is used to relate higher-resolution NDVI data to annual rainfall derived from TRMM. Once the relationship has been 75 

established, the equation can be used to generate a high-resolution annual rainfall grid. Furthermore, NDVI and elevation were 

used with a multi-linear regression approach to down-scale the GPM instead of the TRMM (Jia et al., 2011). Many other 

studies have proposed downscaling algorithms based on the relationship between NDVI and rainfall as a base and elevation as 

a secondary variable, applying geographically weighted regression (GWR; Xu et al., 2015; Zhan et al., 2018) which allows the 

downscaling to be applied to a monthly time step, or a boosting decision tree-based approach, or similar machine learning 80 

techniques (Chen et al., 2020; Shen & Yong, 2021). The latter approach yields a robust method, particularly in regions with 

pronounced elevation gradients. However, the results are only reliable for the calibration period. In general, machine learning 

techniques provide better results than parametric methods (e.g., exponential regression and GWR). However, when corrected 

using residuals, parametric methods perform equally well and have the advantage of being grounded in physical relationships 

that extend beyond the calibration period of the algorithm, whereas machine learning methods do not. 85 

While several satellite-based and gauge-corrected precipitation products exist, most studies find that performance is adequate 

at low spatial resolutions. Yet, it remains unclear whether simple downscaling methods can increase spatial resolution without 

degrading temporal performance, thereby improving the assessment of daily rainfall and extreme event representation in data-

scarce regions where the low resolution of existing products is insufficient. Previous studies applied the correlation between 

NDVI and precipitation across various temporal and spatial scales was to derive a relationship for downscaling the GPM 90 

product. Despite the extensive development of NDVI-based and terrain-informed downscaling methods, it remains unclear 

whether simple, physically informed and parsimonious approaches can enhance the spatial resolution of daily satellite-based 

precipitation products without degrading temporal coherence, precipitation detection skill, and extreme-event representation. 
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This uncertainty is particularly acute in complex, data-scarce mountainous regions such as the Peruvian Andes, where both 

calibration and validation are constrained by sparse and heterogeneous station networks. As a result, the practical value of 95 

applying simple downscaling strategies relative to regionally optimized, gauge-corrected products remains insufficiently 

tested. We addressed this gap by developing two GPM-based, downscaled daily precipitation datasets at 0.01° resolution using 

different parsimonious downscaling approaches, compared the results with two other gridded datasets developed for Peru 

(PISCO and Rain4PE), and evaluated all datasets against daily observations and indicators associated with extreme event 

occurrence. The analysis focused on the Peruvian Andes, where complex topography and sparse station networks pose 100 

significant challenges for accurately representing rainfall. Through this analysis, we assessed the effectiveness of parsimonious 

downscaling algorithms in enhancing rainfall representation in the Andes region. Moreover, we provided a comparative 

benchmark against existing national ground-based and satellite-derived gridded datasets. 

2  Study Area  

The study area was defined by selecting a total of 12 national basins, as defined by the National Service of Meteorology and 105 

Hydrology of Peru (SENAMHI). These basins are located in the Andean region of Peru (Figure 1), and cover an area of 

approximately 970 km2, with elevations ranging from 170 to more than 6000 meters above sea level. The regions were selected 

based on an assessment of the availability of local data on daily precipitation, taking into account both temporal and spatial 

coverage. 

 110 

Figure 1: Region of Analysis, national basins and local meteorological stations (a), environmental regions of Peru (b), 

and topography (c). Basemap from OpenStreetMap contributors, Open Database License (ODbL). 
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The study area falls within two recognized environmental regions of the country, the Mountainous Region and the Jungle. 

However, the section that falls within the Jungle area represents the transition between the mountainous ecosystem and the 

Amazon forest. In this sense, the area encompasses a variety of multiple environmental and topographic conditions and settings 115 

found in the Peruvian Andes. 

3 Materials and methods 

3.1 Datasets 

3.1.1 Precipitation 

Multiple datasets (Table 1) were used in this study for daily precipitation, based on satellite-based precipitation products, 120 

meteorological station corrected gridded datasets, and in situ observations. Among them, PISCOp v2.1 is a gridded rainfall 

product developed by SENAMHI for Peru, providing daily and monthly precipitation fields at 0.1° spatial resolution. It blends 

satellite-based products with rain-gauge observations and applies bias corrections to improve consistency with ground data, 

including adjustments to enhance daily estimates (Aybar et al., 2020). Compared with earlier versions, PISCOp v2.1 

incorporates more stations and refined corrections, resulting in more reliable rainfall patterns and magnitudes, and is therefore 125 

widely used for hydrological and climate applications in the region. 

Table 1: Precipitation data utilized in the study: Entirely satellite-based (S) precipitation data, completely/partially 

corrected datasets using gauge (G) data. 

Dataset 

(version) 

Type Spatial 

resolution 

Spatial 

coverage 

Temporal 

resolution 

Temporal 

coverage 

Source 

Gauge-corrected datasets  

PISCOp (v2.1) S, G 0.1° Peru Daily 1981-2016 Aybar et al. (2020) 

Rain4PE  S, G 0.1° Peru-Ecuador Daily 1981-2015 Palomino et al. (2021) 

Non-gauge corrected datasets 

GPM 

IMERGF (v6) 

S 0.1° Global Daily 2000-present  

Meteorological Stations 

Local Stations - - Peru Daily 2000-2018 Autoridad Nacional del 

Agua (ANA) 

 

Rain4PE is a daily gridded precipitation dataset for Peru and Ecuador (1981–2015) developed using a combination of satellite-130 

based products, reanalysis products, and ground observations merged through machine learning (Fernandez-Palomino et al., 

2021). Subsequent hydrological corrections were applied to catchments where rainfall had been underestimated, improving 
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the consistency of the water balance. This approach yields a product that is spatially robust that more accurately represents 

rainfall dynamics across the Andes and Amazon than commonly used datasets, thereby supporting hydrological and climate 

applications in the region. 135 

The GPM IMERGF dataset is the successor to TRMM and forms part of NASA’s Global Precipitation Measurement mission, 

which provides high-resolution estimates of global rainfall and snowfall. Building on TRMM’s foundation, GPM extends 

spatial coverage beyond the tropics and improves the detection of light rain, snow, and microphysical precipitation features 

(Gabella et al., 2017; Sun et al., 2022). IMERG products offer a spatial resolution of 0.1° and temporal coverage ranging from 

sub-hourly to 3-hourly, with Early, Late, and Final versions supporting near-real-time monitoring and post-processed analyses. 140 

This makes IMERG a key global dataset for hydrological, meteorological, and climatological applications. 

Finally, ground-based meteorological stations from the meteorological monitoring network in the study area were utilised, 

operated by the National Service of Meteorology and Hydrology of Peru (SENAMHI). A total of 159 conventional 

meteorological stations are present in the region, which measure different variables daily, depending on their configuration. 

However, of these stations, only 70 have reliable data that overlap with the periods covered by the other datasets (PISCO, 145 

RAIN4PE, GPM IMERGF). Unfortunately, most of these stations are no longer operational, resulting in a lack of information 

on the area's climatology for future studies.  

3.1.2 Topography and Vegetation 

For all analyses, a 12.5 m-resolution Digital Elevation Model (DEM) was used. This DEM is the ALOS PALSAR-RTC product 

(ASF DAAC, 2014). Additionally, the 16-day average Normalized Difference Vegetation Index (NDVI) product from MODIS 150 

TERRA (Didan, 2021) was obtained and processed to yield a yearly mean for the period 2000-2018, calculated using Google 

Earth Engine (GEE) across Peru.  

3.2 Downscaling procedures 

Multiple downscaling procedures were applied tothe GPM product. All of these methods used NDVI as the primary 

explanatory variable to derive precipitation at the resolution of the NDVI product (0.01°). Two different regression methods 155 

were used: Exponential Regression (EXP) and Geographically Weighted Regression (GWR). The downscaling procedures 

were based on the methods developed by Immerzeel et al. (2009) for EXP, and Oshan et al. (2019), Zhan et al. (2018) and 

Foody (2003) for GWR.  

All applied methods assumed that NDVI correlates with precipitation across temporal and spatial scales. A relationship 

between the two variables can be derived, either exponential or multilinear, by incorporating additional explanatory variables 160 

to account for the spatial variability of this relationship (i.e., the grid cell's geographical location). 

https://doi.org/10.5194/egusphere-2026-604
Preprint. Discussion started: 2 April 2026
c© Author(s) 2026. CC BY 4.0 License.



7 

 

 

Figure 2: Peru’s Yearly Precipitation based on GPM IMERGF v06 product for 2020 (a). Peru’s Yearly Mean NDVI 

for 2020 (b). 

3.2.1 Exponential Regression (EXP) 165 

First, an annual downscaling was performed. The annual mean NDVI was compared with the annual rainfall of the GPM for 

the period 2001-2020 for different resolutions (0.10°, 0.25°, 0.50°, 0.75°, 1.00°, 1.25°) to identify the scale at which the NDVI–

precipitation relationship was strongest. The original resolutions of the datasets are 0.01° and 0.10°, respectively; grid-cell 

averaging was applied for rescaling. For each resolution, an exponential regression of NDVI on GPM precipitation was fitted, 

and outliers associated with non-precipitation-limited vegetation, i.e., water bodies, urban areas, irrigated agriculture, or 170 

deserts, were removed. The regression with the best fit (i.e., the highest R²) occurred at 0.75° and was used as the basis for 

downscaling.  

At the native low GPM resolution of 0.10° (LR), exponential regression was applied to estimate precipitation from NDVI (Eq. 

1). 

 𝑷𝒆(𝑵𝑫𝑽𝑰𝑳𝑹) = 𝒂 ∙ 𝒆𝒃∙𝑵𝑫𝑽𝑰𝑳𝑹     (1) 175 

where 𝑃𝑒(𝑁𝐷𝑉𝐼𝐿𝑅) is the NDVI-based yearly rainfall (mm year-1) for low resolution (LR), a and b are the exponential 

regression coefficients, and 𝑁𝐷𝑉𝐼𝐿𝑅  is the yearly mean NDVI for LR. 

The following step was the estimation of a residual for LR (Eq. 2). The residual between observed GPM precipitation and 

NDVI-based estimates was interpreted as the portion of rainfall not explained by vegetation patterns. 

 ∆𝑮𝑷𝑴𝑳𝑹 = 𝑷𝑮𝑷𝑴 − 𝑷𝒆(𝑵𝑫𝑽𝑰𝑳𝑹)     (2) 180 

where ∆GPMLR is the LR residual, interpreted as the amount of rainfall that the regression function cannot explain. The residual 

for high resolution (HR), ∆GPMHR , with a resolution of 0.01°, was obtained by resampling ∆GPMLR  with a cubic spline 

interpolation algorithm. This HR residual was added to the high-resolution NDVI-derived precipitation estimate (Eq. 3) to 

ensure consistency with the original GPM totals. 
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The next step was to estimate the NDVI-based precipitation at high resolution (HR) (Eq. 3). 185 

 𝑷𝒆(𝑵𝑫𝑽𝑰𝑯𝑹) = 𝒂 ∙ 𝒆𝒃∙𝑵𝑫𝑽𝑰𝑯𝑹     (3) 

The final downscaled yearly rainfall was 𝑃𝑒(𝑁𝐷𝑉𝐼𝐻𝑅) corrected by the HR residual (Eq. 4). 

 𝑷𝒚𝒅𝒔 = 𝑷𝒆(𝑵𝑫𝑽𝑰𝑯𝑹) + ∆𝑮𝑷𝑴𝑯𝑹     (4) 

A parsimonious approach was used to temporally downscale annual to daily precipitation, employing a scaling coefficient to 

derive daily precipitation from annual precipitation. 190 

First, the coefficient was found using the LR GPM data (Eq. 5). 

 𝑪𝒅𝑳𝑹𝒊,𝒋 =
𝑷𝒅𝑳𝑹𝒊,𝒋

𝑷𝒚𝑳𝑹𝒋
      (5) 

Where CdLRi,j is the daily coefficient for the day i of the year 𝑗, PdLRi,j is the GPM’s LR daily precipitation for the day i of 

the year 𝑗, and PyLRj is the GPM’s LR yearly precipitation for the year 𝑗. This coefficient was derived from LR data at a 

resolution of 0.10° and subsequently interpolated to 0.01° to incorporate spatial variability at higher resolutions. The HR daily 195 

coefficient CdHRi,j was derived by resampling the LR coefficient with a cubic spline interpolation algorithm. Finally, the daily 

downscaled rainfall was derived using Eq. 6. 

 𝑷𝒅𝒅𝒔𝒊,𝒋
= 𝑷𝒚𝒅𝒔𝒋

∙ 𝑪𝒅𝑯𝑹𝒊,𝒋     (6) 

Where Pderi,j
 is the downscaled, daily precipitation for the day i of the year 𝑗 and Pydsj

 is the downscaled yearly precipitation 

for the year 𝑗. The resulting dataset is referred to as GPM-EXP. 200 

3.2.2 Geographically Weighted Regression (GWR) 

The GWR approach extends the EXP method by explicitly accounting for spatial heterogeneity in the precipitation–NDVI 

relationship. The GWR downscaling method first resampled annual-averaged coarse-resolution NDVI and Digital Elevation 

Model (DEM) data from their native high-resolution resolutions (0.01° and 30 m, respectively) to the geographical grid of the 

original low-resolution GPM dataset at 1.00°.  205 

An optimization routine was implemented (Eq. 7), utilizing the DEM, NDVI, and geographical location as explanatory 

variables for GPM precipitation at LR: 

                              𝑷𝑮𝑷𝑴 = 𝝋𝑵𝑫𝑽𝑰 ∙ 𝑵𝑫𝑽𝑰𝑳𝑹 ∙ 𝜹 + 𝝋𝑫𝑬𝑴 ∙ 𝑫𝑬𝑴𝑳𝑹 ∙ 𝜹 + 𝝋𝑶 ∙ 𝜹 + 𝜺𝑳𝑹     (7) 

Where 𝑷𝑮𝑷𝑴 is the observed yearly precipitation, 𝑂 is the geographical location variable, 𝜺𝑳𝑹 is a residual at LR, with 𝝋𝑵𝑫𝑽𝑰, 

𝝋𝑫𝑬𝑴, 𝜹 as coefficients for optimization, which vary spatially and per year.  210 

The LR residual was used to derive a HR residual (𝜀𝐻𝑅) by applying a spline interpolation from 1.0° to 0.01°. Finally, the 

yearly HR precipitation was calculated based on the previous steps (Eq. 8), for each year of the studied period. 

                      𝑷𝒚𝒅𝒔 = 𝝋𝑵𝑫𝑽𝑰 ∙ 𝑵𝑫𝑽𝑰𝑯𝑹 ∙ 𝜹 + 𝝋𝑫𝑬𝑴 ∙ 𝑫𝑬𝑴𝑯𝑹 ∙ 𝜹 + 𝝋𝑶 ∙ 𝜹 + 𝜺𝑯𝑹      (8) 
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The final step was to downscale the annual HR to daily precipitation. As with the EXP method, daily precipitation was derived 215 

by applying interpolated daily scaling coefficients from the GPM dataset to the downscaled annual precipitation (Equations 5 

and 6), yielding a daily HR GPM-GWR precipitation dataset at 0.01° resolution. 

3.3 Evaluation Metrics for Gridded Datasets 

The downscaled datasets and reference products were evaluated against meteorological station observations at a daily time 

step using various performance metrics (Table 2). The period of evaluation matches the availability of local stations (2000 – 220 

2018) as described on Table 1. A ‘point-to-pixel’ comparison was conducted, whereby the gridded dataset was sampling at the 

meteorological station locations. The Percent Bias (PBIAS), Root Mean Square Error (RMSE), and the Pearson Coefficient of 

Correlation (r) were used to assess the statistical performance of the datasets in representing observations. In addition, 

precipitation detection skill was evaluated using commonly applied forecast performance indices : the Critical Success Index 

(CSI), Frequency Bias Index (FBI), False Alarm Ratio (FAR), and Probability of Detection (POD) (Su et al., 2008; Tang et 225 

al., 2016; Xu et al., 2017; Yu et al., 2022). 

 

Table 2: Summary of Evaluation Metrics for Gridded Datasets 

Type Indicator Range Ideal value 

Statistical Performance Index 

Percent Bias (PBIAS) -α to +α 0 

Root-Mean-Square-Error (RMSE), 0 to α 0 

Coefficient of Correlation (r) 0 to 1 1 

Forecasting Index 

Critical Success Index (CSI) 0 to 1 1 

Frequency Bias Index (FBI) -α to +α 1 

False Alarm Ratio (FAR) 0 to 1 0 

Probability of Detection (POD) 0 to 1 1 

 

Performance indices typically use the concept of hits, misses, or false alarms. A hit represents a correct prediction of the 230 

occurrence of precipitation, while a miss is a non-prediction, and a false alarm is an incorrect prediction of the occurrence. In 

that sense, the CSI, sometimes referred to as Threat Score, represents the ratio of hits to misses and false alarms; FAR measures 

the proportion of false alarms to hits; and POD represents the proportion of hits to false alarms (Wilks, 2006). Moreover, the 

FBI measures the tendency of the dataset to under- or overforecast (Bougeault, 2003), defined as the ratio of the sum of 

forecasts (i.e., hits and false alarms) to occurrences (i.e., hits and misses). 235 

An important aspect in calculating the CSI, FBI, FAR, and POD is the threshold for daily precipitation, which determines 

whether the measurements detect a real rainfall event. This is typically done to filter out noise in the GPM timeseries caused 

by the satellite’s sensor. Any day in the time series with precipitation exceeding this threshold was classified as a rainfall event; 
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days with precipitation below this threshold were classified as without rainfall. Rainfall occurrence was defined using a daily 

threshold of 2.5 mm day-1, based on the World Meteorological Organization’s classification categories for rainfall (World 240 

Meteorological Organization, 2018), which define an event with an intensity of less than 2.5 mm hour-1 as light rain. Because 

the comparison was based on cumulative daily values, a cumulative daily value less than 2.5 mm is likely to correspond to an 

event or events with an intensity of 2.5 mm hr-1 or less.  

3.4 Indicators for Extreme Values 

The capabilities of the downscaled datasets and the PISCO and Rain4PE products for detecting occurrences of extreme events 245 

were evaluated for the same period using six precipitation indices defined by the Expert Team on Climate Change Detection 

and Indices (ETCCDI; Peterson, 2005) (Table 3). The indices both frequency-based and amount-based extremes, including 

consecutive dry and wet days, heavy and very heavy precipitation days, and high-percentile rainfall totals. Indices were 

calculated for both the gridded datasets and the meteorological station observations. The gridded dataset-derived indicators 

were validated against the observed data-derived indicators using the coefficient of correlation (r). This approach emphasizes 250 

the temporal consistency of extreme-event representation rather than absolute magnitude alone. 

 

Table 3: Summary of ETCCDI indicators to evaluate extreme events 

Type Name Definition 

Frequency 

Consecutive Dry Days (CDD) 
Number of consecutive days with precipitation < 1mm in 

a year. 

Consecutive Wet Days (CWD) 
Number of consecutive days with precipitation > 1mm in 

a year. 

Number of heavy precipitation days (R10) Number of days with precipitation > 10mm in a year. 

Number of very heavy precipitation days (R20) Number of days with precipitation > 20mm in a year. 

Amount 

Very wet days (R95p) 
Annual total precipitation when daily precipitation > 95th 

percentile. 

Extremely wet days (R99p) 
Annual total precipitation when daily precipitation > 99th 

percentile. 

4 Results 

4.1 General performance of precipitation datasets 255 

The distribution of daily precipitation values revealed systematic, dataset‑specific differences relative to ground observations 

(Figure 3). Among all products, Rain4PE and PISCO showed the closest agreement with the observed distributions, 
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successfully reproducing both the central tendency and the overall spread of daily rainfall. Rain4PE and PISCO show a 

generally higher median as well as a more extended interquartile range. This suggests that these datasets tend to estimate small 

amounts of rainfall in situations where gauge stations register no rainfall, and they tend to represent more moderate-to-high 260 

rainfall occurrences, leading to a higher third-quartile value of approximately 4-5 mm per day compared with observations, 

which remain at 2.5 mm. The GPM and GPM-GWR products show a similar distribution, with the median closer to 

observations (close to zero) and a similar interquartile range. However, they still exhibit a slightly different distribution, with 

more data points concentrated near 2 mm per day, similar to Rain4PE and PISCO. Finally, the GPM-EXP dataset has a median 

and quartiles near the observations; the distribution differs from those of all datasets, with a generally wider distribution for 265 

moderate-to-low precipitation values, which may indicate an even stronger tendency to overforecast low precipitation values 

in no-rainfall days. 

 

Figure 3: Distribution of daily precipitation values across all datasets (right) compared to local observations (left). 

The dotted line represents the median, and the dashed lines represent the first and third quartiles. 270 

The statistical performance metrics further emphasized these contrasts (Figure 4). Rain4PE achieved the highest correlation 

coefficients, indicating strong temporal agreement with observations, while PISCO exhibited the lowest correlations despite 

its good representation of rainfall magnitudes, suggesting weaker day-to-day variability. The downscaled GPM products (EXP 

and GWR) showed intermediate correlation values, with GPM-GWR outperforming GPM-EXP. Root‑mean‑square error 

(RMSE) was lowest for Rain4PE and PISCO, confirming their superior accuracy in reproducing daily rainfall magnitudes, 275 

whereas the original GPM products exhibited the largest deviations. Percent bias (PBIAS) revealed that Rain4PE and PISCO 

maintained near‑zero median bias, while GPM‑IMERGF strongly underestimated rainfall and GPM‑EXP tended to 

overestimate it. Kling–Gupta efficiency (KGE) was highest for Rain4PE, although it showed substantial variability across 

stations. GPM‑GWR showed moderate efficiency, PISCO performed intermediate, and both GPM‑EXP and GPM‑IMERGF 

exhibited low and unstable KGE values. 280 
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Figure 4: Distribution of performance daily statistics across all datasets, considering r (a), RMSE (b), KGE (c) and 

PBIAS (d). For each box plot, the central line represents the median (50th percentile). Successive nested boxes denote 

progressively wider quantile ranges, starting from the interquartile range (25th–75th percentiles) and extending 285 

outward by repeatedly halving the remaining data (e.g., 12.5th–87.5th, 6.25th–93.75th percentiles). Box widths reflect 

the density within each quantile band. 

Spatial patterns of performance further emphasize these contrasts (Figure 5). Rain4PE showed the strongest overall spatial 

performance, with consistently high correlation and very low bias across most stations, indicating strong agreement with both 

daily variability and rainfall totals. GPM-GWR performed reasonably well, with greater spatial variability, showing good 290 

results in several areas while exhibiting moderate bias and localized higher errors. PISCO performed well with respect to 

rainfall magnitude and bias, maintaining minor deviations across most stations. However, its spatial correlation was weak 

across much of the region, particularly in the southern and eastern transitional zones, i.e. the Andes-and -Amazon basin. 

In contrast, both GPM-EXP and GPM-IMERGF exhibited widespread weak spatial agreement, with many stations failing to 

meet acceptable correlation thresholds, particularly in the northern and central sectors. Their bias patterns were also large and 295 

spatially inconsistent, with frequent extreme values, particularly in the eastern and southern areas. Overall, Rain4PE clearly 

outperforms the others; GPM-GWR is intermediate; PISCO is reliable in magnitude but weak in temporal agreement; and 

GPM-EXP and GPM-IMERGF perform the worst. 
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 300 

 

Figure 5: Spatial distribution of performance statistic r (a) and |PBIAS| (b) across the study area. 

4.2 Forecasting indices and detection trade-offs across datasets 

The trade-off between detection skill and false alarms, shown by CSI and FAR in Figure 6, highlights the apparent differences 

between the datasets. Rain4PE achieved the highest median CSI with minimal variability, indicating strong and consistent 305 

detection performance across stations, whereas PISCO recorded the lowest CSI, reflecting weaker overall detection skill. The 

GPM products (GPM-GWR, GPM-EXP, and GPM-IMERGF) occupied intermediate positions with overlapping distributions 

and generally lower medians. Consistent with the CSI results, the FAR distributions showed that Rain4PE had the lowest false-

alarm rate. The three GPM products exhibited intermediate behavior with broader ranges, while PISCO had the highest FAR, 

indicating a greater tendency towards over-detection. 310 

The FBI and POD distributions provided additional insight into detection characteristics (Figure 6). Rain4PE exhibited the 

highest median POD, confirming its superior ability to detect precipitation events. However, it also showed elevated FBI, 

indicating a tendency to overpredict event frequency. The remaining datasets cluster at lower FBI and POD values, particularly 

PISCO and GPM-GWR, which concentrate near a FBI value of unity, suggesting more conservative detection with reduced 

sensitivity. Overall, Rain4PE combined strong detection performance with lower false-alarm rates, albeit with a higher 315 

frequency bias, whereas the other products favored conservative behavior at the expense of sensitivity. 
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Figure 6: Distribution of forecasting indices across all datasets, considering CSI (a), FBI (b), FAR (c), and POD (d). 

For each box plot, the central line represents the median (50th percentile). Successive nested boxes denote 320 

progressively wider quantile ranges, starting from the interquartile range (25th–75th percentiles) and extending 

outward by repeatedly halving the remaining data (e.g., 12.5th–87.5th, 6.25th–93.75th percentiles). Box widths reflect 

the density within each quantile band. 

The spatial evaluation highlighted clear contrasts in performance across the study area (Figure 7), with Rain4PE and PISCO 

emerging as the most reliable datasets. Both datasets showed consistently high CSI values across much of the region and 325 

balanced FBI close to unity, indicating strong detection capability with limited systematic bias. The downscaled products 

introduced finer spatial detail, albeit with more heterogeneous behavior. GPM-GWR showed localized improvement in CSI, 

particularly in regions with strong elevation gradients, while also moderating FBI towards unity. This reflected the advantage 

of incorporating terrain information. In contrast, GPM-EXP presented highly uneven CSI patterns, featuring isolated areas of 

good performance surrounded by broad regions of low skill, and widespread FBI values well above unity, indicating persistent 330 

overestimation. Despite the increased spatial detail, the downscaled products did not consistently outperform Rain4PE or 

PISCO in rainfall detection at the station scale. While acknowledging that large areas without observational coverage could 

not be evaluated, Rain4PE and PISCO proved to be the most spatially robust datasets for daily precipitation within the limits 

of this station-based evaluation.  . 

 335 
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Figure 7: Spatial distribution of CSI (a) and FBI (b) across the study area. 

4.3 Influence of topography on reliability 

Performance metrics aggregated by elevation bands with a similar number of stations revealed a clear dependence on altitude 340 

(Figure 8). Rain4PE consistently showed the strongest overall agreement with daily observations, combining the lowest RMSE 

values, the highest correlations (often greater than 0.90), and the most balanced KGE. For this dataset, there is a clear and 

consistent reduction in PBIAS and, consequently, an increase in KGE with increasing elevation. However, the dataset exhibits 

the highest biases for stations below 2300m in elevation, with substantial underestimates in some cases. PISCO exhibited a 

moderate RMSE at stations below 2300 m and a very low RMSE at higher elevations. PISCO exhibited small biases and 345 

consistently positive KGE values, with a slight positive trend with increasing elevation. Nevertheless, it achieved the lowest 

overall correlation, with exceptionally low values at stations below 2300 m. GPM-IMERGF and GPM-GWR exhibited 

moderate overestimation and weak temporal agreement, as reflected in low correlations (0.2 to 0.4) and consistently negative 

PBIAS values. GPM-GWR generally improved average performance compared with GPM-IMERGF, possibly due to its 

elevation-aware formulation. However, this pattern was not evident across all elevations, nor was there a substantial difference 350 

in the performance index. GPM-EXP exhibited the most unstable behavior, with large variability in bias and performance 

across elevations. On average, its correlations were similar to those of the other two GPM datasets. Although it also tends to 

overestimate, like the other two datasets, for stations in the 3100-3700 elevation range, it shifted towards underestimation, 

showing considerable biases in some cases. In general, lowland sites performed poorly across most datasets, whereas 

intermediate- to high-elevation sites showed better and more stable performance.  355 
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Figure 8 Relationships between elevation and daily precipitation performance metrics at stations: PBIAS (a), RMSE 

(b), KGE (c), and r (d). 

Altitude modulated forecast skill when comparing the downscaled products with the GPM-IMERGF dataset (Figure 9).Driven 

solely by NDVI, GPM-EXP exhibited the highest sensitivity but it systematically overestimated, with FBI frequently 360 

exceeding 2.0 at mid-elevations. In contrast, its lower FAR largely reflected inflated event counts rather than improved 

reliability. Raw GPM remained closer to unity FBI with stable POD, but had a higher FAR, representing a more conservative 

baseline. GPM-GWR provided a better balance, moderating bias and improving detection in complex terrain, although the 

FAR remained variable. Trade-offs were most pronounced between 2000 and 3500 m, whereas lowland and high-mountain 

sites exhibit more stable behavior. Overall, NDVI-based downscaling enhanced detection in vegetation-dominated regions. 365 

However, incorporating elevation, as in GPM-GWR, resulted in more robust performance across the heterogeneous Andean 

landscape. 

 

Figure 9: Altitude-sorted forecasting indices for exponential and geographically weighted regressions and the raw 

GPM dataset. 370 
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4.4 Representation of extremes 

There are important differences between datasets in their ability to reproduce the derived ETCCDI indices (Figure 10). The 

GPM-EXP product overestimated consecutive dry days (CDD) relative to the other datasets, which are very similar to local 

data (35 days), while Rain4PE shows a slight underestimation. Other datasets showed relatively stable but muted variability, 

failing to capture the full range observed at stations. GPM-EXP presented a high standard deviation of 21 days, while the rest 375 

a low deviation of 12, in contrast to the locally derived CDD, which is considerably higher than all datasets except GPM-EXP, 

indicating that GPM-IMERGF, GPM-GWR, Rain4PE and PISCO are stable across the region for this indicator, not necessarily 

capturing the variability shown by local data. In relation to consecutive wet days (CWD), all GPM datasets approximated local 

data, whereas Rain4PE and PISCO, on average, overestimated this indicator across the region and exhibited a high standard 

deviation. Rain4PE predicted more high-magnitude rainfall, with higher R10 and R20 values than those in the local data, 380 

whereas GPM products captured fewer extreme rainfall events. PISCO is the best dataset in this respect, on average, across 

the region. For amount-type extreme indices, on average, all products remained within an adequate order of magnitude relative 

to local data, with GPM-EXP showing a tendency towards overestimation that is more pronounced than the others. 

 

 385 

Figure 10: Summary of ETCCDI indices aggregated across the region: mean value a), standard deviation b), and 

coefficient of correlation (r) of datasets against indices derived from local data c). 

Overall, PISCO shows a better temporal representation of ETCCDI indices using local data as the reference, with an r value 

larger than 0.5 (Figure 10) and performs particularly well in detecting rainfall events of high magnitudes. Rain4PE follows; 

however, it does not perform as well for CWD and R20, showing both a tendency of overestimating rainfall events and, at 390 

times, underestimating high magnitudes or their time of occurrence. All GPM products performed poorly, with r values below 

0.3 across almost all indices, particularly for detecting high-intensity and high-magnitude rainfall (i.e., R20 and R99p). GPM-

GWR performs slightly better than GPM-IMERGF, with CDD, CWD, and R10 an r larger than 0.2 showed a weak but present 

correlation, while GPM-EXP is the worst of the three, with r higher than 0.2 only for CWD. 

Station-level time series from two stations illustrate these patterns (Figure 11). At Tananta station (Figure 11, Panel a) had one 395 

of the highest R20 values, while Sondor Matara (Figure 11, Panel b) had one of the highest CDD values.  
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Figure 11: Yearly time series of R20 for station Tananta (a) and CDD for station Sondor Matara (b). 

PISCO clearly captured temporal dynamics well for CDD at Sondor Matara, across the selected stations, and compared well 

with Rain4PE for R20 at Tananta. Despite adequately capturing most years, Rain4PE tended to overestimate R20 and 400 

underestimate CDD in some years, which negatively impacted its performance, as was observed in an aggregated manner for 

the region (Figure 10). Conversely, in Tananta, GPM-EXP more closely approximated the locally based R20 for most years 

than other GPM datasets, albeit with some variability. GPM-GWR and GPM-IMERGF systematically underestimated R20 in 

almost all years, particularly during 2006-2014.  All GPM datasets systematically underestimated CDD at Sondor Matara, with 

no apparent difference between them. This shows  that the aggregated assessment (Figure 10) might not present the full picture 405 

in absolute terms, consistent with the region's overall poor performance on this indicator. 

The elevation and slope of the terrain did not show a statistically significant relationship with the performance of datasets 

representing extreme value indicators. However, if the elevation and slope were aggregated in ranges or bands, dividing the 

number of stations equally between bands(Figure 12), PISCO showed an increasing trend in performance with elevation up to 

3700 m. For stations above this elevation, the mean coefficient of correlation declined, although it remained above 0.5. A 410 

similar pattern was observed for the slope, with performance declining for slopes above 16%. Rain4PE did not exhibit a clear 

relationship between performance and elevation; however, there was a consistent decrease as the slope increased, with an 

average R-value below 0.5 for slopes above 16%. 
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Figure 12: Mean coefficient of correlation (r) ± standard deviation among all ETCCDI indicators, per dataset, against 415 

elevation and slope ranges. 

The GPM products exhibited similar patterns of performance with respect to elevation and slope, but differed somewhat from 

Rain4PE and PISCO. For elevations below 2300 m, performance is considerably worse across all GPM datasets. In contrast, 

GPM-GWR remains stable at higher elevations, whereas the other two tend to decrease uniformly. Conversely, performance 

decreased significantly for stations located on slopes between intermediate and high (8-16%) relative to other bands, whereas 420 

performance was highest on slopes below 8%. Nonetheless, as previously assessed, the correlation coefficient for the GPM 

datasets was relatively low. This analysis indicates that, for the GPM-GWR and GPM-IMERGF, only stations in an elevation 

range of 2300 and 3100 m, and a slope band below 8%, presented an r value higher than 0.2, which represented at least a weak 

correlation compared to local data. In contrast, PISCO showed a strong correlation (R>0.6) and Rain4PE at least a moderate 

correlation (R>0.4) in all elevations and slopes. 425 

5 Discussion  

Rain4PE delivered the strongest overall performance consistently across distributional, error-based, and detection metrics: 

high correlations, low RMSE, balanced KGE/PBIAS, and strong CSI/POD behavior. PISCO followed closely behind, and 

showed a similar quantitative performance to that of GPM and the downscaled products. However, it achieved the lowest 

PBIAS and performed best in terms of extreme-index representation. As expected, the GPM-IMERGF product performed 430 

substantially worse than PISCO and Rain4PE, and GPM-EXP performed at least as poorly as, and often worse than, GPM-

IMERGF in terms of forecasting skill. A positive aspect was that, unlike GPM-EXP, the GPM-GWR product generally 

preserved or improved the representation of rainfall patterns achieved by GPM IMERG, at a much higher spatial resolution.  
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5.1 Quantitative performance and spatial realism 

The results confirmed that the GPM IMERG (IMERG-F) exhibits systematic weaknesses in the Andean region, particularly at 435 

the daily timescale (Derin et al., 2019). There is also an underestimation of intensities, lower temporal correlation, and reduced 

detection sensitivity in orographically complex environments (Bulovic et al., 2020; Tang et al., 2016). This pattern is not 

unique to the Andes, as comparable elevation-dependent reductions in IMERGF skill have been observed in other mountain 

systems such as the Himalayas, the Qilian Mountains, and the Colombian Andes and other SPPs (Kumar et al., 2022; Ochoa 

et al., 2014; Scheel et al., 2011; Wang et al., 2019). The performance of GPM-IMERGF and downscaled products varies with 440 

the climatic context, being better in Amazonian rainforest climates and weaker on Pacific-facing slopes, underscoring the 

importance of regional evaluation rather than relying on global performance summaries (Chen et al., 2022). This highlights 

the value of incorporating local rain-gauge data into the development of regionally optimised datasets such as Rain4PE and 

PISCO (Aybar et al., 2020), and of implementing machine learning algorithms alongside other explanatory variables and data 

sources (Fernandez-Palomino et al., 2021). These methodologies naturally enable better capture of rainfall from local or 445 

complex processes that SPPs alone often fail to capture. 

Downscaling improves spatial detail while generally preserving the performance of the source dataset. GWR downscaling 

(GPM-GWR) produced the most useful compromise: improved spatial coherence, a closer match to orographic rainfall cores 

(R10/R20), and higher CSI. However, GWR tends to be more conservative (lower POD than PISCO), i.e., it generally misses 

some small events but produces fewer false alarms (Wang et al., 2022). GPM-EXP increases sensitivity (high POD) but at the 450 

cost of excessive false alarms and systematic overestimation. This behavior illustrates how downscaling methods that rely on 

a single explanatory variable can propagate vegetation-related signals into precipitation fields without adequately constraining 

physical rainfall processes.  (Immerzeel et al., 2009; Jia et al., 2011). These results align with broader reviews showing that 

downscaling generally improves representation but remains method and site-dependent (Kofidou et al., 2023). While GWR 

preserves the temporal structure of the source dataset, it does not introduce artificial high-frequency variability, unlike the EXP 455 

approach, which inflates low-intensity event counts. 

Elevation up to a certain level modulates rainfall representation. There is a much higher density of stations above an elevation 

of 2300 m, and these areas generally show the best match across products, while low-density areas at very high elevations or 

below 2300 m display larger uncertainty (Bulovic et al., 2020; Chen et al., 2022), which may explain the observed positive 

trend in average performance with increasing elevation, rather than the nature of the datasets. The GPM-GWR dataset, which 460 

is terrain-sensitive by nature, shows differences to its counterpart, GPM-EXP, showing a reduced and less variable PBIAS, by 

explicitly letting regression coefficients vary spatially and be adjusted by elevation (Foody, 2003; Wang et al., 2022). 

Moreover, on the Amazon-facing slopes of the study area, land–atmosphere interactions and evapotranspiration (ET) recycling 

from the Amazon basin are plausible modulators of precipitation occurrence and persistence (Claros et al., 2025; Dominguez 

et al., 2022). Because these processes may not be fully captured in IMERG retrievals and are not accounted for by our simple 465 
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downscaling schemes, they likely contribute to important biases that persist even after downscaling. These biases might be 

better captured by Rain4PE and PISCO, which incorporate local data. 

5.2 Implications for extreme event analysis 

Substantial differences exist among datasets in their ability to reproduce ETCCDI indices relative to local observations. PISCO 

consistently exhibits the strongest temporal agreement and performs particularly well for high-magnitude rainfall indicators 470 

(R20, R95p, R90p). Rain4PE ranks second, capturing temporal variability reasonably well, although it shows some 

disagreement with observations, particularly overestimating rainfall frequency and magnitude for R10 and R20, and 

performing more poorly for CWD. In contrast, all GPM-based datasets perform weakly, with correlation coefficients generally 

below 0.3, particularly for high-intensity and amount-based extremes. Among them, GPM-GWR moderately improves upon 

GPM-IMERGF, suggesting benefits from the GWR downscaling method, although correlations remain generally low. 475 

Time-series analysis at the station level confirms these regional findings: PISCO reproduces the temporal dynamics of both 

CDD and R20 most consistently; Rain4PE shows mixed performance depending on the indicator; and GPM products 

systematically underestimate extremes, particularly dry-spell duration (CDD). Stratification by elevation and slope reveals that 

PISCO and Rain4PE retain moderate-to-strong performance across most terrain classes. In contrast, the GPM datasets exhibit 

their weakest performance at low elevations and on steeper slopes, with only limited improvement at mid-elevations and in 480 

gentle terrain. However, low station density within specific elevation ranges increases the uncertainty of these dynamics. 

A combination of data sources, methodological approaches per dataset, and system complexity in the Andes can explain the 

observed performance contrasts. PISCO’s superior performance in this aspect is expected, as it explicitly incorporates filtered 

and gap-filled in situ data (Aybar et al., 2020). Therefore, coherence with the observed data used in this study is expected. 

Rain4PE, while also gauge-adjusted, relies on blending strategies and a machine-learning algorithm that can produce smooth 485 

precipitation fields and thus overestimate rainfall persistence, as evidenced by the high CWD and R20 values. In contrast, 

GPM-based datasets struggle in this component, consistent with their previously observed weaker quantitative performance, 

due to the limited capacity of IMERG retrievals to represent complex local processes in the Andes (Derin et al., 2019). 

Moreover, the study reveals that GPM datasets also struggle to represent low-intensity, persistent events or dry spells 

temporally. The elevation-dependent behavior observed here is consistent with previous studies showing that satellite 490 

precipitation products perform best at mid-elevations with moderate slopes, where precipitation systems have a stronger 

vertical development and are less scattered, while skill degrades in lowland, foothill transition zones influenced by Amazonian 

moisture recycling and land–atmosphere coupling (Dominguez et al., 2022; Espinoza et al., 2015). 

5.3 Practical implications for hydrological applications 

From an operational perspective, the choice of precipitation dataset should be guided by application scale and objective. Our 495 

findings indicate that for event-based analyses and hydrological modelling, where accurate totals and event timing are critical, 

Rain4PE is the preferred and most reliable baseline. In contrast, PISCO is preferable for long-term climatological consistency 
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or drought persistence metrics are the focus, as it offers superior performance in capturing extremes and long-term variability. 

When higher spatial resolution is required, particularly in data-scarce regions, our study shows that the GWR downscaling 

method, using NDVI and elevation as main explanatory variables, can refine the product spatially without degrading the 500 

performance of the original dataset. The 0.01° GPM-GWR better resolves orographic precipitation structures and exhibits 

improved detection skill relative to raw GPM-IMERGF, although it still underestimates magnitudes in some areas. Even high-

performing products such as Rain4PE may require additional processing in hydrological modelling assessments (Fernandez-

Palomino et al. (2021). Additional bias correction or reverse modelling approaches may be required to achieve satisfactory 

performance in representing hydrological variables such as streamflow. Moreover, particularly in this region, fog capture in 505 

the paramo ecosystem can constitute a significant component of the water balance  (Cárdenas et al., 2017). However, these 

fluxes are not measured by rain gauges, not captured by satellite observations and therefore not accounted for in gridded 

datasets. This phenomenon should be considered in water-resources assessments and hydrological modelling applications. 

These findings suggest that parsimonious, physically informed downscaling can add value in regions where gauge-based 

products are unavailable or outdated, but it should not be viewed as a substitute for high-quality, regionally calibrated datasets. 510 

 

5.4 Uncertainty in validation and station representativeness 

A persistent constraint in mountainous validation is not only the sparse distribution of rain gauges, but also their limited 

representativeness of local precipitation variability. This dual challenge is evident in altitude performance analyses and spatial 

error-metric distributions, where regions with many closely spaced stations sometimes still exhibit high RMSE, wide scatter 515 

in correlation (r), and inconsistent bias patterns across products. Importantly, as Bulovic et al. (2020) emphasize, the presence 

of multiple rain gauges within a satellite pixel or grid cell should not be interpreted as a definitive “ground truth.” In the tropical 

Andes, they found that even when several gauges fall within a single satellite footprint, native GPM retrievals can deviate 

markedly from the gauge aggregate due to both retrieval limitations and station measurement uncertainties such as wind effects, 

exposure, wet-bias, or under-catch. This means that point-to-pixel validation can overstate or misrepresent satellite error if 520 

gauge quality and representativeness are not critically assessed. 

In our study, this manifests as clusters of stations at mid-elevations producing performance statistics that appear stronger on 

average. However, the behaviour of individual stations remains highly variable, particularly for GPM-based datasets. This 

variability underscores the importance of explicitly acknowledging validation uncertainty, both in areas with few stations and 

in areas with multiple stations that may not adequately sample local microclimates. Accordingly, visualizing station density 525 

and confidence metrics alongside performance maps can provide a more balanced assessment of dataset reliability, help avoid 

overinterpretation of localized discrepancies and help interpret product differences in view of both gauge sparsity and 

representativeness (Bulovic et al., 2020; Hunziker et al., 2017). 
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5.5 Future directions 

Our results confirm the effectiveness of products such as Rain4PE and PISCO in the region. However, they still remain 530 

relatively imprecise for assessing potential requirements in hydroclimatic processes. The application of a simple, parsimonious 

downscaling method, such as the GWR approach, proved particularly effective in preserving or even enhancing performance 

and increasing spatial detail. Future work will therefore focus on integrating this downscaling framework with Rain4PE and/or 

PISCO, combining their respective strengths to improve spatial representation. In addition, the downscaled products 

themselves could be refined by applying scaling procedures and correcting residual biases using multivariate approaches or 535 

relationships with complementary datasets. Finally, the suitability of the resulting downscaled products will need to be 

evaluated in hydrological modelling applications, where improved spatial and temporal representation of precipitation could 

be key to achieving more realistic simulations of streamflow and the water balance. 

6 Conclusions 

This study evaluated the performance of satellite-based, regionally optimized and downscaled precipitation datasets in 540 

representing daily rainfall characteristics and extremes across the complex terrain of the Peruvian Andes, using in situ rain-

gauge observations as a reference. The GPM-IMERGF SPP product and two parsimoniously downscaled variants, using an 

NDVI-based exponential approach (GPM-EXP) and a geographically weighted regression approach (GPM-GWR), were 

compared with two regionally optimized gauge-informed datasets: Rain4PE and PISCO. The study focused on their reliability 

for spatio-temporal representation of daily precipitation, precipitation detection, and extreme-event applications. Overall, our 545 

findings support that downscaling adds spatial realism, but only gauge-informed products fundamentally improve temporal 

and extreme-event skill. 

The specific conclusions are that: 

• Rain4PE provides the strongest overall performance across quantitative, detection, and temporal metrics, making it the 

most suitable baseline product for daily-scale applications. 550 

• PISCO excels in representing precipitation extremes and persistence-related indices, benefiting from its strong grounding 

in local observations and long-term climatological consistency. 

• GPM-IMERGF shows systematic limitations in complex Andean terrain, particularly for daily extremes and persistence 

metrics, although these weaknesses are consistent with findings from other mountainous regions. 

• Downscaling enhances spatial realism without necessarily degrading performance, provided that the method accounts for 555 

spatial heterogeneity. Among the tested approaches, GWR-based downscaling stands out as it preserves the temporal 

characteristics of the original dataset while substantially increasing spatial detail, outperforming the simpler NDVI-only 

exponential method, which tends to amplify biases and false detections. 
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• Parsimonious, physically informed downscaling, such as the GWR approach, offers a robust pathway for refining coarse 

precipitation datasets, particularly in data-scarce regions, as it avoids excessive amplification of biases while allowing 560 

relationships between precipitation and terrain-related predictors to vary spatially. However, it should be viewed as 

complementary to, rather than a substitute for, regionally calibrated, gauge-informed datasets. 

Overall, the results highlight the value of regionally optimized products and the potential of physically-informed downscaling 

methodologies. Overall, the analyses demonstrate that meaningful gains in daily precipitation representation in complex 

mountainous environments are primarily achieved through the integration of high-quality local observations, while terrain-565 

aware downscaling can add spatial value where such observations are unavailable. The demonstrated strengths of the GWR 

method support its computationally efficient foundation for integration into high-quality spatio-temporal precipitation 

products, as well as its application in hydrological modelling, with great potential to enhance water resource assessments in 

the Andes and similar data-limited mountainous regions.  

Code, data, or code and data availability 570 

Processing and analysis scripts, as well as processed data for the selected stations of study are available at our GitHub 

repository (https://github.com/Jvi9/Precipitation-performance). The gridded precipitation datasets used in this study are 
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