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 A B S T R A C T

Satellite-based precipitation products play a crucial role in providing global, continuous, and reliable estimates 
of rainfall, essential for understanding and managing Earth’s water cycle. This study evaluates the accuracy of 
three H SAF satellite products (H61B, H64, and H68) and compares their performance with IMERG V06B 
(Early and Late Runs) products in detecting and estimating extreme precipitation events in the western 
Mediterranean region. The analysis is based on hourly and daily rainfall data collected from 186 rain gauges 
in Catalonia (NE Iberian Peninsula), using a point-to-pixel approach. The results show that satellite estimates 
tend to overestimate low precipitation accumulations (less than 2 mm and 10 mm in one hour and one day 
respectively), with this overestimation being more evident in the H68 product at the hourly scale and in IMERG 
Late at the daily scale. However, all products show a substantial decline in accuracy for higher precipitation 
amounts, particularly when they exceed 10 mm in one hour and 30 mm in one day (relative errors up to 
−60% and critical success index less than 33% in all cases). Despite its biases, IMERG Late product emerged 
as the most reliable for detecting substantial rainfall accumulations. Additionally, this analysis examined the 
relationship between the microphysical properties of the precipitating cloud top and estimated or observed 
surface precipitation. Accurate precipitation estimates from the satellite products were consistently associated 
with high values of Cloud Optical Thickness (COT) and Ice Water Path (IWP), while false alarms were often 
linked to low values of these variables. As expected, the results indicated a poorer performance in estimating 
precipitation associated with warm clouds. Additionally, these findings highlight the importance of integrating 
cloud optical and microphysical properties into retrieval algorithms to improve satellite precipitation estimates.
. Introduction

Observing and measuring precipitation on a global scale is cru-
ial to our understanding of the Earth system and has a substantial 
mpact on society at multiple levels (Kidd et al., 2021; Kirschbaum 
t al., 2017; Skofronick-Jackson et al., 2017). Precipitation acts as 
 direct link between the global energy and water cycles, mediat-
ng energy exchange (Trenberth et al., 2009) and is the main factor 
ontrolling many natural hazards, such as droughts and floods (Vicente-
errano et al., 2010). Accurate and reliable precipitation informa-
ion is of great importance in water resources planning, hydrological 
imulation, environmental and ecological management, and irrigation 
anagement.
Currently, there are three main approaches to obtain precipitation 

bservation and estimates: in situ measurements (mostly rain gauges), 
urface-based remote sensing (including weather radars) and airborne 
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or spaceborne remote sensing (Xie et al., 2022). Rain gauges are 
the most common and reliable way to directly measure precipitation 
on a point scale (Lanza and Stagi, 2008). However, the density and 
distribution of rain gauge networks vary significantly around the world, 
with few or no gauges in marine and mountainous areas making it 
difficult to provide spatially continuous precipitation information. Due 
to their ability to provide global and continuous coverage, satellite 
precipitation products are well-suited for overcoming the limitations of 
the spatially discontinuous distribution of rain gauges and have shown 
great potential in a wide range of applications (Serrat-Capdevila et al., 
2014; Sun et al., 2018). However, these products are derived from 
indirect precipitation estimates, so errors in the products exist and vary 
across different regions, seasons, event types, and precipitation phases.

Since the launch of the first meteorological satellite in 1960, numer-
ous satellites have been developed with sensors capable of providing 
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observations from which surface precipitation can be derived (Kidd 
and Levizzani, 2019). However, it was not until the launch of the 
Tropical Rainfall Measuring Mission (TRMM) in December 1997 and, 
subsequently, the Global Precipitation Measurement (GPM) mission in 
February 2014, that missions dedicated specifically to satellite pre-
cipitation estimation were initiated. NASA’s Integrated Multi-satellitE 
Retrievals for GPM (IMERG) algorithm (Huffman et al., 2020) is one 
of the most reliable products for quantitative measurement of precipi-
tation from satellites (Pradhan et al., 2022). The evaluation of IMERG 
performance has reflected a growing interest in its use, with studies 
stratifying the results according to time scales, topographic features, 
climatic conditions and precipitation accumulations, allowing a more 
specific description of IMERG behavior in different conditions and its 
most appropriate application (Lei et al., 2021; Moazami et al., 2022; 
Rojas et al., 2021; Yang et al., 2020; Zhang et al., 2022).

The Satellite Application Facility SAF on Support to Operational 
Hydrology and Water Management, (H SAF, or Hydrology SAF) is one 
of the current eight SAFs managed by European Organisation for the 
Exploitation of Meteorological Satellites (EUMETSAT). H SAF is the 
main European concerted effort on satellite precipitation estimates, 
focusing on precipitation products from available geosynchronous and 
low-Earth-orbiting satellites using both passive-microwave (PMW) and 
infrared (IR) data (Mugnai et al., 2013). Since its inception, H SAF 
has adopted a validation strategy, which is now reaching the critical 
mass necessary to validate operational and climate products. Specifi-
cally, H SAF includes a product validation program and a hydrological 
validation program, involving several countries and instrumental for 
evaluating and improving H SAF precipitation products, as well as for 
assessing their usefulness in fighting floods, landslides, avalanches, and 
evaluating water resources (Mugnai et al., 2013; Puca et al., 2014).

Since there is no satellite product that performs best under all 
conditions, some of these studies have focused on comparing the per-
formance of various satellite products in specific areas to enhance their 
application in diverse geographic and climatological contexts (Petracca 
et al., 2018; Baez-Villanueva et al., 2018; Li et al., 2013; Yu et al., 
2020). In the Mediterranean regions several studies have assessed the 
performance of satellite precipitation products (SPPs) under complex 
topographic and climatic conditions, highlighting their potential and 
limitations. In southern Europe, multiple validations of IMERG have 
been conducted, evaluating its reliability across different spatial and 
temporal scales. In Greece, Italy, and Spain, studies have examined the 
influence of topography, land–sea transitions, and precipitation thresh-
olds on IMERG estimates, revealing variations in accuracy depending 
on altitude, seasonality, and rainfall intensity (Kazamias et al., 2022; 
Caracciolo et al., 2018; Chiaravalloti et al., 2018; Tapiador et al., 2012; 
Navarro et al., 2020). Additionally, IMERG Late has been used to assess 
precipitation during extreme events such as Storm ‘Filomena’ (Tapiador 
et al., 2021).

Beyond IMERG, broader evaluations have analyzed multiple SPPs. 
In Turkey, a comparative study identified MSWXv100 (Hafizi and Sor-
man, 2023) as the most reliable product at the monthly scale, although 
its performance varied across different climatic regions. Kidd et al. 
(2018) found that the GPM constellation and its GPROF retrieval al-
gorithm tend to overestimate light precipitation while underestimating 
heavy rainfall, posing challenges for hydrological applications in the 
region. Moreover, the integration of microwave-derived soil moisture 
products into hydrological models has demonstrated significant im-
provements in discharge predictions during extreme flow events (Cenci 
et al., 2016). However, during high-impact weather events such as 
Medicane Daniel in Greece, satellite products struggled to accurately 
capture localized intense convective rainfall, underscoring the need for 
ongoing algorithm enhancements (Katsanos et al., 2024).

According to the available literature, few studies evaluate H SAF 
precipitation products outside of the countries participating in the 
consortium’s validation program (Kumah, 2023) and directly com-
pare them with other products such as IMERG. To fill this gap, this 
2 
study aims to evaluate the accuracy of three H SAF products: P-
IN-SEVIRI-PMW (H61B), P-AC-SM2RAIN (H64) and P-IN-PMW (H68), 
at hourly and daily temporal aggregations, and intercompares their 
performance with IMERG Early and Late products (hereafter Early and 
Late respectively) in the western Mediterranean. Given the nature of 
this objective, note that no specific research hypothesis is evaluated 
here. The validation includes assessing the ability of these products 
to detect and estimate extreme precipitation events. In addition, an 
analysis of the microphysical properties of the clouds responsible for 
precipitation events is conducted. This provides optimal thresholds for 
these variables related to precipitation mechanisms, which can be used 
as complementary information in quantitative precipitation estimates 
(QPE) algorithms.

The structure of this study is as follows. Section 2 provides a 
description of the study area, datasets used (H SAF and IMERG products 
and rain gauge data), the comparison methodology adopted in this 
study and the evaluation metrics employed. Section 3 shows results and 
discussions considering the validation of all products based on hourly 
and daily rainfall data for different accumulation thresholds according 
to the rain gauges and the relationship of microphysical variables at 
the cloud tops to the occurrence of surface precipitation. Finally, a 
summary and conclusion are provided in Section 4.

2. Materials and methods

2.1. Study area

Catalonia, located in the northeast of the Iberian Peninsula, is 
characterized by a complex topography that poses challenges for pre-
cipitation estimation using remote sensors, as well as for the estimation 
of the precipitation field using rain gauge stations (Peinó et al., 2022; 
Navarro et al., 2020; Trapero et al., 2009). Covering approximately 
32107 km2, Catalonia exhibits a wide range of climates due to its 
latitudinal position and the influence of the Mediterranean Sea. To the 
north, it is bordered by the Pyrenees, with elevations exceeding 3000 
meters above sea level, while the inland area is predominantly flat 
with few orographic contrasts resulting from the erosion of the Ebro 
River and its tributaries (Fig.  1a). Additionally, the coastal and pre-
coastal mountain ranges, oriented from northeast to southwest towards 
the Mediterranean Sea, enhance the development of flash floods from 
both a hydrological perspective (small catchments prone to flash floods) 
and a meteorological perspective (orographic forcing of Mediterranean 
air masses) (Jansa et al., 2014; Llasat et al., 2016). Consequently, this 
region experiences intense thunderstorms and subsequent flash floods 
annually (Llasat et al., 2014).

2.2. Datasets

2.2.1. Satellite precipitation products
Table  1 summarizes the key characteristics of the five satellite 

precipitation products analyzed in this study. The columns provide 
details on the original temporal and spatial resolutions of each product, 
the spatial coverage they offer, the temporal aggregation used for val-
idation (1-hour or 24-hour accumulations), and the latency associated 
with each product. This framework ensures a systematic comparison 
across all products under a unified validation approach.

IMERG algorithm (Huffman et al., 2015) includes precipitation 
retrievals from PMW radiometers in low Earth orbits and from geo-
stationary IR sensors to generate a global precipitation product. The 
algorithm intercalibrates, merges, and interpolates these estimates to 
provide a seamless dataset. It runs three times for each spatiotemporal 
estimate (Early, Late, and Final) where later runs incorporate more data 
and refined processing (Tan et al., 2019). This study uses data from 
the Early and Late V06B Level 3 products, which do not include gauge-
based calibration, as this process is only applied in the Final run in 
this version. These products provide better results in retrieving heavy 
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Fig. 1. (a) Digital elevation model of Catalonia and rain gauge network distribution (red symbols). (b) Number of rain gauges per pixel in H61B product considering the spatial 
resolution of each satellite grid cell in the Catalonia domain. Similarity panels (c) and (d) show the grid and rain gauges per grid cell for IMERG and for H64 and H68 products, 
respectively. Note that the H61B grid is not a regular grid, but has the geostationary observation geometry (SEVIRI).
Table 1
Summary of satellite precipitation product characteristics used. IMERG corresponds to version 06B. H SAF products (H61B, H64, H68) do not use explicit version numbers; instead, 
only the latest version that passes the internal review process is disseminated, replacing any previous versions through full retrospective reprocessing. The versions employed in 
this study were officially declared operational on June 9, 2022, and applied uniformly to the entire dataset analyzed. Further details on the validation process can be found in 
the respective Product Validation Reports (H SAF, 2022a,b,c). 
 Product Temporal Resolution Spatial Resolution Coverage Temporal aggregation Latency  
 H61B 1h/24h ∼ 3 km at the sub-satellite point 60◦ S - 75◦ N, 80◦ W - 80◦ E 1h/24h ∼ 10 min  
 H68 30 min 0.25◦ x 0.25◦ 60◦ S - 75◦ N, 60◦ W - 60◦ E 1h ∼ 4h  
 H64 24h 0.25◦ x 0.25◦ 60◦ S - 75◦ N, 60◦ W - 60◦ E 24h ∼ 14h  
 IMERG (Early, Late) 30 min 0.1◦ x 0.1◦ quasi-global coverage 1h/24h Early ∼ 4h, Late ∼ 14h 
precipitation compared to the IMERG Final product (Furl et al., 2018; 
Peinó et al., 2022, 2024). The output is a gridded product with a spatial 
resolution of 0.1◦ × 0.1◦ and a temporal resolution of 30 min, with a 
latency of approximately 4 and 14 h, respectively, for Early and Late 
Runs.

The selection of H SAF products was based on their availability 
within the study period and their current operational status. Priority 
was given to products employing different retrieval techniques and, 
where possible, ensuring mutual independence, in order to provide a 
comprehensive assessment of satellite precipitation estimates across the 
18 case studies analyzed. For this reason, the near-real-time product 
P-AC-SEVIRI-PMW (H61B) was selected, as it integrates instantaneous 
precipitation fields generated by the P-IN-SEVIRI-PMW (H60B) prod-
uct. These fields are based on intercalibrated Level-2 passive microwave 
(PMW) instantaneous precipitation index estimates, combined with 
information from the 10.8 μm channel of the SEVIRI instrument (EU-
METSAT, 2020). The integration of these data sources enhances the 
spatial and temporal continuity of precipitation estimates. The product 
provides hourly accumulated precipitation and 24-hour accumulated 
precipitation at 00, 06, 12, and 18 UTC. The final output has a spatial 
3 
resolution of ∼ 3 km at the sub-satellite point, a temporal resolution of 
1 h and 24 h, and a latency of approximately 10 min.

The H64 product (EUMETSAT, 2022) derives precipitation estimates 
by merging PMW-based retrievals from H-AUX-23 and H67 with pre-
cipitation inferred from soil moisture variations using the SM2RAIN 
algorithm (Brocca et al., 2014; Ciabatta et al., 2018; Koster et al., 
2016; Massari et al., 2017). Over oceanic regions, the algorithm relies 
exclusively on PMW-derived precipitation estimates. The product is 
provided at a spatial resolution of 0.25◦ × 0.25◦ with a temporal 
resolution of 24 h, and a latency of approximately 14 h.

The H68 Level 3 product (EUMETSAT, 2021) combines instan-
taneous precipitation estimates from multiple PMW radiometers, in-
cluding SSMIS, AMSR-2, GMI, ATMS, and AMSU/MHS. The algorithm 
intercalibrates these estimates to ensure consistency across sensors and 
integrates them into a common reference framework. The final dataset 
consists of 30 min precipitation estimates on a 0.25◦ × 0.25◦ spatial 
grid, with a latency of approximately 4 h.
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2.2.2. Rain gauge data
The network of automatic surface weather stations of the Meteoro-

logical Service of Catalonia (SMC for its acronym in Catalan) was used 
for the validation of satellite precipitation products as in previous stud-
ies (Peinó et al., 2022, 2024). It includes 186 stations distributed across 
the region (Fig.  1), with an average minimum distance between station 
of 8.7 km and a density of 1.13 stations per 100 km2, which is six 
times the minimum threshold recommended by the WMO for inland flat 
and undulating areas (WMO, 1994). Semi-hourly precipitation records 
with a resolution of 0.1 mm were utilized. A quality control scheme 
was applied to the SMC rain gauge records based on comparisons with 
nearby stations and correlation analysis (Llabrés-Brustenga et al., 2019, 
2020).

2.2.3. NWC SAF product
To explore the relationship between precipitation events observed 

by rain gauges and satellite estimates and their associated cloud-top 
microphysical properties, data from the Cloud Microphysics (CMIC) 
product were analyzed. This product was compiled within the frame-
work of the EUMETSAT Nowcasting and Very Short Range Forecasting 
SAF. CMIC was developed to support nowcasting applications, enabling 
the characterization of rapidly developing storms (Lahuerta García, 
2021). This product has parallax correction applied to the satellite 
observations of cloud-top properties. In this study, the following five 
variables were analyzed: (1) cloud-top phase, considering only time 
intervals with liquid, ice, or mixed-phase presence; (2) cloud droplet 
effective radius (𝑅𝑒𝑓𝑓 ), defined as the weighted mean of the droplet 
size distribution; (3) cloud optical thickness (COT); (4) cloud liquid 
water path (LWP) and (5) cloud ice water path (IWP), with the last 
two quantifying the vertically integrated amounts of liquid and frozen 
water droplets, respectively. Among these variables, only the ’cloud-top 
phase’ is available during night and twilight conditions.

2.3. Methods

2.3.1. Selection of case studies
Eighteen case studies between 2021 and 2023 were considered, 

based on full days during which at least one station recorded pre-
cipitation accumulations exceeding 2 mm in one hour and 10 mm 
in one day, following the selection criteria applied by Peinó et al. 
(2024) over the same region of study. Most precipitation was of non-
frontal convective origin; frontal passages occurred on only 3 of the 18 
days analyzed, according to UK Met Office sea level pressure analysis 
charts (UK Met Office, 2025). Additionally, on these selected days, 
several stations reported extreme precipitation values, often surpassing 
the intense precipitation threshold established by the Meteorological 
Service of Catalonia (20 mm in 30 min) —see Appendix  A for more 
details—. Table  2 provides a summary of the case studies and the 
number of stations that exceeded selected precipitation thresholds on 
an hourly and daily scale. This approach allowed us to construct a 
database representing extreme precipitation episodes, facilitating the 
assessment of the remote sensing systems’ capabilities in such events.

2.3.2. Pixel-based comparison method
Validation considered both hourly and daily temporal aggregations. 

For the IMERG and H68 products, aggregation was only performed 
when 100% of the required half-hourly intervals were available—
two for hourly and 48 for daily values. In the case of H68, which 
relies solely on passive microwave (PMW) overpasses, the spatial and 
temporal coverage is intermittent. Although H68 can occasionally pro-
vide two consecutive half-hourly observations at a given location – 
making hourly comparisons possible – it never provides 48 consecutive 
half-hourly estimates at the same location. For this reason, daily-
scale validation was not feasible for H68, and the sample size was 
significantly reduced compared to the other products.
4 
A point-to-pixel (Gentilucci et al., 2022; Li et al., 2022, 2018; Xie 
et al., 2022) analysis was conducted in the study area to compare the 
time series of the selected rain gauge stations with the corresponding 
pixel values of the selected satellite products. The implicit assumption 
of this methodology is that the rain gauges are representative observa-
tions of the respective pixels of the products. Prior to the final choice of 
the method used here, we performed a sensitivity analysis by varying 
the method to spatially match the records of satellite products and those 
obtained through rain gauges. Although all are similar to the point-
to-pixel method, three variants were evaluated: (1) In case there was 
more than one rain gauge in one satellite pixel, the independence of the 
precipitation records in each one was maintained for the comparison; 
(2) we compared the rain gauge information with the eight pixels 
neighboring the one containing it (Ebert, 2008) and selected for the 
comparison the one with the least bias and, (3) in case there was more 
than one rain gauge per pixel we took the arithmetic mean of the rain 
gauge records and compared it directly with the pixel containing them. 
These variants yielded results that were quite similar, so variant (2) was 
applied to H61B due to its high spatial resolution (Fig.  1) and variant 
(3) for the rest of the products.

Although the satellite products analyzed have different spatial reso-
lutions, studies such as (Baez-Villanueva et al., 2018; Wang et al., 2019) 
suggest that there are no substantial improvements when applying a 
resampling method between them. In this case, we also believe that 
products such as H61B and even IMERG would be significantly more 
affected if this technique were applied to bring them to the resolution 
of H68 and H64.

The microphysical variables extracted from the CMIC product have 
a spatial resolution of ∼ 3 km at sub-satellite point (SEVIRI grid) and 
a temporal resolution of 15 min. To account for spatial differences, the 
values at the closest grid point to each meteorological station were 
initially selected, and subsequently, the matching method explained 
earlier was applied for each product. Regarding temporal resolution, 
the four 15 min CMIC intervals corresponding to the hour of obser-
vation were aggregated into 1-hour resolution. The cloud-top phase 
variable was aggregated by taking the mode of the data, and in cases 
of ties, a new value was assigned, which was later treated as a mixed 
phase. For the remaining variables, the mean value was used.

Note that the point-to-pixel method, although it has advantages over 
other approaches (Yu et al., 2020), arises from the inherent challenges 
of comparing point-based precipitation measurements, such as those 
from rain gauges, with gridded satellite-derived products. The funda-
mental difference lies in spatial scale: rain gauges measure precipitation 
at a single point location, whereas satellite products provide area-
averaged estimates over regions several orders of magnitude larger. 
This mismatch can lead to significant discrepancies, particularly given 
the high spatial variability of precipitation fields. These structural 
differences can influence the frequency of false alarms and impact the 
detection of extreme precipitation events at a local scale. Moreover, 
when multiple rain gauges are averaged within a satellite pixel, the 
representation of high rain rates may be attenuated, especially if the 
number of gauges is small. In regions like Catalonia, characterized by 
complex topography and high climatic variability, such discrepancies 
may introduce biases and affect the accuracy of comparisons. There-
fore, it is essential to consider these limitations when interpreting the 
results, as understanding and mitigating these effects is key to con-
ducting more accurate analyses and drawing meaningful conclusions 
in satellite precipitation validation studies.

2.4. Verification scores

Four continuous statistics were calculated to quantify the magnitude 
of differences between satellite estimates and rain gauges: modified 
Kling–Gupta Efficiency (KGE), Correlation Coefficient (CC), percent 
bias (Rbias), and Root Mean Square Error (RMSE). KGE describes 
overall accuracy as a multi-component metric integrating correlation 
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Table 2
Dates of selected cases and number of stations reaching or exceeding selected rainfall thresholds on an hourly and daily scale.
 Dates Hourly thresholds (mm) Daily thresholds (mm)
 dd/mm/yyyy 0.5 2 15 30 1 10 50 100  
 09/05/2021 49 15 0 0 100 14 1 0  
 17/06/2021 81 48 13 3 141 93 10 0  
 31/07/2021 98 75 13 1 183 96 4 0  
 25/08/2021 25 14 8 2 88 34 3 0  
 01/09/2021 69 31 5 2 114 39 7 2  
 09/09/2021 31 15 3 2 97 28 0 0  
 18/09/2021 55 25 3 1 125 57 0 0  
 23/11/2021 121 88 6 3 184 180 37 9  
 12/03/2022 181 109 2 0 187 175 24 3  
 20/03/2022 66 27 2 0 132 52 3 2  
 17/08/2022 32 23 9 4 94 35 4 0  
 24/08/2022 45 19 3 0 72 18 1 0  
 25/08/2022 80 45 7 1 123 62 2 0  
 23/09/2022 99 76 11 2 167 111 8 2  
 29/06/2023 113 79 16 3 170 109 6 1  
 27/07/2023 89 71 16 0 139 73 0 0  
 03/09/2023 25 21 8 5 44 25 11 7  
 15/09/2023 139 112 10 5 185 161 16 1  
Table 3
Summary of the continuous verification metrics used to evaluate satellite products.
 Name Formula Unit Perfect score 
 Kling–Gupta Efficiency (KGE) 𝐾𝐺𝐸 = 1 −

√

(𝑟 − 1)2 +
(

𝜎𝑠
𝜎𝑜

− 1
)2

+ (𝜇𝑠 − 𝜇𝑜)2 – 1  
 Correlation Coefficient (CC) 𝐶𝐶 =

∑𝑛
𝑖=1 (𝑆𝑖−𝑆̄)(𝑂𝑖−𝑂̄)

√

∑𝑛
𝑖=1 (𝑆𝑖−𝑆̄)2

√

∑𝑛
𝑖=1 (𝑂𝑖−𝑂̄)2

– 1  
 Relative Bias (Rbias) 𝑅𝑏𝑖𝑎𝑠 =

(∑𝑛
𝑖=1 (𝑆𝑖−𝑂𝑖 )
∑𝑛

𝑖=1 𝑂𝑖

)

× 100% % 0  
 Root-Mean Square Error (RMSE) 𝑅𝑀𝑆𝐸 =

√

1
𝑛

∑𝑛
𝑖=1(𝑆𝑖 − 𝑂𝑖)2 mm 0  

𝑆𝑖 - value of satellite precipitation estimates for the 𝑖th event, 𝑂𝑖 - value of rain-gauge observation for the 𝑖th event, 𝑆̄ and 𝑂̄ - corresponding mean values, 𝑛 - number of observed 
records, 𝛽 = 𝑆̄∕𝑂̄, 𝛾 = (𝑆̄∕𝜎𝑆𝑖

)∕(𝑂̄∕𝜎𝑂𝑖
), 𝜎𝑆𝑖

 and 𝜎𝑂𝑖
 - corresponding standard deviations.
Table 4
Contingency table for comparing rainfall observed by rain gauges and estimated by satellite products for a given threshold (th).
 Estimated rainfall Observed rainfall
 Gauge rainfall ≥ th Gauge rainfall < th  
 Satellite rainfall ≥ th Hits (H) False alarms (F)  
 Satellite rainfall < th Misses (M) Correct Negatives (CN) 
coefficient (CC), bias ratio (𝛽), and variability ratio (𝛾), proposed 
by Gupta et al. (2009) and revised by Kling et al. (2012). The range 
of KGE is (−∞, 1], with a perfect value of 1. Higher values of KGE 
indicate better accuracy. Rbias quantifies the deviation of satellite 
products from gauge data, ranging from −∞ to ∞, with 0 representing 
a perfect value. The sign of Rbias (positive or negative) indicates the 
direction of deviation (overestimation or underestimation) and absolute 
value reflects the magnitude of deviation. RMSE provides a measure of 
the error that gives more weight to large errors without showing the 
direction of deviation between satellite products and rain gauges. Table 
3 shows details of the calculation of these verification scores.

Additionally, two categorical indices based on contingency tables 
(Table  4) were used. The Hansen and Kuipers (HK) score (Table  5) 
is the difference between the Probability of Detection (POD) and the 
Probability of False Detection (POFD) (Jolliffe and Stephenson, 2012; 
Trapero et al., 2013). The HK statistic measures the forecasting system’s 
ability to distinguish observed ‘‘yes’’ and ‘‘no’’ cases. The second score, 
Critical Success Index (CSI) quantifies the proportion of correct predic-
tions relative to the total number of event and non-event predictions, 
focusing on the model’s ability to detect events (Ebert, 2008).

For statistical analysis, only precipitation records determined by the 
following thresholds were considered: 0.5 mm one hour and 1 mm in 
one day. Additionally, in the second part of the study, results were 
stratified based on predefined accumulation thresholds for rain gauge 
data. At the hourly scale, the selected thresholds were 2, 10, 15, and 
30 mm or more in one hour. Similarly, at the daily scale, the thresholds 
were 10, 30, 50, and 100 mm or more in one day. The maximum 
5 
values of these thresholds (30 mm/h and 100 mm/24 h) are taken from 
heavy rainfall warning thresholds set by the Spanish Meteorological 
Service at hourly scale (AEMET, 2023) and the Meteorological Service 
of Catalonia at daily scale (SMC, 2025), respectively. The rest of the 
values considered are divisors of those thresholds.

3. Results and discussion

3.1. Performance of satellite products at hourly and daily scales

This section presents the evaluation of precipitation retrievals from 
all satellite products using rain gauge data as a reference. Fig.  2 
shows the probability distributions of precipitation occurrence from 
rain gauge observations and estimates from each satellite product at 
both hourly and daily resolutions. The number of data points consid-
ered in each analysis is indicated in the title of each panel. As shown, 
both the hourly-scale H68 and the daily-scale H64 represent signifi-
cantly smaller samples compared to the other products. For H68, this is 
attributed to its reliance on recoveries determined by orbital geometry, 
while for H64, it stems from the application of the concordance method 
to a product with substantially lower spatial resolution.

While the distributions are generally similar in shape across all 
cases, precipitation accumulations are often overestimated, except for 
H61B at the hourly scale and H64 at the daily scale, where the esti-
mated median value closely aligns with the observed value. Table  6 
summarizes the continuous metrics (KGE, Rbias, and RMSE) comparing 
rain gauge data and satellite products at hourly and daily scales. 
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Table 5
List of categorical verification scores used to evaluate satellite products.
 Name of metric Formula Perfect score 
 Probability of Detection (POD) 𝑃𝑂𝐷 = 𝐻

𝐻+𝑀
1  

 Probability of False Detection (POFD) 𝑃𝑂𝐹𝐷 = 𝐹
𝐹+𝐶𝑁

0  
 Hanssen and Kuipers (HK) 𝐻𝐾 = 𝑃𝑂𝐷 − 𝑃𝑂𝐹𝐷 1  
 Critical Success Index (CSI) 𝐶𝑆𝐼 = 𝐻

𝐻+𝑀+𝐹
1  
Fig. 2. Probability distribution of precipitation for each satellite product and the corresponding rain gauge records at the hourly scale (top panel) and at the daily scale (bottom 
panel). Solid lines correspond to kernel density estimates (KDE) computed using Gaussian kernels with a bandwidth of 0.6. Dashed lines represent the mean of the rain gauge 
(black) and satellite (blue) distributions. Dash-dotted lines indicate the 95th percentile of each distribution.
Table 6
Continuous and categorical verification scores applied at hourly and daily resolutions. Best and worst values for each score are indicated in green and red, respectively.
 Hourly
 Product KGE Rbias RMSE HK CSI  
 H61B 0.26 −23.47 6.67 0.48 0.37 
 H68 0.22 25.77 4.96 0.79 0.52 
 Early 0.18 12.36 8.01 0.57 0.41 
 Late 0.22 11.68 7.50 0.60 0.41 
 Daily
 Product KGE Rbias RMSE HK CSI  
 H61B 0.21 33.91 24.77 0.27 0.72 
 H64 0.38 −15.81 19.54 0.27 0.72 
 Early 0.32 26.09 26.31 0.30 0.72 
 Late 0.33 38.60 26.74 0.36 0.75 
Considering the thresholds for detecting a precipitation event (0.5 mm 
at the hourly scale and 1 mm at the daily scale), the CSI and HK indices 
obtained for each product are also included.

The variability in KGE, Rbias, and RMSE values among the products 
suggests that the accuracy and efficiency of satellite products can vary 
significantly depending on the product and the temporal scale exam-
ined. KGE values were relatively low for all products regardless of the 
temporal aggregation, indicating challenges in replicating the temporal 
variability and magnitude of precipitation measured by rain gauges. 
The highest value was observed for H64 at the daily scale, although it 
does not exceed 0.4. IMERG showed improved efficiency in retrievals 
with increased temporal aggregation. Several studies have noted this 
behavior (Peinó et al., 2022; Chen et al., 2018; Xu et al., 2019), 
6 
as longer temporal aggregations smooth out short-term precipitation 
variations, leading to better alignment with rain gauge observations.

H61B exhibits a significant negative bias (−23.47%) at the hourly 
scale, nearly equivalent in magnitude but opposite in sign to H68 
(25.77%). IMERG products at this scale showed similar values and the 
best performance, although they overestimated the observations. RMSE 
values were fairly consistent across products. While H68 exhibited 
the best performance, this metric is more sensitive to larger errors. 
Consequently, the limited number of records with high precipitation 
accumulations for this product may have positively skewed the result.

At the daily scale, relative bias indicated substantial overestimation, 
especially for H61B and Late, which exceeded 30%, while H64 showed 
underestimation to a lesser extent and exhibited the best performance. 
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The products reflected substantial systematic errors in daily precip-
itation estimation algorithms (between 19 and 26 mm/day). These 
discrepancies are likely influenced by precipitation accumulations and 
limitations in spatial and temporal resolution used in comparisons 
between satellite products and rain gauges.

Overall, notable differences were observed between hourly and 
daily scales concerning the products’ ability to detect precipitation 
events. CSI values increased at the daily scale compared to the hourly 
scale, while the products’ ability to discriminate between events and 
non-events decreased. At the hourly scale, H68 demonstrated superior 
capability to distinguish between events and non-events (HK = 0.79) 
with moderately high accuracy in predicting correct events (CSI = 
0.52). H61B showed slightly lower performance in these aspects. Con-
versely, at the daily scale, Late stood out with the best discrimination 
capability (HK = 0.36), though it did not exceed 0.5, while all prod-
ucts maintained high accuracy in event prediction (CSI = 0.72). This 
indicates that while temporal aggregation improves event detection 
accuracy, the ability to discriminate these events decreases due to a 
high false alarm rate affecting the index.

3.2. Spatial distribution of errors

Fig.  3 presents the validation results at the hourly scale for each 
pixel according to the spatial resolution of each satellite product in 
terms of KGE, based on all the case studies considered in the analy-
sis. To better interpret the results, a scale was added where reddish 
colors represent poor product performance in these pixels, and green 
colors indicate better skill according to previous studies (EUMETSAT, 
2022). H68 shows poor performance with a low KGE index in several 
regions (more than 70% of pixels rated unsatisfactory), particularly 
in the Pyrenees area. Compared to the other products, H61B shows 
the highest percentage of pixels classified as having acceptable or 
good performance in inland areas, including high mountain regions. 
Areas with unsatisfactory performance (68% of pixels) were primarily 
concentrated along the coast. IMERG products exhibit globally poor 
values, with only a few acceptable (4% and 8% of good pixels for Early 
and Late, respectively), indicating a limited ability to provide accurate 
and consistent estimates at this scale based on this index.

Fig.  4 illustrates the behavior of KGE at the daily scale, also con-
sidering all case studies. Although it is challenging to establish clear 
spatial patterns of better performance among these products, it is 
noteworthy that all of them show the best results in the southwest of 
the region. The H64 product stands out as the most suitable, with 31% 
of pixels showing KGE values considered ‘‘acceptable’’ or ‘‘very good’’. 
The main limitations of this product are evident in the Pyrenees and the 
northeastern part of the region. H61B exhibits substantially lower KGE 
values across almost the entire domain, except near the Ebro Valley, 
where IMERG products also show the best results. Coastal areas north 
of this basin are notably affected by the largest errors. It is important 
to mention that many case studies (see Appendix B) coincidentally 
recorded the highest precipitation accumulations in this region, sug-
gesting that this behavior might be linked to the accumulation of 
precipitation during events.

The comparison between hourly and daily results shows that prod-
ucts with lower spatial resolution, such as H64, demonstrate the highest 
accuracy in terms of KGE. This may be primarily due to the limitations 
of the point-to-pixel method, which can struggle with high-resolution 
data due to the mismatch between the spatial resolution of satellite 
products and the spatial scale of ground-based measurements. IMERG 
products consistently perform poorly at both scales, indicating sub-
stantial limitations in their retrievals; however, the Late Run generally 
outperforms the Early Run, especially at the daily scale. In contrast, 
H61B demonstrates better performance at the hourly scale, likely due 
to its high spatial resolution, which makes it more sensitive to the 
high variability of precipitation. Additionally, its significantly lower 
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latency compared to the other evaluated products may further enhance 
its performance.

Notably, the largest errors in satellite precipitation estimates occur 
over coastal and mountainous regions, which aligns with previous 
studies on SPPs. In complex terrain, precipitation retrieval is partic-
ularly challenging due to the influence of orographic enhancement, 
rapid spatial variability of precipitation, and the limitations of PMW 
and IR retrieval techniques. Studies have shown that satellite-based 
PMW retrievals tend to underestimate precipitation associated with 
shallow orographic systems, as these systems often lack strong ice 
scattering signatures, which are the primary basis for PMW-based 
rainfall estimation (Adhikari and Behrangi, 2022). Similarly, IR-based 
algorithms struggle to detect warm orographic rainfall, leading to 
significant underestimations in mountainous regions (Bitew and Ge-
bremichael, 2010). Over coastal areas, the transition between ocean 
and land surfaces introduces additional uncertainties, as satellite sen-
sors must differentiate radiometric signals from contrasting surface 
emissivities, a well-known challenge for PMW retrievals (Derin et al., 
2022; Turk et al., 2021). This issue is particularly relevant in Catalonia, 
where the proximity of mountainous regions to the Mediterranean 
coastline further complicates satellite precipitation retrievals. Similar 
biases have been reported in coastal mountain regions of the west-
ern United States, where SPPs struggle to capture rapid changes in 
precipitation due to land-ocean-atmosphere interactions (Chen et al., 
2022).

However, recent advancements in satellite retrieval algorithms aim 
to mitigate these biases. For instance, IMERG Version 07 incorpo-
rates an upgraded GPROF retrieval algorithm, which introduces new 
mountain-specific surface classes and accounts for different orographic 
enhancement conditions. These modifications are expected to improve 
precipitation estimates over mountainous terrain; however, their effec-
tiveness remains to be validated (Portier et al., 2025). Previous studies 
have demonstrated that incorporating terrain features into machine 
learning-based bias correction models significantly improves satellite 
precipitation estimates over complex terrain Chen et al. (2022) . While 
some efforts have been made to evaluate IMERG in coastal regions (Sui 
et al., 2020), similar validation efforts for H SAF products are still 
lacking. Given that both coastal and orographic precipitation processes 
play a crucial role in the precipitation climatology of Catalonia, future 
studies should further investigate how recent algorithmic improve-
ments impact the performance of IMERG and H SAF products in these 
challenging environments.

3.3. Evaluation according to different hourly and daily rainfall amounts

Fig.  5 shows the distribution of hourly (top panel) and daily (bottom 
panel) precipitation accumulations for each satellite product and the 
corresponding rain gauge records used for validation. The four sections 
of the figure are identified based on the different precipitation accumu-
lation thresholds (th) reached or exceeded in the reference rain gauges: 
2, 10, 15, and 30 mm (hourly scale) and 10, 30, 50, and 100 mm (daily 
scale).

According to the results found here, Fig.  5 illustrates clearly that 
satellite products systematically underestimate precipitation accumu-
lations, both hourly and daily, compared to rain gauge data, with this 
discrepancy becoming more pronounced as precipitation accumulations 
increases (see Appendix  C). Notably, for the highest accumulations, 
both H61B and H64 exhibit minimal detection within these ranges, 
while H68 lacks sufficient data beyond these accumulations to establish 
a reliable distribution. IMERG products perform similarly to each other 
and are the only ones capable of recording precipitation accumulations 
comparable to those recorded by rain gauges, although this does not 
imply perfect spatial and temporal alignment. The greater variability 
in rain gauge measurements at all accumulation thresholds indicates 
that satellite products do not adequately capture this variability.
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Fig. 3. Distribution of KGE values at hourly scale in each pixel of H61B, H68, Early and Late products. The pie charts illustrate the distribution of pixels classified based on the 
KGE, using the total number of evaluated pixels for each product as a reference. The total number of pixels assessed for each product is displayed in the corresponding panel of 
the figure.
Table  7 summarizes the key continuous statistics calculated for each 
satellite product at both hourly and daily temporal resolutions for 
the four predefined accumulation thresholds. Generally, all products 
show a decrease in KGE, and an increase in negative bias and RMSE 
as the precipitation threshold increases, though values are slightly 
better at the daily scale. At the hourly scale, H61 consistently achieves 
the highest KGE values, regardless of temporal aggregation, while 
Early does not excel in any performance metric. H68 outperforms the 
other products in terms of Rbias and RMSE, whereas Late shows less 
underestimation in daily estimates for events with medium to high 
accumulations. However, Late is distributed with a 14-hour latency 
due to the need for waiting for the next PMW overpass to allow 
back-interpolation in time. While this study primarily evaluates the 
accuracy of satellite precipitation products rather than their real-time 
applicability, it is important to acknowledge the implications of this 
delay. Despite IMERG Late’s superior performance in detecting extreme 
rainfall, its latency limits its usefulness for time-sensitive applications 
such as early warning systems. Moreover, our results indicate that the 
improvements in IMERG Late over other products are only marginal, 
and in some cases, non-existent. This suggests that the underestimation 
of heavy rainfall events is not solely due to the availability of additional 
satellite data but rather an intrinsic limitation of the retrieval algorithm 
itself. Consequently, for near-real-time applications, H61B remains the 
most practical choice despite its known biases.
8 
According to the categorical statistics shown in Fig.  6, all satellite 
products significantly decrease their ability to detect correct precipita-
tion events at thresholds above 2 mm in one hour and 10 mm in one 
day. Although there are no dramatically marked differences, indicators 
improve with increased temporal aggregation, which is particularly 
notable in the IMERG products. Similar behavior has been reported in 
other studies (Peinó et al., 2022), which have also shown significant 
improvements when dealing with precipitation values over longer time 
scales, such as monthly, seasonal, and annual periods.

SPPs typically exhibit decreasing accuracy as rainfall accumulation 
increases, particularly for extreme precipitation events. This decline in 
performance is associated with multiple factors, including the physical 
characteristics of heavy rainfall and the limitations of satellite retrieval 
algorithms. Extreme precipitation often occurs in deep convective sys-
tems with large ice particles and strong vertical development, which 
introduce retrieval challenges for both PMW and IR sensors. PMW-
based retrievals may suffer from heavy attenuation, particularly in 
high rainfall rates, leading to underestimations (Chen et al., 2022). 
Additionally, the IR-based algorithms, in the absence of PMW data, can 
misclassify cold cloud tops as precipitation, even in regions where no 
rainfall is occurring (Cui et al., 2020). Further uncertainties arise from 
the priori databases used in precipitation retrievals, which typically 
contain fewer extreme precipitation cases, leading to biases in satellite 
estimates. Spatial mismatches, temporal sampling issues, and errors in 
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Fig. 4. Same as Fig.  3 but at daily scale.
Table 7
Continuous and categorical scores for different accumulation thresholds (th). Best and worst values for each score are indicated in green and red, respectively.
 Hourly Daily

 Product KGE Rbias RMSE Product KGE Rbias RMSE 
 th ≥ 2 mm th ≥ 10 mm
 H61B 0.23 −38.17 8.01 H61B 0.32 1.41 24.82 
 H68 0.22 2.41 5.67 H64 0.30 −33.17 22.23 
 Early 0.13 −11.19 9.36 Early 0.29 2.34 29.28 
 Late 0.18 −10.11 8.81 Late 0.37 15.24 29.11 
 th ≥ 10 mm th ≥ 30 mm
 H61B −0.07 −61.90 16.22 H61B 0.31 −31.70 31.14 
 H68 −0.75 −45.99 13.01 H64 0.09 −50.64 33.43 
 Early −0.58 −54.55 17.74 Early 0.03 −19.53 39.74 
 Late −0.40 −51.93 17.38 Late 0.22 −6.29 36.98 
 th ≥ 15 mm th ≥ 50 mm
 H61B −0.25 −67.16 21.08 H61B 0.19 −43.40 47.46 
 H68 −1.01 −59.19 16.11 H64 −0.39 −55.65 51.66 
 Early −0.90 −64.70 22.19 Early −0.27 −29.33 59.96 
 Late −0.74 −63.73 22.12 Late 0.03 −16.28 52.73 
 th ≥ 30 mm th ≥ 100 mm
 H61B −0.89 −79.93 37.22 H61B −0.14 −51.72 81.33 
 H68 −87.54 27.99 H64 −0.91 −54.56 73.54 
 Early −1.88 −81.83 36.76 Early −1.01 −59.99 96.88 
 Late −1.41 −80.23 37.17 Late −0.72 −45.96 84.20 
9 
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Fig. 5. Distribution of rainfall observations (gray) and satellite products (green) at hourly (top row) and daily (bottom row) scales, corresponding to cases where rain gauge 
measurements met or exceeded the precipitation accumulation (mm) thresholds (th) indicated. The violin plots represent the distribution of the data, showing the probability 
density at different values, with the width of each plot indicating the concentration of values. The lines within the plots represent the median and the first and third quartiles 
(25th and 75th percentiles) of the sample.

Fig. 6. Critical Success Index score for each satellite product on an hourly scale (left panel) and on a daily scale (right panel) considering different rainfall accumulation thresholds. 
Darker bluish colors (darker reddish) indicate good (bad) performance of the satellite estimates.
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gauge-based reference datasets further complicate the validation of ex-
treme precipitation retrievals (Tan et al., 2016; Kirstetter et al., 2020). 
Studies have shown that IMERG products tend to have reduced per-
formance at finer temporal resolutions, partly due to the interpolation 
processes and the limited revisit time of the Global Precipitation Mea-
surement (GPM) constellation (Chen et al., 2018; Xu et al., 2019; Gaona 
et al., 2016). Orographic influences and mesoscale factors further con-
tribute to the complex spatial variability of precipitation, increasing 
the challenge of accurately capturing extreme events (Tapiador et al., 
2020).

Recent advancements in the IMERG V07 algorithm have sought 
to improve the detection and quantification of extreme precipitation 
events. One major modification is the removal of internal precipitation 
rate caps, which previously limited estimates to 50 mm/h in the IR 
module and 120 mm/h in the PMW module (Portier et al., 2025). 
In V07, the cap has been increased to 200 mm/h, allowing for a 
more realistic representation of extreme rainfall when retrievals sup-
port such values. Additionally, the implementation of the SHARPEN 
scheme (Tan et al., 2021) addresses biases introduced by the Kalman 
filter, which previously smoothed extreme values and artificially ex-
panded precipitation areas. This refinement enables V07 to better 
preserve the statistical distribution of extreme precipitation rates. Fur-
thermore, improvements in the GPROF V07 retrieval algorithm have 
enhanced precipitation estimation over challenging surface types, in-
cluding frozen terrains, mountainous regions, and coastal zones. While 
these updates represent significant progress, their effectiveness in real-
world scenarios requires further validation, particularly in complex 
environments such as those analyzed in this study. Future research 
should focus on assessing the impact of these algorithmic advancements 
on the detection of extreme precipitation, as well as their implications 
for hydrological applications.

3.4. Relationship with cloud-top microphysical properties

This section analyzes the characteristics of cloud-top microphysical 
variables associated with precipitation observed or estimated at the 
surface, using both rain gauge data and satellite products on an hourly 
time scale. The CMIC product provides detailed information on the 
microphysics of cloud tops for all pixels identified as cloudy in the 
satellite scene. It is important to note that while the cloud phase is 
available for any time of the day, the other variables are only calculated 
under daytime conditions, reducing the size of the initial sample. Since 
CMIC only contains information about the upper part of the clouds, 
this analysis can provide additional and independent insights into the 
behavior of these variables when precipitation is observed or estimated.

Fig.  7 shows the distribution of cloud-top microphysical variables, 
including 𝑅𝑒𝑓𝑓 , COT, IWP, and LWP, under two thresholds of observed 
or estimated surface precipitation at hourly scale. The left column 
displays cases with precipitation equal to or greater than 2 mm, while 
the right column corresponds to values equal to or greater than 10 mm. 
These distributions consider data from rain gauges as well as the four 
satellite products analyzed on an hourly scale: H61B, H68, Early, and 
Late.

The 𝑅𝑒𝑓𝑓  associated with precipitation cases exhibits very similar 
distributions for both satellite estimates and rain gauge observations. 
The medians range around 0.02–0.03 mm with narrow inter-quartile 
ranges, indicating low variability in this variable overall. However, 
in those cases where 10 mm or more accumulated, a slight trend 
towards higher 𝑅𝑒𝑓𝑓  values is observed. Previous studies have iden-
tified a threshold of 0.013–0.014 mm as an indicator of precipitation 
onset (Freud and Rosenfeld, 2012; Rosenfeld and Gutman, 1994; Braga 
et al., 2017), associated with an increase in both droplet sweep volume 
and collision efficiency. This behavior is reflected in a significant 
increase in precipitation probability when 𝑅𝑒𝑓𝑓  reaches 0.014 mm, 
although light precipitation has been documented for values between 
0.01 and 0.012 mm (Braga et al., 2021).
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The COT values vary widely, ranging from less than 50 to more than 
200. However, the medians of rain gauge observations and satellite 
estimates are similar for precipitation thresholds exceeding 2 mm. At 
higher hourly accumulations, above 10 mm, more pronounced differ-
ences emerge between the distributions associated with precipitation. 
Higher COT values observed under conditions of greater precipitation 
accumulations may be linked to denser and optically thicker clouds, 
which could contribute to increased precipitation accumulations. This 
aligns with previous studies that indicate that decreasing cloud-top 
pressure and increasing COT are often associated with higher rainfall 
rates due to deeper and more vigorous cloud development (Tapiador 
et al., 2019). This behavior is evident in rain gauge observations, where 
an increase in the median COT values is observed, surpassing those 
associated with satellite-estimated rainfall cases.

The H68 and IMERG products, while showing a slight increase 
relative to the 2 mm threshold, present lower medians and narrower 
interquartile ranges compared to rain gauges, suggesting a limited 
relationship between their retrieval algorithms and variations in COT. 
On the other hand, the H61B product stands out as the only one with 
a median higher than the rain gauge observations, showing higher 
values and, therefore, a stronger relationship between denser clouds 
and higher precipitation accumulation estimates.

The IWP shows high values across all distributions, with a notable 
increase as precipitation accumulations rises, except in the case of the 
H68 product. This may be attributed to the smaller dataset available 
when applying a threshold above 10 mm. Most of the precipitation 
cases analyzed in this study are associated with clouds containing 
ice at their tops, while cases with a liquid phase are scarce. This is 
reflected in the low values and reduced variability observed in the IWP 
distribution graphs, with limited or no representation in some of the 
satellite products evaluated.

Additionally, previous studies have indicated that the correlation 
between total cloud water content and surface precipitation rates is 
weaker in arid regions (You and Liu, 2012). This factor may be relevant 
in interpreting the low sensitivity of certain satellite products to IWP 
in scenarios with high precipitation accumulations.

While PMW retrieval algorithms indirectly account for cloud prop-
erties through brightness temperature measurements at different fre-
quencies, the direct integration of COT and IWP into satellite rainfall 
estimation remains an open challenge. Traditional retrieval methods 
often struggle to establish non-linear relationships between cloud prop-
erties and precipitation rates, potentially overlooking key meteorolog-
ical parameters. Recent advancements in machine learning and deep 
learning techniques, such as Random Forest (RF), XGBoost, Support 
Vector Machine (SVM), and Convolutional Neural Networks (CNN), 
offer promising avenues for addressing these limitations (Wang et al., 
2020; Li et al., 2021; Yang et al., 2022). These methods can efficiently 
handle large datasets, capture complex relationships, and improve the 
accuracy of precipitation retrievals without requiring priori assump-
tions. This study identifies specific value ranges of cloud top properties 
and their relationship to satellite-based precipitation estimates. Future 
efforts should focus on integrating these variables effectively into re-
trieval algorithms, leverage machine learning approaches to improve 
precipitation estimation, and explore transfer learning techniques to 
optimize variable selection in next versions of H SAF and IMERG 
products.

3.4.1. Thresholds of microphysical variables for Hits, False Alarms and 
Misses

Fig.  8 illustrates the behavior of cloud-top microphysical variables 
across three categories: hits, false alarms, and misses, comparing satel-
lite precipitation estimates to rain gauge observations, using the same 
accumulation thresholds as previously (2 and 10 mm). Examining 
these categories enables identifying the optimal ranges of microphysical 
variables where satellite products accurately capture observed precipi-
tation, as well as those where false alarms occur or precipitation events 
exceeding a specific threshold are missed.



E. Peinó et al. Atmospheric Research 327 (2026) 108311 
Fig. 7. Boxplots of microphysical variables at the cloud top for satellite rainfall product when rain gauges observed and satellite products estimated precipitation accumulated 
reaching or exceeding (left column) 2 mm and (right column) 10 mm in one hour. Note that the distributions for each product are associated with a different rain gauge data 
distribution, as the samples are different in each case.
Consistently with previous results, the microphysical variables that 
exhibit distinctive patterns under different precipitation accumulations 
thresholds are COT and IWP. For thresholds exceeding 2 mm, hits 
are associated with COT values greater than 100 and IWP values 
exceeding 3 kg/m2. As precipitation accumulations increases, these 
thresholds reach COT values near 150 and IWP values close to 4 kg/m2, 
particularly in the H61B and IMERG products. However, these variables 
values are notably lower in cases of false alarms and even lower when 
the products fail to detect precipitation, especially for accumulated 
above 2 mm.

The H61B and Late products show similar distributions, whereas 
Early exhibits limited variability in the medians associated with false 
alarms and misses for accumulated above 2 mm. For H68, false alarms 
are linked to COT values below 50, the lowest threshold recorded for 
this category. For accumulated exceeding 10 mm, establishing optimal 
thresholds to characterize each category becomes more challenging. 
Nevertheless, IMERG products display false alarms associated with low 
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COT values, sometimes below 100, and relatively low IWP values 
compared to misses and hits, consistent with findings by Maranan et al. 
(2020).

According to Dai et al. (2013), deep convective clouds are often 
capped by ice-phase anvil clouds. Under such conditions, raindrops may 
undergo displacement during descent due to strong horizontal wind 
shear, leading to a mismatch between surface observations and the 
characteristics of upper-level clouds.

3.4.2. Precipitation estimation errors associated with cloud top phase
To quantify differences based on the cloud-top phase, Fig.  9 presents 

the relative bias (Rbias) and root-mean-square error (RMSE) for each 
product as a function of the cloud phase associated with accumulated 
precipitation exceeding 2 mm and 10 mm. The results highlight sig-
nificant limitations of the products for higher hourly accumulations, 
with underestimations exceeding 40% and errors surpassing 10 mm. 
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Fig. 8. Boxplots of microphysical variables during precipitation events classified as Hits, False Alarms, and Misses using thresholds of 2 mm (left column) and 10 mm in one hour 
(right column).
For thresholds above 2 mm, the best results are observed when the 
cloud-top phase is ice, particularly in the H68 and IMERG products. 
Conversely, under liquid or mixed phases, the estimates exhibit under-
estimations close to or above 40% and errors exceeding 7.5 mm. As 
noted by Maranan et al. (2020), the IMERG products and their sources 
are very sensitive to low LWP values, explaining the larger errors in 
warm clouds. In contrast, these products perform significantly better 
for glaciated clouds.

These findings align with those reported by Peinó et al. (2024), 
who emphasized that IMERG sources, particularly passive microwave 
(PMW) data, are sensitive to the cloud phase and microphysical char-
acteristics. The poorest performance is typically associated with warm 
and mixed-phase clouds, underscoring IMERG’s dependence on the 
formation of ice particles in convective clouds. PMW sensors are gen-
erally more effective at detecting precipitation from deep convective 
systems associated with cold clouds over land, as they leverage ice 
scattering signatures at high frequencies (e.g., 89 GHz and above) to 
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infer precipitation rates. This results in better detection of moderate 
to heavy rainfall but can lead to underestimations in warm rain sce-
narios, where ice-phase hydrometeors are absent. In contrast, IR-based 
retrievals infer rainfall indirectly from cloud-top temperatures, which 
can be problematic for warm rain processes (e.g., shallow convec-
tion or stratiform precipitation), where cloud tops remain relatively 
warm despite precipitation is present below cloud base. The poorest 
performance of satellite products is often associated with warm and 
mixed-phase clouds, reflecting their reliance on  ice particle formation 
within convective clouds. Although our study focuses on a semiarid 
climate in the Western Mediterranean, our findings align with those 
of Maranan et al. (2020) in a forested region of West Africa, suggesting 
that observed biases, particularly for intense rainfall, stem primarily 
from limitations inherent to satellite precipitation algorithms rather 
than regional precipitation dynamics.

The results underscore the close relationship between clouds and 
precipitation but also reveal notable variability in precipitation within 
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Fig. 9. Scatter plot of Rbias (%) versus RMSE (mm) for each satellite product stratified according to the upper cloud phase giving rise to accumulated precipitation (left panel) ≥
2 mm (right panel) ≥ 10 mm . The marked point (black star) is the reference for no errors, whereas the bottom right is the location with the highest errors. The colored circles 
represent the three possible cloud top phases and are used to stratify the errors associated with the product estimates (depicted by the remaining symbols). For example, the blue 
square represents the error associated with H68 estimates when the cloud top phase was ice.
clouds with similar microphysical characteristics—and vice versa. Al-
though ice-phase processes appear to dominate in the analyzed cases 
of extreme precipitation, this may reflect the selection bias intro-
duced by focusing on intense events, which are more likely to involve 
deep convection. Warm rain processes, which can be relevant in oro-
graphic precipitation and may occur even under cloud tops with ice, 
are likely underrepresented in our dataset. This highlights the potential 
decoupling between surface precipitation and the ice-phase signatures 
detected by PMW sensors. Therefore, while our findings emphasize the 
role of ice-phase processes in satellite precipitation estimates, they also 
point to the need for further studies that incorporate a broader range 
of precipitation regimes, including warm rain events.

4. Conclusions

The performance of three H SAF products (H61B, H64, H68) and the 
IMERG Early and Late Runs V06B were validated using hourly and daily 
precipitation records from 186 rain gauges distributed over a Mediter-
ranean coastal region using eighteen rainfall days. A point-to-pixel 
method was used to establish spatial matches between the two datasets, 
and several metrics were analyzed to quantify the discrepancies in 
precipitation accumulations. The validation and intercomparison of the 
performance of these satellite products were conducted considering 
four precipitation accumulations thresholds at both hourly and daily 
scales. This analysis also examined the relationship between surface 
precipitation observations/estimates and microphysical properties at 
the cloud top. The main findings can be summarized as follows:

• Satellite estimates tend to overestimate low precipitation accu-
mulations, with this overestimation being more evident in the 
H68 product at the hourly scale and in IMERG Late at the daily 
scale. Nevertheless, both products demonstrate remarkable skill 
in detecting precipitation occurrences at accumulations of 0.5 mm 
in one hour and 1 mm in one day, respectively. The H64 product 
showed the lowest errors at the daily scale, albeit with limitations 
in identifying events.

• At the hourly scale, the H61B and H68 products exhibited a 
higher proportion of pixels with high KGE values compared to 
the IMERG products, with IMERG Early showing the poorest 
performance. While IMERG estimates slightly improve at the daily 
scale, the H61B product loses skill as the temporal aggregation 
increases, and H64 stands out as the best-performing product. 
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At this scale, the worst results were observed in coastal areas, 
particularly in northeastern Catalonia, while the highest KGE 
values were found in the southwestern region.

• Intense precipitation is rarely captured by satellite products. In 
fact, all satellite products show a significant decline in their abil-
ity to accurately detect precipitation once thresholds exceed 2 mm 
in one hour and 10 mm in one day. IMERG products are more 
sensitive to detecting extreme accumulation values, although with 
low temporal and spatial agreement with rain gauge observations. 
The H68 product exhibited the largest errors in such events, while 
IMERG Late proved to be the most effective despite maintaining 
notable biases.

• The accurate precipitation estimates from the satellite products 
were consistently associated with high values of COT and IWP, 
whereas false alarms tended to correspond to low values of these 
variables. Although the analyzed cases mostly involved clouds 
with significant ice-phase signatures, the results indicated poorer 
performance in estimating precipitation associated with the pres-
ence of liquid or mixed-phase water at the cloud top. This may 
reflect the challenges in detecting warm rain processes with PMW 
sensors and the under-representation of such events due to the 
focus on extreme precipitation episodes.

The results of this study not only validate a range of satellite precipi-
tation estimation products but also facilitate comparisons among them, 
providing valuable information to users for various applications. The 
overall agreement between the rain gauge and satellite estimates was 
weak, indicating that although the products can capture extreme pre-
cipitation values, they do not always align with ground observations. 
This study highlights the need for continued detailed validation efforts 
to enhance the accuracy and effectiveness of precipitation retrieval al-
gorithms. One of the main challenges remains the difficulty of detecting 
and quantifying extreme precipitation events, particularly in regions 
with complex topography, where the performance of satellite products 
declines significantly. Future research should explore ways to improve 
retrieval algorithms for these cases, including refining bias correction 
methodologies and incorporating additional atmospheric and cloud 
microphysical parameters into the estimation process.

Despite this limitation, the use of these products adds value in 
various operational contexts depending on specific needs. For instance, 
in risk and emergency management, it is crucial to have data that is 
spatially homogeneous, with a high update frequency and the lowest 
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possible latency, such as H61B. In hydrometeorological applications, 
like modeling for river basins, a less stringent latency and a spatial 
resolution adaptable to the basin’s size might be required (products 
like H68, Early, or H64). Finally, in post-event analyses, the focus 
shifts to precipitation estimates that are as close as possible to observed 
measurements, with higher spatial resolution being more critical than 
lower latency, as in the Late product.

During the course of this study, the available IMERG data corre-
sponded to version 06B; however, IMERG was later updated to V07B, 
which introduced significant improvements, including three correc-
tions to sources of bias and the implementation of two new advanced 
schemes, SHARPEN and SPEEDe. These advancements should be con-
sidered in future research to assess their impact on precipitation es-
timates. Additionally, our findings highlight key areas for improving 
satellite precipitation estimation algorithms, particularly in capturing 
warm cloud rainfall and extreme precipitation events. Incorporating 
cloud microphysical properties, such as COT and IWP, into retrieval al-
gorithms could enhance the detection of warm rain processes, which re-
main a challenge for current satellite products. Furthermore, given that 
precipitation typology significantly influences satellite product perfor-
mance, integrating GPROF precipitation type information into IMERG 
could improve its accuracy and consistency across different climatic 
and geographic regions. Another fundamental challenge is the detection 
of ice-phase hydrometeors, as current sensors have limited capability 
to distinguish between different ice crystal types and their impact 
on upwelling radiation. Addressing these uncertainties is essential for 
improving satellite-based precipitation retrievals, initializing numerical 
weather models, and refining microphysical parameterizations in future 
algorithm developments.

This study also has limitations that should be acknowledged. One 
key challenge is the spatial scale mismatch between point-based rain 
gauge measurements and satellite grid data, which can introduce bi-
ases, particularly in regions with complex topography such as Cat-
alonia. Additionally, rain gauge measurements were not corrected for 
wind effects, which may lead to systematic biases due to evaporation 
loss and underestimation of trace precipitation values. The pixel-to-
point validation method, while widely used, assumes that a single 
rain gauge represents the mean precipitation of an entire satellite 
grid cell, a limitation that becomes more problematic at sub-daily 
timescales. Future research should explore improving individual PMW 
retrievals before merging them into composite products such as IMERG. 
A precipitation classification scheme incorporating mixed-phase pre-
cipitation retrievals could enhance detection accuracy, particularly for 
orographic precipitation. Moreover, the integration of high-resolution 
15 
atmospheric models and machine learning techniques could refine 
retrieval algorithms, especially for extreme rainfall events. As part of 
future efforts, the validation of the recently released IMERG V07 will be 
essential to assess its improvements in capturing both light and extreme 
precipitation. These advancements will contribute to more accurate 
and timely satellite-based precipitation products, ultimately benefiting 
hydrometeorological forecasting and disaster risk management.
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Appendix A

See Table  A.1.
Table A.1
List of maximum rainfall observed by raingauges (RG) and estimated by satellite products at hourly and daily scale.
 Dates Hourly maximum (mm) Daily maximum (mm)
 dd/mm/yyyy RG H61B H68 Early Late RG H61B H64 Early Late  
 09/05/2021 14.4 5.9 2.5 38.1 40.1 50.8 28.4 21.1 80.3 80.5  
 17/06/2021 49.1 10.2 17.4 48.7 42.6 86.8 37.3 55.2 164.7 136.2 
 31/07/2021 30.7 15.0 47.0 41.0 70.3 115.0 106.2 98.0 89.8  
 25/08/2021 51.4 8.5 0.7 48.2 49.9 78.8 33.5 41.7 117.8 132.6 
 01/09/2021 100.6 17.3 50.1 49.2 251.9 118.5 85.1 244.9 226.9 
 09/09/2021 39.0 9.4 0.9 71.3 60.6 44.7 25.3 16.5 110.5 99.9  
 18/09/2021 43.5 8.6 6.1 65.8 69.6 48.8 27.6 32.8 121.8 141.9 
 23/11/2021 77.2 11.8 18.9 35.3 191.9 110.2 101.2 64.5 150.4 
 12/03/2022 20.4 2.5 2.2 21.3 19.8 110.9 11.8 12.9 147.9 152.5 
 20/03/2022 20.7 0.1 0.3 9.6 9.6 113 1.1 3.6 40.6 54.7  
 17/08/2022 49.4 13.3 6.6 59.6 59.6 97.2 80.8 61.5 117.5 162.1 
 24/08/2022 29.7 11.3 0.7 44.1 53.3 62.3 37.9 40.2 123.9 143.2 
 25/08/2022 46.2 13.5 4.2 26.2 22.3 53 60.6 54.4 60.7 54.1  
 23/09/2022 54.9 9.0 0.0 31.8 22.1 130.4 40.6 111.6 71.1 62.9  
 29/06/2023 53.6 27.1 10.9 36.5 42.8 139.3 120.2 64.7 118.5 199.4 
 27/07/2023 29.5 23.3 15.2 30.1 30.1 46.8 59.1 43.0 44.9 60.5  
 03/09/2023 99.2 11.5 0.4 21.1 16.1 206.0 87.7 88.8 90.4 67.1  
 15/09/2023 50.5 24.3 28.9 19.1 19.5 120.0 80.3 105.9 46.7 64.2  
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Appendix B. Performance of daily precipitation (mm) in all se-
lected cases of each satellite product versus the records of all rain 
gauges in the domain
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Appendix C. Scatter plots comparing each satellite product against
rain gauge observations at hourly (top row) and daily (bottom 
row) scales. Rain gauge precipitation intensities are stratified into 
different accumulation thresholds and represented by different 
colors. only gauge values meeting or exceeding each threshold are 
included, while satellite values are unrestricted. the regression fit 
line, corresponding to the lowest accumulation threshold for each 
timescale, is also shown with a 95% confidence interval (gray line 
with shaded area)

Data availability

All datasets used in this study are publicly available and properly 
cited in the Data Availability section of the manuscript, including links 
to the original sources.
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