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Highlights

What are the main findings?

• Over our study area, CMORPH is not recommended and MSWEP is preferable over
IMERG, these last two showing mainly CC and POD > 67% but FAR > 30%.

• Worst performance occurs in those regions with simultaneously high orographical
complexity, annual precipitation and altitude. Heavier intensities are easily detected
but notably underestimated. Performance is more predictable in spring and autumn.

What are the implication of the main finding?

• These SPPs should be used with caution.
• We recommend first analysing their performance on the specific application of interest.

Abstract

Climate change is altering the global distribution of precipitation, especially in Mediter-
ranean areas with heterogeneous climates. The spatiotemporal variability of precipitation
complicates its monitoring. Satellite-derived precipitation products (SPPs) usually offer
global continuous coverage at daily scale; however, their coarse spatial resolution and
indirect measurement introduce relevant bias. We analysed the suitability of CMORPH
V1.0, IMERG V07A and MSWEP V2.8 across Peninsular Spain and Balearic Islands us-
ing Agencia Estatal de Meteorología (AEMET) gauge data as reference, and investigated
performance dependence on seasonality, precipitation intensity, altitude and orography.
CMORPH is not recommended and MSWEP is preferable over IMERG, although MSWEP
performs worse for lighter intensities and summer. IMERG and MSWEP show mainly
Correlation Coefficient (CC) and Probability of Detection (POD) > 67%, and False Alarm
Ratio (FAR) > 30% (vice versa for CMORPH). All products overestimate with lower fre-
quency but greater magnitude (at least twice the reference value). Monthly performance
is better than daily, but with increased underestimation. Performance for spring and
autumn is similar to overall performance, while summer presents the most divergent
patterns. For heavier intensities, all products improve their correlation with reference
data and their detection capabilities, but also increase their underestimation rate and
magnitude. Worst performance occurs in those regions with simultaneously higher oro-
graphical complexity, annual precipitation and altitude. These SPPs should be used with
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caution, and we recommend first analysing their performance on the specific application
of interest.

Keywords: satellite precipitation products; error analysis; Spain; Iberian Peninsula; climate
change

1. Introduction
Climate change and global warming are affecting the spatio-temporal distribution

of precipitation and the hydrological cycle around the globe. The International Panel on
Climate Change (IPCC) reports have been indicating that the impacts of climate change
show their greatest variability and uncertainty at local and regional scales [1]. This holds
particularly true for Mediterranean regions, which have highly heterogeneous climates. It
has been proven that, at Mediterranean latitudes, the cyclonic circumpolar vortex influence
is undergoing a regression trend in favour of the Hadley cell [2], leading to a generalised
rising in the temperatures across the Iberian Peninsula [3], to an increase in the quan-
tity of tropical nights along its Mediterranean coastline [4] and to increased torrentiality
in the precipitation patterns over the region [5–7]. Furthermore, previous studies have
emphasized that hydric stress over the Iberian Mediterranean Basin (see [8] for details
on the region) will be increased in the near future, and that it would alter fresh water
availability for human purposes (agriculture, industry, urban uses. . . ) and directly affect
the related ecosystems [7,9]. Thus, there is interest for appropriate tools to monitor and
study precipitation regimes over such regions.

Unfortunately, the highly variable spatio-temporal traits of precipitation renders this
goal complicated. Precipitation is usually measured by ground gauges installed in meteo-
rological stations, which collect precipitation and determine mass per unit area (usually
expressed in kg m−2 or, equivalently, mm). This method is the most reliable, as it mea-
sures precipitation directly instead of estimating it. However, it is not exempt of possible
errors generated from diverse types of gauges and diverse data recording, processing and
monitoring methods [10], as well as to evaporative loss, wind, snow effects, etc. [11]. It
is also common to find frequent time-series gaps and short temporal records on ground
gauges [12] and, in addition, they have extremely limited spatial coverage and are un-
evenly distributed, with lesser concentration on mountainous and desert regions [13]. Their
limited spatial coverage and uneven distribution are their main drawbacks, because local
changes usually do not represent the behaviour on a whole region or on its hydrological
recharge regions.

A ground-based, remote sensing alternative is the use of weather radars. They estimate
precipitation over a much larger area at high spatio-temporal resolution, and can provide
real-time monitoring [14]; nonetheless, they are also susceptible of biases from inaccurate
relationships between radar reflectivity and precipitation rate depending on the type of
precipitation, orography, attenuation, etc. [15,16]. In addition, they require significant
maintenance costs and technical expertise, and hence can be prohibitive to regions with
limited resources [17].

Satellite-derived precipitation products (SPPs) are gaining increasing popularity as
an alternative to ground gauges and weather radars. SPPs usually are computed from
infrared and passive microwave data (IR and PMW, respectively), and usually offer global
(or quasi-global) continuous coverage (with spatial resolutions often coarser than 0.1◦) at
daily to sub-daily revisit times. Thus, SPPs are very interesting for their use over regions
with few ground gauges or no gauges at all, and they have been adopted for various
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hydrometeorological applications [10]. But like ground gauges and weather radars, they
are also exposed to sources of uncertainties, such as inherently indirect measurements,
coarser spatial resolution, non-optimal sensitivity and retrieval algorithms and spatial
inhomogeneity of precipitation [17]. Previous studies have noticed that these uncertainties
also depend on atmospheric conditions, terrain features and other factors [14], and there
have been attempts to calibrate these products with different algorithms and sources and
improve their performance over mountainous, complex terrain [18]. Additionally, previous
studies that have compared different SPPs over a specific region have not found an optimal
SPP for all situations [12]. Therefore, SPPs performance must be assessed before using them
in hydrological and meteorological operations, such as monitoring and trend analysis.

Here, we have assessed the suitability over Peninsular Spain and the Balearic Is-
lands along the 2001–2020 period of three well-known SPPs, namely NOAA CPC Climate
Morphing Technique (CMORPH) Climate Data Record (CDR) V1.0, NASA Integrated
Multi-satellitE Retrievals for GPM (IMERG) V07A and GloH2O Multi-Source Weighted-
Ensemble Precipitation (MSWEP) V2.8. We used Spanish Agencia Estatal de Meteorología
(AEMET) ground gauges precipitation data as reference. We chose these products because
they present a good compromise between enough temporal coverage, good spatial and
temporal resolutions and reasonable performance according to the literature. CMORPH
and IMERG are satellite-based products, whereas MSWEP is a fusion product.

The main contributions of this study are the assessing and comparison of the perfor-
mance of these three SPPs across Peninsular Spain and Balearic Islands and the quantitative
investigation on a possible performance dependence on certain parameters (season of
year, precipitation intensity, altitude and orographic complexity), in order to correctly
understand their precision and accuracy from diverse perspectives and determine whether
they are appropriate tools for diverse applications in this region (hydrological modelling,
trends on extreme precipitation patterns, analysis of changes in bioclimates, flood threshold
exceedances, studies on agricultural water budget. . . ). The applied methodology can be
used in any region of the world with enough ground gauges, and our results could be
extrapolated to other regions with similar climatic traits.

The paper follows the following scheme: in Sections 2 and 3 we describe the most
important characteristics of our study area and the data used in this study. In Section 4,
we define the metrics used to evaluate the SPPs. Section 5 exposes the assessment results,
whereas Section 6 analyses them. Section 7 summarizes the main findings and their
discussion.

2. Study Area
The Iberian Peninsula and the Balearic Islands are located in the most southwestern

region of the European continent, between the Atlantic Ocean and the Mediterranean Sea.
Regarding the peninsular orography, the Meseta (plateau) is the biggest feature in extension,
and has a mean altitude of 600 m [19]. Several mountain ranges partition the Peninsula: the
Pyrenees and the Cantabrian range, at north; the Central and the Betic ranges, at the center
and at south; and the Iberian range, at east [20]. This disposition creates a hydrological
division into two main watersheds: the Atlantic one (which covers 70% of the Peninsula and
harbours four of the five main river basins (Duero, Tajo, Guadiana and Guadalquivir) and
the Mediterranean one (with the Ebro, Xúquer and Segura basins). Regarding the Balearic
islands, the mountain relief is much less marked (except the Tramuntana range, north of
Mallorca) and the river basins are much smaller. Iberian rivers are the most irregular of
western Europe (both interannually and seasonally). Their basins are filled with ramblas,
watercourses with torrential and ephemeral runoff waters that can cause unexpected floods.
An altimetry map is presented in Figure 1.
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Figure 1. Altimetry and bathymetry (in metres) across Spain and surroundings [20]. Indications
of the main geographical features were made on top of the original map. (Tintas hipsométricas:
hypsometric intervals).

According to the Köppen–Geiger classification, the main climates found in the Penin-
sula and Balearic islands are Csa (temperate with dry or hot summer), Csb (temperate with
dry or temperate summer), Cfb (temperate with a dry season and temperate summer) and
Bsk (cold steppe) [21]. The Iberian Peninsula is generally cooler and wetter at north, and
becomes hotter and drier to the south (with special emphasis south of the 39◦N parallel, a
region we will call the Southern Strip hereon), whereas the Balearic islands share climatic
traits with the southern Peninsula. This climate classification is shown in Figure 2.

Average annual mean temperatures range from <2.5 ◦C at Pyrennes to >17 ◦C in south-
eastern Peninsula. In addition, the Southern Strip shows average maximum temperatures
exceeding 22 ◦C, average minimum temperatures exceeding 15 ◦C and most days with
maximum temperatures above 25 ◦C (more than 110 days year−1). A map for annual mean
temperature is shown in Figure 3.

Mean accumulated annual precipitation ranges from greater than 2200 mm year−1 at
parts of the northern and the north-western littorals to lower than 300 mm year−1 at the
Southern Strip [21], with special remarks on Cape Gata, which presents values lower than
200 mm year−1 and is the driest region of continental Europe [22]. Similarly, the number
of wet days (days with precipitation greater than 1 mm day−1) varies from more than
150 days year−1 along coastal northern regions to less than 30 days year−1 in southeastern
Peninsula. Seasonality is accentuated in both seasonal accumulated precipitation and
seasonal number of wet days, stronger at the Southern Strip and weaker at northeastern
Peninsula. Regarding monthly precipitation, December is the wettest month (>300 mm at
northwestern Peninsula) and July is the driest one (<5 mm along Southern Strip); regarding
wet days, winter is the wettest season (50–75 days across the northern Peninsula) and
summer is the driest one (1–3 days across the Southern Strip). Finally, the maximum
number of days with precipitation greater than 30 mm are found in coastal northern and
north-western regions (more than 20 days year−1), whereas the minimum values (less than
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one day per year) are found in the inner plains of the Peninsula. A map for annual mean
accumulated precipitation based on interpolated gauge data is represented in Figure 4.
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Figure 2. Köppen–Geiger climate classification across Spain for the 1981–2010 period [20].
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is represented by a comma in this figure.
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Figure 4. Mean annual accumulated precipitation (in mm) across Spain for the 1981–2010 period [20].

3. Materials
3.1. Agencia Estatal de Meteorología (AEMET) Ground Gauge Data

AEMET is the Spanish agency in charge of the development, implementation and
delivery of meteorological services within Spain, as well as the Spanish representation in
international meteorological organisms.

For this work, we used a standardised and homogenised dataset of 7846 ground
gauges, with reports at daily resolution. The available temporal record spans from 1952
to 2022, but our study period extends from 1 January 2001 to 31 December 2020, the pe-
riod where all three SPPs overlap. Most of the gauges belong to AEMET itself (>95%),
while a minor part come from the Sistema Integral de Atención al Regante (SIAR) and
the Fundación Centro de Estudios Ambientales del Mediterráneo (CEAM). The dataset
was constructed from the base of raw gauge data, whose frequent gaps were filled with
the NLPCA–EOF–QM method and then homogenised by the ACMANT method (AC-
MANTv3.0–ACMANTP3day) [7,23–25]. Compared to those gauges involved in its confec-
tion and with which this dataset dissents the most, Root Mean Squared Error (RMSE) is
no more than 3 mm day−1, Mean Absolute Error (MAE) is no more than 1.3 mm day−1 and
Correlation Coefficient (CC) is no less than 0.87. In addition, there are no missing values
in this dataset, and so it constitutes a faithful representation of the original ground gauge
data. Figure 5 presents mean annual accumulated precipitation along the 1981–2010 period
for the used AEMET-based dataset (which is extremely similar to Figure 4, based on gauge
data, reassuring our trust in the dataset), and Figure 6 shows maps for density of associated
gauges per pixel at 0.25◦ and 0.1◦ lat-lon resolutions. The chosen stratification for these
maps is the same as the one used in our analysis (see Section 4.3).
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Figure 5. Mean annual accumulated precipitation (in mm) across the study area along the 1981–2010
period for our AEMET-based dataset at 0.1◦ lat-lon resolution.
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Figure 6. Pixel-wise density of gauges associated to the employed AEMET dataset for 0.25◦ and 0.1◦

lat-lon resolutions.

3.2. NOAA CPC Climate Morphing Technique (CMORPH) Climate Data Record (CDR)

CMORPH provides a global analysis based on satellite precipitation estimations, later
corrected in order to eliminate their statistical bias and reprocessed with the Morphing
(MORPH) technique by the Climate Prediction Center (CPC) from the National Ocenic
and Atmospheric Administration (NOAA). It has a spatial coverage that spans over all
longitudes and over the 60◦N–60◦S latitude domain, and a temporal record from 1 January
1998 to 28 February 2025 (checked in June 2025). It is offered in three different resolutions:
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(8 km, 30 min), (0.25◦ lat-lon, 1 h) and (0.25◦ lat-lon, 1 day). We used CMORPH V1.0 daily
at 0.25◦ from 1 January 2001 to 31 December 2020. No missing values are present during
this period.

As a brief summary, CMORPH uses precipitation estimations from passive microwave
low-earth-orbit satellite sensors, and propagates them in space and time (backward and
forward) by means of cloud motion vectors estimated from infrared satellite data, using
time distances as weighting factors. The generated maps are later corrected with ground
gauge precipitation analysis made by both CPC and the Global Precipitation Climatology
Project (GPCP, also from NOAA), and masked out using the snow and sea ice masks from
the Interactive Multisensor Snow and Ice Mapping System (IMS). Detailed descriptions can
be found in Joyce et al. [26] and in the Algorithm Theoretical Basis Document, ATBD [27],
while performance assessment studies in regions with similar climates can be found in
previous studies [10,28–32].

3.3. NASA Integrated Multi-SatellitE Retrievals for GPM (IMERG)

IMERG provides a global analysis developed by the National Aeronautics and Space
Administration (NASA) Global Precipitation Measurement mission (GPM) from satellite
data to estimate precipitation around the globe. It is offered in three runs: Early, Late and
Final, and in 30 min, 1 day or 1 month resolutions; all of them at 0.1◦ lat-lon. It has full
geographical coverage and a temporal record from 1 June 2000 to almost real time (Early
and Late Run) or up to 31 December 2024 (Final Run; checked in June 2025). We used
IMERG Final Run V07A at 0.1◦ lat-lon, daily resolution from 1 January 2001 to 31 December
2020. No missing values are present during this period.

IMERG is created through a very similar process to that of CMORPH: PMW-based
precipitation estimations are propagated in space and time (backward and forward) making
use of cloud motion vectors. In contrast, IMERG uses IR data for precipitation estima-
tion where PMW data is not available and, in version V07, the cloud motion vectors are
computed from a hierarchy of reanalysis/model variables (precipitation, total precipitable
liquid water and then total precipitable water vapor). Additionally, it relies on the GPCP
Satellite-Gauge product (based on PMW-calibrated IR data and on Global Precipitation
Climatology Center –GPCC– ground gauges data) for the removal of statistical bias and on
the NOAA Autosnow product for masking out unreliable data. IMERG Early and Late Run
do not apply gauge correction (i.e., are based on satellite data only) and so are intended for
risk assessment and disaster monitoring. IMERG Final Run does use ground gauge data at
monthly scale for a more precise calibration and is thus intended for scientifical research.

Detailed descriptions are included in its ATBD [33], and performance assessment
studies in regions with similar climates can be found in previous studies [10,34–37].

3.4. GloH2O Multi-Source Weighted-Ensemble Precipitation (MSWEP)

MSWEP provides a global analysis developed by the GloH2O organization from
satellite precipitation estimations and ground gauge data. It is divided into two categories:
Near Real Time (NRT) and Past, and is offered at 3 h, 1 day or 1 month resolutions; all
of them at 0.1◦ lat-lon. It has full geographical coverage, and a temporal record from 1
January 1979 up to present day (for Near-Real Time, NRT) or up to 30 December 2020 (for
Past; checked in June 2025). We used MSWEP Past at 0.1◦ lat-lon, daily resolution from
1 January 2001 to 31 December 2020. No missing values are present during this period.

MSWEP NRT relies uniquely on model-retrieved and satellite-retrieved low latency
precipitation products. MSWEP Past includes many more data sources and has undergone
a larger amount of corrections, and it is therefore more suitable for scientific research.
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MSWEP Past, in contrast with CMORPH and IMERG, is produced from a combination
of previous precipitation products and ground gauge data rather than from raw and post-
processed satellite data. Very briefly, MSWEP computes correlation maps between satellite
products and gauge data, harmonizes the satellite products (i.e., rescaling to common
resolution, removal of wet days bias, smoothing of short time discontinuities, etc.) and
uses the computed correlation maps as weight factors in the merging of the products.
Finally, satellite bias is corrected using the ground gauge dataset. A thorough description
is included in Beck et al. [38], and performance assessment studies in regions with similar
climates can be found in previous studies [29,30,39].

3.5. NASA Shuttle Radar Topography Mission (SRTM)

The Shuttle Radar Topography Mission (SRTM) Digital Elevation Model (DEM) is
a satellite-based, high resolution, near-global scale elevation product [40]. It is the most
complete high-resolution digital topographic database of Earth, extending from 60◦N to
56◦S at 30 m (3 arcsecond) resolution. This DEM was obtained through a modified radar
system onboard the Space Shuttle Endeavour during the STS-99 mission (February 2000),
by means of radar interferometry.

We have used a DEM product in order to investigate whether the SPP performance
depends on altitude or orographic complexity (see Section 4.3). This particular product was
chosen due to its high resolution and full satellite origin. In addition to the DEM, we have
also obtained from it maps of Terrain Ruggedness Index (TRI) [41]. TRI is a quantitative
measure of orographic heterogeneity, defined as the root summation of squared altitude
differences between a central pixel and its eight neighbouring pixels. The altitude and TRI
maps used in this study and constructed from the SRTM product are shown in Figure 7.
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Figure 7. Mean pixel altitude in metres from NASA SRTM DEM (left) and mean pixel TRI calculated
from NASA SRTM DEM (right) across the study area, resampled at 0.1◦ lat-lon resolution from the
original 3 arcsec lat-lon resolution.

4. Method
4.1. Categorical and Statistical Metrics

There is a wide variety of uncertainty metrics used in the literature for assessing SPP
performance. These metrics are usually divided into two categories: categorical metrics
(which focus on how accurately SPPs detect precipitation) and statistical metrics (which
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focus on how accurately they estimate precipitation). We have chosen those metrics which, in
our regard, best condense the most useful information. Table 1 includes their mathematical
definition and optimal values.

Table 1. Definition of metrics to assess the SPPs performance, where: si = SPP precipitation value,
gi = ground gauge precipitation value, hW = hit wet events, hD = hit dry events, M = miss events and
F = false events. Overbar represents mean value. For rMAE, if si or gi is zero, gi is set to the detection
threshold p = 1 mm.

Name Abbreviation Definition Best Value

Hit Rate HtR hW + hD
hW + hD + F + M

1

Probability of Detection POD hW
hW + M

1

False Alarm Ratio FAR F
hW + F

0

Overestimation Rate OvR hW[si − gi > 0]
hW

0

Underestimation Rate UdR hW[si − gi < 0]
hW

0

Correlation Coefficient CC ∑(si − s̄)(gi − ḡ)√
∑(si − s̄)2

√
∑(gi − ḡ)2

1

Relative Mean Absolute
Error rMAE

(
|si − gi|

gi

)
0

Regarding categorical metrics, there are four kind of events defined in order to com-
pute them: hit wet events (report of precipitation by both SPP and reference), hit dry events
(null precipitation reported by both SPP and reference), false events (report of precipitation
by SPP but not by reference) and miss events (report of precipitation by reference but not
by SPP). Precipitation is considered to be detected when the reported value is greater than
a minimum threshold, and for daily events, p = 1 mm is the recommended one by the
World Climate Research Programme (WCRP) Expert Team on Climate Change Detection
and Indices (ETCCDI) for their extreme precipitation indices [42]. With that in mind, we
have employed the following categorical metrics:

• Hit rate (HtR): global capability of the SPP for reporting hit wet and dry events.
• Probability of Detection (POD): truthful detection capability of wet events.
• False Alarm Ratio (FAR): ratio of false events to the wet events reported by the SPP.
• Overestimation Rate (OvR): ratio of hit wet events which show overestimation.
• Underestimation Rate (UdR): ratio of hit wet events which show underestimation.

For the statistical metrics, we have chosen Correlation Coefficient (CC) and relative
Mean Absolute Error (rMAE). Originally, instead of rMAE, we intended to use Root Mean
Square Error (RMSE) or Mean Absolute Error (MAE), more common in the literature;
however, due to the high variability of precipitation, both in space and time, those indices
lack enough depth in our context, as an equal value of error will have different relevance
depending on the local precipitation pattern. Therefore, using an error estimate that takes
into account these patterns is preferred. This introduces a new problem: how to define a
relative error for false events (which would always yield infinite error) and for miss events
(which would always yield unity error). For all of those cases, we divided the absolute
error by the detection threshold of p = 1 mm, in order to establish a common, meaningful
reference (as a false or missing report will be more problematic the more it differs from the
detection threshold). Even though this definition might obfuscate the meaning of the index,
it will boost its values when a notable amount of false or miss events are present, which is
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useful because this kind of event will always be more problematic than underestimated or
overestimated hit events.

4.2. Error Components

Following Tian et al. [43], we performed an error decomposition of the SPPs to analyse
their performance in greater detail. As a brief summary, provided a precipitation field
R(x⃗, t) (where x⃗ denotes geographical position), we can create a binary event mask P(x⃗, t):

P(x⃗, t) =

 1 where R(x⃗, t) ≥ p

0 where R(x⃗, t) < p or has missing data
(1)

with p the minimum precipitation threshold, as mentioned in Section 4.1. This mask admits
a boolean complement, the no-event mask P(x⃗, t), which equals 1 where R(x⃗, t) < p or
has missing data, and 0 otherwise. As its name and definition suggest, the event mask
P(x⃗, t) denotes those points in space and time where precipitation has been detected (i.e.,
the reported value is greater than the minimum threshold p).

Considering Rs(x⃗, t) (the SPP precipitation field), Rg(x⃗, t) (the ground gauges precipi-
tation field), their corresponding event masks, Ps(x⃗, t) and Pg(x⃗, t) and the types of events
defined in Section 4.1, it is possible to define three orthogonal masks:

1. Hit mask: Pgs(x⃗, t) = Pg(x⃗, t)× Ps(x⃗, t), i.e., the hit wet events mask.
2. False mask: Pgs(x⃗, t) = Pg(x⃗, t)× Ps(x⃗, t), i.e., the false events mask.
3. Miss mask: Pgs(x⃗, t) = Pg(x⃗, t)× Ps(x⃗, t), i.e., the miss events mask.

With all that in mind, it can be shown that

E(x⃗, t) = Rs(x⃗, t)− Rg(x⃗, t) = H(x⃗, t) + F(x⃗, t)− M(x⃗, t) (2)

H(x⃗, t) = (Rs(x⃗, t)− Rg(x⃗, t))× Pgs(x⃗, t) (3)

F(x⃗, t) = Rs(x⃗, t)× Pgs(x⃗, t) (4)

M(x⃗, t) = Rg(x⃗, t)× Pgs(x⃗, t) (5)

In other words, the Total bias, E(⃗x, t), which is satellite minus ground gauge values
for each point in space and time, can be completely split into three orthogonal components:
Hit bias, H (⃗x, t) (bias from incorrect estimation of the precipitation intensity); False
bias, F (⃗x, t) (overestimation due to falsely detected precipitation), and Miss bias, M (⃗x, t)
(underestimation due to undetected precipitation). Their orthogonality means that, for a
given point in space and time, Total bias can only be due to either Hit, False or Miss bias,
and it becomes the combination of all three when accumulating or averaging it through a
time series.

This decomposition is very useful because it hints to the ultimate sources of disagree-
ment. Focusing only on Total bias, we might get low values and assume good performance
due to overestimation and underestimation cancelling out through the time series; however,
with this decomposition, we can check whether that is the case or the SPPs actually exhibit
good performance. This decomposition becomes even more relevant the shorter the time
scale, precisely because overestimations and underestimations have less time to cancel out.

Nonetheless, it is not straightforward to extract useful, meaningful information from
it. First of all, it is not clear whether accumulating or averaging the biases is the best choice,
and we encounter again the necessity of considering local precipitation patterns for better
relevance. Furthermore, Hit bias presents the same problems of Total bias, in the sense of
possible positive and negative values cancelling out when accumulating or averaging it.
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Considering all of that, we took the basis of this error decomposition and slightly tweaked
each component, with the intention of making them more relevant:

• Relative Total bias: accumulated Total bias divided by accumulated reference precipi-
tation. It represents how large the accumulated error is compared to the local amount
of precipitation. We would have defined it as the usual mean relative error (error
divided by reference value) if precipitation could not be null.

• Relative Positive (Negative) Hit bias: averaged relative error coming from days
where precipitation has been correctly detected but overestimated (underestimated).
We took advantage of these days presenting a non-zero reference value. We decided
not to accumulate the bias and divide it by accumulated precipitation to prevent
smoothing it.

• Relative False bias: accumulated False bias divided by accumulated satellite precipi-
tation. It represents how much of the satellite estimated precipitation is false.

• Relative Miss bias: accumulated Miss bias divided by accumulated reference precipi-
tation. It represents how much of the gauge detected precipitation has been missed.

Finally, all types of bias (both the original definitions from [43] and our definitions)
lose information about how probably an event will present one or another type of bias.
Fortunately, the categorical metrics used in this study inform about that: the probability of
finding False bias is given by the FAR metric, while that of finding Miss bias is given by the
complementary of POD (i.e., 1 − POD). Equivalently, the probability of occurring Positive
(Negative) Hit bias is represented by the Overestimation (Underestimation) rate.

4.3. Data Agroupation

The previous performance metrics provide together a detailed insight into the short-
comings of satellite precipitation products. Nonetheless, we can extend this insight further
if we also gather the data according to diverse, useful criteria. Thus, we have calculated
all these metrics several times, each one with the data grouped by each of the following
criteria (always per pixel and, if not stated otherwise, at daily scale):

• No data grouping: overall comparison through the whole temporal record. We
performed this comparison both at daily and monthly resolution. For this last one,
we created monthly datasets by accumulating the daily ones through each month,
and as there is no common definition for a wet month, we also used the threshold of
p = 1 mm for defining a wet month and for the computation of rMAE.

• Grouping by season of year, for all years at once (i.e., without focusing on every year
individually). We have applied the usual climatological month agroupation.

• Grouping by intensity intervals. The chosen thresholds are pixel-scale quartiles
reported by reference (which are slightly different from pixel to pixel), once ignoring
dry days.

• Grouping by mean altitude intervals, obtained from the SRTM DEM resampled to
both 0.25◦ and 0.1◦ lat-lon resolutions. The thresholds have been determined following
the work of Navarro et al. [44].

• Grouping by orographic complexity intervals, represented by the TRI calculated
from the SRTM DEM at both resolutions too. The thresholds have been established
according to pixel-scale quartiles. These quartiles were similar for the three SPPs, so
we chose the same representative values for all of them.

• Grouping by density of gauges per pixel. The chosen thresholds are 1, 2, 3 and more
than 3 gauges per pixel, which have been established both according to quartiles at
0.1◦ lat-lon resolution and due to our interesent in performance variability for lower
gauge densities.
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Table 2 gathers the different thresholds for the diverse agroupation. With all these
information, we have created violin plots for every metric and every grouping criteria, in
which each data point represents one pixel. Furthermore, we have created maps for every
metric when not grouping the data and when grouping the data by season of year, in order
to visualize possible spatial patterns in the performance.

Table 2. Details on the agroupation criteria used to gather the precipitation data for deeper perfor-
mance analysis.

Seasonal Altitude Orography

Winter: December, January and February Low altitude = DEM ∈ [0, 500) m Flat terrain: TRI ∈ [0, 6)
Spring: March, April and May higher-Low altitude = DEM ∈ [500, 1000) m steepper-Flat terrain: TRI ∈ [6, 9.5)
Summer: June, July and August lower-High altitude = DEM ∈ [1000, 1500) m flatter-Steep terrain: TRI ∈ [9.5, 14)
Autumn: September, October and November High altitude = DEM ∈ [1500, ∞) m Steep terrain: TRI ∈ [14, ∞)

5. Results
5.1. Probability Density Functions of Precipitation According to Reference and to Each SPP

Figure 8 presents probability density functions of precipitation reports based on the
reference dataset from AEMET and on the SPP datasets, grouped by approximate reference
quartiles (we did not use exact quartiles because we believe the chosen bin limits are
easier to visualise). From left figure, we see that vastly most reports are dry reports, both
according to AEMET and every SPP. From the right figure, which focus only on wet reports,
we see that all SPPs tend to underestimation, as their probabilities of finding reports in the
two lower bins are greater than those from AEMET, and vice versa for the two upper bins.
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Figure 8. Probability density functions of precipitation grouped by approximate reference quartiles
(in mm day−1) for reference AEMET dataset (A), CMORPH V1.0 (C), IMERG V07A (I) and MSWEP
V2.8 (M). Left figure includes dry days to cover all data, while right figure excludes them for focusing
on wet days. Plots are inspired in those found in chino [45].

5.2. Contributions and Occurrences of Each Type of Bias

Figure 9 present stacked bars charts of both occurrences and amount contribution for
every type of bias, and for every applied grouping criteria. False bias is not present for
the intensity-wise gathering as it cannot exist (SPP cannot report false precipitation when
reference report is not null). From the plots for daily grouping, we can already tell that
CMORPH is the most prone to underestimation and MSWEP the least, and that IMERG
and MSWEP show similar proportions of False bias (in every case, both for occurrences
and amounts). Monthly grouping confirms that further, and interestingly, even though
overestimation and underestimation occur in similar frequencies, underestimation amounts
are dramatically greater. Focusing on the grouping by gauge density, IMERG and MSWEP
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show extremely similar results to those for daily grouping no matter the gauge density,
while CMORPH shows similar results too but there are trends as density increases (in-
creased Miss bias in proportions and amounts and increased Negative Hit bias in amounts).
A general tone independent of the grouping criteria is that False and Miss bias have greater
ratio of occurrences than proportional contribution to bias, which could be due to them
occurring for low precipitation intensities. This makes sense for False bias (if there has been
no precipitation, atmospheric conditions are probably those that lead to low SPP report)
and for Mis bias too (heavy rain should be easier to detect than light rain), and in this
last case we can appreciate it through the charts for intensity grouping: the greater the
intensity, the lesser the Miss bias frequency and contribution. It is also interesting to see
that for greater intensities, overestimation and underestimation seem to occur in similar
frequencies, but underestimation is vastly more important in amount contribution. From
the seasonal grouping, we see that winter leads in Miss bias and summer in False bias; from
the altitude grouping, MSWEP performs equally independent of altitude, while CMORPH
and IMERG increase Miss bias up to 1500 m and then reduce it notably in favour of False
bias; and for the grouping by orographic complexity, all increase Miss bias (frequency
and amounts) and Negative Hit bias amounts for increased complexity, but CMORPH is
the clearest example and MSWEP shows relatively stable performance (which could be
partially explained by the coarser CMORPH resolution being unable to resolve orographic
precipitation patterns associated to smaller orographic traits).
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Figure 9. Stacked bars charts for absolute value contributions of each type of bias (Positive Hit bias,
Negative Hit bias, False bias and Miss bias) to Total bias and for ratios of occurrences (reports of
any gauge and any day) of each type of bias to the total of bias occurrences. In each chart, left bars
correspond to CMORPH V1.0, middle ones to IMERG V07A and right ones to MSWEP V2.8. For
intensity grouping, labels indicate median quartiles across all pixels (in mm day−1).
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5.3. Overall Daily Analysis

Figure 10 shows violin plots from the overall analysis at daily scale, without data
grouping. It can be clearly seen that, in general terms, MSWEP is the best performer
followed by IMERG, while CMORPH performs usually the worst. In all metrics, MSWEP
distributions are centered towards better values, and their worst values are still better than
the worst values from the other products. IMERG performs better than CMORPH for CC,
rMAE, POD, and Total, Hit and Miss bias, whereas CMORPH performs better than IMERG
for FAR and False bias. IMERG and CMORPH are basically on par for HtR, as IMERG
presents better values in its two lowest quartiles but worse for the two upper ones. It is
more difficult to confirm whether CMORPH or IMERG performs better regarding Total
bias, but IMERG still presents an slight advantage.
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Figure 10. Violin plots from the pixel-wise evaluation indices and error components for CMORPH
V1.0 (C), IMERG V07A (I) and MSWEP V2.8 (M) versus AEMET ground gauges across the 2001–2020
period at daily resolution without any grouping. Values range from 5th to 95th percentiles for better
clarity. Stripes indicate 10th, 25th, 50th, 75th and 90th percentiles. Median value is explicitly shown.

Regarding biases, looking first at Total bias, we see that CMORPH is clearly prone
to underestimation, IMERG is slightly prone to overestimation, and MSWEP is more
equilibrated but very similar to IMERG. If we focus deeper in each type of bias, when
correctly detecting precipitation, actually CMORPH both overestimates slightly more and
underestimates clearly more than IMERG and MSWEP. Combined with the notably lower
False bias and much greater Miss bias, all this leads to its observed underestimation. The
reason behind IMERG slight overestimation probably lies in its Positive Hit bias (more
than twice as large as its Negative Hit bias) and in its False bias, the greatest among the
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three products. Nonetheless, all products tend to underestimate more frequently than
overestimate (UdR values greater than OvR ones), with CMORPH as the best example. We
have included in Appendix A equivalent plots but changing the detection threshold first
to p = 0.5 mm day−1 and then to p = 2 mm day−1, to test its relevance and whether the
order of preferable SPP might change. Results are basically the same as with the original
threshold: the main difference is that lowering the detection threshold increases detection
probability and vice versa, which probably explains why the greater threshold renders the
products more problematic (focusing on rMAE).

Figures 11–13 show maps over the study region of the daily performance metrics for
the three products. Once again, we can appreciate that MSWEP is the best performer and
CMORPH is the worst one for every metric. Regarding spatial patterns, some metrics share
a common pattern, while others do not. CC shows no clear pattern for IMERG and MSWEP,
whereas CMORPH seems to struggle across the northern littoral, Pyrenees, Septentrional
Meseta and Iberian and Betic ranges. Through the rMAE, we see that CMORPH and
IMERG are most problematic along the northern littoral (in the case of CMORPH, across the
Balearic Islands too) and then along the Mediterranean littoral, whereas MSWEP is most
problematic along the Mediterranean littoral, Ebro basin and Balearic islands. For HtR and
POD, CMORPH and IMERG share similar patterns, whereas MSWEP deviates from them:
for HtR, all products perform worse for the whole Atlantic/Cantabric regions, Pyrennes,
the surroundings of the Septentrional Meseta and the Iberian range, but CMORPH and
IMERG are problematic for the Betic range and the Balearic Islands too. A similar pattern
can be noticed in POD for CMORPH and IMERG, but showing less problems across the
Pyrenees and Balearic islands; contrarily, MSWEP shows a very homogeneous distribution
of POD. Finally, as of FAR, all products show worse FAR across the Iberian Mediterranean
Basin; however, CMORPH still presents even worse FAR values along the Mediterranean
coastline and Pyrenees.

Regarding biases, IMERG and MSWEP show similar patterns for Total and Negative
Hit bias, while CMORPH and IMERG show similar patterns for the rest. In the case of Total
bias, IMERG and MSWEP underestimation zones mainly align with the wettest and most
orographically complex regions, which are generally the same ones (see Figures 4 and 7),
and their overestimation zones are located mainly across the driest and also least orograph-
ically complex regions (which include the basins of all main rivers except Guadalquivir).
The same pattern of greater underestimation applies for Negative Hit bias for both products.
CMORPH shows a similar pattern for both types of biases, but extends its underestimation
zones through Meridional Meseta, Betic range, Guadalquivir basin and the end of the Ebro
basin. As of the Positive Hit bias, CMORPH and IMERG are most problematic across all
the littorals and the northeast border of the Septentrional Meseta, with IMERG being also
more problematic along the Ebro basin and CMORPH along the Guadalquivir basin and
the Balearic islands. MSWEP is most problematic along the Iberian Mediterranean Basin,
Balearic islands and small sparse areas north of the Septentrional Meseta and across the
Pyrenees. Regarding OvR and UdR, their patterns are the same but reversed (being UdR
clearly more intense than OvR), and this pattern is the same we can in Total bias. Finally, as
expected by their definitions, False and Miss bias follow the same patterns as FAR and the
inverse of POD, respectively.
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Figure 11. Maps from performance metrics and error components for CMORPH V1.0 (left), IMERG
V07A (center) and MSWEP V2.8 (right) versus AEMET ground gauges across the 2001–2020 period
at daily resolution without any grouping.
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Figure 12. Maps from performance metrics and error components for CMORPH V1.0 (left), IMERG
V07A (center) and MSWEP V2.8 (right) versus AEMET ground gauges across the 2001–2020 period
at daily resolution without any grouping.
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Figure 13. Maps from performance metrics and error components for CMORPH V1.0 (left), IMERG
V07A (center) and MSWEP V2.8 (right) versus AEMET ground gauges across the 2001–2020 period
at daily resolution without any grouping.

5.4. Overall Monthly Analysis

Figure 14 shows violin plots from the overall analysis at monthly scale, without data
grouping. Results are better in almost every index, except for Total and Negative Hit bias.
Again, CMORPH is clearly the worst choice and suffers from greater underestimation and
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poorer detection skills, while IMERG is still worst regarding false events and associated
bias; however, at this resolution IMERG and MSWEP perform much more similar. Through
rMAE we see that IMERG and MSWEP become notably less problematic at monthly scale,
whereas CMORPH remains similar. Finally, all SPPs are way more prone to underestimation
than overestimation at monthly scale, and even though both relative Positive and Negative
Hit bias values are better than at daily scale (with distributions achieving worst extreme
values but with the bulk concentrated in lower ones), the dominance of underestimation
leads to a notably increased Total bias towards negative values.
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Figure 14. Violin plots from the pixel-wise evaluation indices and error components for CMORPH
V1.0 (C), IMERG V07A (I) and MSWEP V2.8 (M) versus AEMET ground gauges across the 2001–2020
period at monthly resolution without any grouping. Values range from 5th to 95th percentiles
for better clarity. Stripes indicate 10th, 25th, 50th, 75th and 90th percentiles. Median value is
explicitly shown.

We have included in Appendix B maps over the study region of the monthly perfor-
mance metrics for the three products. Most indices follow similar spatial distributions to
those from the daily comparison, even though with different values. Biggest difference
takes place for HtR, POD and FAR (and consequently, Miss and False bias): at monthly
scale, they present notably better values across northern Peninsula and show increasingly
worse values when going south and southwest. CMORPH also becomes more problem-
atic regarding Miss Bias and OvR at Pyrennes Cantabric and Iberian ranges, center of
meridional Meseta and at Segura Basin.
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5.5. Analysis Regarding Season of Year

Figure 15 shows violin plots from the analysis when grouping the data by season
of year. We see again that MSWEP is the best performer for every metric, followed by
IMERG. Another result is that summer season is the most divergent regarding performance,
followed by winter. Summer shows, in the case of IMERG and MSWEP, the worst values
regarding CC, POD, FAR and all types of biases, while winter shows the second-to-worst
values for those same metrics. In the case of CMORPH, winter shows the worst values in
CC, POD and Total, negative Hit and Miss bias, whereas summer shows the worst values
for FAR and positive Hit and False bias; in addition, when either summer or winter show
the worst values, the other one shows the second-to-worst values. The exceptional metrics
are rMAE and HtR: HtR is always best for summer, whereas rMAE is worst in winter
and best in summer for CMORPH, worst in autumn and best in spring (but actually very
similar) for IMERG, and best in spring, second-to-best in winter and worst in summer for
MSWEP. Finally, for winter, spring and autumn, CMORPH and IMERG underestimate more
frequently (greater UdR values), and vice versa for summer. MSWEP shows approximately
the same rates of underestimation and overestimation across all seasons.
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Figure 15. Violin plots from the pixel-wise evaluation indices and error components for CMORPH
V1.0 (C), IMERG V07A (I) and MSWEP V2.8 (M) versus AEMET ground gauges across the 2001–2020
period at daily resolution and seasonal grouping (Wi: Winter, Sp: Spring, Su: Summer, Au: Autumn;
see Section 4.3). Values range from 5th to 95th percentiles for better clarity. Stripes indicate 10th, 25th,
50th, 75th and 90th percentiles.

We have included in Appendix C maps of all metrics for all seasons for the three
products at once. The most relevant finding is that winter, spring and autumn follow very
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similar patterns to those found in the global analysis (more or less accentuated depending
on the metric), while summer generally presents a different one. For all three products, HtR
shows a latitudinal gradient, with worst values towards the north. POD and FAR also show
latitudinal dependence, but reversed, not as accentuated and with some exceptions (POD
gets worse across north-eastern Peninsula and northern littoral for CMORPH and IMERG
and FAR is also slightly worse across the Ebro basin for all products). Regarding CC and
rMAE, CMORPH distributions for summer show better performance across Septentrional
Meseta, Iberian range and inner Ebro basin, and worse performance the further away from
these regions. IMERG and MSWEP summer patterns for CC are different from each other
and from that of CMORPH, with no clear criteria, whereas their summer patterns for rMAE
are similar to their autumn patterns (with better performance across the southern littoral
for IMERG and worse performance across the Segura basin and the southwestern limit of
the Septentrional Meseta).

Regarding Total bias, summer pattern for IMERG is not as different from the other
seasons (mainly increased overestimation in the overestimation zones), while CMORPH
and MSWEP show notably increased overestimation across different parts close to the
frontier with Portugal. This can be seen in the pattern for positive Hit bias in the case of
CMORPH, but not in the case of MSWEP. Indeed, positive Hit bias follows similar patterns
to those from rMAE in the case of IMERG and MSWEP. Negative Hit bias patterns are stable
through all seasons and follow those from the global analysis (even though CMORPH
performs notably worse in some regions along the southern littoral). Finally, OvR patterns
align with those of Positive Hit bias, UdR patterns are similar across all seasons to those of
the global analysis and again False and Miss bias follow the same seasonal patterns as FAR
and reversed POD.

5.6. Analysis Regarding Reference Precipitation Intensity

Figure 16 shows violin plots from the analysis when grouping the data by intensity
intervals based on approximate pixel-wise quartiles from the reference gauge data, once
ignoring dry days. Due to their definition, neither FAR nor False bias can be defined (if the
reference reports at least the minimum threshold, there cannot be false precipitation). In
addition, HtR equals POD for this analysis (we only focus on days with detected precipi-
tation and so correctly reporting wet or dry days reduces to just correctly reporting wet
days), and thus HtR boxplots were redundant. Furthermore, to avoid showing excessive
and not fully relevant data, we will not show associated maps, as either they did not show
clear spatial patterns or they showed the same ones from the overall analysis.

First, on all products, CC slightly improves for increasing intensity and notably
improves for the fourth quartiles. Second, as expected, POD improves with increasing
intensity on all products, and consequently so does Miss bias (i.e., heavier precipitation
is easier to detect than lighter precipitation). An interesting finding is that all products
increase their underestimation with increasing intensity. This can be first seen through
Total bias and confirmed though the Hit biases and their rates: both Positive Hit bias and
OvR decrease with increasing intensity, and vice versa for Negative Hit bias and UdR.
Once again, Negative Hit bias is smaller but more common than Positive Hit bias. Finally,
rMAE shows different behaviour for each product: it increases steadily along precipitation
intensity for CMORPH, it is slightly worst for the third quartiles in the case of IMERG and
it decreases along intensity for MSWEP.
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Figure 16. Violin plots from the pixel-wise evaluation indices and error components for CMORPH
V1.0 (C), IMERG V07A (I) and MSWEP V2.8 (M) versus AEMET ground gauges across the 2001–2020
period at daily resolution and grouping by approximate pixel-wise quartiles from the reference gauge
data (median values shown as labels, in mm day−1). Values range from 5th to 95th percentiles for
better clarity. Stripes indicate 10th, 25th, 50th, 75th and 90th percentiles.

5.7. Analysis Regarding Altitude and Orographic Complexity

Figure 17 shows results from the analysis when grouping the data by pixel mean-
altitude. For this and the following analysis we have not created maps either, as they would
be equivalent to the global analysis but with the respective mask applied. We can see that,
in general terms, performance becomes worse with increasing altitude. The best metrics to
illustrate it are CC and HtR, as all three products follow the mentioned trend. CMORPH
becomes extremely problematic for altitudes higher than 1500 m (the last interval): CC
values drop to lower than 40%, HtR drop to less than 75% and FAR rises to more than
50% (which also leads to False bias rising to more than 40%). MSWEP shows the most
stable performance across all intervals for every metric, even though it always has worse
performance for increasing altitude; nonetheless, there are metrics for which CMORPH and
IMERG perform worse for the [1000, 1500) m interval than for altitudes higher than 1500 m.
It is the case of POD for both, Total bias for CMORPH and Miss bias for IMERG. Anyway,



Remote Sens. 2025, 17, 3562 24 of 52

all products always perform better for the two lower altitude intervals. Finally, all products
lower their overestimation rate and increase their underestimation rate for higher altitudes.
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Figure 17. Violin plots from the pixel-wise evaluation indices and error components for CMORPH
V1.0 (C), IMERG V07A (I) and MSWEP V2.8 (M) versus AEMET ground gauges across the 2001–2020
period at daily resolution and grouping by SRTM-based altitude intervals (Lw: Low, hL: higher-Low,
lH: lower-High, Hg: High; see Section 4.3). Values range from 5th to 95th percentiles for better clarity.
Stripes indicate 10th, 25th, 50th, 75th and 90th percentiles.

Figure 18 shows results from the analysis when grouping the data by pixel mean TRI.
These results agree with the spatial patterns found in the global and seasonal analysis:
performance generally gets worse with increasing orographic complexity. It is the case for
rMAE, HtR, POD, and Hit and Miss bias for all products, and for CC in the case of IMERG
and MSWEP (CMORPH shows best CC for the stepper-Flat interval and worst for the Steep
interval). FAR and False bias improve with increasing complexity, while Total bias depends
on the product (it becomes worse with increasing complexity for CMORPH and MSWEP,
whereas IMERG gets better at first and then it gets worse, due to its overestimation for
the flatter pixels). Finally, equivalently to the previous analysis, all products lower their
overestimation rate and increase their underestimation rate for more complex orography.
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Figure 18. Violin plots from the pixel-wise evaluation indices and error components for CMORPH
V1.0 (C), IMERG V07A (I) and MSWEP V2.8 (M) versus AEMET ground gauges across the 2001–2020
period at daily resolution and grouping by SRTM-based TRI intervals (Fl: Flat, sF: stepper-Flat,
fS: flatter-Steep, St: Steep; see Section 4.3). Values range from 5th to 95th percentiles for better clarity.
Stripes indicate 10th, 25th, 50th, 75th and 90th percentiles.

5.8. Analysis Regarding Gauge Density by Pixel

At last, Figure 19 shows results from the analysis when grouping the data by density
of reference gauges per pixel. Impressively, performance remains quite similar no matter
the amount of gauges per pixel, mainly for IMERG and MSWEP. In the case of CMORPH,
for which more than three gauges per pixel is the usual situation, Total Bias, FAR and OvR
decrease more notably (better performance) but so does POD (worse performance). In
addition, values are always similar to those from the overall analysis.
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Figure 19. Violin plots from the pixel-wise evaluation indices and error components for CMORPH
V1.0 (C), IMERG V07A (I) and MSWEP V2.8 (M) versus AEMET ground gauges across the 2001–2020
period at daily resolution and grouping by amount of gauges per pixel. Values range from 5th to 95th
percentiles for better clarity. Stripes indicate 10th, 25th, 50th, 75th and 90th percentiles. Median value
is explicitly shown.

6. Discussion
Considering actual metrics values from the overall daily analysis, CMORPH is clearly

not recommended for this region, whereas IMERG and MSWEP could be used with proper
caution. MSWEP is preferable over IMERG, as its lower rMAE values indicate. Focusing
deeper on weakness and strengths, on one hand, CMORPH tops out at ∼67% for CC and
POD, which for the later means that it misses one of every three precipitation events. Its
FAR values are not much better, with half of the pixels showing values greater than 30%;
that is, roughly one of every three reported events is false across half of the study region.
On the other hand, MSWEP shows similar but even worse values for FAR, but much better
values of CC (mostly greater than 60%) and POD (always greater than 70%). In fact, the
worst POD scenario for MSWEP is notably better than the best case scenario for CMORPH.
IMERG lies in between for CC and POD but shows the worst FAR values. HtR is generally
high across all products, quite probably due to them reporting dry days correctly (as it is
the most common case in most of the study region).

As of biases, once the precipitation is correctly detected, in the best cases MSWEP over-
estimates by reporting twice as much precipitation (100% relative bias) and underestimates
by reporting one third of the real value (∼67% relative bias). The situation is even worse
for both CMORPH and IMERG. In all three products, Positive Hit bias is worse than the
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Negative one in terms of mean magnitude, but in terms of occurrence, Negative Hit bias is
more frequent. About False bias, ∼75% of both CMORPH and MSWEP pixels show values
lower than 20%, while that is only true for half the pixels of IMERG. For all products, the
worst cases lie around 33%. Finally, regarding Miss bias, ∼75% of MSWEP pixels miss less
than 10% of the real precipitation, whereas more than 75% of CMORPH pixels miss more
than 20% of the real precipitation.

These results agree with previous studies in climatic regions similar to those of
our study region. Zambrano-Bigiarini et al. [29] obtained that MSWEP performed bet-
ter than CMORPH overall. Several studies found a general underestimation of pre-
cipitation intensity by CMORPH [28–31,46–48], whereas others found general overes-
timation by IMERG [34,36,49–53], and some found overestimation by MSWEP [29,39,54]
(Shaowei et al. [39] actually found high FAR but low False bias). Accordingly with our
results, Zhou et al. [49] attributed IMERG V06 overestimation mainly to a large False bias,
and indicated that, in case of underestimation, it came primarly from Hit bias. Interest-
ingly, Peinó et al. [35], which studied IMERG V06 in Catalonia, found general underestima-
tion. Catalonia is located at northeastern Peninsula (south of Pyrennes and at the end of
the Ebro basin), and our results show general overestimation across that area.

In relation to the overall monthly analysis, indices regarding Miss or False events
(POD, Miss bias, FAR and False bias) were expected to be the most improved ones compared
to the daily analysis: a dry month is naturally less probable than a dry day, and if there
are several wet days along a month, chances are higher for the SPPs to at least detect one
of them. That would also explain why POD, Miss Bias and HtR, contrarily to the daily
comparison, show better results at north: northern Peninsula is the wettest region, both
in precipitation amounts and number of wet days. Therefore, it may be easier to miss a
single wet day, but it is more difficult to miss several of them in the same month and thus
labelling it as dry. Finally, considering the general performance improvement respect to
daily resolution, these SPPs would actually be better suited for monthly resolution if their
increased Negative bias could be mitigated.

Attending to the seasonal violin plots of HtR, POD, FAR, and False and Miss biases,
summer shows the largest contrasts regarding performance: its HtR values mainly above
85% indicate that the products correctly identify the vast majority of dry days. However,
at the same time, the products struggle more with correctly identifying wet days in this
season, and also report the biggest amount of false wet days. FAR values across all products
for the rest of the seasons are still suboptimal, though: as in the global analysis, the general
tone is that roughly one third of the reported events are false. Winter also shows problems
in those metrics, but its HtR across all products is in line with that of spring and autumn.
Indeed, spring and autumn show very similar values across all metrics, and these values
are usually the best ones. rMAE values confirm that summer is the most problematic season
for MSWEP; contrarily, summer is actually the least problematic season for CMORPH,
and winter is the most problematic. The reason for this behaviour in CMORPH could be
decreased Negative Hit bias magnitude and rate for summer and vice versa for winter,
along greater Positive Hit bias magnitude and Miss bias. In contrast, IMERG is similarly
problematic across al seasons. Finally, across all seasons, once again the best cases of
Positive Hit bias lie around 100%.

Regarding the violin plots for the diverse intensity quartiles, CC values are low for all
products and intensities, with just a few pixels from MSWEP showing correlations not much
higher than 60%. As of detection capabilities, CMORPH presents poor performance up to
the third quartiles, IMERG for the first two quartiles and MSWEP for the first quartiles:
most of their pixels miss one third of precipitation events in those respective intervals
(POD < 67%). In the case of CMORPH and IIMERG, most pixels miss more than half
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the events (POD < 50%). Finally, looking at rMAE, CMORPH performs globally worse
in its third and fourth quartiles, which must be due to excessive Hit bias (of both types,
but mainly Negative) and Miss bias, that counter-compensate the increase in CC. The
opposite can be said for MSWEP, and unexpectedly, IMERG is most problematic for its
third quartiles, which could not be deduced from the other metrics.

Considering all of that, there is agreement between our analysis regarding seasonality
and intensity, as summer is the driest season (best performance for CMORPH and worst
for MSWEP) and winter is the wettest one (worst performance for CMORPH and second-
to-best for MSWEP). The increased problematic for summer season regarding false and
missed precipitation could also have been deduced from Figure 9: in all cases, False and
Miss bias contribute in lesser relevance to Total bias compared to their frequency, which
means they usually take place for lower precipitation amounts, the most usual cases
in summer.

Unfortunately, previous studies are not universally consistent regarding seasonal
performance: several studies found general worse IMERG performance in winter than
in summer [50,53,55–59], while in contrast [34,49] showed better IMERG performance in
winter than in summer. [36,60] showed different results depending on the index or error
component, Islam et al. [10] showed similar CC for the whole year, and [35,61] (the first one
being focused in Catalonia and the second one in the whole Iberian Peninsula) indicated that
IMERG reproduced temporal variability of precipitation intensity relatively well (which
agrees with our results of IMERG being similarly problematic across all seasons). This last
result was also found for MSWEP by Senent-Aparicio et al. [54] across diverse Iberian basins,
even though it also indicated that MSWEP underestimates rainy months (which would
agree with our analysis regarding intensity). Finally, in the case of CMORPH, some studies
showed worse results for CMORPH in winter than in summer [31,46,62–64], whereas other
ones showed opposite results [28,65,66] ([28] indicated that València presents better results
for its warm season, though) and Roushdi [47] showed results highly dependent on both
season and gauge location.

On the other side, there is general consensus on the underestimation and overesti-
mation patterns for different intensity intervals: most studies found more accused un-
derestimation for heavier precipitation and overestimation for light precipitation in their
respective studied products [28,29,35,37,49,50,58,59,61,64,66], which agrees with our find-
ings. Contrarily, trends in POD and FAR are SPP-dependent, not always homogeneous
and sometimes discrepant with our results. In the case of CMORPH, some studies showed
worse POD for heavy precipitation and better POD for light precipitation [29,31,64,65,67],
whereas Wang et al. [68] showed weak POD for light rainfall and Qin et al. [46] found
overestimation on the amount of light precipitation events. In the case of IMERG, the results
are inverted: most studies agreed on better POD for heavier precipitation [49–51,53,59,69],
whereas [35,36] denoted opposite results. Song et al. [69] indeed declared better ability of
IMERG for detecting intense rainfall events compared to drought events, and Wang and
Yong [59] denoted better CC for intense precipitation (both in agreement with our results).
Finally, in the case of MSWEP, Shaowei et al. [39] indicated problems for detecting and
estimating light rainfall, and Zambrano-Bigiarini et al. [29] showed both worse POD and
FAR for increasing intensity. There is also consensus regarding the aridity or humidity of
the region: some studies showed better results for wet and/or notably vegetated areas com-
pared to dry and/or sparsely vegetated regions [31,36,37,46,54,58,70], Lockhoff et al. [65]
found bad results for cold/frozen areas, and El Kenawy et al. [71] suggested that the
number of wet events was overestimated in the most arid regions and underestimated in
semi-humid areas.
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Some of these studies have argued the reasons behind these diverse results. Regarding
precipitation intensity and local aridity, Beck et al. [70] stated that worse results in arid
regions were due to the shortlived nature of the convective rainfall and evaporation of
falling rain, while Senent-Aparicio et al. [54] attributed it to uneven precipitation distri-
bution. Peinó et al. [35] also indicated the evaporation of falling precipitation as a reason
to high FAR in arid areas. In a related line, Gao and Liu [72] explained that correlation
between rainfall and IR brightness temperature is faint if air profiles do not contain enough
water, and thus peformance is weaker for lighter precipitation. Nan et al. [37] denoted that
IMERG overestimation on light events was due to its algorithm over-correction, which
led to an erroneous interpretation of no-rain events as light rain events, as well as to light
rainfall being easily missed at ground gauges. Finally, El Kenawy et al. [71] did not recom-
mend the use of CMORPH for assessments involving extreme wet events, as it reported
misaligned intensity, location and timing. Other studies denoted worse performance in
cold seasons for CMORPH and IMERG, and agreed in their suboptimal ability for detecting
either non-convective precipitation from frontal systems due to PMW and IR sensors limita-
tions [10,50,64] or solid precipitation, which comprises more complex radiative properties
and weak signals at low microwave frequencies [53,56,58].

Once looking at spatial patterns, we can effectively see that performance in summer
differs notably from the other seasons, without adhering to a common pattern. For some
metrics, summer spatial patterns follow an approximately latitudinal gradient; for other
metrics, there is no clear one. On the contrary, one pattern we see recurrently, both in the
daily and the seasonal analysis and for diverse metrics, is that of worse performance taking
place over those regions which are both among the highest and the most orographically
complex areas (which also tend to be notably humid). These regions are the surroundings
of the Septentrional Meseta, the Iberian and Betic ranges, and the Pyrenees. It can be easily
seen in CC, HtR, POD (and consequently Miss bias) and Total and Positive Hit bias, and to
a lesser extent in FAR (and consequently False bias). This spatial pattern is supported by
the analysis regarding altitude and orographic complexity: through the violin plots, we
see that the performance generally decreases with both increasing altitude and TRI, which
explains why those regions that happen to be both very high and very complex show such
decreased performance. Nonetheless, we should remark that values presented through the
violin plots do not differ significantly from one altitude or TRI interval to another, and are
similar to those from the global analysis (as expected, as the values are exactly the same
but with spatial masks applied).

Nonetheless, there is another pattern that we can see in FAR (and thus False bias) and in
Positive Hit bias (i.e., in both types of overestimation) that is apparently not related neither
to mean temperatures, local wetness, altitude nor orographic complexity: these metrics
perform worse over the Iberian Mediterranean Basin, surrounding regions, the Cantabric
range and the Balearic islands. The Iberian Mediterranean Basin comprises both areas with
high orographic complexity and very plain ones (mainly the Ebro, Xúquer and Segura
basins), and same for both high and low altitude areas. Thus, the worse performance over
these regions regarding overestimation must be related to other parameters. A plausible
option could be that they are notably influenced by the Mediterranean sea: looking at
Figure 1, we see that their limits are essentially defined by the first mountain ranges to be
found when entering the Iberian Peninsula from the Mediterranean sea. Unfortunately, we
are unsure about how its influence could lead to higher FAR, and we have not found any
information about it in the literature.

There is almost general consensus in the bibliography about geographic effects. Re-
garding trends versus altitude, most studies found worse SPP performance with increasing
altitude [28–31,36,46,49,52,66,73], whereas Nan et al. [37] found better detection capabil-
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ity of light rain in high-elevation regions and best performance overall in low-elevation
regions for moderate and heavy precipitation. Yu et al. [60] observed decreasing CC and
RMSE with elevation, whereas Wang and Yong [59] found enworsement up to 400 m and
improvement from 400 to 1500 m (and high CC up to 1500 m). El Kenawy et al. [71] found
increasing CC and RMSE towards higher altitudes and worst underestimation between
1000 and 1400 m; Navarro et al. [44] showed the best results between 500 and 1500 m (in
pixels with 1 or 2 gauges to calibrate), and [17] observed different results depending on the
region. Regarding orography, most studies denoted worse performance for orographically
complex area [48,53,57–59,61,64,69,73,74]; however, Satgé et al. [34] showed better FAR for
high-sloped regions. It is also interesting to mention that several studies found problems
near coastlines [48,61,65,66,74], which we also find for some metrics.

We can also find possible explanations to these phenomena. Song et al. [69] considered
that problems over complex orography were due to orography being crucial to moisture
convergence and local convective precipitation, and to the limited gauges used in those
regions for calibration. [44,61] found better results when there were some gauges to use
for calibration lying within the pixel, which, as Song et al. [69] suggested, are less likely
to be placed in orographically complex areas. Navarro et al. [74] denoted that GPCC
coarse resolution could lead to excessive smoothing and GPCC scarcity could lead to
major discrepancies in IMERG, and mentioned algorithm limitations as another probable
reason to problems over complex orography. Tapiador et al. [61] also referred to algorithm
limitations, as IMERG has to perform in regions where gauges are scarce and only monthly
data is available. Finally, Derin et al. [17] observed that the use of total column water vapor
for deriving motion vectors (which was the case of IMERG V06) worsened performance for
light and heavy precipitation over complex terrain compared to the use of IR data (the case
of IMERG V05). Regarding altitude influence, Nan et al. [37] explained that the estimated
precipitation by satellite SPPs evaporated and dissipated due to air resistance before
reaching the ground, and so the closer to the cloud-top a ground gauge was, the better its
accuracy. This would be the same reason as why arid areas show worse performance. In
contrast, Zhu et al. [52] suggested that altitude and distance from coastline indicated the
dificulties for moisture and vapor to reach inland regions, while altitude and latitude might
express the temperature, influential on air convection.

Finally, we have found that all SPPs preserve general performance no matter the
amount of gauges per pixel, with CMORPH showing the greater changes when increasing
this amount. In its case, due to its pixels covering larger areas compared to those from
IMERG and MSWEP, an increased gauge density may really help settling the correct pre-
cipitation amount and confirming there has been precipitation in the area (better for bias
and false alarms), but also there are bigger chances of a gauge detecting precipitation in
its area while there has been no precipitation over the other gauges (worse for detection
capabilities). Anyway, the results suggest that calibration with only one gauge per pixel
is enough for the products to perform as expected, but they also suggest that the subop-
timal performance has its roots elsewhere, which could be external factors (as we have
already discussed: precipitation intensity, altitude, orography. . . ) as well as internal ones
(physical limits for data extraction from satellite, suboptimal intermediate products and/or
algorithms, etc.).

7. Conclusions
In this study we have assessed the suitability over Peninsular Spain and the Balearic

Islands of CMORPH V1.0, IMERG V07A and MSWEP V2.8 using AEMET ground gauges
precipitation data as reference, at pixel scale and for the 2001–2020 period. We have
analysed the performance without grouping the data (at daily and monthly resolution) and
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grouping it by season of year, reference intensity quartiles, altitude, orographic complexity
and density of gauges per pixel (all this at daily resolution). Here are the main conclusions:

1. MSWEP is preferred, CMORPH is unrecommended, and performance is generally
better at monthly than at daily resolution. CMORPH exhibits much worse detec-
tion capabilities and underestimates in greater magnitude. IMERG shows general
overestimation (due to higher False bias and greater tendency to overestimate, both
in frequency and magnitude), while MSWEP is equilibrated in that regard. Once
precipitation is correctly detected, all products tend to underestimate more frequently
than to overestimate, but the overestimation is always greater in magnitude. In fact,
when overestimating, the SPP reports are always at least twice as large as the refer-
ence. The quantity of false reports is about one third of the total across all products.
Nonetheless, they exhibit good accuracy for correctly detecting wet or dry days, as
dry days are majoritary in most of the study region. Monthly performance is generally
better for all products, although they become more prone to underestimation and
show substantially increased negative bias.

2. Performance for autumn and spring is similar, while it diverges in different ways
for summer and winter. Performance for spring and autumn is similar to that of the
global analysis, whereas the performance differs for winter and specially for summer.
SPPs show worse detection capabilities and greater amount of false events across these
two seasons (which also implies greater missed and falsely reported precipitation
quantities), and summer also presents worse correlation values. Interestingly, this
does not necessarily translate in winter and summer being more problematic overall,
as overestimation and underestimation when correctly detecting precipitation have a
notable influence. Indeed, winter is most problematic for CMORPH and summer is
for MSWEP, whereas IMERG is similarly problematic across all seasons.

3. Correlation and detection capabilities increase along reference intensity, but so does
underestimation magnitude and frequency. Correlations are still very low across all
products and intensities (mainly lesser than 60%), and the detection capabilities of
CMORPH for its first two quartiles and those of IMERG for its first quartiles are low,
as most of their pixels miss more than half the events. Nonetheless, CMORPH is more
problematic for heavier intensities, IMERG for its third quartiles (not by much) and
MSWEP for lighter intensities.

4. Worse performance takes place in those regions that show both the greatest oro-
graphic complexity and high altitudes, which also tend to be considerably humid.
These regions are the surroundings of the Septentrional Meseta, the Iberian and Betic
ranges and the Pyrenees. The main problems are reduced detection capabilities and
increased underestimation, and increased falsely reported precipitation to a lesser
extent. Other regions with increased problematic are the northern littoral (reduced
detection capabilities and increased underestimation) and the Iberian Mediterranean
Basin (increased false precipitation).

5. Density of reference gauges per pixel has no noticeable influence on any of the
products performance. This motivates their use, but at the same time it implies that
sources of discrepancy must lie elsewhere.

Previous studies have reasoned the source of disagreement for increased orographical
complexity and intensity, but there is no consensus for the dependence on seasonality and
altitude, and no other study has appreciated the increased false alarms over the Iberian
Mediterranean Basin, Cantabric range and Balearic islands. This spatial extent suggests the
influence of the Mediterranean sea as a plausible reason, but we do not currently have a
possible explanation.
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All in all, CMORPH is not recommended and MSWEP is preferable over IMERG,
even though MSWEP performs worse for lighter intensities and in summer and IMERG
performs similarly for all intensities and seasons. Nonetheless, as their performances
are still suboptimal, we recommend to first assess their performance for the particular
use of interest (such as hydrological modelling, trends on extreme precipitation patterns,
analysis of changes in bioclimates, flood threshold exceedances, studies on agricultural
water budget. . . ) before considering them reliable tools for future use.
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Figure A1. Violin plots from the pixel-wise evaluation indices and error components for CMORPH
V1.0 (C), IMERG V07A (I) and MSWEP V2.8 (M) versus AEMET ground gauges across the 2001–2020
period at daily resolution without any grouping, using the minimum threshold of p = 0.5 mm day−1.
Values range from 5th to 95th percentiles for better clarity. Stripes indicate 10th, 25th, 50th, 75th and
90th percentiles. Median value is explicitly shown.
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Figure A2. Violin plots from the pixel-wise evaluation indices and error components for CMORPH
V1.0 (C), IMERG V07A (I) and MSWEP V2.8 (M) versus AEMET ground gauges across the 2001–2020
period at daily resolution without any grouping, using the minimum threshold of p = 2 mm day−1.
Values range from 5th to 95th percentiles for better clarity. Stripes indicate 10th, 25th, 50th, 75th and
90th percentiles. Median value is explicitly shown.
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Figure A3. Maps from performance metrics and error components for CMORPH V1.0 (left), IMERG
V07A (center) and MSWEP V2.8 (right) versus AEMET ground gauges across the 2001–2020 period
at monthly resolution without any grouping.
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Figure A4. Maps from performance metrics and error components for CMORPH V1.0 (left), IMERG
V07A (center) and MSWEP V2.8 (right) versus AEMET ground gauges across the 2001–2020 period
at monthly resolution without any grouping.
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Figure A5. Maps from performance metrics and error components for CMORPH V1.0 (left), IMERG
V07A (center) and MSWEP V2.8 (right) versus AEMET ground gauges across the 2001–2020 period
at monthly resolution without any grouping.
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Figure A6. Correlation Coefficient maps for CMORPH V1.0 (left), IMERG V07A (center) and MSWEP
V2.8 (right) versus AEMET ground gauges across the 2001–2020 period at daily resolution grouping
by season of year (from top to bottom: winter, spring, summer and autumn).
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Figure A7. Relative Mean Error maps for CMORPH V1.0 (left), IMERG V07A (center) and MSWEP
V2.8 (right) versus AEMET ground gauges across the 2001–2020 period at daily resolution grouping
by season of year (from top to bottom: winter, spring, summer and autumn).
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Figure A8. Hit Rate maps for CMORPH V1.0 (left), IMERG V07A (center) and MSWEP V2.8 (right)
versus AEMET ground gauges across the 2001–2020 period at daily resolution grouping by season of
year (from top to bottom: winter, spring, summer and autumn).
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Figure A9. Relative Total bias maps for CMORPH V1.0 (left), IMERG V07A (center) and MSWEP
V2.8 (right) versus AEMET ground gauges across the 2001–2020 period at daily resolution grouping
by season of year (from top to bottom: winter, spring, summer and autumn).
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Figure A10. Probability of Detection maps for CMORPH V1.0 (left), IMERG V07A (center) and
MSWEP V2.8 (right) versus AEMET ground gauges across the 2001–2020 period at daily resolution
grouping by season of year (from top to bottom: winter, spring, summer and autumn).
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Figure A11. Relative Miss bias maps for CMORPH V1.0 (left), IMERG V07A (center) and MSWEP
V2.8 (right) versus AEMET ground gauges across the 2001–2020 period at daily resolution grouping
by season of year (from top to bottom: winter, spring, summer and autumn).
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Figure A12. False Alarm Ratio maps for CMORPH V1.0 (left), IMERG V07A (center) and MSWEP
V2.8 (right) versus AEMET ground gauges across the 2001–2020 period at daily resolution grouping
by season of year (from top to bottom: winter, spring, summer and autumn).
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Figure A13. Relative False bias maps for CMORPH V1.0 (left), IMERG V07A (center) and MSWEP
V2.8 (right) versus AEMET ground gauges across the 2001–2020 period at daily resolution grouping
by season of year (from top to bottom: winter, spring, summer and autumn).

8W 6W 4W 2W 0 2E 4E
36N

38N

40N

42N

44N

15 30 45 60 75 90
Overestimation rate [%]

8W 6W 4W 2W 0 2E 4E
36N

38N

40N

42N

44N

15 30 45 60 75 90
Overestimation rate [%]

8W 6W 4W 2W 0 2E 4E
36N

38N

40N

42N

44N

15 30 45 60 75 90
Overestimation rate [%]

8W 6W 4W 2W 0 2E 4E
36N

38N

40N

42N

44N

15 30 45 60 75 90
Overestimation rate [%]

8W 6W 4W 2W 0 2E 4E
36N

38N

40N

42N

44N

15 30 45 60 75 90
Overestimation rate [%]

8W 6W 4W 2W 0 2E 4E
36N

38N

40N

42N

44N

15 30 45 60 75 90
Overestimation rate [%]

Figure A14. Cont.



Remote Sens. 2025, 17, 3562 46 of 52

8W 6W 4W 2W 0 2E 4E
36N

38N

40N

42N

44N

15 30 45 60 75 90
Overestimation rate [%]

8W 6W 4W 2W 0 2E 4E
36N

38N

40N

42N

44N

15 30 45 60 75 90
Overestimation rate [%]

8W 6W 4W 2W 0 2E 4E
36N

38N

40N

42N

44N

15 30 45 60 75 90
Overestimation rate [%]

8W 6W 4W 2W 0 2E 4E
36N

38N

40N

42N

44N

15 30 45 60 75 90
Overestimation rate [%]

8W 6W 4W 2W 0 2E 4E
36N

38N

40N

42N

44N

15 30 45 60 75 90
Overestimation rate [%]

8W 6W 4W 2W 0 2E 4E
36N

38N

40N

42N

44N

15 30 45 60 75 90
Overestimation rate [%]

Figure A14. Overestimation Rate maps for CMORPH V1.0 (left), IMERG V07A (center) and MSWEP
V2.8 (right) versus AEMET ground gauges across the 2001–2020 period at daily resolution grouping
by season of year (from top to bottom: winter, spring, summer and autumn).
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Figure A15. Relative Positive Hit bias maps for CMORPH V1.0 (left), IMERG V07A (center) and
MSWEP V2.8 (right) versus AEMET ground gauges across the 2001–2020 period at daily resolution
grouping by season of year (from top to bottom: winter, spring, summer and autumn).
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Figure A16. Underestimation Rate maps for CMORPH V1.0 (left), IMERG V07A (center) and MSWEP
V2.8 (right) versus AEMET ground gauges across the 2001–2020 period at daily resolution grouping
by season of year (from top to bottom: winter, spring, summer and autumn).
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Figure A17. Relative Negative Hit bias maps for CMORPH V1.0 (left), IMERG V07A (center) and
MSWEP V2.8 (right) versus AEMET ground gauges across the 2001–2020 period at daily resolution
grouping by season of year (from top to bottom: winter, spring, summer and autumn).
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