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Abstract. Numerous gridded precipitation (P ) datasets have
been developed to address a variety of needs and challenges.
However, selecting the most suitable and reliable dataset re-
mains difficult for users. We conducted the most compre-
hensive global evaluation to date of gridded (sub-)daily P
datasets using hydrological modeling. A total of 24 datasets
– derived from satellite, (re)analysis, gauge sources, or com-
binations thereof – were assessed. To evaluate their per-
formance, we calibrated the conceptual hydrological model
HBV against observed daily streamflow for 18 428 catch-
ments (each < 10000km2) worldwide, using each P dataset
as input. The Kling-Gupta Efficiency (KGE) was used as per-
formance metric, with the calibration score serving as proxy
for P dataset performance. Overall, Multi-Source Weighted-
Ensemble Precipitation (MSWEP) V2.8 demonstrated the
best performance (median KGE of 0.78), highlighting the
value of merging P estimates from diverse data sources and
applying daily gauge corrections. Among the purely satellite-

based P datasets, the soil moisture- and microwave-based
Global Precipitation Mission plus Soil Moisture to RAIN
(GPM+SM2RAIN) dataset performed best (median KGE
of 0.64). The Global Data Assimilation System (GDAS)
analysis ranked highest among the (re)analyses (median
KGE of 0.72), slightly outperforming the widely used Euro-
pean Centre for Medium-range Weather Forecasts ReAnal-
ysis 5 (ERA5; median KGE of 0.71). Performance varied
across Köppen-Geiger climate zones, with the highest scores
in polar (E) regions (median KGE of 0.76 across datasets)
and the lowest in arid (B) regions (median KGE of 0.53
across datasets). Spatial correlation analysis between catch-
ment attributes and KGE scores identified aridity index, po-
tential evaporation, and P occurrence as the strongest pre-
dictors of performance. Our assessment revealed significant
regional differences in dataset performance and error char-
acteristics, emphasizing the importance of careful dataset se-
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lection for water resource management, hazard assessment,
agricultural planning, and environmental monitoring.

1 Introduction

Understanding the spatio-temporal distribution of precipita-
tion (P ) is crucial for a wide range of applications, including
water resources assessment, flood forecasting, agricultural
monitoring, and disease tracking (Dresel et al., 2018; Liang
and Gornish, 2019; McKinnon and Deser, 2021; Hinge et al.,
2022; Dimitrova et al., 2022). However, P exhibits high vari-
ability across space and time, making it difficult to estimate,
particularly in regions with complex topography, convection-
driven P , or snow-dominated climates (Herold et al., 2016;
Prein and Gobiet, 2017; Sharma et al., 2020b; Li et al., 2020;
Tarek et al., 2021). P estimates can be derived from satel-
lites, models, and rain gauges, but each data source is sub-
ject to limitations. Satellite retrievals are hindered by surface
snow and ice contamination (Cao et al., 2018; Chen et al.,
2020), struggle to capture shallow orographic P (Yamamoto
et al., 2017; Adhikari and Behrangi, 2022), and face chal-
lenges in detecting snowfall (You et al., 2021; Jääskeläinen
et al., 2024; Girotto et al., 2024b). Reanalyses (e.g., Euro-
pean Centre for Medium-range Weather Forecasts ReAnaly-
sis 5 – ERA5; Hersbach et al., 2020) rely on uncertain pa-
rameterizations and often lack sufficient spatial resolution
to adequately capture orographic effects (Skamarock, 2004;
Ménégoz et al., 2013; Liu et al., 2018). Rain gauge networks
are sparse and biased towards lower elevations (Schneider
et al., 2014; Kidd et al., 2017; Ehsani and Behrangi, 2022)
and gauges can severely underestimate snowfall due to wind-
induced under-catch (Groisman and Legates, 1994; Sevruk
et al., 2009; Rasmussen et al., 2012; Girotto et al., 2024a).

In recent decades, numerous gridded P datasets have been
developed based on these data sources and combinations
thereof. Each dataset has a different design objectives, spatio-
temporal resolution, coverage, algorithms, and latency (see
Table 1 for an overview of quasi- and fully-global datasets).
A plethora of studies have evaluated these datasets (see,
e.g., reviews by Gebremichael, 2010; Maggioni et al., 2016,
and Sun et al., 2018). However, the large majority of these
studies use rain gauge observations as reference, which has
limitations: (i) rain gauge observations are unavailable in
many regions (Kidd et al., 2017); (ii) differences in scale
between point-based rain gauges and grid-based P datasets
(Ensor and Robeson, 2008; Yates et al., 2006) can skew re-
sults; (iii) time discrepancies between daily accumulations
of gauges and satellite and (re)analysis datasets (Yang et al.,
2020; Beck et al., 2019b) can yield misleading daily evalu-
ation results; (iv) the systematic P underestimation by rain
gauges in snow-dominated and mountainous regions (Gro-
isman and Legates, 1994; Sevruk et al., 2009; Rasmussen
et al., 2012) can unfairly penalize P datasets in these regions;

and (iv) using rain gauges already incorporated into the P
datasets for validation results in misleading conclusions.

An alternative approach to evaluate P datasets is to use hy-
drological modeling, wherein streamflow simulations driven
by different P datasets are compared to streamflow observa-
tions. The degree of correspondence between simulated and
observed streamflow serves as a proxy for how accurately the
P dataset captures the intensity and timing of P events. This
approach avoids the aforementioned limitations by provid-
ing a direct, real-world measure of performance that reflects
the dataset’s ability to capture P dynamics in a hydrological
context (Camici et al., 2018). Several studies have success-
fully employed this approach to evaluate various P datasets
(e.g., Voisin et al., 2008; Su et al., 2008; Bitew et al., 2012;
Tang et al., 2016; Beck et al., 2017c; Lussana et al., 2018;
Mazzoleni et al., 2019; Pradhan and Indu, 2021; Xiang et al.,
2021; Gu et al., 2023; Gebrechorkos et al., 2023). However,
many studies are limited in scope by (i) focusing on specific
regions or subcontinents, or using streamflow data from rel-
atively few catchments, thus restricting the generalizability
of their findings; (ii) analyzing only a small subset of avail-
able P datasets, often excluding (re)analysis-based datasets;
(iii) focusing on a monthly rather than daily time scale, which
can obscure important short-term variability, such as extreme
rainfall events or floods. Additionally, several studies failed
to re-calibrate the hydrological model for each P dataset, in-
cluding the recent global assessment by Gebrechorkos et al.
(2023), which could result in biased conclusions.

In this study, we present the most comprehensive evalua-
tion to date of gridded (sub-)daily (quasi-)global P datasets,
aiming to identify their strengths and limitations across di-
verse geographical and climatological settings, and to in-
form their suitability for hydrological applications. We lever-
age an unparalleled database of streamflow observations
from 18,428 catchments worldwide, spanning all climate
zones and latitudes, to ensure broad generalizability of our
results. Moreover, we evaluate an extensive collection of
24 P datasets, including new datasets like the microwave-
based IMERG V7 (Huffman et al., 2019b), the infrared-based
PDIR-Now (Nguyen et al., 2020), and the reanalysis JRA-3Q
(Kosaka et al., 2024), all three of which have not been com-
prehensively assessed at the global scale yet. To provide a
fair and balanced assessment, we re-calibrate the hydrologi-
cal model for each P dataset.

2 Data and Methods

2.1 Gridded P Datasets

Table 1 lists the 24 gridded P datasets included in our assess-
ment. These datasets were selected based on their global or
quasi-global coverage, widespread use in hydrological appli-
cations, and availability of daily or sub-daily data. Regional
datasets, while valuable, were excluded to maintain consis-
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tency across diverse geographic areas (e.g., Asian Precipita-
tion - Highly-Resolved Observational Data Integration To-
wards Evaluation – APHRODITE, Yatagai et al., 2012, and
North American Land Data Assimilation System – NLDAS,
Xia et al., 2012). The selected datasets are tailored for spe-
cific purposes: some, like IMERG-Early V7 and PDIR-Now,
are designed for short-latency applications such as near-real-
time monitoring heavy P events, while others with longer la-
tency, such as CHIRPS V2.0 and IMERG-Final V7, are more
suitable for comprehensive, long-term climate and hydrolog-
ical analyses.

The 24 P datasets are grouped into six categories based
on their input data sources (see Table 1 for full dataset names
and references): (i) Satellite-only (S): IMERG-Early V7,
IMERG-Late V6, IMERG-Late V7, PERSIANN-CCS,
PDIR-Now, GSMaP-std V7, GSMaP-std V8, SM2RAIN-
ASCAT, SM2RAIN-CCI, GPM+SM2RAIN, CMORPH-
CDR, and CMORPH-RT; (ii) Reanalysis- or Analysis-only
(R/A): ERA5, GDAS, and JRA-3Q; (iii) Gauge-only (G):
CPC Unified and REGEN V1; (iv) Satellite and Gauge
(S+G): IMERG-Final V7, GPCP V3.2, and PERSIANN-
CCS-CDR; (v) Satellite, Reanalysis, and Gauge (S+R+G):
CHIRPS V2.0, MSWEP V2.8; and (vi) Satellite and Reanal-
ysis (S+R): CHIRP, MSWEP-ng V2.8. Version numbers are
consistently indicated throughout the manuscript to ensure
transparency and reproducibility.

2.2 Streamflow Observations and Catchment Selection

We utilized a comprehensive global database of daily stream-
flow observations and catchment boundaries compiled from
29 national and international datasets. Appendix A provides
a detailed list of the data sources, along with correspond-
ing references or websites. Initially, the database contained
43 627 stations. However, as many stations appeared in mul-
tiple data sources, we performed a duplication check and dis-
carded stations where both the station location and the cor-
responding catchment centroid were within 5 km of those of
another station. In case of duplication, regional data sources
were prioritized over international ones (e.g., CAMELS
datasets were preferred over GRDC). After this process, the
number of unique stations was reduced to 35 254.

To ensure the suitability of the catchments for the present
analysis, we applied the following inclusion criteria:

1. Catchment areas were limited to < 10000 km2 to min-
imize the influence of channel routing, which can be-
come significant at the daily time scale in larger catch-
ments (Gericke and Smithers, 2014). Moreover, since
we use catchment-mean P time series to drive the hy-
drological model, larger catchments are prone to greater
spatial averaging, leading to a less realistic representa-
tion of P patterns.

2. The total streamflow record had to be > 3 years, not
necessarily consecutive. This threshold was chosen due

to the short records of GDAS and CMORPH-RT. We re-
alize that such a short record may introduce some ran-
dom variability in the KGE scores of these datasets, par-
ticularly in arid regions where P events are less fre-
quent. However, this random variability will likely be
averaged out due to the large number of catchments in-
cluded in our assessment.

3. The number of days with appreciable runoff (>
5 mm d−1) had to exceed 10, and these days could not
be consecutive (i.e., they should not be part of a single
continuous event). This ensures that the calibration is
based on a sufficient number of distinct runoff events.

4. The mean annual runoff had to be ≥ 5 and <

5000 mm yr−1, to filter out catchments with erroneous
streamflow and/or catchment boundary data.

5. The reservoir influence (defined as the ratio of total
reservoir capacity to mean cumulative annual stream-
flow) had to be < 0.1, as Hydrologiska Byråns Vatten-
balansavdelning (HBV), the hydrological model used in
this study, does not explicitly simulate reservoirs. To de-
termine the total reservoir capacity, we used the Global
Reservoir and Dam (GRanD) dataset (V1.3; Lehner
et al., 2011).

After applying these criteria, 18 428 catchments remained.
The 2.5th, 10th, 50th, 90th and 97.5th percentiles of the
catchment areas are 23, 55, 213, 2688 and 6165 km2, respec-
tively (Fig. 1).

2.3 Hydrological Modeling

The performance of the gridded P datasets was assessed us-
ing hydrological modeling for the 18,428 catchments that
passed the suitability checks. For each catchment, the HBV
conceptual hydrological model (Bergström, 1992; Seibert
and Vis, 2012) was calibrated against daily streamflow ob-
servations using time series from each P dataset. The HBV
model was selected due to its versatility and computational
efficiency, and numerous successful applications (see review
by Seibert and Bergström, 2022). The model incorporates
two groundwater stores, one unsaturated-zone store, and a
triangular weighting function to simulate channel routing de-
lays. Table 2 provides the model parameters and their cali-
bration ranges. An additional parameter, PCORR, was intro-
duced to further adjust for systematic P biases, which are
generally easier to mitigate and should, therefore, not dis-
proportionately penalize the datasets. Note that PCORR and
SFCF are applied simultaneously: SFCF adjusts snowfall for
gauge undercatch, while PCORR scales total P . Snowfall is
therefore affected by both.

The model requires daily time series of P , potential evap-
oration, and air temperature as inputs. We used catchment-
mean daily P time series from the gridded datasets listed
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Table 1. Overview of the (sub-)daily (quasi-)global gridded P datasets evaluated in this study. Definition of abbreviations: S: satellite, G:
gauge, R: Reanalysis, A: Analysis, and NRT: near real time.

Data Full Name Data Source Temporal Res. Spatial. Res. Spatial Cov. Temp. Cov. Time Latency Reference

CHIRP Climate Hazards group
Infrared Precipitation

S,R Daily 0.05° Land, 50° N/S 1981–NRT 6 d Funk et al. (2015)

CHIRPS
V2.0

Climate Hazards group
Infrared Precipitation
with Stations

S,G,R Daily 0.05° Land, 50° N/S 1981–NRT 2 weeks Funk et al. (2015)

CMORPH-
CDR

Climate Prediction
Center MORPHing
technique Climate Data
Record

S 30 min 8 km 60° N/S 1998–present 4 h Xie et al. (2019)

CMORPH-
RT

Climate Prediction
Center MORPHing
technique – Real Time

S 30 min 8 km 60° N/S 2019–NRT 4 h Xie et al. (2017)

CPC
Unified

Climate Prediction
Center Unified

G Daily 0.5° Land 1979–NRT 1 d Chen et al. (2008)

ERA5 European Centre for
Medium-range Weather
Forecasts ReAnalysis

R Hourly 0.25° Global 1940–NRT 6 d Hersbach et al. (2020)

GDAS Global Data
Assimilation System

A Hourly 0.25° Global 2021–NRT 3–6 h NCEP (2024)

GPCP V3.2 Global Precipitation
Climatology Project

S, G daily 0.5° Global 2000–2021 2 weeks Huffman et al. (2023)

IMERG-
Final
V7

Integrated
Multi-satellitE
Retrievals for Global
Precipitation Mission

S, G 30 min 0.1° Global 2000–NRT 3 months Huffman et al. (2019a)

IMERG-
Late
V7

Integrated
Multi-satellitE
Retrievals for Global
Precipitation Mission

S 30 min 0.1° Global 2000–NRT 12 h Huffman et al. (2019a)

IMERG-
Late
V6

Integrated
Multi-satellitE
Retrievals for Global
Precipitation Mission

S 30 min 0.1° 60° N/S 2000–2024 12 h Huffman et al. (2019a)

IMERG-
Early
V7

Integrated
Multi-satellitE
Retrievals for Global
Precipitation Mission

S 30 min 0.1° 60° N/S 2000–NRT 4 h Huffman et al. (2019a)

GSMaP-std
V7

Global Satellite
Mapping of
Precipitation Standard

S Hourly 0.1° 60° N/S 2000–NRT 3 d Kubota et al. (2020)

GSMaP-std
V8

Global Satellite
Mapping of
Precipitation Standard

S Hourly 0.1° 60° N/S 2000–NRT 3 d Kubota et al. (2024)

JRA-3Q Japanese Reanalysis
for Three Quarters of a
Century

R 3-hourly ∼ 40 km Global 1947–NRT 20 d Kosaka et al. (2024)

MSWEP
V2.8

Multi-Source
Weighted-Ensemble
Precipitation

S,G,R 3-hourly 0.1° Global 1979–2021 / Beck et al. (2019b)

MSWEP-
ng V2.8

MSWEP no gauge S,R 3-hourly 0.1° Global 1979–NRT 3 h Beck et al. (2019b)
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Table 1. Continued.

Data Full Name Data Source Temporal Res. Spatial. Res. Spatial Cov. Temp. Cov. Time Latency Reference

PERSIANN-
CCS

Precipitation
Estimation from
Remotely Sensed
Information using
Artificial Neural
Networks
(PERSIANN) Cloud
Classification System
(CCS)

S Hourly 0.04° 60° N/S 2003–NRT 90 min Hong et al. (2004)

PERSIANN-
CCS-CDR

PERSIANN Cloud
Classification System
from Climate Data
Record

S,G 3-hourly 0.04° 60° N/S 1983–2021 / Sadeghi et al. (2021)

PDIR-Now PERSIANN Dynamic
Infrared–Rain Rate

S Hourly 0.04° 60° N/S 2000–NRT 100 min Nguyen et al. (2020)

REGEN V1 Rainfall Estimates on a
Gridded Network

G Daily 1° Global 1950–2016 / Contractor et al. (2020)

SM2RAIN-
ASCAT

P inferred from
Advanced
Scatterometer
(ASCAT) satellite

S Daily 0.1° 60° N/S 2007–2021 / Brocca et al. (2019)

SM2RAIN-
CCI

Soil Moisture to RAIN
Derived from European
Space Agency Climate
Change Initiative

S Daily 0.25° Global 1998–2015 / Ciabatta et al. (2018a)

GPM +
SM2RAIN

Global Precipitation
Mission plus Soil
Moisture to RAIN

S Daily 0.25° Global 2007–2018 / Massari et al. (2020)

Table 2. HBV model parameter descriptions and calibration ranges.

Parameter Units Description Minimum Maximum

TT °C Threshold temperature when precipitation is simulated as snowfall −5 5
SFCF – Snowfall gauge undercatch correction factor 1 2
CWH – water holding capacity of snowfall 0 0.2
CFMAX mm °C−1 d−1 Melt rate of snowfall 0.5 10
CFR – Refreezing coefficient 0 0.1
FC mm Maximum water storage in unsaturated-zone storage 50 1000
LP – Soil moisture value above which actual evaporation reaches potential evaporation 0.2 1.0
BETA – shape coefficient of recharge function 1 6
UZL mm threshold parameter for extra outflow from upper zone 0 100
PERC mm d−1 maximum percolation to lower zone 0 10
K0 d−1 Additional recession coefficient of upper groundwater store 0.005 0.9
K1 d−1 Recession coefficient of upper groundwater store 0.001 0.5
K2 d−1 Recession coefficient of lower groundwater store 0.001 0.2
MAXBAS d Length of equilateral triangular weighting function 1 10
PCORR – Multiplier to mitigate systematic P underestimation 1 2

in Table 1. Daily potential evaporation was estimated us-
ing the Penman-Monteith equation (Penman, 1948; Mon-
teith, 1965), which requires daily time series of air temper-
ature, downward shortwave and longwave radiation, relative
humidity, and wind speed as input. Catchment-mean daily
time series of these variables were sourced from the Multi-
Source Weather (MSWX) dataset (Beck et al., 2022). MSWX

improves on ERA5 by providing bias-adjusted fields at 0.1°
resolution. The finer grid better captures mountain gradients
that govern snowfall and snowmelt.

2.4 Calibration Procedure

The 15 model parameters were calibrated for each catchment
and P dataset over the period where both observed stream-
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Figure 1. Locations of the 35 254 gauges with daily streamflow data that passed the duplication checks, used to evaluate the gridded P
datasets. Each data point represents the centroid of a catchment. The colors indicates the dominant major Köppen-Geiger climate class,
based on the 1 km resolution map for 1991–2020 from Beck et al. (2023). For more information on the streamflow data sources, refer to
Appendix A.

flow and P data were available. Model initialization was
done by running the model with 10 years of prior P data, if
available. If 10 years of prior P data were not available, the
model was run multiple times using the available P data until
a total of more than 10 years was accumulated. Furthermore,
simulation of 365 d was not used for calculating model per-
formance. We used a (µ+ λ) evolutionary algorithm, which
is a population-based optimization method that iteratively
evolves solutions through selection, crossover, and mutation
to maximize the Kling-Gupta Efficiency (KGE) objective.
The algorithm was implemented using the Distributed Evo-
lutionary Algorithms in Python (DEAP) library (version 1.4;
Ashlock, 2010; Fortin et al., 2012), with a population size
(µ) of 20 and an offspring pool size (λ) of 48. Crossover
was applied with a probability of 90 %, and mutation was
applied with a probability of 10 % using a Gaussian-based
mutation operator. To ensure convergence, the optimization
process was terminated if the best KGE value did not im-

prove by more than 0.01 for five consecutive generations af-
ter a minimum of 25 generations.

To assess the influence of systematic P bias correction us-
ing the PCORR and SFCF adjustment factors on model per-
formance, we explored four calibration scenarios with vary-
ing bounds for the PCORR and SFCF parameters. In the first
scenario, PCORR was allowed to vary between 0.0 and 2.0,
providing full flexibility to adjust for both under- and over-
estimation of P , while SFCF was allowed to vary between
1.0 to 2.0. The second scenario limited PCORR to the range
0.5–2.0, while keeping the range of SFCF between 1.0 and
2.0. The third scenario fixed both PCORR and SFCF parame-
ters at 1.0, effectively disabling P bias correction. The fourth
scenario constrained both PCORR and SFCF to the range
1.0–2.0, allowing only upward correction. These scenarios
enabled us to evaluate the sensitivity of model performance
to P bias correction and assess the robustness of P dataset
rankings under varying calibration constraints.
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In line with several previous studies (e.g., Beck et al.,
2017c; Tarek et al., 2020; Arsenault et al., 2023), we opted
not to split the record into separate calibration and validation
periods. Instead, the full period of overlapping streamflow
and P data was used to maximize the available information
for parameter calibration and evaluation and yield more re-
liable scores. This is particularly critical for P datasets with
short records (GDAS and CMORPH-RT), where splitting the
data would lead to scores based on only one or two years of
data which could cause instability in the performance scores
(see Arsenault et al., 2018).

2.5 Performance Metric

To assess the performance of streamflow simulations forced
by the different gridded P datasets, we calculated the Kling-
Gupta Efficiency (KGE) scores between daily observed and
simulated streamflow for each catchment. KGE, introduced
by Gupta et al. (2009) and modified by Kling et al. (2012), is
an objective performance metric that combines correlation,
bias, and variability, and is defined as:

KGE= 1−
√
(r − 1)2+ (γ − 1)2+ (β − 1)2, (1)

where r represents the Pearson correlation coefficient, γ is
the ratio of the estimated to observed coefficients of varia-
tion, and β is the ratio of estimated to observed means:

γ =
σs/µs

σo/µo
, β =

µs

µo
, (2)

where µ and σ are the mean and standard deviation, respec-
tively, and the subscripts “s” and “o” refer to the estimated
and observed values. Optimal values for KGE, r , β, and γ
are all 1. The r term is primarily sensitive to the timing and
intensity of P extremes, while β captures systematic over- or
underestimation of P . While the PCORR and SFCF param-
eters, which account for systematic biases, were calibrated,
the β component of KGE reflects residual biases that may
persist due to limitations in the P dataset’s ability to accu-
rately represent the spatial and temporal distribution of P in-
tensities and magnitudes (Sun et al., 2018).

3 Results and Discussion

3.1 Overall Model Performance

Figure 2 presents median calibration scores obtained by HBV
forced with 24 gridded P datasets across 18 428 catchments.
Figure 3 maps the best-performing P dataset in each catch-
ment, restricted to the five datasets with the highest median
KGE for clarity. The key findings are as follows:

– Among the six main categories of P datasets –
satellite, gauge, (re)analysis, satellite+reanalysis, satel-
lite+ reanalysis+ gauge, and satellite+ gauge – the

satellite category performed the worst overall. This
challenges the common misconception that satellite
datasets are inherently superior due to their high
spatial resolution and observational nature. However,
(re)analyses are also “observation-based”, as they as-
similate vast quantities of satellite, surface, radiosonde,
and aircraft data. Furthermore, our results indicate that
higher spatial resolution does not necessarily guarantee
better performance, though this may be because P data
are spatially averaged at the catchment scale. Nonethe-
less, that satellite P datasets underperform globally
should not be interpreted as a lack of value; for instance,
they excel in tropical regions, as will be discussed in
Sect. 3.2.

– The multi-source MSWEP V2.8 dataset (Beck et al.,
2019b) attains the highest overall performance, with a
median KGE of 0.78 (the spatial distribution of KGE
values is provided in Fig. S1 in the Supplement). This
dataset leverages the complementary strengths of gauge,
satellite, and (re)analysis data to provide improved P
estimates across the globe. Specifically, daily gauge ob-
servations enhance performance in regions with dense
rain gauge networks, satellite retrievals enhance per-
formance in convection-dominated regions and peri-
ods, while (re)analysis outputs improve performance
in frontal-dominated regions and periods (Beck et al.,
2019b).

– Among the purely satellite-based P datasets
(CMORPH-CDR and -RT; IMERG-Early and -
Late; GSMaP; PDIR-Now; PERSIANN-CCS; and
SM2RAIN-ASCAT and -CCI; and GPM+SM2RAIN),
the GPM+SM2RAIN dataset (Massari et al., 2020)
exhibited the best overall performance (median KGE of
0.64; Fig. 2). This dataset combines satellite soil mois-
ture retrievals from ASCAT H113 H-SAF, SMOS L3
and SMAP L3 with microwave-based P retrievals from
IMERG using the so-called optimal linear combination
approach (Bishop and Abramowitz, 2013). IMERG-
Late V7 (median KGE of 0.55) introduced several
improvements over V6, notably a climatological rain
gauge adjustment, leading to a slight performance boost
compared to V6 (median KGE of 0.54), particularly
in the tropical, cold, and polar catchments (Fig. S14).
In contrast, GSMaP-std V8 (median KGE of 0.43)
performed worse than its predecessor, GSMaP-std V7
(median KGE of 0.50).

– Among the purely infrared-based P datasets
(PERSIANN-CCS and PDIR-Now), PERSIANN-
CCS (Hong et al., 2004; median KGE of 0.46)
performed similar to PDIR-Now (Nguyen et al., 2020;
median KGE of 0.45). This is surprising as PDIR-Now
features several improvements over PERSIANN-CCS,
such as the dynamic adjustment of the relationship
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Figure 2. Calibration KGE, correlation (r), long-term bias (β), and variability ratio (γ ) scores achieved by the 24 P datasets. For a given
catchment, calibration periods were not necessarily consistent across P datasets because their temporal coverage differs. The horizontal
black and orange lines represent the mean and median, respectively. The box extends from the 25th to 75th percentiles, while the whiskers
represent the 5th and 95th percentiles. The datasets are sorted according to their median KGE values. The colors represent the dataset type: S:
Satellite; G: Gauge; R/A: Reanalysis or Analysis; S+R: Satellite and Reanalysis; S+R+G: Satellite, Reanalysis, and Gauge; and S+G:
Satellite and Gauge.

between cloud-top brightness temperatures and rain
rates based on rainfall climatologies, as well as the
use of a higher temperature threshold to enhance the
detection of warm rain events (Nguyen et al., 2020).
Further analysis revealed that PDIR-Now performs
particularly poorly in the UK, Denmark, and Italy
(Fig. S27), resulting in its overall poorer performance
compared to PERSIANN-CCS.

– Among the (re)analyses (ERA5, GDAS, and JRA-3Q),
GDAS, based on V16.3 from 2022 of the Global Fore-
casting System (GFS) model (http://www.ncei.noaa.
gov/products/weather-climate-models/global-forecast,
last access: 5 May 2026), performed best (median KGE

of 0.72). The recently released reanalysis JRA-3Q,
based on the Japan Meteorological Agency (JMA)
operational system as of December 2018 (Kosaka et al.,
2024), performed similarly to ERA5 (both yielding a
median KGE of 0.71). ERA5 is based on Cycle 41r2
of the Integrated Forecasting System (IFS) model from
2016 (Hersbach et al., 2020). While ERA5 is widely
regarded as the most reliable reanalysis overall, these
results suggest that JRA-3Q is a viable alternative
for hydrological modeling. GDAS has a much shorter
record than ERA5 and JRA-3Q (Table 1), which limits
its usefulness.
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– Among the rain gauge-based P datasets (CHIRPS 2.0,
CPC Unified, GPCP V3.2, IMERG-Final V7,
MSWEP V2.8, REGEN V1, and PERSIANN-CCS-
CDR), MSWEP V2.8 (Beck et al., 2019b) achieved
the best overall performance (median KGE of 0.78),
underscoring the value of combining P estimates from
satellite, reanalysis, and gauge data and applying daily
gauge corrections. In contrast, CHIRPS V2.0 (median
KGE of 0.66) applies 5 d gauge corrections, while
the other datasets apply monthly corrections, which
provide fewer benefits at the daily time scale. The
main challenge in applying daily gauge corrections is
accounting for offsets in daily gauge reporting times, as
accumulations rarely align with midnight UTC (Yang
et al., 2020). Furthermore, daily correction efforts
are often hindered by the sparsity of gauge networks
outside North America, Europe, and Australia (Kidd
et al., 2017). Because CPC Unified and REGEN V1
rely exclusively on daily gauge observations, their
performance is limited in these data-sparse regions,
where values are interpolated between distant gauges
(Fig. S29).

– The marked differences in median KGE values between
MSWEP V2.8 and MSWEP-ng V2.8 (median KGE of
0.78 vs. 0.73), between CHIRPS V2.0 and CHIRP (me-
dian KGE of 0.66 vs. 0.58), and between IMERG-Final
V7 and -Late V7 (median KGE of 0.72 vs. 0.55) em-
phasize the importance of applying gauge corrections,
in line with previous evaluations (Gochis et al., 2009;
Beck et al., 2017c, b; Shen et al., 2018). This highlights
the critical role national meteorological agencies play in
feeding rain gauge data into global databases such as the
Global Historical Climatology Network daily (GHCNd;
Menne et al., 2012) and the need to expand gauge cover-
age and promote open data sharing, particularly in data-
scarce regions, to improve the utility of P datasets in
those areas.

– Our results reaffirm that higher-resolution P datasets
do not necessarily yield better streamflow simulations
compared to lower-resolution datasets, consistent with
previous assessments (e.g., Bador et al., 2020; Huang
et al., 2019; Chan et al., 2013). Notably, the 0.04° res-
olution satellite infrared-based datasets (PERSIANN-
CCS and -CCS-CDR, and PDIR-Now; median KGE of
0.46, 0.50, and 0.45, respectively) – the highest res-
olution datasets included in our assessment – do not
consistently perform better neither globally nor for any
Köppen-Geiger climate zone, although this may re-
flect the generally poor performance of infrared-based
datasets. However, IMERG-Final V7 (0.1° resolution)
also does not perform better than GPCP V3.2 (0.5° res-
olution), which uses IMERG for disaggregation from
monthly to daily. This may at least partly be due to the
use of catchment-mean P to drive HBV, which omits

local variability that high-resolution datasets might oth-
erwise capture. Another potential factor is that coarser
datasets may inadvertently improve reliability by av-
eraging out small-scale random errors; however, our
catchment-scale assessment cannot confirm this. Con-
versely, for the (re)analyses, the benefits of a higher res-
olution are evident in mountainous regions. Here, the
13 km GDAS outperformed the 31 km ERA5, which in
turn outperformed the 40 km JRA-3Q (Fig. S57; see
also Sect. 3.2). This indicates that higher-resolution
NWP models are, as expected, more capable of accu-
rately capturing complex orographic P dynamics.

– A comparison of PCORR parameter values obtained af-
ter calibration using different P datasets reveals that
IMERG-Early and -Late V7 necessitate the highest
PCORR values, while PDIR-Now requires the lowest
values (Figs. S3–S26). The lower PCORR for PDIR-
Now reflects its tendency to overestimate P , as con-
firmed by the significant positive bias obtained by the
datasets (Fig. 2). This may be because the algorithm
was calibrated with a focus on heavy rainfall events for
near real-time applications (Nguyen et al., 2020). Con-
versely, the higher PCORR values required for IMERG-
Early and -Late V7 reflect their tendency to underesti-
mate P , which is confirmed by their lower bias values
(Fig. 2).

– The overall ranking of P datasets remained largely con-
sistent across the four PCORR calibration scenarios
(Fig. S30; see Sect. 2.4). However, in the scenario where
PCORR and SFCF were fixed at 1.0, GPCP V3.2 and
ERA5 showed improved relative rankings – not due to
higher performance, but because other datasets experi-
enced greater performance drops under this constraint.
Most datasets showed little sensitivity to the PCORR
bound below 1.0, but a few – namely PDIR-Now,
GSMaP V7, PERSIANN-CCS-CDR, and IMERG-Late
V6 – exhibited notable use of PCORR values below
1.0 (Fig. S31). This suggests that these datasets tend to
overestimate P , and that downward rescaling improves
their hydrological performance.

– The lower performance of PDIR-Now can be partially
attributed to the default PCORR range of 1.0–2.0, which
precludes the correction of P overestimation. This is
confirmed by the lower calibrated PCORR values when
allowed to vary below 1.0, leading to a decrease in the
median calibrated PCORR from 1.2 to 1.1 and a marked
improvement in median KGE from 0.43 to 0.47. Fur-
ther analysis showed that the largest decrease in median
calibrated PCORR (from 1.0 to 0.7) and corresponding
improvement in KGE (from 0.15 to 0.37) occurred in
CAMELS-GB (Fig. S33). However, across most other
P datasets, the improvement in KGE was negligible
when PCORR was allowed to drop below 1.0, confirm-
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ing that the default PCORR range (1.0–2.0) is appropri-
ate for most P datasets (Fig. S32).

– We found that several satellite P datasets (no-
tably IMERG-Early and -Late V7, SM2RAIN-ASCAT,
SM2RAIN-CCI, GSMaP V8, and CMORPH-CDR) ex-
hibit pronounced low-β tails (Fig. 2), indicating sig-
nificant local P underestimation. This finding is fur-
ther corroborated by maps of the difference between the
mean annual P of each product and the multi-product
mean (Figs. S34–S56), revealing extensive regions with
negative values.

Overall, our findings align with those of Beck et al.
(2017c), Gu et al. (2023), and Gebrechorkos et al. (2023),
who similarly evaluated multiple gridded P datasets using
hydrological modeling in catchments worldwide. However,
while Beck et al. (2017c) assessed nine datasets across 9053
catchments, Gu et al. (2023) evaluated two datasets across
10 596 catchments, and Gebrechorkos et al. (2023) analyzed
six datasets across 1825 catchments, the present study eval-
uates 24 datasets across 18 428 catchments. This broader
scope significantly enhances the generalizability of our re-
sults. Additionally, Beck et al. (2017c) and Gu et al. (2023)
primarily assessed outdated versions of P datasets, whereas
our analysis includes several new P datasets – such as PDIR-
Now, IMERG V7, JRA-3Q, and MSWEP V2.8 – that have
not yet been comprehensively evaluated. Furthermore, unlike
Gebrechorkos et al. (2023), we recalibrated the hydrologi-
cal model for each P dataset, reducing the risk of penalizing
datasets for systematic biases that calibration can otherwise
absorb.

3.2 Regional Performance Differences

Table 3 presents median calibration KGE scores for the 24
gridded P datasets across the five major Köppen-Geiger cli-
mate classes (see Fig. S2 for the distribution of KGE val-
ues). While satellite P datasets perform the worst over-
all (see Sect. 3.1), microwave-based satellite datasets such
as IMERG and GSMaP generally outperform (re)analyses
(ERA5, GDAS, and JRA-3Q) in tropical catchments. This
is likely because tropical P events, typically localized and
short-lived, can be directly observed by satellites, while nu-
merical weather prediction (NWP) models generally strug-
gle to simulate the complex convective processes driving
these events (Yano et al., 2018; Peters et al., 2019; Lin
et al., 2022). Conversely, in temperate and, most notably,
cold regions, (re)analyses generally outperform satellite-
based datasets. This is because the large-scale, long-duration
frontal P systems dominant in these regions are reliably
simulated by NWP models (Ebert et al., 2007; Beck et al.,
2017c, 2019a; Sun et al., 2018). In arid climates, all P
datasets tend to perform relatively poorly, with a slight ad-
vantage for (re)analyses over satellite-based datasets, consis-
tent with previous evaluation (e.g., Beck et al., 2017a, 2016).

The lower arid-region scores mainly reflect (i) poorer forcing
quality due to the short-lived, localized nature of storms and
sub-cloud evaporation (virga) (Wang et al., 2018); (ii) more
threshold-driven runoff generation that amplifies small forc-
ing errors; and (iii) fewer runoff-producing events, which
increases sampling uncertainty (Beck et al., 2017a, c; Sun
et al., 2018; El Kenawy et al., 2019; Beck et al., 2019a;
Williams, 2025). Thus, the lower performance does not nec-
essarily indicate an inability of HBV to represent arid hydrol-
ogy.

Figure 4 shows spatial correlations between static catch-
ment attributes (Appendix B) and calibration KGE, correla-
tion (r), variability ratio (γ ), and long-term bias (β) scores
across the catchments. We report these correlations for the
multi-source MSWEP V2.8 dataset, the ERA5 reanalysis,
and the satellite-based IMERG-Late V7 dataset, to assess
how well different catchment attributes predict the perfor-
mance of each dataset. MSWEP V2.8 and ERA5 exhibit
similar patterns, likely because ERA5 is a key input to
MSWEP V2.8. For MSWEP V2.8, the strongest predictors
of high KGE are low Aridity Index, high P Occurrence,
and high Mean NDVI – intercorrelated predictors indicative
of humid conditions. For ERA5, the strongest predictors of
high KGE are high P Occurrence, low Mean PE, and high
Absolute Latitude – conditions that tend to favor frontal P
generation. For IMERG-Late V7, KGE is generally less pre-
dictable, although high KGE is weakly associated with high
Mean P , consistent with tropical regions dominated by con-
vective rainfall. For IMERG-Late V7, a strong predictor of
a low β (i.e., P underestimation) is high Topographic Slope,
reflecting known difficulties in detecting shallow orographic
P and snowfall (Sadeghi et al., 2019; Song et al., 2021).
Rain Gauge Density (defined as the number of gauges per
100 km2, smoothed using an exponential filter; see Table B1)
shows a weak positive relationship with MSWEP V2.8 KGE
and r , suggesting that higher gauge density contributes to im-
proved performance, as expected.

To better analyze the influence of catchment-mean topo-
graphic slope on calibration KGE for each P dataset, we cal-
culated median KGE values for flat catchments (mean slope
< 1°) and steep ones (mean slope> 7°; Fig. S57a), as well as
spatial correlations between KGE and catchment-mean slope
values (Fig. S57b). The following conclusions can be drawn:

– Each gauge-based P dataset tends to show better perfor-
mance in flat catchments than in steep ones (Fig. S57a;
e.g., the CHIRPS V2.0 median KGE is 0.05 higher
in flat catchments). In contrast, each non-gauge-based
dataset performs worse in flat catchments than in steep
ones (e.g., the ERA5 median KGE is 0.06 lower). This
pattern is further supported by negative spatial corre-
lations between KGE and mean slope for each gauge-
based dataset, while the correlations are positive for
non-gauge-based datasets (Fig. S57b). The decline in
the performance of gauge-based datasets in mountain-
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Figure 3. Precipitation (P ) dataset with the highest calibration KGE in each catchment. Points mark catchment centroids (n= 18428). For
clarity, only the five datasets with the highest median KGE are shown. MSWEP-np V2.8 is omitted because it is highly similar to MSWEP
V2.8.

Table 3. Median daily calibration KGE values obtained using HBV driven by the different P datasets for all catchments and the five major
Köppen-Geiger climate classes. For the Köppen–Geiger classes, medians are omitted when a dataset has< 100 catchments or covers< 50 %
of the catchments in that class. In each column, the dataset with the best performance is shown in bold. The catchments were classified based
on the most dominant class, determined using the 1 km resolution Köppen-Geiger map for 1991–2020 from Beck et al. (2023). See Fig. 1 for
a map of the dominant major Köppen-Geiger climate class for the catchments.

Dataset Type KG Climate Zone All Tropical (A) Arid (B) Temperate (C) Cold (D) Polar (E)

Number of Catchments 18 428 1220 1300 12 208 3538 162
CMORPH-CDR 0.53 (15 132) 0.68 (727) 0.45 (972) 0.56 (10 862) 0.43 (2485) – (86)
CMORPH-RT 0.58 (7876) – (128) – (536) – (5488) – (1717) – (7)
IMERG-Early V7 0.55 (15 388) 0.64 (700) 0.40 (944) 0.54 (10 783) 0.56 (2824) 0.63 (137)
IMERG-Late V7 0.55 (15 386) 0.66 (700) 0.42 (945) 0.54 (10 781) 0.55 (2823) 0.58 (137)
IMERG-Late V6 0.54 (15 349) 0.66 (700) 0.38 (944) 0.54 (10 778) 0.52 (2797) 0.62 (130)

S GSMaP V7 0.50 (12 616) – (534) 0.37 (807) 0.5 (8929) 0.52 (2268) – (78)
GSMaP V8 0.43 (14 947) 0.61 (708) 0.34 (952) 0.42 (10 750) 0.43 (2453) – (84)
PERSIANN-CCS 0.46 (14 572) 0.48 (669) 0.22 (922) 0.43 (10 499) – (2402) – (80)
PDIR-Now 0.45 (14 809) 0.57 (696) 0.28 (931) 0.40 (10 653) 0.54 (2447) – (82)
SM2RAIN-ASCAT 0.55 (14 384) 0.61 (630) 0.4 (896) 0.55 (10 141) 0.54 (2624) – (93)
SM2RAIN-CCI 0.51 (13 799) 0.57 (652) 0.29 (723) 0.52 (7977) – (79) – (2)
GPM+SM2RAIN 0.64 (14 059) 0.65 (640) 0.43 (891) 0.65 (10 121) 0.62 (2326) – (81)

JRA-3Q 0.71 (16 354) 0.60 (834) 0.50 (1028) 0.72 (11 253) 0.73 (3094) 0.77 (146)
R/A GDAS 0.72 (6617) – (105) – (483) – (4728) – (1281) – (7)

ERA5 0.71 (18 423) 0.61 (1217) 0.52 (1300) 0.72 (12 207) 0.74 (3537) 0.77(162)

G CPC Unified 0.74 (18 356) 0.66 (1213) 0.52 (1298) 0.74 (12 168) 0.73 (3529) 0.75 (148)
REGEN V1 0.76 (18 122) 0.71 (1217) 0.58 (1288) 0.77 (12 016) 0.78 (3439) 0.75 (162)

IMERG-Final V7 0.72 (15 389) 0.72 (700) 0.45 (945) 0.72 (10 784) 0.73 (2823) 0.72 (137)
S+G PERSIANN-CCS-CDR 0.50 (17 081) 0.52 (1133) 0.32 (1228) 0.46 (11 717) 0.53 (2905) – (98)

GPCP V3.2 0.72 (15 313) 0.72 (700) 0.56 (944) 0.71 (10 722) 0.73 (2810) 0.76 (137)

S+R CHIRP 0.58 (14 295) 0.58 (1187) 0.36 (1259) 0.57 (9449) 0.66 (2318) – (82)
MSWEP-ng V2.8 0.73 (18 326) 0.65 (1215) 0.53 (1297) 0.73 (12 139) 0.75 (3514) 0.78(162)

S+R+G CHIRPS V2.0 0.66 (14 296) 0.66 (1187) 0.49 (1259) 0.66 (9450) 0.73 (2318) – (82)
MSWEP V2.8 0.78 (18 424) 0.70 (1217) 0.60 (1298) 0.79(12 207) 0.79(3538) 0.76 (162)
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Figure 4. Spatial Spearman rank correlations between static catchment attributes and calibration KGE, correlation (r), long-term bias (β),
and variability ratio (γ ) scores across catchments for (a) MSWEP V2.8, (b) ERA5, and (c) IMERG-Late V7. See Appendix B for details on
the catchment attributes.

ous regions reflects the sparse gauge coverage in these
less accessible, less populated areas (Kidd et al., 2017).

– The tendency for non-gauge-based P datasets to per-
form better in steep catchments likely arises from the
dominance of seasonal, rather than daily, hydrologi-
cal variability in mountainous regions. These seasonal
signals are easier for models to reproduce, resulting
in higher KGE values (Beck et al., 2017a). Steep ter-
rain generates high runoff, evaporation is generally
low, and streamflow is dominated by slowly releasing
snowmelt and groundwater, with limited human modi-
fication (Müller Schmied et al., 2014; Beck et al., 2015;
Wada et al., 2017).

– Another reason for the stronger performance of
(re)analysis datasets in mountainous regions is the abil-
ity of NWP models to represent large-scale uplift of
moist air over terrain, which produces orographic P
(e.g., Pontoppidan et al., 2017; Schumacher et al.,
2020). GDAS performs particularly well, likely reflect-
ing the high 13 km resolution of GFS V16.3, which al-
lows more detailed representation of topographic gra-
dients and associated atmospheric processes. JRA-3Q
performs least well, consistent with the coarser 40 km
resolution of the JMA NWP model as of Decem-
ber 2018 (Kosaka et al., 2024). ERA5 sits between the

two, being based on the 31 km IFS model from 2016
(Hersbach et al., 2020).

– The better hydrological performance of each satellite-
based P dataset in mountainous regions conflicts with
previous evaluations using rain gauges and radar data
(e.g., Beck et al., 2019a; Sharma et al., 2020a; Adhikari
and Behrangi, 2022). In these studies, poorer perfor-
mance is generally attributed to surface snow and ice
contamination (Cao et al., 2018; Chen et al., 2020),
difficulties in detecting snowfall (You et al., 2021;
Jääskeläinen et al., 2024; Girotto et al., 2024b), and
shallow orographic P (Yamamoto et al., 2017; Adhikari
and Behrangi, 2022). Our results suggest that these lim-
itations may be counterbalanced by the simpler, more
predictable seasonal streamflow dynamics in mountain-
ous regions.

Figure 5 presents median calibration KGE scores obtained
from the different P datasets across the various streamflow
data sources (see Fig. 1a and Appendix A). Overall per-
formance is somewhat lower for BOMAustralia, CAMELS-
INDIA, South Korea, and especially ADHI. Possible reasons
for the lower performance for these data sources are dis-
cussed below:

– For BOMAustralia (http://www.bom.gov.au/waterdata/,
last access: 5 May 2026), the lower performance (Fig. 5)
is attributed to arid regions exhibiting consistently low
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Figure 5. Median calibration KGE scores for each P dataset across the different streamflow data sources (see Fig. 1a and Appendix A).
White indicates that no catchments met the inclusion criteria (Sect. 2.2).

performance (Table 3), with Australian catchments hav-
ing a particularly high median aridity index of 1.9. Ad-
ditionally, the presence of numerous small dams used
for irrigation, domestic water supply, and flood con-
trol likely contributes to reduced performance (Ouyang
et al., 2021). Our hydrological model, HBV (Bergström,
1992; Seibert and Vis, 2012), does not explicitly simu-
late dams, and although we excluded catchments with
significant dam influence (see Sect. 2.2), we relied on
the GRanD dataset (Lehner et al., 2011), which only
includes larger dams. Significant groundwater with-
drawals in Australia – also not represented in HBV –
may also have contributed to the degraded performance.

– For CAMELS-INDIA (Mangukiya et al., 2025), the
main data source for India, the lower performance
(Fig. 5) is likely due to extensive human activity, par-
ticularly significant groundwater withdrawals (Rodell
et al., 2009; Dangar et al., 2021). CAMELS-INDIA
catchments have the highest median irrigated area
(9.5 %) based on the Global Map of Irrigated Areas
(GMIA) V5 (Siebert et al., 2005). Additionally, despite
excluding catchments with substantial dam influence,
CAMELS-INDIA still has the highest median reservoir

influence (defined as total reservoir capacity divided
by mean cumulative annual streamflow) across all data
sources at 0.04. This suggests that dam regulation may
have further degraded performance.

– Similarly, for South Korea (https://water.nier.go.kr, last
access: 5 May 2026), the lower performance (Fig. 5)
is likely related to extensive human activity, including
numerous dams not captured by the GRanD dataset.
These dams mainly support domestic and municipal wa-
ter supply and agriculture (the catchments have a me-
dian irrigated area of 6 % based on GMIA).

– For ADHI (Tramblay et al., 2021), the main data
source for Africa, arid conditions are likely a pri-
mary reason for the low performance (Fig. 5), given
a mean aridity index of 1.9 across the catchments
(identical to that of the Australian catchments). An-
other factor is the large number of mostly small
dams across the continent that are not included in
GRanD. Low streamflow data quality may also con-
tribute, although a global assessment does not fully sup-
port this explanation (Crochemore et al., 2020). Ad-
ditional challenges for rain gauge-based P datasets
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(CHIRPS 2.0, CPC Unified, REGEN V1, GPCP V3.2,
IMERG-Final V7, MSWEP V2.8, and PERSIANN-
CCS-CDR) in Africa include sparse rain gauge net-
works (Kidd et al., 2017), variable data quality, and
frequent gaps. For (re)analyses (ERA5, GDAS, and
JRA-3Q), limited availability of surface, radiosonde,
and aircraft observations for assimilation further re-
duces performance (https://charts.ecmwf.int/catalogue/
packages/monitoring/, last access: 5 May 2026). For
ERA5 specifically, spurious P trends in central Africa
(see Zsótér et al., 2020) – likely due to changes in the
observing system – and intense localized rainfall events
(so-called “rain bombs”) in eastern Africa contribute to
degraded performance (Hersbach et al., 2020).

– The low median calibration KGE scores for PDIR-Now
in Poland, Denmark, and CAMELS-GB (Fig. 5) are as-
sociated with median bias (β) values of 1.1, 1.3, and 1.3,
respectively (Fig. S27), indicating substantial P over-
estimation in these regions. Likewise, the low median
calibration KGE for JRA-3Q in Thailand (Fig. 5) is
mainly due to P overestimation, with a median bias of
4.6 (Fig. S28).

3.3 Potential Limitations and Future Work

We conducted the most extensive evaluation to date of quasi-
and fully global gridded P datasets using hydrological mod-
elling. Nevertheless, several limitations should be considered
when interpreting the results:

1. The calibration process may potentially suppress cer-
tain systematic issues inherent in the P datasets, such as
consistent under- or overestimation of peaks, long-term
biases, or the presence of drizzle, due to the PCORR
and SFCF parameters of HBV. As a result, these issues
might not be fully reflected in our calibration scores.
However, this should not necessarily be viewed as a lim-
itation. Systematic biases, once identified, are relatively
straightforward to correct through post-processing or
bias-adjustment techniques. Consequently, penalizing
datasets for such deficiencies may be unwarranted.

2. Although HBV has been widely and successfully ap-
plied across diverse climates and geographic settings
(Seibert and Bergström, 2022), it is a parsimonious
conceptual model with a fixed structure and simplified
process representations. It does not represent spatio-
temporal variability in land cover and land use, or spa-
tial heterogeneity in soils and other catchment proper-
ties, and it is driven by catchment-mean meteorological
forcings. More complex semi-distributed or fully dis-
tributed (gridded) models may yield improved stream-
flow simulations (Gu et al., 2023); however, we do
not expect such models to yield materially different P
dataset rankings or alter our main conclusions.

3. HBV does not explicitly represent human influences
such as dam operations or groundwater withdrawals,
both of which can substantially alter streamflow. Ac-
counting for these processes is challenging because con-
sistent, detailed data on water use and management is
generally unavailable. For example, many large dams –
and most smaller ones – are missing from global com-
pilations (Zhang and Gu, 2023), and global sectoral
water-use estimates are highly uncertain, especially at
sub-national scales (e.g., Huang et al., 2018; Puy et al.,
2022).

4. We compiled an unparalleled global observed stream-
flow dataset comprising 35,254 catchments (exclud-
ing duplicates) covering all climate zones and latitudes
(Fig. 1). Yet, many highly populated and vulnerable re-
gions, particularly in West Asia and parts of Central
and Eastern Africa remain underrepresented. This un-
derscores the continued need to improve access to local
and regional streamflow data (Krabbenhoft et al., 2022).

5. Since the global distribution of streamflow gauging sta-
tions closely aligns with that of meteorological mon-
itoring networks (see Krabbenhoft et al., 2022, and
Kidd et al., 2017), our assessment may slightly over-
estimate the relative performance of gauge-based P

datasets and (re)analyses – which assimilate in situ ob-
servations from these networks – compared to satellite-
only datasets.

6. Some P datasets (GDAS and CMORPH-RT) have rel-
atively short record lengths (Table 1), which can yield
less stable KGE scores and may slightly overesti-
mate performance, particularly in arid regions where P
events are infrequent. Their limited temporal coverage
also prevented the use of a single, uniform calibration
period across all datasets. As a result, part of the varia-
tion in calibration performance may reflect differences
in calibration periods rather than dataset quality. Never-
theless, given the large number of catchments analysed,
the impact on the aggregated results and main conclu-
sions is expected to be small.

7. Our assessment was carried out on a daily time scale,
which obscures critical sub-daily dynamics, particularly
in small catchments and arid regions prone to flash
floods. Future research may expand our analysis to sub-
daily time scales, which would enable a more rigor-
ous evaluation of the timing and intensity of P esti-
mates. Such a sub-daily assessment would likely im-
prove scores for satellite-based P datasets due to their
ability to directly observe events, unlike (re)analyses
that rely on approximating when such events occur.
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4 Conclusions

The availability of wide range of gridded P datasets, each
with unique technical specifications, strengths, and weak-
nesses, can make choosing the best dataset for a particular
application a complex task. To assist users in making bet-
ter informed decisions, we conducted the most comprehen-
sive assessment to date of (sub-)daily (quasi-)global gridded
P datasets using hydrological modeling. We evaluated 24
P datasets across 18,428 catchments worldwide. For each
catchment, we calibrated the HBV hydrological model using
daily streamflow observations, driven by each P dataset as
input. Our main findings can be summarized as follows:

1. Among all P datasets, MSWEP V2.8 consistently
achieved the highest overall performance, owing to its
inclusion of both satellite and (re)analysis data com-
bined with daily gauge corrections. The best predic-
tors of high KGE for MSWEP V2.8 are low Arid-
ity Index and high P Occurrence. Satellite datasets
performed worst overall. GPM+SM2RAIN performed
best among the satellite-based datasets, due to its in-
tegration of satellite soil moisture and P retrievals.
IMERG-Late V7 shows a modest improvement over
V6, with gains most evident in arid and cold re-
gions. Among the (re)analyses, GDAS performed
marginally better than both ERA5 and JRA-3Q, which
exhibited comparable performance. MSWEP V2.8 led
among the gauge-corrected datasets, benefiting from
its daily gauge corrections, unlike others with 5 d
or monthly gauge corrections. Infrared-based satellite
datasets showed lower overall scores, with PERSIANN-
CCS outperforming PDIR-Now.

2. Regional performance of P datasets varied significantly
across climates and data sources, influenced by local P
characteristics, topography, data quality, and human ac-
tivities. Tropical regions favor microwave-based satel-
lite datasets like IMERG due to their ability to cap-
ture localized, convective rainfall, while all datasets
perform poorly in arid regions, with a slight advan-
tage for (re)analyses. In temperate and cold regions,
(re)analyses such as JRA-3Q excel due to their ability
to simulate large-scale, frontal P systems. Each gauge-
based P dataset shows better performance in flat catch-
ments than in steep ones, whereas each non-gauge-
based dataset performs worse in flat catchments than in
steep ones. Factors such as aridity, dam presence, and
water use likely reduced dataset performance in regions
like Australia, India, and Africa. The limited availabil-
ity of in situ meteorological data, combined with po-
tential streamflow data quality issues, may have further
degraded performance in Africa.

3. Despite the comprehensiveness of our assessment, sev-
eral limitations should be noted. Systematic P bi-

ases may have been partially masked during calibra-
tion, though these biases can often be easily mitigated
through post-processing. Additionally, we employed a
relatively simple conceptual hydrological model with
catchment-average inputs, although this is unlikely to
have affected the results significantly. The overlap in
the global distribution of streamflow and meteorolog-
ical networks may have slightly favored gauge-based
datasets and (re)analyses over satellite-based datasets.
Lastly, the use of a daily time scale may obscure im-
portant sub-daily dynamics, highlighting the need for
future sub-daily assessments.

In conclusion, although our findings indicate that datasets
like MSWEP V2.8 are well-suited for a broad range of uses,
while satellite datasets generally perform worse overall, se-
lecting the most appropriate P dataset ultimately depends on
the study region and the specific needs of the application.
For example, long-record datasets such as JRA-3Q may be
suitable for climate analysis, while IMERG-Early V7 pro-
vides a reliable near real-time solution. The continued de-
velopment of P datasets that balance long-term homogene-
ity, latency, and spatial-temporal coverage will be essential
to meet the varied requirements of users for applications in
water resource management, hazard assessment, agriculture,
and environmental monitoring.

Appendix A: Streamflow Data Sources

We compiled an unparalleled database with daily streamflow
observations and catchment boundaries for 35 254 catch-
ments worldwide, drawing from the 29 data sources listed
in Table A1. These sources are divided into two categories.
The first category comprises published datasets, including
ADHI, HYSETS, CAMELS, LamaHCE, LamaHIce, Ger-
many, and CCAM. For the remaining sources, except GRDC,
daily observed streamflow data were obtained from the web-
sites of the respective countries’ hydrological or meteorolog-
ical agencies. Data from GRDC were acquired by submitting
an application form on their website and receiving the data
via email. For the second set of sources, we used stream-
flow observations exclusively from stations with available
catchment boundaries, allowing us to calculate time series
of meteorological forcings for these catchments, including
P , temperature, radiation, and humidity. Catchment bound-
aries for USGS data were sourced from HYSETS, while
those for Italy, Spain, France, Poland, Czech Republic, Swe-
den, Ireland, Denmark, and Finland came from EStreams
(do Nascimento et al., 2024). For BOM Australia, Thailand,
and Japan, boundaries were obtained from GSHA (Yin et al.,
2023). The catchment boundaries for South Korea were ac-
quired from the Environmental Geographic Information Ser-
vice (EGIS) of South Korea (https://egis.me.go.kr/, last ac-
cess: 5 May 2026).
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Table A1. Daily observed streamflow data sources, number of catchments, and references/URLs. The number of catchments represents the
amount after duplication checks but before suitability checks.

Data source Spatial Coverage Number of catchments Reference/URL

ADHI Africa 1466 Tramblay et al. (2021)
Arcticnet Antarctica 106 https://www.r-arcticnet.sr.unh.edu/v4.0/AllData/index.html (last

access: 5 May 2026)
Belgium Belgium 188 https://hydrometrie.wallonie.be/home/observations/debit.html (last

access: 5 May 2026)
BOM Australia Australia 2330 http://www.bom.gov.au/waterdata/ (last access: 5 May 2026)
CAMELS-GB Britain 671 Coxon et al. (2020)
CAMELS-INDIA India 472 Mangukiya et al. (2025)
CAMELS-CL Chile 516 Alvarez-Garreton et al. (2018)
CAMELS-BR Brazil 897 Chagas et al. (2020)
CAMELS-CH Switzerland 331 Höge et al. (2023)
CCAM China 102 Hao et al. (2021)
Czech Republic Czech Republic 484 https://isvs.chmi.cz/ (last access: 5 May 2026)
Denmark Denmark 994 https://odaforalle.au.dk/login.aspx (last access: 5 May 2026)
Finland Finland 239 https:

//wwwi3.ymparisto.fi/i3/paasivu/ENG/Virtaama/Virtaama.htm
(last access: 5 May 2026)

France France 1469 http://www.hydro.eaufrance.fr (last access: 5 May 2026)
Germany Germany 1555 Loritz et al. (2024)
GRDC Global 3631 https://portal.grdc.bafg.de/ (last access: 5 May 2026)
HYSETS Mexico, Canada 2421 Arsenault et al. (2020)
Ireland Ireland 312 https://epawebapp.epa.ie/hydronet/#Flow (last access: 5 May 2026)
Italy Italy 294 http://www.hiscentral.isprambiente.gov.it (last access:

5 May 2026)
Japan Japan 696 http://www.river.go.jp/ (last access: 5 May 2026)
LamaHCE Iceland 859 Klingler et al. (2021)
LamaHIce Austria 111 Helgason and Nijssen (2024)
Poland Poland 1287 https://danepubliczne.imgw.pl/ (last access: 5 May 2026)
Portugal Portugal 280 https://snirh.apambiente.pt/ (last access: 5 May 2026)
South Korea South Korea 391 https://water.nier.go.kr/ (last access: 5 May 2026)
Spain Spain 889 https://ceh.cedex.es/anuarioaforos/demarcaciones.asp (last access:

5 May 2026)
Sweden Sweden 274 http://www.smhi.se (last access: 5 May 2026)
Thailand Thailand 73 https://hydro.iis.u-tokyo.ac.jp/GAME-T/GAIN-T/routine/

rid-river/disc_d.html (last access: 5 May 2026)
USGS United States 12004 https://dashboard.waterdata.usgs.gov/app/nwd/en/ (last access:

5 May 2026)
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Appendix B: Static Catchment Attributes

Table B1 presents the static catchment attributes used for as-
sessing performance predictability. Here, “static” refers to at-
tributes that do not vary over time. The attributes were calcu-
lated for each catchment as described in the table.

Table B1. Description and sources of static catchment attributes.

Attribute Name Description

Mean Annual Runoff Mean annual runoff (mm yr−1) calculated from the observed streamflow record and catchment area

Rain Gauge Density Average influence of rain gauges within a catchment as number of gauges per 100 km2. This was estimated by
applying a spatial smoothing filter with a radius of 278 km to the global map of rain gauges from the Global
Historical Climatology Network (GHCN-D; Menne et al., 2012).

Urban Fraction Urban land cover fraction from GlobCover (Bontemps et al., 2011)

P Intensity 99.5th percentile daily P intensity (mm d−1) from PPDIST (Beck et al., 2020)

P Occurrence Daily P occurrence (%) using a 0.5 mmd−1 threshold from PPDIST (Beck et al., 2020)

Soil Sand Content Soil sand content (%) from SoilGrids250m (Hengl et al., 2017); mean across all layers

Topographic Slope Average slope (%) of the catchment from Global Multi-resolution Terrain Elevation Data 2010 (GMTED2010;
Danielson and Gesch, 2011)

Solid P Fraction Fraction of total P falling as snow calculated according to Legates and Bogart (2009) using WorldClim V2
(Fick and Hijmans, 2017) for land and ERA5 (Hersbach et al., 2020) for ocean.

Forest Cover Forest cover fraction from Food and Agriculture Organization (FAO) Global Forest Resources Assessment
(FRA) 2000 (FAO, 2000)

Subsurface Permeability subsurface permeability (log10 m2) from GLobal HYdrogeology MaPS (GLHYMPS) V2.0 (Huscroft et al.,
2018)

Wetlands Fraction Wetlands fraction from Global Lakes and Wetlands Database (GLWD) V3 (Lehner and Döll, 2004)

Mean NDVI Normalized Difference Vegetation Index (NDVI) from SPOT-VEGETATION and PROBA-V (Maisongrande
et al., 2004)

Mean LAI Mean Leaf Area Index (LAI) from SPOT-VEGETATION and PROBA-V (Fuster et al., 2020)

Mean PE Mean annual potential evaporation (PE) following Consultative Group for International Agricultural Research
(CGIAR) V2 (Zomer et al., 2008)

Permafrost Fraction Permafrost fraction following (Brown et al., 1997)

Mean P Mean annual P (mm yr−1) from WorldClim V2.1 (Fick and Hijmans, 2017)

Mean T Mean annual air temperature (°C) from WorldClim V2.1 (Fick and Hijmans, 2017)

Mean Wind Mean annual wind speed (m s−1) from WorldClim V2.1 (Fick and Hijmans, 2017)

Absolute Latitude Absolute latitude (°) of the centroid of the catchment

Catchment Area Catchment area (km2)

Reservoir Impact Ratio of total reservoir capacity (km3) to mean annual cumulative streamflow (km3), where the reservoir
capacity is taken from Global Reservoir and Dam (GRanD) dataset (V1.3; Lehner et al., 2011) and the annual
cumulative streamflow was calculated from the observed streamflow record

Reservoir Area Area covered by reservoirs (km2) from Georeferenced global Dams And Reservoirs dataset (GeoDAR) V11
(Wang et al., 2021)

Aridity Index Ratio between potential evaporation and mean annual P , where P was taken from WorldClim V2.1 (Fick and
Hijmans, 2017) and potential evaporation from CGIAR V2 (Zomer et al., 2008)

Irrigated Fraction Fraction of irrigated area from Global Map of Irrigated Areas (GMIA) V5 (Siebert et al., 2013)
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Code availability. The Python implementation of the HBV hy-
drological model used in this work is available at https://github.
com/AtrCheema/rain2flow (AtrCheema, 2026). The AquaFetch
Python (https://github.com/hyex-research/AquaFetchTS30, last ac-
cess: 17 July 2025, https://doi.org/10.21105/joss.08051, Abbas et
al., 2025) library was used to access and harmonize open source
streamflow data. The Python code used to generate the results of
this study is available from the corresponding author upon request.

Data availability. Most of the streamflow observations are freely
available, and their sources are listed in Table A1. Please con-
tact the authors regarding access to the portion of the stream-
flow data that can be shared.All P datasets are freely accessi-
ble for non-commercial research. CPC Unified is available on
the NOAA Physical Sciences Laboratory (PSL) website (https:
//psl.noaa.gov/data/gridded/data.cpc.globalprecip.html, last access:
5 May 2026). IMERG can be accessed from the NASA
Global Precipitation Measurement (GPM) website (https://gpm.
nasa.gov/data, last access: 5 May 2026). JRA-3Q is available
via the National Center for Atmospheric Research (NCAR)
Research Data Archive (RDA; (https://gdex.ucar.edu/datasets/
d728009/filelist/, last access: 5 May 2026). GPCP is accessi-
ble via the NOAA PSL website (https://psl.noaa.gov/data/gridded/
data.gpcp.html, last access: 5 May 2026). SM2RAIN-ASCAT,
SM2RAIN-CCI, and GPM+SM2RAIN are hosted on Zenodo
(https://doi.org/10.5281/zenodo.10376109, Brocca et al., 2023;
https://doi.org/10.5281/zenodo.1305021, Ciabatta et al., 2018b;
and https://doi.org/10.5281/zenodo.3854817, Massari, 2020, re-
spectively). ERA5 data can be obtained from the Copernicus
Climate Data Store (CDS; https://doi.org/10.24381/cds.adbb2d47,
Copernicus Climate Change Service, Climate Data Store, 2023).
CHIRP and CHIRPS are available via the University of Califor-
nia Climate Hazards Center (CHC) website (https://www.chc.ucsb.
edu/data/chirps/, last access: 5 May 2026). MSWEP can be ac-
cessed via the GloH2O website (https://www.gloh2o.org/mswep/,
last access: 5 May 2026). PERSIANN-CCS-CDR and PDIR-Now
are accessible via the Center for Hydrometeorology and Remote
Sensing (CHRS) website (https://chrsdata.eng.uci.edu/, last access:
5 May 2026).

Supplement. The supplement related to this article is available on-
line at https://doi.org/10.5194/hess-30-3399-2026-supplement.
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