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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 remains a-challenge-difficult for users. We conducted the most com-
prehensive global evaluation to date of gridded (sub-)daily P datasets using hydrological modeling. A total of 234 datasets,
derived from satellite, model, gauge sources, or their combinations thereof, were assessed. To evaluate their performance, we
calibrated the conceptual hydrological model HBV against observed daily streamflow for +6;29518,428 catchments (each) P
datasets using hydrological modeling. A total of 24 datasets ; — derived from satellite, moedel (re)analysis, gauge sources,
or combinations thereof ; — were assessed. To evaluate their performance, we calibrated the conceptual hydrological model
HBYV against observed daily streamflow for 18,428 catchments (each < 10,000 km?) worldwide, using each P dataset as in-
put. The Kling-Gupta Efficiency (KGE) was used as performance metric, and with the calibration score serveding as proxy
for P dataset performance. Overall, Multi-Source Weighted-Ensemble Precipitation (MSWEP) V2.8 demonstrated the highest
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 Pre-
cipitation Mission plus Soil Moisture to RAIN (GPM+SM2RAIN) dataset performed best (median KGE of 0.64) while-the

JRA-3Q-re. The Global Data Assimilation System (GDAS) analysis ranked highest among the purely-medel-based-datasets
(re)analyses (median KGE of 0.72), slightly outperforming the widely used European Centre for Medium-range Weather Fore-
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casts ReAnalysis 5 (ERAS; median KGE of 6:59 0.71). Performance varied across Koppen-Geiger climate zones, with the
bestresults highest scores in polar (E) regions (median KGE of 0.746 across datasets) and the lowest in arid (B) regions
(median KGE of 0.353 across datasets). We-further-examined-the-spatial-relationships Spatial correlation analysis between
catchment attributes and KGE scores identified potential evaporation, air temperature, solid P fraction, and latitude as the
strongest predictors of performance. Our analysis assessment revealed significant regional differences in dataset performance
and error characteristics, underseoring-the-eritical emphasizing the importance of careful dataset selection for water resource

management, hazard assessment, agricultural planning, and environmental monitoring.

1 Introduction

Understanding the spatio-temporal distribution of precipitation (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 variability across space
and time, making it difficult to estimate, particularly in regions with complex topography, convection-driven preeipitation 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 satellites, models, and rain gauges, but each data source is subject to limitations. Satel-
lite retrievals are affeeted hindered by surface snow and ice contamination (Cao et al., 2018; Chen et al., 2020), and-snewfall
detectionremainschallenging struggle to capture shallow orographic P (Yamamoto et al., 2017; Adhikari and Behrangi, 2022),
and face challenges in detecting snowfall (You et al., 2021; Jidskeldinen et al., 2024; Girotto et al., 2024b). Reanalyses (e.g.,
European Centre for Medium-range Weather Forecasts ReAnalysis 5 — ERAS; Hersbach et al., 2020) rely on uncertain param-
eterizations and often lack sufficient spatial resolution to adequately capture orographic effects (Skamarock, 2004; Ménégoz
etal., 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);
(i) differences in scale between point-based rain gauges and grid-based P datasets (Ensor and Robeson, 2008; Yates et al.,
2006) can skew results; (iii) time discrepancies between daily accumulations of gauges and satellite and (re)analysis datasets
(Yang et al., 2020a; Beck et al., 2019b) can yield misleading daily evaluation results; (iv) the systematic P underestimation by
rain gauges in snow-dominated and mountainous regions (Groisman 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.
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An alternative approach to evalud®edatasets is to use hydrological modeling, wherein stream ow simulations driven by
different P datasets are compared @#bserved stream ow observations. The degree of correspondence between simulated
and observed stream ow serves as a proxy for how accuratelf? tdataset captures the intensity and timingPokvents.

This approach avoids the aforementioned limitations by providing a direct, real-world measure of performance that re ects
the dataset's ability to captui® dynamics in a hydrological context (Camici et al., 2018). Several studies have successfully
employed this approach to evaluate varidusiatasets (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 speci ¢ regions or
subcontinents, or using stream ow data from relatively few catchments, thus restricting the generalizability of their ndings;
(ii) analyzing only a small subset of availalffedatasets, often excludingedel(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
oods. Additionally, several studies failed to re-calibrate the hydrological model for Batdtaset, including the recent global
assessment by Gebrechorkos et al. (2023), which could result in biased conclusions.

Hereln this study, we present the most comprehensive evaluation to date of gridded (sub-)daily (quasik)glataalets
te-date, aiming to identify their strengths and limitations across diverse geographical and climatological settings, and to in-
form their suitability for hydrological applications. We leverage an unparalleled database of stream ow observations from
16;29518,428 catchments worldwide, spanning all climate zones and latitudes, to ensure broad generalizability of our results.
Moreover, we evaluate an extensive collection®} 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 comprehensively assessed at the global scale yet. To provide a fair and balanced assessmer
we re-calibrate the hydrological model for edetdataset.

2 Data and Methods
2.1 Gridded P Datasets

Table 1 lists the 24 griddedP usedin-this-evaldationdatasets included in our assessment. These datasets were selected based
on their global or quasi-global coverage, widespread use in hydrological applications, and availability of daily or sub-daily data.
Regional datasets, while valuable, were excluded to maintain consistency across diverse geographic ateasREGITE

fer-Asia; NEBDASHer-Nerth-Ameriea)-Fhese Asian Precipitation - Highly-Resolved Observational Data Integration Towards
Evaluation — APHRODITE, Yatagai et al., 2012, and North American Land Data Assimilation System — NLDAS, Xia et al.,
2012). The selected datasets are tailored for speci ¢ purposes: some, like INHER@y V7 and PDIR-Now, are designed for
short-latency applications such as near-real-time monitoring heaents, while others with longer latency, such as CHIRPS

V2.0 and IMERG-Final V7, are more suitable for comprehensive, long-term climate and hydrological analyses.

The 24 P datasetgallare grouped intdwe-mainsix categoriesien-gavge-baseavhichrely-entirely-on-satelliteand/or
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evaluationthat-areselely-basedonsatellitedata( 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-RédeandV+ V7, PERSIANN-CCS, PDIR-

Now, GSMaP-std VandV8, GSMaP-std V8, SM2RAIN-ASCABnd, SM2RAIN-CCI, GPM+SM2RAIN, CMORPH-CDR,

and CMORPHRA\A#and—R%—t#wee%hataree*elu%felymedel—based RT; (i) ReanaIyS|s or AnaIyS|s only (R/A): ERAS5,
GDAS, and JRA-3Q
combine; (iii) Gauge-only (G): CPC Uni ed, REGEN V1, (iv)satellite andgGaugeebseFvaHeH{(GPGPV%%aﬂd(S+G)
IMERG-Final V7, GPCP V3.2, and PERSIANN-CCS-ChRBswellastweo-thatcembine; (v) Satellite, Reanalysis, and Gauge
(S+R+G): CHIRPS V2.0, MSWEP V2.8; and (vi) Satellite and Reanalysis (S#R)thatcombinemedelandsatellitedata
{CHIRP and, MSWEP-ng V28 Version numbers are conS|stentIy indicated throughout the manuscrlpt to émsurans-
parency and reproducibility
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2.2 Stream ow Observations and Catchment Selection

We utilized a comprehensive global database of daily stream ow observations and catchment boundaries compile@ from 2
national and international datasets. Appendix A provides a detailed list of the data sources, along with corresponding references
andor websites. Initially, the database contained 43,627 stations. However, as many stations appeared in multiple data source:
we performed a duplication check and discarded stations where both the station location and the corresponding catchmen
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 ta34,76835,254.

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

1. Catchment areas were limited to <10,00Fkmminimize the in uence of channel routing, which can become signi cant
at the daily time scale in larger catchments (Gericke and Smithers, 2014). Moreover, since we use catchment-mean
time series to drive the hydrological model, larger catchments are prone to greater spatial averaging, leading to a less
realistic representation &f patterns.

2. The total stream ow record had to be >3 years, not necessarily consecutive. This threshold was chosen due to the short
records of GDAS and CMORPH-RT. We realize that such a short record may introduce some random variability in
the KGE scores of these datasets, particularly in arid regions whexneents are less frequent. However, this random
variability will likely be averaged out due to the large number of catchments included in our assessment.

3. The number of events (de ned as runeff5 mm d 1) had to be> 10 non-consecutively, to ensure we have suf cient
data for calibration.

4. The mean annual runoff had to bes and< 5000mm yr 1, to Iter out catchments with erroneous stream ow and/or
catchment boundary data.

5. The reservoir in uence (de ned as the ratio of total reservoir capacity by mean cumulative annual stream ow) had to
be <0.1, as Hydrologiska Byrans Vattenbalansavdelning (HBV), the hydrological model used in this study, does not
explicitly simulate reservoirs. To determine 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 kfn 55 kn?, 213 knt, 2688 knt and 6165 kA, respectively (Fig. 1).

2.3 Hydrological Modeling

The performance of the griddd?l datasets was assessed using hydrological modeling fare#9518,428 catchments that
passed the suitability checks. For each catchment, the HBV conceptual hydrological model (Bergstrom, 1992; Seibert and
Vis, 2012) was calibrated against daily stream ow observations using time series fron? edaaset. The HBV model was



Figure 1. Locations of the34,76835,254 gauges with daily stream ow 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 Képpen-Geiger climate class

based on the 1-km resolution map for 1991-2020 from Beck et al. (2023). For more information on the stream ow data sources, refer to

Appendix A.



selected due to its versatility and computational ef ciency, and numerous successful applications (see review by Seibert and
Bergstrom, 2022). The model incorporates two groundwater stores, one unsaturated-zone store, and a triangular weighting
function to simulate channel routing delays. Table 2 provides the model parameters and their calibration ranges. An additional
parameter, PCORR, was introduced to further adjust for systeRddtiases, which are generally easier to mitigate and should,

130 therefore, not disproportionately penalize the datasets. Note that PCORR and SFCF are applied simultaneously: SFCF adjust
snowfall for gauge undercatch, while PCORR scales ®ta&nowfall is therefore affected by both.

Table 2. HBV model parameter descriptions and calibration ranges.

Parameter Units Description Minimum Maximum
TT¢ °Cy Threshold temperature when precipitation is simulated a$ 5

snowfall
SFCF - Snowfall gauge undercatch correction factor 1 2
CWH - water holding capacity of snowfall 0 0.2
CFMAX { mm°C d 1)}  Meltrate of snowfall 0.5 10
CFR - Refreezing coef cient 0 0.1
FC {mm)- mm Maximum water storage in unsaturated-zone storage 50 1000
LP - Soil moisture value above which actual evaporation reach@s2 1.0

potential evaporation

BETA - shape coef cient of recharge function 1 6
UZL {mm) mm threshold parameter for extra out ofsemupperfrom upper 0 100
zone
PERGS(PERC mmd?1) maximum percolation to lower zone 0 10
KO {e-1) d1? Additional recession coef cient of upper groundwater store 0.005 0.9
K1¢ d 1y Recession coef cient of upper groundwater store 0.001 0.5
K2 ¢ d 1)y Recession coef cient of lower groundwater store 0.001 0.2
MAXBAS d Length of equilateral triangular weighting function 1 10
PCORR - Multiplier to mitigate systemati® underestimation 1 2

The model requires daily time series®f potential evaporation, and air temperature as inputs. We used catchment-mean
daily P time series from the gridded datasets listed in Table 1. Daily potential evaporation was estimated usargtheves
{4994)Penman-Monteith (Penman, 1948; Monteith, 1965) equation, whies-en-daily-minimum-anemaximamrequires

135 daily time series of air temperature, 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). Advantages of MSWX ovefer-example, datasets like ERAB are its bias correction and higher spatial resolution

(0.1), whichallewsferenable more accurate snowmelt simulation in mountainous regions.
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2.4 Calibration Procedure

The 15 model parameters were calibrated for each catchmerR aadaset over the period where both observed stream ow
andP data were available. Model initialization was done by running the model with 10 years offpdata, if available.

If 10 years of priorP data were not available, the model was run multiple times using the avalablata until a total

of more than 10 years was accumulatslibrationwasperformedusingtheFurthermore, simulation of 365 days was not
used for calculating model performance. We used & () evolutionary algorithm, which is a population-based optimization
method that iteratively evolves solutions through selection, crossover, and mutation to maximize the Kling-Gupta Ef ciency
(KGE) objective. The algorithm was implemented using the Distributed Evolutionary Algorithms in Python (DEAP) library
(version 1.4; Ashlock, 2010; Fortin et al., 2012), with a population si2eof 20 and an offspring pool size ) of 48—an€d

runsin-tetal. 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 di
not improve by more than 0.01 for ve consecutive generations after a minimum of 25 generations.

To assess the in uence of systemaficbias correction using the PCORR and SFCF adjustment factors on model perfor-
mance, we explored four calibration scenarios with varying bounds for the PCORR and SFCF parameters. In the rst scenario,
PCORR was allowed to vary between 0.0 and 2.0, providing full exibility to adjust for both under- and overestima®ion of
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 xed both PCORR and SFCF parameters at 1.0, effectively dis-
ablingP 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 performBnb&socorrection and assess the
robustness oP dataset rankings under varying calibration constraints.

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 streamPwatad
was used to maximize the available information for parameter calibration and evaluation and yield more reliable scores. This
is particularly critical forP datasets with short records (GDASMORPH-RAW 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 stream ow simulations forced by the different gitddathsets, we calculated the Kling-Gupta
Ef ciency (KGE) scores between daily observed and simulated stream ow for each catchment. KGE, introduced by Gupta
et al. (2009) and modi ed by Kling et al. (2012), is an objective performance metric that combines correlation, bias, and

variability, and is de ned as:

q
KGE=1 (r 1)%+( 17°%+( 1% ()
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wherer represents the Pearson correlation coef cienis the ratio of the estimated to observed coef cients of variation, and
is the ratio of estimated to observed means:

=== =3 )

where and are the mean and standard deviation, respectively, and the subsaiqte refer to the estimated and observed
values. Optimal values for KGE, ,and areall 1. The term is primarily sensitive to the timing and intensityR®extremes,

while captures systematic over- or underestimatioR phnd—re-ectstheshapesfthe Pprobabilitydistribution.. While the

PCORR and SFCF parameters, which account for systematic biases, were calibratesttponent of KGE re ects residual
biases that may persist due to limitations in Ehelataset's ability to accurately represent the spatial and temporal distribution
of P intensities and magnitudes (Sun et al., 2018).

3 Results and Discussion

3.1 Overall Model Performance

Fig. 2 presents median calibration scores obtaim&dgthe23-by HBV forced with 24 gridded® datasetder-the 16,295
across 18,428 catchments. The key ndingssussimarizedelewas follows:

— Among the six main categories & datasets — satellite, gaugaedel(re)analysis, satellitesodelreanalysis, satel-

lite+medelreanalysis+gauge, and satellite+gauge — the satellite category performed the worst overall. This challenges
the common assumption among non-experts that satellite datasets, being observation-based and offering high spa
tial resolution, are inherentligettersuperior. Howev

assimilationaf-extensivgre)analyses are also “observation-based,” as they assimilate large volumes of satellite, surface,
radiosonde, and aircraft data. Moreover, a higher spatial resolution does not guarantee better perfesmpaciedy

asthough this may be
due to spatial averaging of th data across catchments. This does not imply that satellite datasets never perform best;
for instance, they excel in tropical regions, as will discussed in Section 3.2.

The multi-sourcetataseMSWEP V2.8 dataset (Beck et al., 2019b) demonstrated the best overall performance (median
KGE of 0.78). This dataset leverages the complementary strengths of gauge, sateliitegaiiel-estimategre)analysis

data to provide improveB estimates across the globe. Speci calfgugedataenhanedias correction using gauge data
enhances performance in regions with dense rain gauge networks, satellite estimates enhance performance in convectior
dominated regions and periods, anddel(re)analysis estimates improve performance in frontal-dominated regions and
periods (Beck et al., 2019b).

Among the purely satellite-bas&ldatasets CMORPHRAW-CDR and -RT; IMERG-Early and -Late; GSMaP; PDIR-
Now; PERSIANN-CCS; and SM2RAIN-ASCAT and -CCl; and GPM+SM2RAIN), the GPM+SM2RAIN dataset (Mas-
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sari et al., 2020) exhibited the best performance (median KGE&§0.64; Fig. 2). This dataset combines satellite
soil moisture retrievals from ASCAT H113 H-SAF, SMOS L3 and SMAP L3 with microwave-bBseatrievals from
IMERG using the so-called optimal linear combination approach (Bishop and Abramowitz, 2013). IMERG-Late V7
(median KGE 0f8-530.55) introduced several improvements over V6, notably a climatological rain gauge adjustment,
leading to a signi cant performance boost compared to V6 (median KGE5S0.54), partlcularly in the tropical, cold,

and polar catchments (Supplement Fig.

%laﬁ&rt&predeeesseé%l%a@s%e\#{medw%&eﬁ@%)

Among the purely infrared-basét datasets (PERSIANN-CCS and PDIR-Now), PERSIANN-GE&8ng-et-al;-2004)
performedbetter{(Hong et al., 2004; median KGE 6f43}than0.46) performed similar to PDIR-Now (Nguyen et al.,

2020; median KGE 08:380.45). Thisesultis-surprisirggiventhatis surprising as PDIR-Now features several im-
provements over PERSIANN-CCS, such as the dynamic adjustment of the relationship 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 ltaly (Supplement Fig. S28)ich-contributesto-resulting in its overall

poorer performance compared to PERSIANN-CCS.

Among thepurelymodel-based-datasetg(re)analyses (ERA5S, GDAS, and JRA-3@)eGDAS, based on V16.3 from

2022 of the Global Forecasting System (GFS) model (www.ncei.noaa.gov/products/weather-climate-models/global-forec:
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), perﬁaaemésimnarly to ERAS (both

yielding a median KGE o8-

-0.71). ERA5-is based on Cycle 41r2 of

the Integrated Forecasting System (IFRS)P-model from 2016 (Hersbach et al., 202@eldedthelowestperformanee
{mediankGE-ef0-59)-Altheugh. While ERAS isgenerallyeonsideredvidely regarded as the most reliable reanalysis
fer-mostpurposesoverall, these restultslicatesuggest that JRA-3@ay-beaslightly-betteris a viable alternative for

hydrological modelingNetethatthe GBASrecordismuehshorterthantheseef- GDAS has a much shorter record than
ERAS5 and JRA-3Q (Table 1), whickubstantialhlimits its applicability.

Among the rain gauge-baséd datasets (CHIRPS 2.0, CPC Uni ed, 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 0B-#50.78), underscoring the value of combinigstimates from satelliteredelreanalysis, and gauge

data and applying daily gauge corrections. In contrast, CHIRPS V2.0 (median KGE of 0.66) applies ve-day gauge
corrections, while the other datasets apply monthly corrections, which provide fewer bene ts at the daily time scale.
The main challenge in applying daily gauge corrections is the dif culty in accounting for shifts in the accumulation
times of dailyP gauge accumulations (i.e., daily gauge accumulations generally do not start/end at midnight UTC;
Yang-etak;2020dang et al., 2020b). As CPC Uni etb-and REGEN V1 are solely based on daily gauge observations,
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its-their performance is limited by the lack of daily gauge observations in many regions (Kidd et al., 2017). In these
regions, the dataset relies entirely on interpolating observations from potentially distant gauges. Another challenge in
application of daily gauge corrections is the relatively low coverage of gauge observations in regions outside North
America, Europe and Australia. PERSIANN-CCS-CDR is currently under revision due to inconsistencies in the infrared
input data before and after 2000 (Sadeghi et al., 2021); however, this issue is unlikely to signi cantly affect its ranking

in our assessment.

The marked differences in median KGE values between MSWEP V2.8 and MSWEP-ng V2.8 (median &&GE)of 8
vs.0:690.73), between CHIRPS V2.0 and CHIRP (median KGE-680.66 vs.0-570.58), and between IMERG-Final

V7 and -Late V7 (median KGE d#-670.72 vs.8-530.55) emphasize 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 Histor-
ical Cllmatology Network dally (GHCNdMenn&e%&—ze}Menne et al., 2012b) and thmpertanceof-improving

ionsneed to expand gauge coverage and promote open data

sharing, particularly in data-scarce regions, to improve the accurd@ydatasets in those areas.

Our results reaf rm that higher-resolutidh datasets do not necessarily yield better stream ow 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 0.04resolution 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 resolution datasets included in our assessment
— do not consistently perform better neither globally nor for any Képpen-Geiger climate zones. This is likely due not
only to the generally poor performance of infrared-based datasets but also to the use of catchmdnttndane

HBV, which omits local variability that high-resolution datasets might otherwise capture. Another potential factor is
that coarser datasets may inadvertently improve reliability by averaging out small-scale random errors; however, our
catchment-scale assessment cannot con rm this. Conversely, for the (re)analyses, the bene ts of a higher resolution are
evident in mountainous regions. Here, the 13-km GDAS outperformed the 31-km ERA5, which in turn outperformed the
40-km JRA-3Q (Supplement Fig. S53; see also Section 3.2). This indicates that higher-resolution NWP models more
accurately capture orograptc

A comparison of PCORR parameter values obtained after calibration using diffedatiasets reveals that the IMERG-

Early and -Late V7 datasets necessitate the highest PCORR values, while PDIR-Now is associated with the lowest values
(Supplement Figs. S22S24). The lower PCORR for PDIR-Now re ects its tendency to overestirRatgs con rmed

by the signi cant 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). Conversely, the higher PCORR
values required for the IMERG-Early aneite-Late V7 products re ect their tendency to underestmﬁteNhlch is

con rmed by thei i i

da%asetwlﬂveﬂbﬁhetwuquewgeﬁ%kmsumgedrﬁ%lower bias values (Fig. 2).
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— The overall ranking oP datasets remained largely consistent across the four PCORR calibration scenarios (Supplement
Fig. S26). However, in the scenario where PCORR and SFCF were xed at 1.0, GPCP V3.2 and ERA5 showed improved
relative rankings — not due to higher performance, but because other datasets experienced greater performance drop
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
(Supplement Fig. S27). This suggests that these datasets tend to overeBtisnadethat 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 oP overestimation. This is con rmed 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 slight improvement in median KGE
from 0.43 to 0.47. Further analysis showed 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 (Supplement Fig. S29). However,
across most othd? datasets, the improvement in KGE was negligible when PCORR was allowed to drop below 1.0,
con rming that the default PCORR range (1.0-2.0) is appropriate for lRatitasets (Supplement Fig. S28).

Overall, our ndings are consistent with those of Beck et al. (2017c), Gu et al. (2023), and Gebrechorkos et al. (2023),
who also evaluated multiple griddeé®l datasets using hydrological modeling giebal-catehmentcatchments across the
globe. However, while Beck et al. (2017c) assessed nine datasets across 9,053 catchments, Gu et al. (2023) evaluated tw
datasets across 10,596 catchments, and Gebrechorkos et al. (2023) analyzed six datasets across 1,825 catchments, our st
evaluated23-datasetmerosst6,29524 datasets across 18,428 catchments, making our results more likely to be generalizable.
Additionally, Beck et al. (2017c) and Gu et al. (2023) primarily assessed outdated versPmkatdsets, whereas our analysis
included several new datasets — such as PDIR-Now, IMERGV7, JRA-3Q, and MSWEP V2.80 — that have not yet been
comprehensively evaluated. Furthermore, unlike Gebrechorkos et al. (2023), we recalibrated the hydrological model for each
P dataset, which likely reduces potential biases and enhances the reliability of our conclusions.
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Figure 2. Calibration KGE, correlationr(), long-term bias (), and variability ratio () scores achieved by the82 P datasets. The hor-

izontal 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 th
dataset type: S = Satellite; G = Gau@éR/A = MedelReanalysisrdaor Analysis; S+R = Satellite and ReanalysisM&R+G = Satellite,
MedeMedelReanalysis, and Gauge; and S+G = Satellite and Gauge.

3.2 Regional Performance Differences

Table 3 presents median calibration KGE scores fo2th24 griddedP datasets across the ve major Képpen-Geiger climate
classes—(see Supplement Fig. S54 for the distribution of KGE values). While satéllitklatasets perform the worst overall
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