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Abstract. Flooding is among the most widespread natural hazards worldwide, yet many high-risk regions lack the 

observational data needed for effective flood planning. In these data-sparse regions, global flood models remain essential 

tools for estimating flood hazard, although their performance is strongly influenced by the choice of runoff forcing data. Two 15 

widely used global runoff products are the reanalysis-based ERA5-Land dataset and the ISIMIP3a multi-model hydrological 

ensemble. Their selection involves an inherent trade-off between high-resolution reanalysis runoff and runoff simulated by 

hydrological models driven by bias-corrected meteorological inputs, the latter also providing an explicit representation of 

uncertainty through ensemble spread. This study presents a comparative evaluation of these two products by routing both 

through a consistent global hydrodynamic framework (CaMa-Flood). Model performance was assessed across IPCC SREX 20 

regions against observations from 5,071 gauging stations using the Kling-Gupta Efficiency and its components, while long-

term trends in low, mean, and high streamflow were evaluated from a subset of 3,135 stations with sufficient temporal 

coverage. Simulations forced by ERA5-Land show superior skill in reproducing observed daily streamflow, with 

consistently higher correlation and stronger agreement in the spatial pattern of regional streamflow trends. However, 

systematic biases in streamflow magnitude and a tendency to exaggerate drying trends, particularly for low streamflow, are 25 

also evident. In contrast, the ISIMIP3a ensemble shows lower skill in reproducing observed daily streamflow metrics but 

provides more conservative and observation-consistent estimates of long-term trends. Ensemble averaging further improves 

robustness, with simulated trend ranges more frequently overlapping observational uncertainty bounds, albeit at the expense 

of dampened variability and extremes. Differences between native and spatially aggregated ERA5-Land runoff were 

negligible within the present modelling framework. Overall, the results demonstrate that no single runoff product is 30 
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universally optimum: ERA5-Land is well suited for reproducing historical streamflow dynamics, whereas ISIMIP3a is 

particularly valuable for robust assessments of long-term hydrological change and uncertainty. 

1 Introduction 

Flooding is among the most widespread natural hazards, with far-reaching societal impacts. Between 2002 and 2022, global 

economic losses from flooding were estimated at $223 billion (Samadi et al., 2025). The burden of flood exposure falls 35 

disproportionately on low-income countries, with approximately 1.61 billion people directly exposed to 1-in-100 flood 

events (Rentschler et al., 2022). While flood-related mortality has declined since 1975, largely due to advancement in flood 

risk management (Jonkman et al., 2024), flood hazard is intensifying, driven by climate change and population growth 

(Rogers et al., 2025). Observed change in hydrological extremes are consistent with theoretical expectations regarding the 

influence of global warming on the hydrological cycle (Blöschl et al., 2019), and have been attributed to anthropogenic 40 

climate change (Gudmundsson et al., 2021). When considering climate change in isolation, projections suggest that global 

exposure to 1-in-100 floods could increase by a factor of 4 to 14 by the end of the century, depending on emission scenarios 

(Hirabayashi et al., 2013). More recent estimates that incorporate both climate change and demographic trends suggest that 

by 2100, an average of 1.9 billion people could be exposed to such flood events, with population growth accounting for the 

majority of uncertainty in projections (Rogers et al., 2025). 45 

In response to the escalating climate-related risks, including flooding, most nations have ratified the Paris Climate 

Agreement, committing to limit global warming to well below +2 °C, and preferably to no more than +1.5 °C, above pre-

industrial levels (1850–1900). However, current national climate pledges put the world on a trajectory toward approximately 

+2.7 °C of warming above pre-industrial level by 2100, highlighting the urgent need for ambitious and targeted measures to 

reduce future flood risk. As the world enters an era of unprecedented flood hazard, high-resolution flood modelling that 50 

incorporates the latest historical and future conditions is critical for supporting evidence-based flood risk management 

(Shamsudduha, 2025). 

Global flood models (GFMs) play a key role in this effort by enabling the spatially and temporally consistent assessment of 

flood hazard and associated impacts (Bain et al., 2023). However, GFMs are subject to inherent limitations and 

approximations, including uncertainties stemming from cascading physical processes, that constrain their accuracy and may 55 

compromise their practical utility for decision-making (Trigg et al., 2016). A fundamental component of reliable flood 

modelling is the representation of Earth’s terrain via digital elevation models (DEMs). Global DEMs suffer from systematic 

biases due to vegetation, built infrastructure, and sensor limitations, prompting the development of various post-processed 

products to mitigate these errors (Uhe et al., 2025; Yamazaki et al., 2019). In addition, the choice of runoff routing schemes 

has been shown to strongly modulate the magnitude and timing of hydrological extremes (Zhao et al., 2017). Among the 60 

various sources of uncertainty in GFMs, the selection of runoff input product is a dominant factor, accounting for up to 80% 

of total uncertainty in flood depth estimates, surpassing even methodological differences in defining flood events of specific 
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return periods (Zhou et al., 2021). This finding is corroborated by other independent studies, which report substantial 

discrepancies in simulating historical flood extents across different runoff forcing datasets (Mester et al., 2021). 

Recognizing the critical role of runoff in flood modelling, Zhou et al. (2021) suggested that runoff datasets that are bias-65 

corrected against streamflow may significantly improve the ability of GFMs to reproduce historical streamflow and enhance 

their overall reliability. However, such products remain limited and only few studies have used bias-corrected runoff data 

(Dang and Pokhrel, 2024; Wang et al., 2025). In practice, many studies instead rely on runoff simulated by global 

hydrological models driven by bias-corrected climate inputs (Boulange et al., 2021; Gu et al., 2020; Zhao et al., 2017), such 

as those developed by the Inter-Sectoral Impact Model Intercomparison Project (ISIMIP), where bias correction is applied to 70 

meteorological inputs rather than directly to runoff. Consequently, users are often faced with selecting between runoff 

products that differ substantially in their underlying assumptions and characteristics. Reanalysis-based datasets such as 

ERA5-Land provide comparatively high spatial resolution and near-real-time coverage, which may better capture fine-scale 

hydrological patterns (Muñoz-Sabater et al., 2021). In contrast, ensemble hydrological products, such as ISIMIP3, employ 

bias-adjusted meteorological forcing and multi-model hydrological ensembles designed to reduce systematic forcing biases 75 

while preserving large-scale climatic trends and representing structural uncertainty (Hempel et al., 2013; Lange, 2021). 

Despite the widespread use of both datasets, their relative strengths and limitations for streamflow simulation have not yet 

been systematically compared at the global scale. 

This study therefore presents a comparative evaluation of river streamflow simulations derived from ERA5-Land and 

ISIMIP3 runoff products. We assess their ability to reproduce observed streamflow dynamics and regime characteristics 80 

across diverse hydroclimatic regions, with particular emphasis on the implications of differing dataset structures, forcing 

strategies, and spatial resolution for large-scale hydrological applications. 

2 Materials and Methods 

2.1 Flood simulations 

2.1.1 Forcing data 85 

The ERA5-Land dataset, developed by the Copernicus Climate Data and Services (https://cds.climate.copernicus.eu/), is a 

state-of-the-art global reanalysis product providing hourly data at 0.1° spatial resolution (approximately 9 km) from 1950 to 

near present (Muñoz-Sabater et al., 2021). ERA5-Land is produced by replaying the land component of the ECMWF 

forecasting system using atmospheric forcing from the ERA5 reanalysis, enabling a higher-resolution and temporally 

consistent representation of terrestrial water and energy fluxes than the parent ERA5 product. Runoff is generated by the 90 

HTESSEL land-surface model, in which surface runoff is represented through an ARNO-type variable infiltration capacity 

scheme and subsurface drainage is parametrized following Darcy’s law (Balsamo et al., 2008). As HTESSEL was developed 

primarily for numerical weather prediction, ERA5-Land runoff should be viewed as a physically based by-product of land-
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surface reanalysis rather than the explicit output of a dedicated hydrological model. Furthermore, ERA5-Land does not 

explicitly enforce consistency between precipitation and evaporation fluxes, which are simulated independently and are not 95 

directly constrained by in situ observations (Wang et al., 2026). 

Previous studies have shown that ERA5-Land generally reproduces large-scale runoff dynamics reasonably well, although 

performance degrades in arid, mountainous, and high-latitude regions where precipitation biases and snow-related processes 

remain challenging (Chaudhari and Pokhrel, 2022; Dutta and Markonis, 2024; Liu et al., 2024). Despite these limitations, 

ERA5-Land is widely used as a reference runoff dataset in large-scale hydrological applications (Hamitouche et al., 2025). 100 

Additional background on previous evaluations of ERA5-Land performance is provided in Sect. S1. 

ISIMIP3a constitutes the historical simulation protocol of ISIMIP Phase 3 (www.isimip.org/protocol/#isimip3a), designed to 

support model evaluation and attribution studies using observation-driven, bias-adjusted meteorological forcing at 0.5° × 

0.5° spatial resolution (Frieler et al., 2024; Lange, 2019, 2021). Consequently, the daily forcing fields are temporally 

consistent with observed historical climate variability. We employ ISIMIP3a hydrological simulations forced by the first 105 

priority observational dataset GSWP3 W5E5, which merges W5E5 v2.0 for 1979–2019 (Cucchi et al., 2020; Lange, 2021) 

with GSWP3 v1.09 for 1901–1978 (Kim, 2017). To avoid potential inhomogeneities arising from the transition between 

GSWP3 and W5E5, our analysis is restricted to 1979–2019. W5E5 v2.0 is based on ERA5 reanalysis and bias adjusted using 

the WATCH Forcing Data methodology to align near surface meteorological variables with observation based climatology 

from CRU TS v4.04 and GPCP v2020 (Lange, 2021). Accordingly, ISIMIP3a simulations are driven by bias corrected 110 

precipitation, whereas ERA5-Land runoff simulations rely on uncorrected ERA5 precipitation. This distinction in forcing 

construction is likely to influence the propagation of precipitation-related errors into simulated runoff and represents one of 

several important distinctions between ISIMIP3a and ERA5-Land. 

We use daily runoff from nine ISIMIP3a global hydrological models (Frieler et al., 2024): CLASSIC, CWatM, H08, 

HydroPy, JULES-W2, MIROC-INTEG-LAND, ORCHIDEE-MICT, WaterGAP2-2e, and WEB DHM-SG (see Table S1 for 115 

model references). Among these, WaterGAP2-2e is calibrated against observed streamflow (Müller Schmied et al., 2024), 

and H08 applies climate zone specific parameter optimization to enhance its ability to reproduce observed streamflow 

(Yoshida et al., 2022). All simulations are drawn from the “obsclim + histsoc” experiment, which represents observed 

climate forcing combined with time varying direct human influences such as water abstraction, dams and reservoirs, 

following the ISIMIP3a protocol (Frieler et al., 2024). Detailed descriptions of model structures, parameterizations, 120 

representation of human influences, and eventual calibration strategies are provided in Telteu et al. (2021) and Müller 

Schmied et al. (2025). 

2.1.2. Global flood simulation 

The Catchment-based Macro-scale Floodplain model (CaMa-Flood) is a large-scale river hydrodynamics model that solves a 

local inertial form of the shallow water equations to simulate river streamflow, water surface elevation, and flood inundation 125 

(Yamazaki, 2025; Yamazaki et al., 2011, 2013). Simulations are performed along a river network derived from MERIT 
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Hydro (Yamazaki et al., 2019). A defining feature is the unit catchment framework, in which each grid cell represents a 

catchment that aggregates channel and floodplain topography, with a uniform water level assumed within the cell. This 

structure allows representation of backwater effects and floodplain storage while maintaining computational efficiency at 

continental scale. The model has undergone continuous development, including representations of river bifurcation 130 

(Yamazaki et al., 2014), dynamic sea level boundary conditions (Eilander et al., 2020; Ikeuchi et al., 2015, 2017), dam 

operation (Hanazaki et al., 2022), and most recently levees (Zhao et al., 2025). 

In this study, we use CaMa Flood v4.30 at 0.1° resolution to increase river network density and enable evaluation at more 

discharge stations compared to earlier 0.25° applications. Default parameter settings are applied, and the dam module is 

enabled. A standard spin up procedure is conducted by repeating the first year of runoff forcing five times to stabilize 135 

channel and floodplain storage. The model is driven by daily runoff from ERA5 Land (0.1°) and ISIMIP3a global 

hydrological models (0.5°) respectively, both conservatively remapped to the native 0.1°-unit catchment network. 

2.2 Evaluation of simulations 

The Catchment-based Macro-scale Floodplain model (CaMa-Flood) is a large-scale river hydrodynamics model that solves a 

local inertial form of the shallow water equations to simulate river streamflow, water surface elevation, and flood inundation 140 

(Yamazaki, 2025; Yamazaki et al., 2011, 2013). Simulations are performed along a river network derived from MERIT 

Hydro (Yamazaki et al., 2019). A defining feature is the unit catchment framework, in which each grid cell represents a 

catchment that aggregates channel and floodplain topography, with a uniform water level assumed within the cell. This 

structure allows representation of backwater effects and floodplain storage while maintaining computational efficiency at 

continental scale. The model has undergone continuous development, including representations of river bifurcation 145 

(Yamazaki et al., 2014), dynamic sea level boundary conditions (Eilander et al., 2020; Ikeuchi et al., 2015, 2017), dam 

operation (Hanazaki et al., 2022), and most recently levees (Zhao et al., 2025). 

In this study, we use CaMa Flood v4.30 at 0.1° resolution to increase river network density and enable evaluation at more 

discharge stations compared to earlier 0.25° applications. Default parameter settings are applied, and the dam module is 

enabled. A standard spin up procedure is conducted by repeating the first year of runoff forcing five times to stabilize 150 

channel and floodplain storage. The model is driven by daily runoff from ERA5 Land (0.1°) and ISIMIP3a global 

hydrological models (0.5°) respectively, both conservatively remapped to the native 0.1°-unit catchment network. 

2.2 Evaluation of simulations 

2.2.1 Streamflow observations 

Streamflow observations were obtained from the Global Runoff Data Centre (GRDC), operating under the auspices of the 155 

World Meteorological Organization. GRDC provides one of the most comprehensive collections of quality-controlled river 

discharge records worldwide, supporting hydrological research at the global scale. The full database, accessed on 14 March 
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2025, contains data for 10,836 gauging stations. The temporal coverage varies by station with records beginning as early as 

1806 and extending through 2024. 

Stations were subsequently matched to the MERIT Hydro river network (Yamazaki et al., 2019) following a multi-step 160 

filtering procedure (Zhou et al., 2025). First, we excluded stations with less than 5 years of available data (not necessary 

consecutive) during the period 1979–2019, as well as stations draining a catchment smaller than 360 km2. The minimum 

data-length requirement ensures robust estimation of the Kling-Gupta Efficiency (KGE), used to evaluate the model’s ability 

to reproduce observed daily streamflow dynamics, and the trends in annual low, mean, and high streamflow estimation. The 

minimum catchment threshold avoids including basins that are insufficiently resolved at the model’s spatial resolution of 165 

0.1° (approximately 11 km at the equator), thereby maintaining consistency between simulated and observed hydrological 

processes (Beck et al., 2017). 

For the remaining eligible stations, an initial candidate grid-cell was identified from the reported coordinates, and 

neighboring cells were subsequently explored to determine the optimal allocation. The search radius was adapted according 

to the station reported drainage area, allowing larger rivers to be matched over a broader spatial window. For each candidate 170 

grid cell, an allocation score was computed by combining (i) the relative error in upstream drainage area and (ii) the great-

circle distance between the reported station coordinates and the grid-cell center. The drainage-area mismatch was expressed 

as a relative difference and adjusted to ensure symmetric penalization of over- and under-estimation while the location 

mismatch was scaled as a function of catchment size to avoid excessive penalization for large basins. Stations allocated to 

grid cells with drainage areas substantially smaller than the reported value (<5%) were excluded from the analysis. After 175 

applying all temporal, drainage-area, and allocation-quality filters, 5,099 stations remained for analysis (Fig. S1). 

2.2.2 Performance assessment of simulated streamflow 

The adequacy of the simulated daily streamflow was evaluated using the Kling-Gupta Efficiency (KGE), which was 

introduced as an improvement over the Nash and Sutcliffe efficiency (NSE). The NSE has been criticized for its sensitivity to 

high flows and squared-error structure which can obscure systematic biases in variability and mean flow (Gupta et al., 2009; 180 

Mizukami et al., 2019). The KGE formulation adopted here (Eq. 1) follows Gupta et al., (2009), with the revised 

interpretation proposed by Kling et al., (2012): 

𝐾𝐺𝐸 = 1 − √(𝑟 − 1)2 + (𝛼 − 1)2 + (𝛽 − 1)2 (1) 

where r is the Pearson correlation coefficient between observed and simulated daily streamflow, α is the variability ratio 

defined as the standard deviation of simulations divided by that of observations, and β is the bias ratio defined as the mean 185 

simulated streamflow divided by the mean observed streamflow. 

KGE can be interpreted as the Euclidean distance in a three-dimensional space by correlation, variability, and bias 

components, with an optimal value of 1 corresponding to perfect agreement (r = α = β = 1). By explicitly decomposing 

model performance into these three components, KGE provides a more balanced assessment of model skill across different 

flow regimes than NSE. Furthermore, the contribution of correlation, variability, and bias to a low KGE value can be directly 190 
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diagnosed. Because some allocated stations did not provide sufficient overlapping daily observations during the evaluation 

period, KGE could be computed for 5,071 stations. 

2.2.3 Trend estimation 

Long-term trends in simulated and observed annual streamflow metrics were estimated using the Theil-Sen slope estimator 

(Sen, 1968), a robust non-parametric method that is insensitive to outliers and does not assume normally distributed residuals 195 

(Gudmundsson et al., 2019). For all grid cells and allocated stations, daily streamflow was first aggregated to annual 

statistics, including the annual mean streamflow as well as the 10th and 90th percentiles (Q10 and Q90), representing low- 

and high-streamflow conditions, respectively. Following established practice, a valid year was defined as a year with at least 

350 valid observations, and a minimum of 28 valid years was required for slope estimation (Gudmundsson et al., 2021), 

resulting in a total of 3,135 stations retained for the trend analysis.  200 

The Theil-Sen slope was computed as the median of all pairwise slopes between annual values and expressed as percentage 

change per decade (Eq. 2): 

𝑡𝑟𝑒𝑛𝑑 (% decade−1) =
𝑏 × 10

𝑄
× 100 (2) 

where b is the Theil-Sen slope (in m3 year-1) and 𝑄‾ is the long-term mean streamflow (m3 year-1) of the considered metric 

(low-, mean- and high-streamflow). 205 

2.2.4 Regional assessment 

The regional assessment is based on the 26 core SREX regions defined by the Intergovernmental Panel on Climate Change 

(IPCC). Station-level metrics were aggregated within each region to characterize large-scale performance and trends (Fig. 

S1). Regional medians were computed for ERA5-Land and GRDC observations, while multi-model means were calculated 

for the ISIMIP simulations. Following the literature, only regions with at least 80 stations were retained to ensure statistical 210 

robustness (Gudmundsson et al., 2021). Note that because the number of stations where KGE could be computed and slope 

was different, the availability of regions across the two assessments is affected. 

Uncertainty in regional flow trend estimates was assessed using non-parametric bootstrap resampling at the station level. 

Within each SREX region, station-specific slope estimates were resampled with replacement, preserving the original sample 

size, and the regional median was recalculated for each replicate. Separate bootstrap distributions were generated for low-, 215 

mean-, and high-streamflow trends. The resulting bootstrap distributions were used to derive central estimates (median) and 

uncertainty bounds (2.5th and 97.5th percentiles), corresponding to a 95% uncertainty interval. A larger number of bootstrap 

replicates was used for the ERA5-based simulation and observations (B = 9000) compared to the ISIMIP3 ensemble (B = 

1000), as the latter already incorporates variability across nine independent hydrological models, allowing robust uncertainty 

estimation at lower computational cost. 220 
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3 Results 

3.1 Model Performance Assessment 

3.1.1 Spatial Assessment of Regional Performance 

The median KGE across valid SREX regions for the ERA5-Land and ISIMIP3a forcings is shown in Fig. 1. ERA5-Land 

generally exhibits acceptable to good performance, with only two regions showing slightly negative median KGE values (-225 

0.04 in CAM and -0.08 in NEB). Two additional regions (SAF and WSA) display only marginally positive scores (0.05 and 

0.08, respectively). In comparison, simulations based on the ISIMIP3a multi-model ensemble display lower overall skill 

(Fig. 1b). Eight regions have negative median KGE values, while the remaining regions consistently score below ERA5-

Land. Nevertheless, substantial inter-model variability is evident within ISIMIP3a (Fig. S2), with pronounced regional 

differences in model performance and no single model outperforming others across all regions. In SAF and WSA, none of 230 

the ISIMIP3a models yield a median KGE above 0, while in SAU only two models achieve positive KGE values. 

 

Figure 1: Median Kling–Gupta Efficiency (KGE) across IPCC SREX regions for simulations forced with (a) ERA5-Land, (b) 

ISIMIP3a ensemble mean, (c) ERA5-Land upscaled at 0.5° resolution and (d) the best-performing ISIMIP3a model selected 235 
independently for each region. Panel (b) represents the unweighted multi-model mean, whereas panel (d) illustrates the upper bound of 

attainable skill within the ISIMIP3a ensemble. 

Selecting the best-performing ISIMIP3a model for each SREX region substantially improves performance. Under this 

optimal-model experiment, median KGE values become comparable to ERA5-Land in several regions, with AMZ and ENA 

regions exceeding 0.5, although substantial regional difference remain. An additional simulation was performed using 240 

ERA5-Land runoff conservatively remapped from its native 0.1° to a 0.5° grid prior to routing (hereinafter “upscaled ERA5-

Land”). Despite the coarser forcing, simulated streamflow performance remained nearly identical to that obtained with the 
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native-resolution ERA5-Land forcing (Fig. 1c; Fig. S4), indicating limited sensitivity of simulated streamflow skill to this 

spatial aggregation within the present modelling framework. 

3.1.2 KGE component analysis 245 

Decomposition of the median KGE into correlation, bias, and variability components (Sect. 2.2.2) provides further insight 

into the contrasting behaviour of ERA5-Land and ISIMIP3a runoff forcings across SREX regions (Fig. 2).  For ERA5-Land, 

correlation values exceeded 0.6 across all regions (Fig. 2a), indicating robust agreement in the day-to-day variability and 

timing of simulated streamflow. Bias patterns are more regionally dependent (Fig. 2d), with underestimation in several drier 

regions (e.g., MED, SAU, NAU) and overestimation in some wetter or mountainous regions (e.g., CAM, WSA, SEA). 250 

Variability ratios are close to unity in most regions, although NEB shows clear overestimation of daily streamflow 

variability, with weaker but similar tendencies in AMZ and WSA (Fig. 2g). For the ISIMIP3a ensemble median, correlation 

values are lower and spatially uniform than for ERA5-Land (Fig. 2b), indicating weaker reproduction of daily streamflow 

timing. Bias is the dominant source of error in several regions, with pronounced overestimation in CNA, NEB, and SAF, and 

more moderate positive bias in CEU, NAU, and SAU (Fig. 2e). In contrast, variability ratios of the ensemble mean remain 255 

comparatively close to unity in many regions (Fig. 2h), suggesting more balanced representation of streamflow variability 

despite lower temporal correspondence. The best-performing ISIMIP3a model selected independently for each SREX region 

substantially improves KGE components relative to the ensemble mean (Figs. 2c, f, i). In many regions, correlation 

approaches ERA5-Land levels while bias moves closer to unity, confirming that ensemble averaging can mask the skill of 

individual models and that model performance is strongly region dependent. 260 

 

Figure 2: Decomposition of KGE across valid IPCC SREX regions for simulations forced with (a, d, g) ERA5-Land, (b, e, h) 

ISIMIP3a ensemble mean, and (c, f, i) the best-performing ISIMIP3a model selected independently for each region. The top row 265 
shows the correlation component (r), the middle row the bias component (β), and the bottom row the variability component (α) of KGE. 
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3.2 Streamflow trend evaluation across datasets 

3.2.1 Regional patterns of streamflow trends 

The spatial patterns of observed annual trends in low, mean, and high streamflow across valid SREX regions are shown in 

Fig. 3a–c. Consistent with previous work (e.g., Gudmundsson et al., 2019)., the sign of change is generally consistent across 270 

the entire streamflow regime within individual regions. Wetting trends are evident in CNA, CGI, WNA, ENA, and SAF 

(0.62–2.36 % decade-1), whereas drying trends dominate in NEB, MED, CEU, and SAU, with the strongest declines 

observed in NEB and SAU (-9.58 and -7.54 % decade-1, respectively). Simulations forced by ERA5-Land broadly reproduce 

the observed spatial distribution of streamflow trends (Fig. 3d–f), with strong cross-region correlations (r=0.85–0.89), 

although leave-one-out sensitivity tests indicate moderate dependence on individual regions with pronounced hydroclimatic 275 

signals (Sect. S1, Table S2). However, ERA5-Land tends to amplify negative trends, particularly for low streamflow, 

indicating a systematic tendency toward stronger drying signals than observed (Fig. 4). Disagreements in trend direction are 

mainly confined to regions with weak observed trends. Upscaled ERA5-Land produces nearly identical trend patterns to the 

native-resolution forcing (Fig. S9), indicating limited sensitivity of simulated streamflow trends to runoff input resolution 

within the present modelling framework. 280 
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Figure 3: Regional trends in low, mean, and high streamflow expressed as percent change per decade across valid IPCC SREX 

region. Rows show results derived from observations, ERA5-Land, ISIMIP3a, and best-performing ISIMIP3a model (“Best”) selected 

independently for each region (top to bottom). 

The ISIMIP3a ensemble mean also captures the broad direction of regional change (Fig. 3g–i), with correlations of 0.80–285 

0.82 across the streamflow spectrum. Compared to ERA5-Land, however, simulated trends are generally weaker in 

magnitude, indicating a more attenuated representation of long-term hydroclimatic change, while still showing sensitivity to 

individual regions in the leave-one-out analysis, particularly for low flows (Table S2). Selecting, the best performing 

ISIMIP3a model for each SREX region based on daily streamflow skill does not improve trend reproduction (Fig. 3j–l). 

Correlations decline slightly (r=0.69–0.71), and trend magnitudes become more dispersed, suggesting that models 290 

performing well for daily dynamics do not necessarily provide superior long-term trend fidelity (Fig. 4). Overall, the results 

reveal contrasting behavior between the two runoff products: ERA5-Land better reproduces the spatial pattern of observed 

trends but tends to exaggerate drying signals, whereas ISIMIP3a provides more conservative trend estimates while 

preserving broad regional consistency. 
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 295 

Figure 4: Comparison of regional streamflow trends derived from observations and model-based datasets (ERA5-Land, 

ISIMIP3a, Best-performing model) for low, mean, and high flow regimes. Each point corresponds to an IPCC region. The dashed line 

represents perfect agreement (1:1), and solid lines indicate linear fits. 

3.2.2 Uncertainty and consistency of regional streamflow trends 

Regional median trends and correlation metrics alone do not fully capture the internal variability among stations within each 300 

SREX region. To address this, Fig. 5 presents bootstrap-derived uncertainty ranges for regional streamflow trends, enabling 

assessment of the robustness of simulated and observed changes. Observed regional trends are generally well constrained, 

with relatively narrow 95th confidence intervals that in most regions do not overlap zero, indicating coherent regional-scale 

changes rather than trends driven by a small subset of stations. 
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 305 

Figure 5: Uncertainty range of streamflow trends across IPCC SREX regions. Error bars indicate the lower and upper bounds of 

trend estimates across datasets, while points denote the central tendency. Results are shown separately for low, mean, and high 

streamflow metrics; the dashed grey line marks zero trend. 

ERA5-Land reproduces many observed trend directions, but its uncertainty ranges are frequently shifted toward stronger 

negative values, consistent with the drying bias identified in Fig. 4. In several regions, simulated confidence intervals fall 310 

partly or entirely outside the observational range, indicating that systematic discrepancies that extend beyond median 

estimates. Upscaled ERA5-Land exhibits nearly identical behaviour. In contrast, the ISIMIP3a ensemble shows wider 

uncertainty ranges due to inter-model spread, yet its confidence intervals overlap the observational ranges in more regions 

and across all flow metrics (Table 1). Although ISIMIP3a generally produces weaker trend magnitudes, its regional 

estimates more frequently remain within observational uncertainty bounds. Selecting the best-performing ISIMIP3a 315 

hydrological model based on daily streamflow skill does not systematically improve trend uncertainty estimates, further 
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indicating that strong performance for daily streamflow simulation does not necessarily translate into improved reproduction 

on long-term trends. Overall, the two runoff products show contrasting characteristics: ERA5-Land provides narrower 

uncertainty ranges but systematically stronger drying trend estimates, whereas ISIMIP3a yields broader yet more 

observation-consistent ranges. This distinction is relevant for flood-risk applications, where both the realism and robustness 320 

of long-term hydrological trends are important. 

Table 1: Percentage of IPCC SREX regions (n=12) for which simulated streamflow trends fall within the 95% confidence interval 

of observations. Higher values indicate greater consistency with observational uncertainty. 

Dataset 
 Overlap (%) 

Low Mean High Overall 

ERA5-Land  25 50 66.7† 47.2 

Upscaled ERA5-Land  25 50 58.3† 44.4 

ISIMIP3a  83.3 75 83.3 80.5 

Best-performing models  41.7 41.7 50.0 44.5 

4 Discussion 

4.1 Contrasting streamflow behavior of ERA5-Land and ISIMIP-derived runoff 325 

The results reveal clear and complementary differences between streamflow simulations forced by ERA5-Land and 

ISIMIP3a runoff. ERA5-Land generally provides superior reproduction of daily streamflow dynamics, with higher KGE 

values and stronger correlation across most SREX regions. This suggests that reanalysis-derived runoff can provide highly 

competitive forcing for large-scale river streamflow simulations. Although ERA5-Land runoff is generated by the HTESSEL 

land-surface model rather than by a dedicated hydrological model, its temporally coherent meteorological forcing and higher 330 

spatial resolution may help preserve runoff variability relevant for streamflow timing and event-scale fluctuations. In 

contrast, the lower overall skill of the ISIMIP3a ensemble appears strongly influenced by inter-model structural differences 

(Figs. S6–8). Considerable spread among individual ISIMIP models indicates that ensemble averaging combines both 

realistic runoff signals and model-specific errors, thereby reducing apparent skill in daily streamflow metrics. This 

interpretation is supported by the marked improvement obtained when the best-performing model is selected independently 335 

for each region, with several individual models achieving performance comparable to ERA5-Land. The comparison of KGE 

components further highlights distinct strengths of the two products. ERA5-Land more consistently reproduces the temporal 

timing of daily streamflow, whereas ISIMIP3a generally yields more balanced variability ratios and more less regionally 

erratic bias patterns. Nevertheless, previous studies have also reported persistent overestimation of runoff and streamflow in 

ISIMIP-based simulations for some regions (Hattermann et al., 2017; Veldkamp et al., 2018; Zaherpour et al., 2018), 340 

suggesting the application of precipitation bias correction alone does not eliminate runoff biases. 
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The trend analysis reinforces these contrasting characteristics. ERA5-Land better reproduces the spatial pattern of observed 

regional wetting and drying signals, but frequently exaggerates drying trends, particularly for low flows. Pronounced drying 

signals exceeding -10 % decade-¹ are simulated in CEU across all flow regimes and in AMZ for low flow. This tendency is 

consistent with recent concerns regarding long-term terrestrial water-cycle trends in ERA5-Land and may reflect residual 345 

imbalances in reanalysis forcing (Wang et al., 2026). The trend-bias analysis (Table 2) further shows that ERA5-Land and 

upscaled ERA5-Land exhibit negative biases relative to the observed trends in 77.8% of regions on average across 

streamflow regimes. Moreover, ERA5-Land exhibits changes in bias sign between low, mean, and high streamflow in 5 of 

12 regions, suggesting that model errors are not uniform across the streamflow spectrum. In contrast, the ISIMIP3a ensemble 

provides weaker but more observation-consistent trend magnitudes, with confidence intervals overlapping observations in 350 

more regions. Ensemble averaging therefore appears to dampen extremes and long-term variability while improving 

robustness of regional trend estimates. Persistent low skill in arid and topographically complex regions such as SAF, WSA, 

and SAU further indicates that both runoff products continue to face challenges where streamflow is strongly controlled by 

intermittent rainfall, transmission losses, snowmelt timing, groundwater interactions, or human regulation which are 

notoriously difficult to represent in global-scale modelling systems (Heinicke et al., 2024; Zaherpour et al., 2018). 355 

 

Table 2: Percentage of IPCC SREX regions (n=12) exhibiting negative bias across flow regimes, and percentage of 

regions where the sign of the bias varies across low, mean, and high streamflow. Higher values in the last column 

indicate lower consistency of model bias across flow regimes. 

Dataset 
 Negative bias (%) 

Inconsistent sign (%) 
 Low Mean High Overall 

ERA5-Land  91.7 66.7 75.0 77.8 41.7 

Upscaled ERA5-Land  91.7 66.7 75.0 77.8 41.7 

ISIMIP3a  66.7 58.3 50.0 58.3 16.7 

Best-performing models  66.7 58.3 58.3 61.1 8.3 

4.2 Implication for large-scale hydrology, limitation, and future work 360 

The contrasting behavior of the two runoff products has practical implications for global hydrological and flood applications. 

Where the objective is to reproduce historical daily streamflow dynamics and flood-event responses, ERA5-Land provides 

strong standalone performance in the present experiments. Nevertheless, the skill achieved by several individual ISIMIP3a 

models and by the best-model experiment indicates that ensemble-based approaches using regional weighting or intelligent 

model selection may substantially narrow this gap (Pastén-Zapata et al., 2022; Zaherpour et al., 2019). Conversely, for 365 

assessing long-term regional change, quantifying structural uncertainty, or exploiting more explicit representations of runoff 

generation and terrestrial water balance, ISIMIP3a offers distinct advantages. The negligible differences between native and 
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upscaled ERA5-Land further indicate that runoff input resolution was of secondary importance within the present CaMa-

Flood configuration. Because runoff forcing is conservatively remapped onto a 0.1° unit-catchment river network, runoff 

magnitude and temporal dynamics appear more influential than forcing resolution for reproducing daily streamflow and 370 

long-term streamflow trends. However, this result is likely model-dependent and should not be generalized to flood models 

operating directly at coarser spatial scales. 

Several limitations should nevertheless be acknowledged. First, the comparison is conditioned on the CaMa-Flood routing 

framework, and alternative routing models may respond differently to runoff timing, magnitude, and spatial structure. 

Second, station density and record availability vary across SREX regions (Fig. S1), potentially affecting regional 375 

representativeness. Third, the study compares integrated runoff products whose differences arise simultaneously from 

forcing data, model formulation, and ensemble design, preventing strict causal attribution to any single factor. Future work 

could therefore evaluate these runoff products across multiple routing models, incorporating additional reanalysis and 

hydrological datasets, and develop hybrid ensemble approaches that retain the temporal realism of ERA5-Land while 

leveraging the uncertainty characterization and long-term robustness of ISIMIP-type multi-model systems. 380 

5 Conclusion 

This study provided a comparative evaluation of river streamflow simulations forced by two widely used runoff global 

runoff products, ERA5-Land and ISIMIP3a, within a consistent CaMa-Flood modelling framework. The results reveal 

contrasting but complementary strengths, with important implications for large-scale hydrological and flood applications. 

ERA5-Land demonstrates strong skill in reproducing daily streamflow dynamics, particularly the timing and short-term 385 

variability of streamflow, while also capturing the broad spatial pattern of observed regional trends. These characteristics 

make it a strong standalone runoff forcing dataset for applications focused on historical hydrograph behaviour and event-

scale variability. However, ERA5-Land also exhibits systematic regional biases and a tendency to amplify drying trends, 

especially for low flows, indicating limitations for long-term hydroclimatic assessments. 

In contrast, the ISIMIP3a ensemble mean generally shows lower skill for daily streamflow metrics, but provides more 390 

conservative and observation-consistent estimates of long-term streamflow trends. Its multi-model framework offers an 

explicit representation of structural uncertainty and benefits from bias-corrected climate forcing and dedicated hydrological 

model formulations. Moreover, the strong performance achieved by several individual ISIMIP3a models suggests that 

ensemble skill could be further improved through weighting or intelligent model-selection strategies. The limited differences 

between native and upscaled ERA5-Land indicate that, within the present CaMa-Flood configuration, runoff magnitude and 395 

temporal dynamics exert stronger controls on simulated streamflow than the difference between 0.1° and 0.5° forcing 

resolution. This suggests that improving runoff realism may be more beneficial than increasing forcing resolution alone, 

although this conclusion is likely model dependent. 
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Overall, no single runoff product is universally optimal. Rather, dataset selection should be guided by the intended 

application: reanalysis-based products such as ERA5-Land are well suited for reproducing historical streamflow dynamics, 400 

whereas ensemble hydrological products such as ISIMIP3a are particularly valuable for robust assessments of long-term 

change and uncertainty. Future work should extend this comparison to water level and floodplain simulations to determine 

how runoff-product differences propagate to flood hazard metrics. 

Code and data availability 

The source code and documentation for the CaMa-Flood model are publicly available on GitHub (github.com/global-405 

hydrodynamics/CaMa-Flood_v4), which additional benchmarking-related tools archived on Zenodo 

(10.5281/zenodo.14287024 and 10.5281/zenodo.10893741). 

Streamflow observations from the Global Runoff Data Centre (GRDC) are available at grdc.bafg.de. ERA5-Land forcing 

data are openly available through the Copernicus Climate Data Store (https://cds.climate.copernicus.eu/datasets), while 

ISIMIP3 forcing data can be obtained from the ISIMIP data repository (https://data.isimip.org). 410 
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