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Abstract. Accurate estimation of flow discharge is crucial for hydrological modelling, water resources planning, and flood 

prediction. This study examines seven common runoff schemes within the widely-used Noah-MP land surface model and 

evaluates their performance, using ERA5-Land runoff data as a benchmark for assessing runoff and in-situ streamflow 

observations for evaluating discharge across the globe. Then, to assess the sensitivity of global river discharge to runoff, we 15 

simulate the discharge, using the CaMa-Flood model, across various climatic regions. The results indicated significant 

variability in the accuracy of the runoff schemes, with model experiments that use TOPMODEL-based runoff schemes, 

which are based on topography, underestimates runoff across many regions, particularly in the Northern Hemisphere, while 

experiments using the other runoff schemes (Schaake, BATS, VIC, and XAJ) showed improved performance. Dynamic VIC 

consistently overestimated runoff globally. Seasonal analysis reveals substantial regional and seasonal variability. ERA5-20 

Land and several Noah-MP schemes successfully replicated general discharge patterns of in-situ observations, with ERA5-

Land and Noah-MP Schaake-scheme simulations closely aligning with observed data. The Noah-MP simulations 

demonstrated robust versatility across various land covers, soil types, basin sizes, and topographies, indicating its broad 

applicability. Despite overall good performance, significant biases in high-flow extremes highlight the need for continued 

model improvement or calibration. This study underscores the importance of improving land and hydrological models for 25 

accurate water resource management and climate adaptation strategies. 

1 Introduction 

Accurate estimation of flow discharge, a fundamental component of global hydrological cycle and a critical water flux from 

land to ocean (Stephens et al., 2020), is crucial for effective hydrological modelling, water resources planning, flood 

prediction, and sustainable water management practices. It is essential for flood prediction, aiding in alerts, evacuation plans, 30 
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and response strategies (Nguyen et al., 2022). Water supply planning relies on it for equitable allocation across domestic, 

agricultural, and industrial needs, ensuring sustainability. Ecosystem health benefits from maintaining proper water levels in 

habitats, safeguarding biodiversity and stability. Infrastructure design and maintenance use accurate estimates for resilient 

structures against varying conditions. Hydropower generation optimisation and cost management depend on it. Water quality 

management relies on precise estimation to guide monitoring and pollution control (Zhang et al., 2011). In the context of 35 

climate change, it is essential for understanding shifting hydrological patterns and for adapting strategies. Therefore, policies 

and regulations centred on discharge data necessitate accurate estimation for compliance, equitable allocation, and resource 

distribution. 

On the flip side, runoff and groundwater dynamics are among the most influential physical processes for land surface 

hydrological simulations, as demonstrated by various on-site and regional simulations (Gan et al., 2019; Li et al., 2020a; 40 

Zhang et al., 2016a, 2021a, b; Zheng et al., 2019). Past research has acknowledged the intricate interconnection between 

runoff and flow discharge, highlighting the propagation of uncertainty from runoff to discharge (David et al., 2019). 

Recognising their pivotal role, runoff schemes serve as vital components of land surface and hydrological models (Sheng et 

al., 2017). These models represent the processes governing the conversion of precipitation into runoff. This understanding 

underscores the significant influence that the selection of a particular runoff scheme can have on flow discharge patterns, 45 

yielding profound implications for water resources availability and management. Consequently, there is a pressing demand 

to conduct a comprehensive quantification of the diverse impacts that various runoff schemes can have on flow discharge. 

Runoff schemes, each grounded in distinct hydrological theories and assumptions, can exert diverse influences on flow 

discharge dynamics. These effects can stem from variations in representation of hydrological processes such as surface 

runoff, subsurface flow, infiltration, root water uptake, groundwater dynamics, and stream-aquifer interactions (Clark et al., 50 

2015). For instance, schemes that emphasise surface runoff may lead to altered flow pathways and the timing of peak flows, 

impacting downstream water availability. Conversely, schemes incorporating subsurface processes may enhance 

groundwater recharge, potentially modifying baseflow contributions and seasonal streamflow patterns. 

Moreover, the intricate interactions between runoff schemes, climatic conditions, land cover types, and soil properties, 

further accentuate their potential impacts on flow discharge (Zipper et al., 2018). Different runoff schemes may exhibit 55 

varying sensitivities to climatic variability, resulting in disparate responses to changing precipitation patterns, temperature 

shifts, and extreme events. Two mechanisms, saturation excess and infiltration excess, jointly contribute to the generation of 

runoff (Yang et al., 2015). Runoff schemes based on the saturated excess assumption are valid in humid and pervious areas; 

however, this assumption has limitations in dry and impervious areas where overland flow dominates due to excess 

infiltration (Ren-Jun, 1992). This underscores the importance of scrutinising runoff scheme behaviour under diverse climate 60 

conditions to unravel the complexities of their effects on flow discharge. 

Despite prior research has contributed valuable insights into runoff scheme impacts on flow discharge, limitations still 

persist. Many studies have focused on individual runoff schemes (e.g.: Li et al., 2022) and confined their investigations to 

specific hydroclimatic contexts (e.g.: Hagemann and Stacke, 2023; Liang et al., 2019) or catchments (e.g.: Rummler et al., 
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2022; Zheng et al., 2017) that overlook potential interactions and synergies of the diverse runoff schemes when operating 65 

globally. A singular focus can limit insights into how runoff schemes collectively shape flow discharge dynamics. 

Additionally, the generalisation and extrapolation of findings to broader global contexts can be challenging due to 

geographical and climatic variability, differences in hydrological regimes, land cover, soil types, and other factors. 

Given the above-mentioned limitations, this paper aims to elucidate, at global scale, the impact of different runoff schemes 

on river discharge estimation. To that purpose, we firstly evaluate the performances of seven distinct runoff schemes within 70 

the Noah-MP Land Surface Model (LSM), then we simulate flow discharge with the CaMa-Flood River routing model to 

assess how different runoff schemes affect flow discharge magnitude and dynamics. Our study transcends the boundaries of 

individual schemes and specific regions, highlighting the need for a holistic assessment that contributes to improved 

hydrological modelling and management practices. 

2 Materials and methods 75 

2.1 Noah-MP Land Surface Model 

In this study, the Noah-MP LSM was applied to simulate global-scale runoff. The Noah-MP LSM is a spatially distributed 1-

D model specifically designed to address the vertical routing of surface and subsurface water flow in response to 

atmospheric forcing, all within individual grid cells. This versatile model incorporates four soil layers, extending to a 

maximum depth of 2 metres, each with default thicknesses of 0.1 metres, 0.3 metres, 0.6 metres, and 1 metre. It solves 80 

Richard's equation to compute the dynamics of soil water content (Chen et al., 1996). In addition to soil water dynamics, 

Noah-MP computes various surface energy flux components, accounts for gravitational drainage at the lowest soil layer, and 

handles the partitioning of surface water into infiltration and surface runoff. These computations are facilitated through a 

range of parameterisation approaches (for detailed information, refer to (He et al., 2023b)). 

Noah-MP is designed to operate in both uncoupled and coupled modes, seamlessly integrating with atmospheric and/or 85 

hydrological models at sub-daily time scales and high spatial resolutions, including point-scale, regional and global 

simulations. This versatility enables its use in a variety of hydrological, weather, and climate models, offering adaptability 

across a wide range of spatial and temporal scales while ensuring proper integration in both time and space (He et al., 

2023a). 

Moreover, Noah-MP offers a multi-parameterisation framework that encompasses over 4608 combinations of more than 10 90 

physical processes (Niu et al., 2011) that govern interactions at the land-atmosphere interface. These processes include 

modules for vegetation dynamics, soil moisture, snowpack accumulation and melt, energy balance, and more. The 

incorporation of multiple physics-based processes within Noah-MP allows for a comprehensive representation of real-world 

conditions and facilitates ensemble experiments with the multi-physics model for uncertainty assessment and testing 

competing hypotheses (Li et al., 2020b; Zhang et al., 2016b). 95 
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2.1.1 Noah-MP Parametrisation and Runoff Schemes Overview 

The community Noah-Multi parameterisation Land Surface Model (Noah-MP LSM) (Niu et al., 2011; Yang et al., 2011) 

evolved from the Noah LSM (Chen et al., 1996, 1997; Chen and Dudhia, 2001; Ek et al., 2003), incorporating enhanced 

physical representations and treatments for dynamic vegetation, canopy interactions, radiative transfer, multi-layer snowpack 

physics, and soil-hydrological processes. In this study, the last modernised version of Noah-MP (v5.0) with enhanced 100 

modularity, interoperability and applicability (He et al., 2023a) was utilised. 

As our main focus is on runoff, this study was conducted using the default parametrisation scheme combination outlined in 

the Noah-MP v5.0 public release code, in uncoupled mode. The main default options include: the Noah-type (Ek et al., 2003) 

for soil moisture factor, stomatal resistance and evapotranspiration; Monin–Obukhov (M–O) Similarity Theory (MOST) 

(Monin and Obukhov, 1954) for surface layer exchange coefficient, canopy gaps calculated from the vegetated fraction (gap 105 

= 1-VegFrac) (Dickinson, 1983; SELLERS, 1985) and for canopy radiation transfer; the Ball–Berry scheme (Ball et al., 

1987; Bonan, 1996) for canopy stomate resistance; Sakaguchi and Zeng's scheme (Sakaguchi and Zeng, 2009) for ground 

resistance to evaporation/sublimation; the Canadian land surface scheme (CLASS) type (Verseghy, 1991) for ground snow 

surface albedo, hydraulic properties calculated from total soil water and ice (Niu and Yang, 2006) for frozen soil 

permeability; the general form of the freezing-point depression equation (Niu and Yang, 2006) for soil supercooled liquid 110 

water; and the dynamic vegetation model (Dickinson et al., 1998) turned off but using maximum vegetation fraction and a 

look-up table for leaf area index. 

In this study, we conducted seven simulations with different runoff and groundwater schemes. Each experiment (henceforth 

EXP) was numbered according to the Noah-MP runoff options as follows: 

1) TOPMODEL with groundwater (Niu et al., 2007), 115 

2) TOPMODEL with an equilibrium water table (Niu et al., 2005), 

3) Original Noah free drainage or Schaake’s runoff (Schaake et al., 1996), 

4) BATS surface and subsurface runoff (Yang and Dickinson, 1996), 

6) Variable Infiltration Capacity (VIC) Model surface runoff scheme (Liang et al., 1994), 

7) Xinanjiang Infiltration and surface runoff scheme (XAJ, (Jayawardena and Zhou, 2000)), 120 

8) Dynamic VIC surface runoff scheme (Liang and Xie, 2003). 

The Miguez-Macho&Fan groundwater scheme ((Fan et al., 2007; Miguez-Macho et al., 2007); Noah-MP runoff option 5) 

was not included in this analysis due to unavailable global riverbed data and other essential inputs. 

Infiltration excess and saturation excess runoff generation processes are the key factors leading to the difference among the 

selected options. This distinction has a direct impact on the velocity of surface runoff and bottom drainage fluxes, leading to 125 

the removal of water mass and shifts in liquid soil water content (Chang et al., 2020). 

The TOPMODEL with groundwater approach (EXP1) utilises a simplified groundwater modelling method outlined by (Niu 

et al., 2007). In this method, vertical recharge to an unconfined aquifer is estimated through a parameterisation of Darcy's 
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Law. Groundwater storage calculations are then employed to determine the grid-scale water table depth (dwt), which is 

subsequently converted into the saturated surface fractional area (fsat), given as: 130 

Equation 1 

𝑓𝑠𝑎𝑡 =  𝑓𝑠𝑎𝑡𝑚𝑎𝑥  ×  𝑒
−0.5×𝐹×𝑑𝑤𝑡 

where F is the runoff decay factor, and fsatmax is the maximum saturated fraction of soil surface (assigned a fixed, unitless 

value of 0.38). Surface runoff is calculated using a saturation excess runoff generation process, where fsat is multiplied by 

the precipitation that falls on the soil surface. Subsurface runoff is assumed to be proportional to exp[-F(dwt)]. 135 

TOPMODEL with equilibrium runoff (EXP2) calculations are similar to the previous scheme, with the key difference being 

that dwt is determined using an equilibrium water table calculation rather than a dynamic groundwater balance (Niu et al., 

2005, 2011). 

Unlike TOPMODEL-based schemes, the Schaake and BATS parameterisations do not account for water table dynamics, but 

use a gravitational free-drainage baseflow approach as a bottom boundary condition. These two approaches differ in their 140 

treatment of surface runoff. The Schaake approach (EXP3) employs the infiltration excess surface runoff method described 

by (Schaake et al., 1996), which is based on an adaptation of the Soil Conservation Service curve number method. In this           

approach, the surface runoff prediction is notably sensitive to the Noah-MP parameter REFKDT (Niu and Yang, 2011), 

which controls the influence of pre-storm surface soil moisture conditions and is linearly related to the Kdt parameter 

described by (Schaake et al., 1996). The BATS physics scheme (EXP4), following (Yang and Dickinson, 1996), 145 

parameterises the fraction of incident precipitation converted into runoff as the fourth power of the degree of saturation in 

the top 2 metres of the soil column. The gravitational drainage is parametrised in Schaake as the product of the soil drainage 

slope index (Sdrain) and the soil hydraulic conductivity (Khyd), while in BATS as (1 − 𝐹𝑓𝑟𝑧,𝑚𝑎𝑥)𝐾ℎ𝑦𝑑, where Ffrz,max is the 

maximum soil impermeability fraction throughout the soil column. 

The VIC scheme (EXP6) calculates the saturation excess surface runoff in surface soil layers (two first layers) based on a 150 

variable infiltration capacity function (i) given by: 

Equation 2 

𝑖 =  𝑖𝑚𝑎𝑥  ×  (1 −  (1 −  𝐴)
1/𝑏) 

where A is the fraction of saturated soil in a grid, b is a curve shape parameter. 

The surface runoff (Rs) estimated by VIC runoff scheme is given as follows: 155 

If the sum of the infiltration capacity (i) and the effective precipitation (Pe) is higher than the maximum infiltration capacity 

(imax), then: 

Equation 3 

𝑅𝑠  =  𝑃𝑒  −  𝑊𝑚𝑎𝑥  + 𝑊  

otherwise: 160 
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Equation 4 

𝑅𝑠  =  𝑃𝑒  −  𝑊𝑚𝑎𝑥  +  𝑊 + 𝑊𝑚𝑎𝑥  ×  [1 –
𝑖 + 𝑃𝑒
𝑖𝑚𝑎𝑥

]
(1+𝑏)

 

with W being the current tension water storage in surface soil layers (layers 1 and 2), and Wmax the maximum tension water 

storage in surface soil layers (layers 1 and 2). In impervious surfaces, the surface runoff (Rs) is given as the effective 

precipitation (Pe). 165 

The XAJ infiltration and surface runoff scheme (EXP7) introduces a distinctive approach to hydrological modelling. It 

addresses the saturation excess runoff generation by incorporating the concept of variable contributing area and using a 

double parabolic curve to represent the spatial distribution of tension water capacity (maximum soil water deficit, i.e., the 

difference between field capacity and wilting point), which is considered the essence of the XAJ model (Fang et al., 2017). 

In the selected Noah-MP version, the runoff generation process within the XinAnJiang scheme acts on the two first soil 170 

layers, resulting in the separation of runoff into two components: surface and subsurface runoff, distinguishing between 

impervious and pervious surfaces (He et al., 2023b). Surface runoff generated from impervious area (Rim) is determined by 

the product of the fraction of imperviousness due to frozen soil (Aim) and the effective precipitation (P) (i.e., mean water 

input on the soil surface). Surface runoff from permeable soil (Rs) is given by equation 5: 

Equation 5 175 

𝑅𝑠  =  𝑅 ×  (1 −  (1 −
𝑆

𝑆𝑚𝑎𝑥
)
𝐸𝑥

 ) 

where R is runoff filled from tension water areas, and expressed as: 

Equation 6 

𝑅 =

{
 
 

 
 𝑃𝑖 × [(0.5 − 𝑎)

1−𝑏 × (
𝑊

𝑊𝑚𝑎𝑥
)
𝑏

] , 𝑖𝑓 0 ≤
𝑊

𝑊𝑚𝑎𝑥
≤ 0.5 − 𝑎

𝑃𝑖 × [1 − (0.5 + 𝑎)
1−𝑏 × (1 −

𝑊

𝑊𝑚𝑎𝑥
)
𝑏

] , 0.5 − 𝑎 <
𝑊

𝑊𝑚𝑎𝑥
≤ 1

 

with Pi being the fraction of effective precipitation falling on pervious area (1-Aim). W and Wmax are respectively the current 180 

and maximum tension water storage. S and Smax are respectively the current and maximum free water storage. Ex, a and b are 

shape parameters. 

(Liang and Xie, 2001, 2003) extended the VIC model to include the infiltration excess runoff generation process (EXP8). 

The new parametrisation (Dynamic VIC) dynamically represents both Hortonian and Dunnian runoff generation processes 

by considering effects of sub-grid spatial heterogeneity of soil properties. The saturation excess runoff (Rse) is calculated for 185 

the saturated area fraction (𝐴𝑠) following the concept used in VIC, while the infiltration excess runoff (Rie) is computed for 

1-As area fraction as: 

https://doi.org/10.5194/hess-2024-264
Preprint. Discussion started: 3 September 2024
c© Author(s) 2024. CC BY 4.0 License.



7 

 

Equation 7 

𝑅𝑖𝑒 = {
𝑃 − 𝑅𝑠𝑒 − 𝑓𝑚𝑚 × ∆𝑡 × [1 − (1 −

𝑃 − 𝑅𝑠𝑒
𝑓𝑚 × ∆𝑡

)
𝑏+1

] , 𝑖𝑓 
𝑃 − 𝑅𝑠𝑒
𝑓𝑚 × ∆𝑡

≤ 1

𝑃 − 𝑅𝑠𝑒 − 𝑓𝑚𝑚 × ∆𝑡 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                           

 

where P is the amount of precipitation over a time step ∆t, fmm is the average potential infiltration rate over the 1-As area, 190 

estimated based on the Philip infiltration scheme (Liang and Xie, 2003) and b is a shape parameter. 

The subsurface runoff in VIC, Dynamic VIC and XAJ models is drainage-dependent, and calculated as per Schaake scheme. 

2.1.2 Input data 

ERA5-Land (Muñoz-Sabater et al., 2021), at 0.1-degree resolution, represents the inaugural operational land product in the 

European reanalysis (ERA) series. It was derived from high-resolution global numerical simulations conducted by the 195 

European Centre for Medium-Range Weather Forecasts (ECMWF). These simulations were driven by downscaled 

meteorological data sourced from the ERA5 climate reanalysis, which includes adjustments for elevation to enhance the 

accuracy of near-surface thermodynamic conditions. As a result, ERA5-Land offers a consistent depiction of water and 

energy cycles across the Earth's land surface (Li et al., 2022). 

In this study, meteorological variables, including 10m wind speed, 2m air temperature, air humidity, surface pressure, 200 

longwave and shortwave downward radiation, and total precipitation, were extracted from the ERA5-Land hourly dataset. 

Subsequently, these variables were interpolated to a spatial resolution of 0.2° to provide forcing data for the Noah-MP LSM. 

The soil water content simulations were performed over four distinct soil layers with depths corresponding to ECMWF 

model specifications: 0-7 cm, 7-28 cm, 28-100 cm, and 100-289 cm. 

Land cover data was defined using the Modified International Geosphere-Biosphere Programme (IGBP) Moderate 205 

Resolution Imaging Spectroradiometer (MODIS) 20-category vegetation dataset, which covers the entire globe with 500m 

(15 seconds) grid intervals, while soil types were mainly determined by the State Soil Geographic (STATSGO)–FAO soil 

texture data (Miller and White, 1998). 

Prior to conducting runoff evaluation simulations, a 15-year spin-up of the Noah-MP LSM was performed for each model 

runoff experiment. This involved repeating the 1980-1984 interval three times to reach model stability and enhance accuracy 210 

in simulating runoff and related hydrological processes. Following the spin-up phase, model simulations forced by hourly 

ERA5-Land data were carried out for the period 1985-2023. 

2.2 CaMa-Flood River Routing Model 

As Noah-MP LSM does not account for horizontal water exchanges, it necessitates supplementation with lateral flow 

algorithms to achieve accurate simulations of the river discharge. We used the Catchment-based Macro-scale Floodplain 215 

model, CaMa-Flood (Yamazaki et al., 2011) due to its ability to simulate global temporal variations and discharge peaks. 
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CaMa-Flood was proved to realistically simulate river water levels and the hydrodynamics of floodplain inundation 

(Hirabayashi et al., 2013). 

Functioning as a global-scale distributed river model, CaMa-Flood relies on runoff input from a land surface model to 

simulate water storage and river discharge across a predefined river network map, available at different spatial resolutions: 220 

0.25, 0.1, 0.0833, 0.05 and 0.0166 degree. The model discretises river basins into unit catchments, each delineated by sub-

grid river and floodplain topography parameters, providing a nuanced representation of floodplain inundation at a sub-grid 

scale (Yamazaki et al., 2014). River discharge is calculated using the local inertial equation, accounting for the backwater 

effect and ensuring a more accurate portrayal of river dynamics (Bates et al., 2010; Yamazaki et al., 2013). 

In its calculations, CaMa-Flood employs the Manning's friction coefficient for main river channels, set at 0.03. The model 225 

dynamically adjusts the calculation time step to meet the Courant-Friedrichs-Lewy condition, ensuring computational 

stability (Bates et al., 2010; Yamazaki et al., 2013). Additionally, a channel bifurcation flow scheme enhances the model's 

capability to simulate intricate flow dynamics, particularly in mega deltas. This scheme automatically incorporates 

bifurcation channels into the global river network map, extracting information from the HydroSHEDS flow direction map 

and the SRTM3 DEM (Yamazaki et al., 2014). 230 

In this study, the CaMa-Flood model at 0.0833 degree spatial resolution was used. To ensure model stability, CaMa-Flood 

underwent a dedicated spin-up phase, synchronised with the third iteration of the Noah-MP spin-up, spanning a single 5-year 

interval from 1980 to 1984. Subsequently, daily runoff data simulated by the seven Noah-MP experiments were interpolated 

to match the resolution of the CaMa-Flood model, as in the spin-up phase, and used to drive river discharge simulations 

spanning from 1985 to 2023. 235 

Both Noah-MP and CaMa-Flood models were set up over a global domain covering the land areas between 180°W to 180°E 

and 60°S to 90°N. 

Additionally, ERA5-Land daily runoff was also used to simulate the daily river discharge. This assessment followed a 

similar procedure, including data interpolation, with a 5-year spin-up period from 1980 to 1984, after which CaMa-Flood 

discharge simulations were conducted from 1985 to 2023. 240 

2.3 Model Evaluation      

Due to the absence of direct runoff observations, ERA5-Land runoff data was utilised as a benchmark for evaluating the 

Noah-MP simulated runoff. The ERA5-Land runoff is generated using the Tiled ECMWF Scheme for Surface Exchanges 

over Land incorporating land surface hydrology (H-TESSEL). It represents the total water volume accumulated over the 

forecast period, divided into surface and subsurface components (Liu et al., 2024). Surface runoff is generated when the 245 

maximum infiltration rate is exceeded, as described by the Arno scheme (DÜMENIL and TODINI, 1992), while subsurface 

water fluxes are governed by Darcy’s law, assuming free drainage at the bottom boundary condition (Balsamo et al., 2009; 

Wipfler et al., 2011). 

To quantify the performance of the different runoff schemes, the mean annual runoff bias was analysed, calculated as: 
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Equation 8 250 

𝐵𝑖𝑎𝑠 (%) = 100 ×
𝐸𝑋𝑃 − 𝐸𝑅𝐴5­𝐿𝑎𝑛𝑑

𝐸𝑅𝐴5­𝐿𝑎𝑛𝑑
 

where EXP represents the runoff values for each Noah-MP runoff scheme. To avoid incorrect values due to scarce or null 

runoff or very high bias resulting from low ERA5-Land runoff values, total-annual ERA5-Land runoff values below 5 

mm/yr were masked. This mask was then applied to the corresponding values in all experimental datasets, ensuring 

consistency with the ERA5-Land. 255 

For the evaluation of the impact of the different runoff schemes on discharge simulated by CaMa-Flood, the model outputs 

were compared with observed discharge data obtained from the Global Runoff Data Centre (GRDC) and the simulated 

runoff. The evaluation began with visualizing the temporal dynamics of runoff and discharge through mean seasonal cycle 

plots. Next, we analysed the runoff bias as calculated using Eq. (8) and compared it with the corresponding discharge bias. 

Finally, a comprehensive assessment of the model performance for each runoff scheme in terms of daily discharge was 260 

conducted using several statistical metrics, including the correlation coefficient (R), standard deviation (SD), mean absolute 

error (MAE), root mean squared error (RMSE), and the Kling-Gupta Efficiency (KGE). The KGE metric (Gupta et al., 2009) 

is an aggregated measure of the agreement in timing, magnitude, and variability between simulations and observations. It 

ranges from -∞ to 1, this latter representing the perfect score. The Taylor diagram (Taylor, 2001), which allows simultaneous 

evaluation of the temporal correlation and standard deviations, was also used to visually summarise the performance over 265 

different climatic regions. 

The comparative analysis was conducted over 43 global river basins, where discharge observations are available, spanning 

four climatic zones classified according to the Köppen climate classification (Kottek et al., 2006), which are: cold, warm 

temperate, equatorial, and arid regions (Fig. 1). The drainage area of the selected basins, based on the discharge gauge 

stations, ranges from 16,920 km² for the smallest to 4,671,462 km² for the largest. This ensures that the evaluation of both 270 

Noah-MP and CaMa-Flood simulations accounts for a wide range of hydrological and climatic conditions, enhancing the 

robustness and generalisability of the findings. Sandy loam, sandy clay loam, loam, silt loam, clay loam, and clay are the 

most dominant soil textures, with loam dominating almost 50% of the basins. In terms of land cover, 40% of the basins are 

dominated by forests, while the others are primarily covered by shrublands, savannas, grasslands, croplands, barren or 

sparsely vegetated areas, and wooded tundra. The maximum mean slope is lower than 5%, with the maximum slope reaching 275 

27% (Table S1 in the Supplement). 
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Figure 1: Geographical locations and names of global river basins used in this study, over four climate zones based on The 

Köppen-Geiger climate classification world map (Kottek et al., 2006). The names of the basins are color-coded based on their 

respective climate zones (Cold, Warm Temperate, Arid, Equatorial). Basins spanning multiple climate zones are assigned to the 280 
zone covering the largest area. 

3 Results and discussion 

3.1 Runoff Bias 

Figure 2 illustrates the spatial pattern of the annual mean (1985-2003) runoff biases of various Noah-MP runoff schemes 

compared to ERA5-Land runoff data, expressed as percentages. The biases were calculated as in Eq. (8), where positive 285 

values indicate overestimation and negative values indicate underestimation of runoff by the Noah-MP experiments relative 

to ERA5-Land. 

In addition, the ERA5-Land runoff map serves as reference, showing the total annual runoff in mm per year. It clearly 

distinguishes dry areas with runoff of less than around 140 mm per year, mostly corresponding to arid regions, from humid 

and very humid areas. In equatorial regions, annual runoff can exceed 1000 mm, as seen in the Amazon Basin and parts of 290 

south-eastern Asia. 
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Figure 2: Multi-year mean (1985-2023) annual runoff bias (%) of Noah-MP runoff schemes driven by ERA5-Land climate forcing 

compared to ERA5-Land runoff data. 

Across the different experiments, the biases in runoff exhibit substantial spatial variability. In particular, EXP1 generally 295 

underestimates runoff compared to ERA5-Land in almost every region, except in central and South Africa, and some limited 

areas in Eastern South America and Western Australasia. This underestimation is particularly significant in the Northern 

Hemisphere, especially in cold and warm temperate regions, where the bias often exceeds 50%, reaching up to 100%. This 

corresponds to a runoff deficit of 100 to 400 mm per year, indicating that EXP1 struggles considerably with capturing runoff 

dynamics in these areas. 300 
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EXP2 exhibits a more balanced bias distribution: while negative biases are still present in the Northern Hemisphere, 

particularly in Canada and northern Asia, the magnitude is reduced compared to EXP1. There are also slightly more areas 

with positive bias, mostly less than 50 mm/year, in Africa, Australia, and North and Eastern South America, while negative 

biases, exceeding 300 mm/yr, are observed in the Amazon basin and Southeast Asia. 

EXP3 demonstrates reduced biases overall compared to EXP1 and EXP2. In the Southern Hemisphere, its performance is 305 

close to EXP2. In the Northern Hemisphere, positive biases, lower than 100% and less than 100 mm/yr, are observed in polar 

and cold regions. Negative biases are still present but are less intense. This suggests an improved handling of runoff 

dynamics in these regions. 

EXP4 exhibits a similar pattern of bias to EXP3, with a generally lower magnitude of bias compared to the earlier 

experiments. However, there are still regions with significant positive bias reaching up to around 500 mm/yr, particularly in 310 

the equatorial and subequatorial zones. 

EXP6 shows a mix of positive and negative biases, but with a generally lower magnitude compared to the earlier 

experiments. Negative biases, mostly lower than 50%, are particularly evident in the Northern Hemisphere, especially in 

cold and warm temperate regions with less than 100 mm/yr, and could reach around 200 mm/yr in equatorial regions like the 

Amazon River basin and parts of Central Asia. Positive biases are also observed in the equatorial and subequatorial zones, 315 

ranging from around 50 to 200 mm/yr. However, the extent and intensity of these biases are reduced compared to EXP1 and 

EXP2, suggesting an improved performance in handling runoff, though not as well as EXP3 and EXP4 in some regions. 

EXP7 displays a similar pattern to EXP6, with reduced biases compared to EXP1 and EXP2. Negative biases dominate in 

the Northern Hemisphere, particularly in high-latitude and warm temperate regions. Positive biases are less widespread but 

are still present in some equatorial and subequatorial regions, including parts of South America and Africa, Central Asia and 320 

Australasia. The overall bias magnitudes are lower than those observed in EXP1 and EXP2, indicating a better performance, 

though still showing room for improvement in specific regions. 

EXP8 displays the most pronounced positive biases (>100%) across nearly all regions. This indicates a substantial 

overestimation of runoff by this scheme on a global scale, with biases up to around 300 mm in cold regions and up to around 

500 mm in the other basins. In Dynamic VIC (EXP8), the saturation excess runoff is conceptualised similarly to VIC 325 

(EXP6), which performs relatively well compared to ERA5-Land runoff. This suggests that the overestimation is primarily 

due to the parameterization of the infiltration-excess runoff within Dynamic VIC. With the Dynamic VIC scheme, Noah-MP 

uses three infiltration measurement methods: Philip (Philip, 1987), Green-Ampt (Heber Green and Ampt, 1911), and Smith-

Parlange (Smith and Parlange, 1978) infiltration schemes, with the Philip scheme being used in this study. Improving runoff 

simulation performance with the Dynamic VIC scheme could be achieved by selecting the most appropriate infiltration 330 

scheme and optimising its parameterization. 

In summary, the progression from EXP1 through EXP7 shows a trend of decreasing bias magnitudes and improved 

performance in simulating runoff dynamics. While EXP1 and EXP2 exhibit significant underestimation in many regions, 

particularly in the Northern Hemisphere, the other experiments like EXP3, EXP4, EXP6, and EXP7 demonstrate 
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progressively better performance with reduced biases. Nonetheless, challenges remain, particularly in accurately capturing 335 

runoff in the equatorial and subequatorial areas, as well as in certain high-latitude regions. This analysis underscores the 

need for ongoing model refinement and calibration to enhance the predictive accuracy of runoff simulations across diverse 

climatic regions. 

3.2 Seasonal Cycle of Runoff and River Discharge 

The seasonal cycle of both runoff and discharge, as simulated by the Noah-MP experiments and the CaMa-Flood model, 340 

reveals significant variability across different climatic zones, highlighting the diverse hydrological processes within each 

region (Fig. 3). The inclusion of discharge data beneath each corresponding runoff plot emphasizes the connection between 

these two variables and underscores the crucial role of runoff in shaping the discharge patterns observed in various basins. 
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Figure 3: Mean seasonal cycle of runoff (mm) and river discharge (m3/s) simulated by the different Noah-MP runoff schemes and 345 
CaMa-Flood, for 24 selected river basins representing four climate regions: top to bottom, rows are for cold, warm temperate, 

equatorial and arid regions. Discharge data includes simulated and observed values (obs) for the period 1985–2023. Observation 

years contributing to the monthly mean vary depending on their availability, with a minimum of 5 years per catchment. 

In equatorial regions, such as the Amazon and Orinoco basins, the seasonal cycle of runoff exhibits pronounced peaks during 

wet seasons, directly translating into high discharge values. These peaks are expected due to intense rainfall and the vast 350 

drainage areas characteristic of these regions. The ability of the models to replicate these extreme events is essential for 

understanding and managing water resources in areas prone to significant seasonal variations. 

In contrast, arid regions, including the Niger and Limpopo basins, display more subdued seasonal cycles of both runoff and 

discharge. This pattern reflects the typically low and irregular rainfall in these regions, leading to lower and less variable 

runoff and, consequently, discharge. The consistency between runoff and discharge patterns in these regions illustrates the 355 

sensitivity of the models to regional climatic conditions. 

Across many basins, while the runoff and discharge seasonal cycles are generally aligned, there is a noticeable delay 

between the peak runoff and the peak discharge, especially in large river basins such as the Amazon, where this lag can 

extend up to three months. This delay, ranging from a few days to several months depending on the basin physical 

characteristics (e.g. basin size, basin shape, drainage density, river length, slop), is due to the natural routing lag within the 360 

river network, which involves the time it takes for water to travel through the system and the storage effects within the river 

channels. 

However, another noticeable delay or lag in capturing the peak discharge by comparison to observed peaks, is highlighted as 

in the case of Ob and Danube river basins, which is not attributed to this natural routing lag. Instead, it is due to specific 

limitations within the CaMa-Flood global river routing model. These limitations, particularly in certain model 365 

parameterizations and subsurface runoff schemes, hinder the model's ability to accurately predict the timing of maximum 

discharge. This temporal mismatch is critical for applications such as flood forecasting and water resource management. 

Supporting this, another river routing model, WRF-Hydro (Gochis et al., 2020), was tested using the same inputs (land 

surface model, schemes, forcing, resolution, and topography) for the Danube River basin. Unlike CaMa-Flood, WRF-Hydro 

was able to capture the peak discharge timing accurately (not shown), confirming that the delay observed in CaMa-Flood 370 

simulations is due to the model's inherent limitations and thus not linked to the Noah-MP representation of runoff. 

Both ERA5-Land and Noah-MP runoff-driven discharge successfully replicate the general patterns of the mean seasonal 

discharge cycle across most basins and climatic regions. This indicates a robust performance of the models in capturing the 

overall seasonal dynamics of river discharge. This capability is advantageous for conducting trend and frequency analysis 

under climate change projections and scenarios, aiding in the development of water management strategies and climate 375 

actions. Additionally, these models can be used in conjunction with a set of climate models to build an ensemble model, 

effectively addressing the uncertainty in future projections. 

Conversely, a significant positive bias is observed in EXP8, which tends to overestimate the seasonal cycle of discharge in 

the majority of the basins globally. This overestimation is evident when compared to ERA5-Land runoff-driven discharge as 
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well as to the other seven experimental setups. The consistent overestimation by EXP8 confirms the systematic issue within 380 

this particular runoff scheme. On the other side, EXP1 and EXP2 slightly underestimate discharge when compared to ERA5-

Land in cold, warm temperate, and equatorial regions. However, these schemes slightly overestimate discharge in arid 

regions. This differential performance indicates region-specific biases in these runoff schemes that might be attributed to 

how they handle surface and subsurface runoff processes. The noticeable bias highlighted with these experiments reflects 

clearly the translation of the aforementioned bias in runoff to a bias in discharge. This shows the significant influence that 385 

the selection of a particular runoff scheme can have on flow discharge. 

Finally, we would highlight that all experimental setups and ERA5-Land sometimes tend to overestimate the discharge when 

compared to GRDC observations. This overestimation can be attributed to various factors, including basin regulation and 

human activities, observation accuracy, and forcing accuracy and resolution. These elements introduce complexities that 

affect the ability of models to match observed discharge precisely. 390 

3.3 Runoff Bias Propagation to Discharge Bias 

After demonstrating the significant impact that the selection of a particular runoff scheme can have on flow discharge 

patterns, we now explore the relationship between runoff bias and discharge bias. According to the water balance equation, 

within a defined area over a specific period, the total inflows must equal the total outflows, plus any change in storage. When 

considering periods longer than one year, the changes in water storage are generally assumed to be negligible (ΔS = 0) (Oda 395 

et al., 2024). Under this assumption, the total runoff (including both surface and subsurface components) is nearly equal to 

the total discharge observed at the basin outlet. As a result, one would expect a strong correlation between runoff bias and 

discharge bias. 

Figure 4 corroborates this expectation, illustrating the correlation between runoff and discharge biases when compared to 

ERA5-Land runoff and simulated discharge across various climate zones and globally. 400 
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Figure 4: Scatter plots of Pearson correlation coefficients between runoff and discharge biases across climate regions and globally. 

The correlation coefficients, ranging from 0.945 to 0.997, indicate an almost perfect agreement between the biases, 

highlighting the direct propagation of uncertainty from runoff to discharge estimation. This analytical finding aligns with the 

results of (https://doi.org/10.1029/2019GL083342), further emphasizing the critical influence that the choice of runoff 405 

scheme has on discharge bias. 

3.4 Discharge Performance Metrics 

Figure 5 and Table 1 present the performance statistical metrics, i.e. the Kling-Gupta Efficiency (KGE), Root Mean Square 

Error (RMSE), Mean Absolute Error (MAE), temporal correlation coefficient (R), and standard deviation (SD), of the 

different Noah-MP experiments across the four climate regions against the observational dataset GRDC (a detailed values 410 

regarding some of these metrics are provided for each river basin in the Tables S2, S3 and S4 in the Supplement). These 

metrics provide a comprehensive evaluation of each model's performance in capturing daily discharge, highlighting the 

strengths and limitations of each experimental setup in diverse climatic conditions. 
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Table 1: Performance metrics (KGE, RMSE (m3/s), MAE (m3/s)) of Noah-MP runoff models in terms of daily discharge across 415 
climate regions. 

 

EXPs 
Cold Regions 

Warm Temperate 

Regions 
Equatorial Regions Arid Regions 

KGE RMSE MAE KGE RMSE MAE KGE RMSE MAE KGE RMSE MAE 

EXP1 0.39 7578.3 3436.6 0.53 5716.5 2856.0 0.75 
26212.

9 

13349

.6 
0.59 1241.9 549.2 

EXP2 0.45 7274.0 3430.5 0.76 4693.2 2315.4 0.77 
21529.

6 

11608

.6 
0.44 1375.5 810.6 

EXP3 0.79 5900.8 2998.5 0.82 4647.9 2315.0 0.80 
22992.

3 

11982

.4 
0.47 1344.0 759.8 

EXP4 0.62 7290.8 3290.9 0.64 4922.2 2544.7 0.86 
19576.

9 

10288

.8 
-0.11 1717.9 

1171.

4 

EXP6 0.57 7247.5 3049.7 0.79 4532.0 2367.9 0.81 
20675.

1 

11027

.0 
0.13 1564.0 

1018.

7 

EXP7 0.45 7824.1 3342.8 0.78 4734.0 2369.2 0.80 
23399.

1 

12171

.5 
0.55 1330.1 710.0 

EXP8 0.12 11396.1 7089.8 -0.92 
15244.

6 
8147.3 0.62 

29853.

7 

19879

.7 
-4.14 6512.5 

3836.

1 

ERA5-

Land 
0.55 8165.0 3964.2 0.87 3881.9 2003.5 0.84 

18892.

0 

10555

.2 
0.52 1317.0 514.4 
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Figure 5: Taylor diagram showing the performances of Noah-MP runoff models in terms of daily discharge within four climate 

regions. 420 

Considering the Noah-MP performances in discharge simulation, in the cold regions, EXP3 exhibits the highest KGE (0.79) 

and a high correlation coefficient (0.86), closely matching the observed standard deviation (SD). This model also has the 

lowest RMSE (5900.8 m3/s) and MAE (2998.5 m3/s), indicating strong performance. EXP4 and EXP6, as well as ERA5-

Land, also perform well with KGEs of 0.62, 0.57 and 0.55, respectively, and reasonable error metrics. EXP1 and EXP2 

perform moderately, with EXP1 showing a lower SD compared to observations, indicating an underestimation of discharge 425 
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variability. EXP8 performs poorly, with the lowest KGE (0.12) and the highest SD, RMSE, and MAE, indicating significant 

overestimation. 

In warm temperate regions, ERA5-Land achieves the best performance with the highest KGE (0.87) and correlation 

coefficient (0.90), closely matching the observed SD and having the lowest RMSE (3881.9 m3/s) and MAE (2003.5 m3/s). 

EXP3 also performs well with a KGE of 0.82 and low error metrics, followed by EXP6 and EXP7, both demonstrating 430 

strong performance. EXP2 shows balanced performance with a KGE of 0.76 and moderate error metrics. EXP1 performs 

moderately with a KGE of 0.53. EXP4, despite having a high correlation (0.90), shows overestimation with a higher SD and 

moderate errors. EXP8 again performs poorly with the lowest KGE (-0.92) and significantly high SD, RMSE, and MAE. 

Due to its exceptionally high standard deviation, which is 2.4 times higher than the observed SD, EXP8 is considered an 

outlier in the Taylor diagram and does not appear in Fig. 5. For reference, its correlation coefficient is 0.88. 435 

In equatorial regions, EXP4 and ERA5-Land show the highest performance with KGEs of 0.86 and 0.84, and a high 

correlation (0.97 and 0.98), respectively. These models closely align with the observed SD and exhibit the lowest RMSE 

(19576.9 m3/s and 18892.0 m3/s) and MAE (10288.8 m3/s and 10555.2 m3/s). EXP2, EXP3, EXP6 and EXP7 also perform 

well with KGEs of 0.77, 0.80, 0.81 and 0.80, respectively, and present moderate error metrics. EXP1 shows moderate 

performance, while EXP8 performs poorly with the highest SD, RMSE, and MAE. 440 

In arid regions, ERA5-Land again shows good performance with a KGE of 0.52 and a high correlation (0.85), closely 

matching the observed SD. EXP1 and EXP7 also perform reasonably well, with KGEs of 0.59 and 0.55, respectively. EXP2 

and EXP3 show balanced performance with moderate KGEs. EXP6 shows a lower performance with a KGE of 0.13 and 

higher error metrics. EXP4 and EXP8 perform poorly, with EXP8 having the lowest KGE (-4.14) and the highest error 

metrics, indicating significant overestimation. The high standard deviation of EXP8, which is almost three times higher than 445 

the observed SD, makes it an outlier in the Taylor diagram, hence it is not plotted. However, its correlation coefficient is 

0.58. 

Globally (Table 2), EXP4 shows the best performance with a KGE of 0.89, a high correlation (0.96), and reasonable error 

metrics. ERA5-Land also performs well with a high KGE (0.87) and moderate error metrics. EXP3 and EXP6 show strong 

performance with KGEs of 0.82 and 0.84, respectively, and moderate error metrics. EXP2 and EXP1 demonstrate balanced 450 

performance with KGEs of 0.75 and 0.70, respectively. EXP7 performs moderately with a KGE of 0.78. EXP8, however, 

performs poorly with the lowest global KGE (0.31) and the highest SD, RMSE, and MAE, indicating significant 

overestimation. 

 

Table 2: Global Performance metrics of Noah-MP runoff models in terms of daily discharge. 455 

EXPs 
Global 

KGE R SD RMSE MAE 

EXP1 0.70 0.95      27773.7 11628.8 4246.2 

EXP2 0.75 0.97      27859.3 9791.5 3830.9 
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EXP3 0.82      0.96      28905.1 9995.4 3741.6 

EXP4 0.89      0.96      30020.2 9200.4 3728.6 

EXP6 0.84      0.97      28529.4 9476.5 3675.4 

EXP7 0.78      0.96      28702.1 10558.2 3890.8 

EXP8 0.31      0.95      41170.9 16359.7 8858.9 

ERA5-Land 0.87      0.97      36919.6 9024.9 3677.4 

Observations     33361.1     

 

Overall, ERA5-Land and Schaake approach (EXP3) consistently exhibit strong performance across different climate regions, 

closely aligning with observed data and demonstrating low error metrics. Other models like VIC and BATS (EXP 6 and 4) 

also perform well in specific regions, while Dynamic VIC (EXP8) consistently underperforms, showing substantial 

overestimation and high error metrics due to the strong overestimation in runoff. 460 

The results presented are not surprising and are, in fact, reasonable given the characteristics of the different runoff schemes 

and the regions they are applied to. Schaake, an infiltration-excess runoff scheme (EXP3), performs the best in the northern 

mid-and-high latitude basins as stated in (Decharme, 2007), here corresponding to cold regions, i.e. areas dominated by snow 

and glaciers, which make the frozen soils less permeable. Additionally, the intensity of precipitation in these regions often 

exceeds the infiltration rate, thereby generating runoff through the infiltration-excess mechanism. 465 

EXP3 also performs exceptionally well in warm temperate regions, which dominate the CONUS (Continental United States) 

domain. This superior performance likely justifies its status as the default option in WRF-Hydro/US National Water Model. 

Schaake, along with BATS, VIC, and XAJ (i.e. respectively EXP3, 4, 6 and 7), shows strong performance in warm 

temperate and equatorial regions. This aligns with existing literature indicating that these schemes were developed and tested 

primarily in humid and sub-humid regions (Hao et al., 2015; Hou et al., 2023). 470 

In arid regions, TOPMODEL with groundwater (EXP1) stands out, likely due to its incorporation of subsurface and 

groundwater processes, which enhance groundwater recharge and baseflow contributions—factors that are crucial in arid 

environments. The same reason could be behind its underestimation of runoff in humid and sub-humid regions. A study by 

(Gan et al., 2019) demonstrated that TOPMODEL with groundwater scheme produces the wettest soil and the greatest 

evapotranspiration across ten hydrologic regions of China, in contrast to the BATS scheme, which yields the driest soil and 475 

the smallest evapotranspiration. 

ERA5-Land demonstrates very good performance at both global and regional scales, serving as an excellent reference dataset 

for runoff benchmarking. 

The hydrological basins were also grouped based on dominant soil texture and land cover types to analyse the performance 

of the Noah-MP model. Additionally, the experiments' performances were correlated with the mean slope, as well as the 480 

basin size (Fig. S1 in the Supplement). No significant correlations were found overall, indicating that the Noah-MP model 

operates effectively regardless of land cover type, soil type, basin size, or topography. This lack of correlation suggests a 

robust versatility in the model's application, highlighting its capacity to provide reliable simulations across diverse 
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environmental conditions and varied landscape features. The findings reinforce the model's utility in different hydrological 

contexts, supporting its use in global and regional hydrological studies without the need for extensive customisation based on 485 

specific basin characteristics. 

Although in general, except for Dynamic VIC, the experiments demonstrated good performance in capturing the overall 

patterns of river discharge, there remains a considerable bias when applied to more detailed studies, particularly those 

focusing on high-flow extremes. This bias affects the accuracy in capturing the magnitude, timing, and extent of these 

events, indicating that further improvements are necessary. Each runoff scheme, with its unique conceptual framework, 490 

involves a set of tuneable variables and parameters, such as: soil depth, maximum surface saturated fraction, saturated value 

of soil moisture and others. Calibration of these variables and parameters, especially at finer resolutions, could significantly 

enhance the results, making them more reliable for detailed hydrological studies.      

We would like to underline that the obtained results and this study are biassed and constrained by the availability of high-

quality discharge observations within the considered study period. This limitation, along with the need for a consistent 495 

evaluation period and the focus on less regulated basins, conditions the number of basins selected and their distribution 

within each climate region. 

4 Conclusions 

This study evaluated the performance of seven different Noah-MP runoff schemes in discharge simulations, as simulated 

using the CaMa-Flood River routing model. Using ERA5-Land runoff data as a benchmark for runoff evaluation and 500 

streamflow observations for discharge evaluation across various climatic regions, key findings from the analysis reveal 

significant differences in how each scheme handles runoff dynamics. These findings have important implications for 

hydrological modelling and water resource management. 

The progression from TOPMODEL-based schemes through Schaake, BATS and other saturation-excess schemes showed a 

trend of decreasing bias magnitudes and improved performance in simulating runoff dynamics. TOPMODEL with 505 

groundwater and TOPMODEL with an equilibrium water table significantly underestimated runoff in many regions, 

particularly in the Northern Hemisphere, while runoff schemes like Schaake, BATS, VIC, and XAJ demonstrated 

progressively better performance with relatively lower biases. Dynamic VIC consistently overestimated runoff across nearly 

all regions. 

Seasonal cycle analysis using CaMa-Flood driven by different Noah-MP runoff schemes highlighted considerable regional 510 

and seasonal variability in discharge patterns. ERA5-Land runoff-driven discharge and several Noah-MP experiments 

successfully replicated the general patterns of mean seasonal discharge cycles across diverse river basins. However, 

Dynamic VIC showed a significant positive bias, indicating a tendency to overestimate discharge globally, due to the strong 

runoff overestimation. 
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ERA5-Land and Schaake scheme consistently exhibited strong performance across different climate regions, closely aligning 515 

with observed data and demonstrating low error metrics. TOPMODEL, and Dynamic VIC showed higher error metrics, with 

more significant biases for Dynamic VIC, indicating the need for further refinement, although TOPMODEL with 

groundwater stands out as the most effective in arid regions.      

The Noah-MP model demonstrated robust versatility, performing effectively regardless of land cover type, soil type, basin 

size, or topography. This suggests that the model can provide reliable simulations across diverse environmental conditions 520 

without extensive customisation. 

While the experiments generally captured the overall patterns of river discharge, significant biases remained, particularly in 

high-flow extremes. This underscores the need for ongoing calibration of tuneable variables and parameters, especially at 

finer resolutions, to enhance the accuracy and reliability of hydrological simulations. 

In conclusion, this study highlights the strengths and limitations of different Noah-MP runoff schemes depending on the 525 

climatic region. The analysis underscores the significant impact that the selection of a particular runoff scheme can have on 

discharge patterns and bias, emphasizing the necessity for careful scheme selection based on specific hydrological contexts. 

Enhanced calibration and refinement efforts are essential for achieving more accurate hydrological predictions, which are 

vital for effective water resources management and climate adaptation strategies. 

Code and data availability 530 

 GRDC discharge observations can be obtained from  

https://portal.grdc.bafg.de/applications/public.html?publicuser=PublicUser#dataDownload. 

ERA5-Land data, provided by the European Centre for Medium-Range Weather Forecast (ECMWF), can be freely 

downloaded from the Copernicus Data Store (https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-

land?tab=overview). 535 

Noah-MP and CaMa-flood models can be downloaded from https://github.com/NCAR/noahmp and 

https://github.com/global-hydrodynamics/CaMa-Flood_v4, respectively. 

Enquiries about output data availability should be directed to the authors. 
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