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Abstract
VegDischarge v1 is a comprehensive river discharge across Africa (2000–2021), produced by coupling the agro-hydrologic VegET model and the mizuRoute routing framework. Using remote sensing data and hydrological modeling, the 1-km runoff field simulated by VegET, and routed with mizuRoute, covers over 64,000 river segments in Africa. The VegET model simulates runoff based on vegetation and soil moisture dynamics, while mizuRoute processes this runoff through a detailed river network. Performance metrics show strong model reliability, with coefficient of determination (R²) ranging from 0.5 to 0.9, Nash-Sutcliffe efficiency (NSE) between 0.6 and 0.9, and Kling-Gupta Efficiency (KGE) from 0.5 to 0.8. The total average annual average discharge for Africa is quantified at 3238.1 km³·.year-1, with contributions to various oceanic basins: 989.9 km³·.year-1 to the North Atlantic, primarily from West African rivers like the Senegal, Gambia, Volta, and Niger; 1313.7 km³.·year-1 to the South Atlantic, largely from the Congo River; 212.5 km³·.year-1 to the Mediterranean Sea, predominantly from the Nile River; and 722.0 km³·.year-1 to the Indian Ocean, with substantial inputs from rivers such as the Zambezi. This VegDischarge v1 is valuable for policymakers, stakeholders, and researchers to better understand water availability, its temporal and spatial variations, that impact affect water-related infrastructure planning, sustainable resource allocation, and the development of climate resilience mitigation strategies. 	Comment by Carter, Janet M.: I think a word is missing here. model? estimates?	Comment by Carter, Janet M.: All abbreviations used in the abstract should be defined.	Comment by Carter, Janet M.: The order of these words has different meanings. If this is the average over a period of years, then the order should be average annual.	Comment by Carter, Janet M.: This should be a middle dot, not a period	Comment by Carter, Janet M.: Impact as a verb means "strike with a blow" or "to pack firmly together." Impact as a noun means "a collision." In general, avoid using “impact” when either “affect” (verb) or “effect” (noun) can be used. Here, “affect” would be better. Refer to STA8 (https://internal.usgs.gov/publishing/sta/), p. 44 and http://www.mit.edu/course/21/21.guide/affect.htm.
Background & Summary
Global freshwater scarcity is a pressing issue that affects millions of people around the world 1,2. Population growth increases demand for water resources, and negative impacts effects of climate change and population growth, has intensified the need for sustainable water management practices 3–5. In this context, comprehensive hydrological modelling gains importance in the development of improved water management techniques. Clark et al.6 showed the importance of modelling in assessing continental runoff into the oceans, a key factor in understanding the global water cycle and its implications for regions like Africa, where water scarcity is acutely prevalent7. Therefore, such modelling is relevant for regions experiencing climate variability and rapid population growth, as it aids in understanding, predicting, and managing the distribution and availability of often limited freshwater resources 8–10.	Comment by Carter, Janet M.: In this paper, this word is spelled as “modelling” and “modeling.” I changed all to a single “l” for consistency.
Africa, a continent characterized by diverse landscapes, climate zones, and socio-economic conditions, is facing numerous challenges related to water quantity and quality related challenges, ranging from droughts and floods to limited access to clean water 11,12. These challenges are further exacerbated by the impacts effects of climate change 13, which has intensified the frequency and severity of extreme weather events, altered precipitation patterns14, and disrupted the hydrological balance across the continent 15–17. Labat (2010)18 provides an understanding of how large-scale atmospheric and oceanic circulation fluctuations impact affect the hydrological cycle, affecting including freshwater discharge, a key issue for African countries grappling with climate change. Consequently, understanding the dynamics of hydrological processes, such as evapotranspiration, soil moisture, surface runoff, and discharge, is fundamentally essential for addressing these challenges and informing evidence-based decision-making in water resource management, agriculture, and environmental conservation 19–21. Additionally, insights into these processes can inform conservation strategies22,23 and improve our knowledge of climate change impactseffects, contributing to the refinement of regional and global earth system models24.
Hydrological modelling in Africa is often hindered by limited availability of high-quality, spatially distributed, and long-term hydrological observations such as river discharge 25. This issue is prevalent in smaller catchments with a sparse or poorly maintained hydro-meteorological network 26,27. Inconsistencies in data collection methods, gaps in historical records, and uncertainties in future climate projections amplify these challenges, making it difficult to develop robust models that can adequately capture the spatial and temporal variability of hydrological processes in Africa28. For example, Schmied et al.29 emphasize the complexities introduced by climate forcing uncertainty and human water use, factors that are particularly relevant in the African context, add other layers of difficulty in developing robust hydrological models. Furthermore, the diverse landscapes and climate zones in Africa introduce substantial spatial and temporal variability in hydrological processes, which can be challenging to capture in models, as it requires an adequate representation of the complex interactions between topography, land cover, soil properties, and hydro-meteorological conditions at various scales 30. Such complexity is shown in the work by Boschetti et al. 31 on the Congo River Bbasin using Eearth observation data (river discharge based on ENVISAT radar altimeter data, FEWS-NET RFE estimations of rainfall and vegetation indices available from long-term series of SPOT–VGT data), highlighting the potential challenges of integrating various data sources in hydrological modelling.	Comment by Carter, Janet M.: Does this need to be defined?	Comment by Carter, Janet M.: Please define these abbreviations	Comment by Carter, Janet M.: Does this need to be defined?
Many hydrological models are constrained by scale-dependent parameters and process representations, which limit their applicability and transferability across different spatial scales. For example, scale-dependent parameters such as Manning's roughness coefficient, soil hydraulic properties, and vegetation characteristics can vary with spatial resolution. These parameters are often calibrated at specific scales and may not be directly applicable or accurate when the model is applied to different regions or at different scales. Similarly, process representations like infiltration, evapotranspiration, and runoff generation can also be scale dependent. For instance, the representation of infiltration processes might differ between small-scale plots and larger watershed scales due to variations in soil heterogeneity and land cover. Such differences can lead to inaccuracies when models developed for one scale are applied to another without appropriate adjustments or recalibration. These limitations highlight the importance of developing hydrological models that can accommodate or adjust for scale dependencies to improve their robustness and transferability. The calibration of these models is often a daunting task in regions especially where observational data are scarce. This challenge is compounded in Africa, where hydro-meteorological networks are less dense, as pointed out by Hughes et al.32, who emphasize the need for region-specific calibration approaches in African river basins. Moreover, advanced hydrological models that merge remote sensing data and complex process representations frequently demand substantial computational resources. This requirement can be a barrier to their widespread adoption, especially in resource-limited settings. Striking a balance between model complexity and computational demands is relevant for the practicality and accessibility of hydrological models. Addressing these challenges requires innovative approaches that can accurately represent the intricacies of water balance components in diverse environments like Africa. These innovative approaches help to mitigate the limitations of traditional hydrological modelling methods, providing valuable   insights for decision-making in water resource management. They are particularly essential in the context of Africa, where data constraints are a challenge. By adopting these advanced techniques, we can better understand and predict hydrological responses to environmental changes, thus supporting improvements to sustainable water management strategies in the future.
In this study, we employ use a hydrological model, developed by the United StateU.S. Geological Survey (USGS) called VegET 33, and the mizuRoute river routing model34,35 to transfer the gridded runoff simulated by the hydrological model through the river network, providing discharge estimations for more than 64,000 river reaches across Africa. This integrated approach allows us to estimate various components of the root zone water balance and accurately route river discharge across the entire African continent at a high resolution of 1 km.  The VegET model is driven by precipitation and Normalized Difference Vegetation Index (NDVI) phenology to estimate the various components of root zone water balance, to the entire African continent. By incorporating remote sensing data for precipitation and NDVI, the spatial and temporal variability of hydrological processes are better represented, improving the model's performance and applicability across the continent. The use of remote sensing data in the model also helps to overcome some of the limitations associated with data scarcity and quality, allowing to the development of a more reliable and robust hydrological model for Africa. Furthermore, the VegET model's simplicity and computational efficiency make it suitable for use in resource-constrained settings. Despite the advantages of using the VegET model driven by remote sensing data, challenges in hydrological modelling remain, such as scale-dependent parameters and process representation, model validation, and uncertainty quantification. Addressing these challenges is a prerequisite for providing reliable hydrological information for decision-making in Africa's water resources and environmental sectors. Thus, the primary objective of this study is to present and evaluate the performance of 1-km resolution, spatially distributed, remote sensing-based hydrological model for estimating evapotranspiration, runoff (surface and subsurface), and soil moisture across Africa for the period 2000-2021 at monthly and annual time steps. The study assessed the model's sensitivity to different input data sources, model parameters, and assumptions, quantifying the uncertainties associated with model predictions and providing insights into model improvements. 	Comment by Carter, Janet M.: Suggest replacing with “use.” “Employ” and “use” are generally interchangeable, except that “employ” is stuffier. There are also more fitting words to use in technical manuscripts than “utilize” and “employ,” but “utilize” may suggest the discovery of a new, profitable, or practical use for something. “Employ” also means “to hire,” so its use in a different sense may cause momentary misunderstanding in the mind of the reader: “We employed a block and tackle to remove the specimens.”
USGS style is to use “use” over “employ” or “utilize” in most cases. Refer to STA8 (https://internal.usgs.gov/publishing/sta/documents/sta8.pdf), p. 50.

Methods

Computational  workflow
We developed a cloud-based implementation of the VegET and mizuRoute models within Amazon Web Services (AWS), comprising four main components (Fig. 1). This setup includes (1) preparation of dynamic and static inputs for VegET and data formatting for mizuRoute; (2) operational deployment of the VegET model; (3) compilation and integration of the mizuRoute routing scheme; and (4) rigorous technical validation of both models' outputs. The methods and technical validation sections detailed the underlying functions and data used for the two models. The technical validation (see refer to section on technical validation) was conducted to evaluate gridded runoff and the routed discharge, with available ground-based observations and other independent datasets, such as satellite-derived products. VegET and mizuRoute were implemented at daily time steps from 2000-2021 at the spatial resolution of 1 km.  The temporal coverage of the dataset (2000-2021) is chosen to focus on contemporary hydrological conditions. This period allows us to capture contemporary climate and hydrological dynamics, which are relevant for understanding and managing current water resources. Additionally, the VegET model is phenology-based and relies on Moderate Resolution Imaging Spectroradiometer (MODIS) data, which is available from 2000 onwards. This availability of high-quality remote sensing data constrains the choice of the temporal span to 2000-2021.	Comment by Carter, Janet M.: “see” can be disrespectful wording to the visually impaired. Please consider alternative wording such as “refer to”
[image: A diagram of a diagram of a global model

Description automatically generated with medium confidence]	Comment by Carter, Janet M.: A figure should be understandable on its own, apart from the manuscript, with abbreviations written out, symbols defined. Please define GDRC, ET, FLDAS, ESA-CCI, SoMo, G-RUN, MODIS16, SSEBop, WaPOR, NDVI. For those items listed in the “Technical Validation Using Existing Data” section, please also provide references for each data source.
Fig. 1. Summary workflow of VegET33 and mizuRoute34 models implementation. This diagram represents the workflow of the VegET and mizuRoute models and their input and output data. VegET, coded in Python, and mizuRoute, developed in Fortran, work in synergy for the discharge estimation. Input parameters for VegET are divided into static categories, such as soil and interception parameters, and dynamic data relating to climate and phenology, represented by time series.

VegET hydrological model implementation and calibration
VegET is a bucket-type, physically based large-scale hydrological model33. VegET initializes its simulations of soil moisture (SM) levels set to zero and undergoesing an initial stabilization period of one year (See refer to Fig. 2 for VegET conceptual model). For the simulation period of 2000-2021, the year 2000 is used as the spin-up period. Within the model, the soil water store's characteristics are determined by the physical properties of the soil. Here, soil properties are defined by ISRIC gridded data for Africa (ISRIC36– see refer to Table 2). Soil porosity (POR), as sourced from soil databases, corresponds to the saturation (SAT) within the model. The field capacity (FC) quantifies the upper limit of water the soil matrix can hold for plant utilization. At the same time, the permanent wilting point (WP) denotes the critical moisture threshold below which plants cannot sufficiently extract water. The difference between FC and WP, known as the water holding capacity (WHC), represents the quantity of water accessible to plants. However, as soil moisture declines and falls below the maximum allowable depletion (MAD) limit, the model predicts an increase in plant water stress.	Comment by Carter, Janet M.: I think this should be “storage”	Comment by Carter, Janet M.: Are these words necessary?
The VegET model represents advances the understanding and management of  agricultural water demands, particularly in regions where crop coefficients (Kc values) are challenging to define over large areas33. This difficulty arises from the uncertainty in crop types and the limited applicability of published Kc values outside their original experimental contexts. To address some of these limitations, VegET integrates land surface phenology (LSP) derived from the remotely sensed Normalized Difference Vegetation Index (NDVI). Here, NDVI is generated using MODIS (Aqua and Terra – 1-km, 8-day) data (MODIS NDVI37 – see refer to Table 2).  This approach allows for a more realistic and dynamic representation of vegetation status and growth patterns. By doing so, the VegET model simulates crop water demands through a landscape lens, offering a holistic and region-specific assessment. This method not only enhances the precision of water requirement estimations but also adapts to the diverse agricultural practices and environmental conditions across different regions. Such a landscape-focused perspective is effective for water resources management, especially in areas with complex agricultural systems and varying climatic conditions. More specifically, this concept is depicted by the replacement of the traditional tabular crop coefficient (Kc) by Allen et al.38  with a landscape coefficient (Kcp) derived from the NDVI. This phenology-based Kcp is presumed to reflect the aggregate water needs of the landscape in areas with stable land cover. The use of NDVI in a climatological framework yields more consistent and accurate patterns of seasonal water usage than traditional Kc values33. When soil moisture levels exceed SAT, the model simulates surface runoff; however, moisture within the critical zone between SAT and FC is apportioned between surface runoff and deep drainage. The model generates runoff (R) when soil moisture levels rise above the WHC, delineating the excess as either surface runoff or deep drainage, contingent on its position relative to SATfc, which is the volume between SAT and FC.	Comment by Carter, Janet M.: This abbreviation has already been defined. You could replace this with “NDVI”	Comment by Carter, Janet M.: I added a comma here. A comma precedes "which" (nonrestrictive clause; in other words, can be removed), whereas a comma does not precede "that" (restrictive clause; STA8 (https://internal.usgs.gov/publishing/sta/), p. 35–36).
[image: ]Fig. 2. Conceptual diagram of the VegET model version 2.0 as modified from Senay et al 33. This Ffigure illustrates the updated VegET hydrological model, depicting the flow of water through the ecosystem. Key components include vegetation and climatic inputs that influence soil water dynamics, distinguishing between gravity water, which is filled once the soil moisture is above field capacity (FC) and plant available water, which is the section between FC and permanent wilting point (WP). The model integrates data such as Moderate Resolution Imaging (MODIS) Vegetation Continuous Fields (VCF) to derive interception fraction layer, precipitation (P), reference evapotranspiration (ETo), landscape water uses coefficient (Kcp), land surface phenology (LSP), soil stress coefficient (Ks), water holding capacity (WHC), maximum allowable depletion (MAD), soil saturation (SAT), and volume between SAT and FC (SATfc). Outputs of the model include gridded surface runoff, deep drainage, soil moisture (SM), and actual evapotranspiration.	Comment by Carter, Janet M.: Although a lot of the abbreviations are defined in the figure caption, the following are not: Rn, Ta, U, RH, NDVI, Eta, P, Peff

Deep drainage and surface runoff partitioning in VegET
[bookmark: _Hlk156309791]In the VegET model's configuration, total runoff (R) is calculated as the sum of the rapid surface runoff and slower-moving deep drainage. A runoff coefficient approximation was introduced in VegET v2.0, allowing for the separation of the quick flow—runoff that immediately contributes to the stream network as surface water—from the deep drainage, which includes both lateral subsurface flow and the percolation reaching the groundwater table. While Although this distinction does not impact affect the model's soil moisture or actual evapotranspiration (ETa) estimates, it enhances the model's utility for simulating flood dynamics and discharge. The deep drainage (dd) amount is estimated as the difference between total runoff (R) and quick flow (srf) (Eq. 1)	Comment by Carter, Janet M.: If a variable is italicized in an equation, then please italicize it in the text.
                                                                                                                                        (1)
where R is determined as the daily SM greatermore than the soil water holding capacity; srf is estimated based on the daily soil water, a quick-flow coefficient (qc), drainage coefficient (dc) coefficient, soil saturation (SAT), and field capacity (FC) parameters as in Eq. 2&3:
                                                                                                                              (2)	Comment by Carter, Janet M.: In the text for SATfc, the “fc” is not subscripted like it is in these equations. These should be consistent.
                                                                     (3)
where SATfc is the difference between SAT and FC; qc is the quick flow coefficient, which is a complement to the drainage coefficient (dc) as qc = 1 - dc. In this study, a sensitivity analysis of various combinations of 0.20, 0.30, 0.40, 0.45, and 0.50 of qc values were tested. Ultimately, a uniform value of 0.30 was used for qc as a first approximation; however, this partitioning coefficient is expected to vary by soil type and topography, and thus a calibration procedure is required to estimate this coefficient more accurately.	Comment by Carter, Janet M.: Equation variables should be italicized.

MizuRoute routing model implementation 
Developed by Mizukami et al.34, mizuRoute is a vector-based approach of river network routing tool. This tool utilizes river networks and their associated Hydrological Response Units (HRUs) to route gridded runoff into discharge. The HRUs and stream networks used in the mizuRoute implementation for Africa, are sourced from the Hydrologic Derivatives for Modeling and Analysis (HDMA)39 database, encompassing a network of 64,000 HRUs and streams across the African continent. The routing mechanism in mizuRoute begins with the allocation of gridded runoff data to river network HRUs, utilizing a weighted-area runoff method. Subsequently, hillslope routing, where water flow on slopes is modeled using a gamma distribution-based unit-hydrograph, and then river channel routing is executed. For simulating water movement through river channels, we employed used all five routing algorithms available in mizuRoute: Impulse Response Function-Unit Hydrograph (IRF), Lagrangean-based Kinematic Wave Tracking (KWT), Eulerian based Kinematic Wave (KW), Muskingum-Cunge (MC), and Diffusive Wave (DW).

Total runoff used in discharge routing and mizuRoute parametrization for Africa 
[bookmark: _Hlk156319311]In implementing mizuRoute for Africa, total gridded runoff is the primary input. However, it is important to recognize that not all components of deep drainage—including lateral subsurface flow and the percolation reaching the groundwater table—uniformly contribute to river discharge across Africa's varied landscapes. Consequently, only a fraction of base flow effectively contributes to discharge. To quantify this contribution, we computed the deep drainage fraction coefficient (. This coefficient is derived as a function of long-term (1970-2019) annual groundwater recharge40 and long-term (2000-2020) independent annual runoff data from the Land Data Assimilation System (FLDAS)41. This relationship is described in Eq. 4: 	Comment by Carter, Janet M.: Base flow should be two words. Refer to https://internal.usgs.gov/publishing/toolboxes/compound_nouns.html. 
                                                                                                                                         (4)

Wwhere  represents the mean annual total groundwater recharge and  is the mean annual total runoff for Africa. This output is subsequently mapped into the HydroSHEDs-level Hydrological Response Units (HRUs) by averaging within each HRU (see refer to Fig. 3a).
Additionally, our analysis of discharge estimation reveals that the VegET-based surface runoff tends to underestimate the surface runoff in tropical rainforests, notably in the Congo River bBasin. The underestimation of surface runoff by the VegET model in tropical rainforests, such as the Congo River bBasin, can be attributed to several factors. High vegetation density in tropical rainforests increases interception and evapotranspiration, making it challenging for models to accurately capture the complex interactions between vegetation and water processes42. Additionally, tropical regions often experience high-intensity rainfall events, and models like VegET may have limitations in simulating rapid surface runoff generation during such storms43. Furthermore, precipitation recycling, where moisture evaporated from the land contributes to local precipitation, is particularly high in the Congo River Bbasin. Inaccuracies in representing this process can lead to underestimations of surface runoff44–46. These factors collectively contribute to the observed underestimation of surface runoff in tropical rainforest regions by the VegET model.	Comment by Carter, Janet M.: As part of a U.S. federally recognized geographic name, the full name must be included and Basin should be capitalized. Same is true for other rivers mentioned in paper.
 To enhance the accuracy of discharge estimations in these areas, we introduced bias correction factors, as defined in Eq. 5:
                                                                                                                                      (5)
Here,  is the mean annual surface runoff from FLDAS for the period 2000-2020, and  represents the VegET-based mean annual runoff for the same period (see refer to Fig. 3b). The final total daily runoff field calculated for routing, therefore, is defined by Eq. 6:
                                                                                                                                     (6)	Comment by Carter, Janet M.: Suggest adding multiplication symbols into equation 6 so variables are separated.
Wwhere R denotes the total daily runoff, α is the deep drainage fraction coefficient, dd signifies deep drainage, and β is the bias correction factor for surface runoff (srf).

[image: ] Fig. 3. Spatial distribution of hydrological coefficients across Africa. Fig. 3a) The map displays the coefficient of deep drainage contribution to discharge (α). High values indicate contribution of deep drainage to river discharge, predominantly as base flow, with varying intensities across the continent. Fig. 3b) The map illustrates the coefficient of bias correction for surface runoff (β). This coefficient adjusts for the underestimation of surface runoff by VegET, especially evident in the tropical rainforests of the Congo River bBasin. The color gradients provide insights into the spatial variability of both coefficients.
Sensitivity analysis during mizuRoute parametrization	Comment by Carter, Janet M.: Is this a section heading? If so, should it be in bold font?
We conducted a thorough sensitivity analysis using 12 different parameter options to optimize mizuRoute's performance (Table 1), taking reference from Mizukami et al.35. Key parameters such as Manning's coefficient and river width scale factor were adjusted across a range of values to understand their influence on the routing process. For hillslope routing, we examined the shape and timescale factors, whereasile for channel routing, the wave velocity and diffusivity parameters in the Impulse Response Function-Unit Hydrograph (IRF-UH) and Kinematic Wave Tracking (KWT) algorithms were varied.

1

Table 1. Sensitivity aAnalysis of mizuRoute routing parameters. This table presents the configurations tested in the sensitivity analysis of the mizuRoute model for the Kinematic Wave Tracking (KWT) and Impulse Response Function-Unit Hydrograph (IRF-UH) routing methods. The parameters include shape and timescale factors for hillslope routing, Manning coefficient, and river width scale factor for KWT, as well as wave velocity and diffusivity for IRF-UH. Twelve optimization options (Opt0 through Opt12) were evaluated against default values to determine their impact effect on model performance, with the 'Values used' column representing the chosen settings for the final model run based on optimal results.
	Parameters	Comment by Carter, Janet M.: A table should be understandable on its own, apart from the manuscript, with abbreviations written out, symbols defined. Please consider defining these parameters in the table title.
	Routing
methods
	Descriptions
	Default Values
	Values used
	Opt0
	Opt1
	Opt2
	Opt3
	Opt4
	Opt5
	Opt6
	Opt7
	Opt8
	Opt9
	Opt10
	Opt11
	Opt12

	
	Hillslope 
	Shape
factor [–] 
	2.5
	2.5
	2.5
	2.5
	2.5
	2.5
	2.5
	2.5
	2.5
	2.5
	2.5
	2.5
	2.5
	2.5
	2.5

	
	Hillslope 
	Timescale factor [s]
	86400 
	86400 
	86400 
	86400 
	86400 
	86400 
	86400 
	86400 
	86400 
	86400 
	86400 
	86400 
	86400 
	86400 
	86400 

	
	KWT, KW, MC, DW 
	Manning coefficient [–]
	0.01 
	0.07 
	0.01
	0.02
	0.02
	0.03
	0.04
	0.05
	0.06
	0.07
	0.07
	0.07
	0.08
	0.08
	0.08

	
	KWT, KW, MC, DW 
	River width scale factor [–]
	0.001 
	0.002 
	0.001
	0.001
	0.002
	0.002
	0.002
	0.002
	0.002
	0.002
	0.001
	0.003
	0.001
	0.002
	0.003

	
	IRF 
	Wave velocity [ms-1]
	1.5 
	3 
	1.5
	1.6
	1.8
	2
	2.2
	2.5
	2.8
	3
	1.4
	1.2
	1
	0.8
	0.5

	
	IRF 
	Diffusivity [m2s-1]
	800 
	1000
	800
	820
	840
	860
	880
	900
	950
	1000
	700
	600
	400
	300
	200





Dataset used in VegET, mizuRoute implementation and evaluation
The VegET v2.0, deployed across continental Africa, integrates a variety of input datasets, such as precipitation, reference evapotranspiration (ETo), Lland surface phenology, and soil properties (see refer to Table 2 for dataset details). Using a previous multi-scale assessment of eight products for continental application on the accuracy of satellite and reanalysis rainfall estimates over Africa47, we considered 3 rainfall products, namely Climate Hazards Group InfraRed Precipitation with Station Data (CHIRPS)48, the European Centre for Medium-Range Weather Forecasts (ECMWF) Reanalysis (ERA5)49, Multi-Source Weighted-Ensemble Precipitation (MSWEP)50. The land surface phenology (LSP) within the model is derived from the Moderate Resolution Imaging Spectroradiometer (MODIS) NDVI, sourced from NASA’s Land Processes Distributed Active Archive Center (LP DAAC)37. We established a daily median NDVI for the period 2003–2017 using linear interpolation from the 8-day composite data from both Aqua and Terra satellites. The reference evapotranspiration (ETo) data was acquired from NOAA51. We developed an interception fraction layer based on the MODIS Vegetation Continuous Fields (VCF)52. This layer calculates interception as a function of the proportion of tree, herbaceous, and bare coverage in each pixel, following Eq. 7 as defined in Senay et al.33:	Comment by Carter, Janet M.: This abbreviation has already been defined.	Comment by Carter, Janet M.: I defined this where this abbreviation is first used (p. 4)	Comment by Carter, Janet M.: This abbreviation has not yet been defined.	Comment by Carter, Janet M.: This abbreviation has already been defined	Comment by Carter, Janet M.: This abbreviation has not yet been defined.
                                                       (7)
where Tcover represents tree cover (%) with a maximum interception of 15%, Hcover represents herbaceous cover (%) with a maximum interception of 10%, and Bcover represents bare ground cover (%) which contributes no interception.
Soil property data are, is used for generating Water Holding Capacity (WHC), Field Capacity (FC), and Porosity (POR) layers, were obtained from the International Soil Reference and Information Centre (ISRIC) via their Soil Data Hub36. The POR layer was particularly used to indicate soil saturation (SAT) levels. To transform these raster data from a volumetric percentage (m³/m³) to depth (mm) per meter of root-zone, a unit conversion factor of 10 was applied33. Additionally, we ensured that the SAT values did not fall below the FC levels. Specific datasets, including ETo, were converted from their native NetCDF format to the GeoTiff format. We used G-RUN53 and FLDAS runoff41 data to evaluate VegET runoff data. For VegDischarge data evaluation, the Global Runoff Data Centre (GRDC) discharge data for Africa54 was used. 	Comment by Carter, Janet M.: Why are the words such as Water Holding Capacity capitalized? The abbreviations WHC, FC, and POR have already been defined and the defining words were not capitalized. Suggest just using the abbreviations here.	Comment by Carter, Janet M.: This has already been defined.

Table 2. Summary of data used in the study.
	Parameters
	Spatial Resolution
	Temporal Resolution
	Reference

	Precipitation: CHIPRS
	0.05
°
	Daily; 1981—current
	CHIRPS48

	Precipitation: ERA5
	0.25
°
	Daily; 1979 —current
	ERA549

	Precipitation: MSWEP
	0.1
°
	Daily; 1979 —current
	MSWEP50

	Land Surface Phenology
	1km
	Every 8 days (Aqua and Terra); 2003–2017
	MODIS NDVI37

	Reference Evapotranspiration
	0.625°
 x 0.5
°
	daily; 1980-present
	NOAA ETo51

	Soil Properties
	250 m
	Static
	ISRIC36

	Interception
	250 m
	Static 
	MODIS VCF52

	Runoff (surface and sub surface and total runoff) (FLDAS)
	1km
	Monthly; 2000-2020
	FLDAS41

	Global RUNoff ENSEMBLE (G-RUN ENSEMBLE)
	0.5°
	Static
	G-RUN53

	HRU and river segments
	3-arc- second
	Static
	HDMA55

	Discharge data (GRDC)
	-
	Multiple date availability
	GRDC54



Data Records
The VegHydro v1 dataset is a comprehensive hydrological dataset that offers monthly and annual discharge data across Africa from the year 2000 to 2021. This dataset is derived from the VegET hydrological model coupled with the mizuRoute routing framework. The VegET model simulates high-resolution (1-km x 1-km) monthly gridded data, including deep drainage (subsurface runoff), surface runoff, and total runoff for the African continent, collectively called VegHydro v1 dataset. This model is forced by multiple previously mentioned (see Table 2) precipitation datasets, such as CHIRPS, ERA5, and MSWEP, to cater to different hydrological analyses.
In addition to gridded runoff data, the VegHydro v1 dataset includes annual routed discharge data for over 64,000 river segments in Africa. This is achieved using various routing algorithms, including Direct Wave (DW), Kinematic Wave (KW), Kinematic Wave with TranslationTracking (KWT), Muskingum-Cunge (MC), and Instantaneous Response Function (IRF), to capture the diversity in discharge behavior across different river systems. Each river segment within the dataset is uniquely identified by a 'seg_id', allowing for detailed spatial analyses. The discharge values are presented in columns corresponding to each year from 2000 to 2021.	Comment by Carter, Janet M.: Previously, this was called “Diffusive.” Which is correct? Please be consistent. Because this has already been defined, you wouldn’t need to redefine and could simply use DW.	Comment by Carter, Janet M.: All of these have previously been defined. Although it doesn’t hurt to redefine as long as you use the same words used previously, you could simply use the abbreviations here.

I will say that there are so many acronyms used in this paper that it is distracting and makes for a difficult read.	Comment by Carter, Janet M.: Previously, this was “Tracking.” Which is correct? Please be consistent.
The data are stored in NetCDF format for the gridded monthly runoff and shapefile format for the annual total discharge, both of which are immediately available for download (see described below) to facilitate their use in water resource management, climate change studies, and various other hydrological analyses. However, the monthly routed discharge data areis a critical component of the VegDischarge v1 dataset that provides a detailed temporal resolution of discharge patterns and is made available upon request. This provision ensures that researchers and policymakers have access to the most relevant and detailed information for their specific needs.	Comment by Carter, Janet M.: Why not include this with the dataset? 
The complete VegHydro dataset, is made available on the U.S. Geological Survey ScienceBase and can be accessed via the following DOI linkat: https://doi.org/10.5066/P14H6TFY56. 	Comment by Carter, Janet M.: The platform (ScienceBase) is not necessary to mention.

Technical Validation
In the technical validation of the model, several statistical measures are used to evaluate its performance. The Nash-Sutcliffe efficiency (NSE)57 (Eq. 8) is a key metric that assesses the predictive power of the model, with values closer to 1 indicating higher accuracy. The Kling-Gupta Efficiency (KGE)58 (Eq. 9) is another measure, developed to provide a more nuanced understanding of the model's performance by analysing the correlation, bias, and variability in the simulated and observed data. The Percent Bias (PBIAS) (Eq. 10) is also employed used to assess the model's accuracy. PBIAS measures the average tendency of the simulated data to be larger or smaller than their observed counterparts, indicating the overall bias in the model's predictions. A PBIAS value close to zero indicates an accurate model, whereas positive or negative values reveal the degree and direction of bias.. Lastly, the Ccoefficient of dDetermination (R²) (Eq. 11) is used, offering insight into the correlation strength between the observed and simulated values. These metrics collectively offer a comprehensive evaluation of the model's predictive capabilities in the context of hydrological modelling.
                                                                                                                           (8)
                                                                                     (9)
                                                                                                             (10)
                                                                                                     (11)
where n is the total number of time-steps,  is the simulated value at time-step t,  is the observed value at time-step t, and  and  are the mean and standard deviation, respectively, of the observed values, whileand  is the mean of the simulated values. 
;  is the ratio between the mean simulated and mean observed flows; where  is the linear correlation coefficient between  and ; ;  where the quantity a is a measure of relative variability in the simulated and observed values.

Annual Discharge evaluation
 Fig. 4 illustrates a comprehensive performance evaluation of the VegET-mizuRoute discharge (hereafter called VegDischarge v1) for selected river basin outlets near the oceans, demonstrating its efficacy in simulating annual discharge across various African river basins. While Although the model performed well across the board, certain nuances in basin-specific hydrology have led to variations in accuracy. Notably, the model slightly underestimated the annual discharge of the Congo River bBasin (long -term average of 1100 km3·.year-1 from VegDischarge data compared to 1200 km3·.year-1), the largest contributor to Africa's total river flow, accounting for approximately 30% of the continent's discharge59. Our estimates suggest indicate an annual discharge of around 1100 km³·.year-1, which falls short of the observed 1200 km³·.year-1 59. This underestimation may be attributed to the complexity of the Congo River bBasin's hydrological processes60, which the VegET component of the model struggled to fully capture. 	Comment by Carter, Janet M.: This sentence is redundant with the previous sentence. Suggest delting this sentence.
Conversely, the discharge into the Mediterranean Sea from the Nile River Bbasin was overestimated by 156 km³·.year-1against 38 km³·.year-1suggested by Struglia et al.61 (note that other studies suggest a value of 2.5-4.0 km³·.year-1 62). Despite the model's calibration to observed flows, it tends to simulate a naturalized flow scenario for many basins. In the case of the Nile River, the important human withdrawals within Egypt62 and Sudan (estimated for both countries to about 84 km³·.year-1 for irrigation alone with reference to 201163) are not accounted for in the model, leading to a simulated discharge that is considerably higher than the actual flow reaching the Mediterranean. Given Egypt's heavy reliance on the Nile River for its water needs, the disparity between the simulated and actual flows into the sea emphasesizes the importance of incorporating human water use and management practices into the model for a more accurate representation of discharge volumes.

[image: ]Fig. 4. Performance evaluation of the VegDischarge v1 data for selected African river basins. The scatter plot a) compares the annual observed discharge (x-axis) with the simulated discharge (y-axis) from the VegDischarge v1 data for selected river basin outlets discharge into the seas in Africa. Inset b) provides a detailed view of basins with lower discharge volumes (≤ 70 km3·.year-1), and c) shows the African map with considered basins. R²=coefficient of determination; NSE=Nash-Sutcliffe efficiency; KGE=Kling-Gupta Efficiency; PBIAS=Percent Bias.	Comment by Carter, Janet M.: All river basins should be labelled in map c) because all geographic names mentioned should be shown and labelled on at least one map.
Fig. 5 presents an expansive evaluation of the VegDischarge v1 performance using a comprehensive dataset of 242 Global Runoff Data Centre (GRDC)54 stations spread across Africa with different time periods of data availability. The scatter plot demonstrates the model's ability to simulate annual total discharge with high fidelity when compared to observed data, as indicated by robust performance metrics: R² value of 0.97, NSE of 0.95, a KGE of 0.84, and a PBIAS of 1.2%. These statistics suggest indicate that the model's simulations align closely with observed runoff patterns across various hydrological environments and temporal data availability within the continent.
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Fig. 5. Comprehensive validation of the VegDischarge v1 across Africa uUsing GRDC data. Fig. 5a) contrasts observed annual total discharge data from 242 Global Runoff Data Centre (GRDC)54 GRDC stations with simulated values from the VegDischarge v1 data, reflecting the model's high accuracy in replicating discharge across varying hydrological contexts and time frames within the African continent. The inset b) zooms in on stations with lower discharge volumes (≤ 30 km3.·year-1), ensuring a granular analysis of model performance in smaller basins, and c) shows the African map with the locations of the gauge stations. R²=coefficient of determination; NSE=Nash-Sutcliffe efficiency; KGE=Kling-Gupta Efficiency; PBIAS=Percent Bias.
Fig. 6&7 shows a regional analysis of the VegDischarge v1 performance in North Africa and the Nile River Basin within Egypt and Sudan, respectively. Fig. 6 focuses on Morocco, Algeria, and Tunisia, where a divergence from the 1:1 line is evident, indicating discrepancies between observed and simulated flows. This divergence is reflective of the historical dataset used from the GRDC54, which spans several decades prior to the period modeled by VegET/mizuRoute (2000-2021). Given the years of drought in North Africa64,65, these discrepancies, particularly in magnitude, can be attributed to changes in hydrological patterns over time66. Despite this, the R², KGE, and NSE values remain within values ≥ 0.5 indicating  the model’s ability to capture the overall variability of the hydrological regime. Fig. 7 shows the performance in Egypt and Sudan, where there is a notable overestimation of downstream flows are notably overestimated. This overestimation is due to the model's representation of naturalized flow, which does not account for substantial human withdrawals, especially in Egypt, where the Nile River is extensively utilized for agricultural and domestic purposes. However, for basins located downstream, the model reflects more accurately the observed flows, mainly in Sudan (See refer to Fig. 7a).	Comment by Carter, Janet M.: No dates are given in table 2 for GRDC, so please add the time span for this dataset here (what is meant by historical?)
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[bookmark: _Hlk172135108]Fig. 6. Regional comparison of simulated discharge by VegDischarge v1 to observations from various years of historical data availability in the Global Runoff Data Centre (GRDC)54GRDC database for North Africa. Panel a) depicts the model's performance in Morocco, Algeria, and Tunisia, showing less agreement with observed data due to historical hydrological changes and droughts in the years 2000-202165. Panel b) shows the spatial distribution of 23 GRDC gauge stations in North Africa. R²=coefficient of determination; NSE=Nash-Sutcliffe efficiency; KGE=Kling-Gupta Efficiency; PBIAS=Percent Bias.
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Description automatically generated with medium confidence]	Comment by Carter, Janet M.: The text in the explanation is hard to read. Please enlarge as much as possible.
Fig. 7. Regional comparison of simulated discharge by VegDischarge v1 to observations from various years of historical data availability in the Global Runoff Data Centre (GRDC)54GRDC database for the Nile River bBasin. Panel a) illustrates overestimated downstream flows in Egypt and Sudan due to the model's naturalized flow representation not accounting for human withdrawals, although it captures observed flows accurately in lower basins. Panel b) shows the spatial distribution of 9 GRCD gauge stations in the Nile River bBasin. R²=coefficient of determination; NSE=Nash-Sutcliffe efficiency; KGE=Kling-Gupta Efficiency; PBIAS=Percent Bias.
Blank due to formatting

VegDischarge v1 performance in East and Southern Africa, based on the observed vs. simulated discharge data from GRDC stations, is presented in Fig. 8&9. Fig. 8a) showcases the model's performance in East Africa, based on data from 30 GRDC stations. The scatter plot indicates a good agreement between observed and simulated discharge values, with an R² of 0.72, which suggests indicates that the model explains the variance in the observed data. The NSE of 0.68 and KGE of 0.61 further confirm the model's satisfactory performance in this region. However, Tthe PBIAS of -7.6%, however indicates a slight underestimation of the observed flows by the model, which is more evident for gauges with flows ≤ 18 km3·.year-1 (Fig. 8b). Fig. 9a) provides a visualization of the model's performance in Southern Africa, utilizing data from 51 GRDC stations. The model demonstrates a strong correlation with observed data, as evidenced by the R² of 0.82. The NSE of 0.82 and KGE of 0.78 reflect a high level of accuracy in the model's simulations relative to the observed flows. However, the PBIAS of 20.4% points to a more substantial overestimation of discharge for some stations in this region, especially at the gauges with discharge ≤ 0.7 km3.·year-1 (Fig. 9b). The hydrological extremes observed in East and Southern Africa, evidenced by contrasting episodes of droughts and floods, may not be adequately captured by VegDischarge v1 due to several factors. In regions such as the Horn of Africa and Southern Africa, recurrent drought conditions (drought has prevailed in Greater Horn of Africa during much of the period 2008-201167,  while in Southern Africa, one drought occurred every three to five years in the period from 1980 to 200768) can impact affect the parameterization of hydrological models, leading to underestimation of actual water stress69,70.	Comment by Carter, Janet M.: REQUIRED: This is not what is given on figure 8: 0.68. Which one of these is correct? Please resolve.	Comment by Carter, Janet M.: REQUIRED: This also does not match what is shown on figure 8: -7.5%. Please resolve.
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Description automatically generated with medium confidence]	Comment by Carter, Janet M.: The text in the gauges explanation is hard to read. Please enlarge as much as possible.	Comment by Carter, Janet M.: REQUIRED: Refer to comment on p. 18. The R2 value on this figure does not match what is given in the text: 0.72. Please resolve discrepancy. 

REQUIRED: Also, the PBIAS number does not match what is given on p. 18 in the text: -7.6. Please resolve.
[bookmark: _Hlk172184820]Fig. 8. Regional comparison of simulated discharge by VegDischarge v1 to observations from various years of historical data availability in the Global Runoff Data Centre (GRDC)54 GRDC database East Africa (Panel a), while b) zooms in on stations with lower discharge volumes (≤ 18 km3·.year-1). Panel c) shows the spatial distribution of 30 GRDC gauge stations in East Africa. R²=coefficient of determination; NSE=Nash-Sutcliffe efficiency; KGE=Kling-Gupta Efficiency; PBIAS=Percent Bias.
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Description automatically generated]	Comment by Carter, Janet M.: The text in the gauges explanation is hard to read. Please enlarge as much as possible.

Fig. 9. Regional comparison of simulated discharge by VegDischarge v1 to observations from various years of historical data availability in the Global Runoff Data Centre (GRDC)54 GRDC database for Southern Africa (Panel a). Panel b) zooms in on stations with lower discharge volumes (≤ 0.7 km3.·year-1). Panel c) shows the spatial distribution of 51 GRDC gauge stations in Southern Africa. R²=coefficient of determination; NSE=Nash-Sutcliffe efficiency; KGE=Kling-Gupta Efficiency; PBIAS=Percent Bias.
Fig. 10&%11 offer a comprehensive analysis of the VegDischarge v1 performance in West and Central Africa based on GRDC station data. Fig. 10a) reflects the performance in West Africa with data from 73 GRDC stations. The scatter plot shows a high coefficient of determination (R²) of 0.83, indicating a strong linear relationship between the observed and simulated discharge. The Nash-Sutcliffe efficiency (NSE) of 0.83 and Kling-Gupta Efficiency (KGE) of 0.7 suggest indicate the model's simulations are in good agreement with the observed data. However, the positive Percent Bias (PBIAS) of 28.4% indicates an overestimation in the simulated discharge, with bias higher for gauges with ≤ 10 km3.·year-1 (Fig. 10b). Fig. 11a) depicts the model's performance in Central Africa, where data from 56 GRDC stations were used. Here, the model achieves an impressive R² of 0.96 and an NSE of 0.96, suggestingindicating excellent model accuracy and predictive power. The KGE value of 0.76 further confirms the strong performance. The PBIAS of -15% suggests indicates a moderate underestimation of discharge volumes, which could be due to factors not captured by the model. Furthermore, the complexity of capturing high-intensity rainfall that leads to flooding, especially in regions like the Congo River bBasin, poses a challenge. Bias in the model's ability to simulate surface runoff in tropical rainforests contributes to discrepancies in flood estimation71. More specifically,  underestimation of surface runoff by the VegET model in tropical rainforests, such as the Congo River bBasin, can be attributed to several key factors: (1) Hhigh vegetation density in these regions increases interception and evapotranspiration, posing challenges for models to accurately capture the complex interactions between vegetation and water processes, leading to runoff underestimation42; (2) tropical regions such as Congo River bBasin often experience high-intensity rainfall events, which can be difficult for models like VegET to simulate accurately, resulting in potential underestimation of rapid surface runoff generation during such storms 43;  (3) precipitation recycling, where moisture evaporated from the land contributes to local precipitation. The Amazon and Congo River bBasins have the highest precipitation recycling rates globally, and inaccuracies in modeling this process can lead to further underestimations of surface runoff44–46. Collectively, these factors contribute to the observed underestimation of surface runoff in tropical rainforest regions by the VegET model.
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Description automatically generated with medium confidence]	Comment by Carter, Janet M.: The text in the gauges explanation is hard to read. Please enlarge as much as possible.
Fig. 10. Regional comparison of simulated discharge by VegDischarge v1 to observations from various years of historical data availability in the Global Runoff Data Centre (GRDC)54  GRDC database for West Africa (Panel a). Panel b) zooms in on stations with lower discharge volumes (≤ 10 km3·.year-1). Panel c) shows the spatial distribution of 73 GRDC gauge stations in West Africa. R²=coefficient of determination; NSE=Nash-Sutcliffe efficiency; KGE=Kling-Gupta Efficiency; PBIAS=Percent Bias.
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Description automatically generated]Fig. 11. Regional comparison of simulated discharge by VegDischarge v1 to observations from various years of historical data availability in the Global Runoff Data Centre (GRDC)54GRDC database for Central Africa (Panel a). Panel b) zooms in on stations with lower discharge volumes (≤ 50 km3·.year-1). Panel c) shows the spatial distribution of 56 GRDC gauge stations in Central Africa. R²=coefficient of determination; NSE=Nash-Sutcliffe efficiency; KGE=Kling-Gupta Efficiency; PBIAS=Percent Bias.


Monthly discharge evaluation
We assessed skills of monthly discharges simulated by VegDischarge v1 throughout Africa for the period (2000-2021). In Fig. 12, we compared two routing algorithms, Kinematic Wave (KW) (Fig. 12a) and Kinematic Wave Tracking (KWT) (Fig. 9Bb) routing algorithms using monthly discharge data of the GRDC dataset. The spatial distributions delineate areas where the model accurately simulates discharge versus regions where model performance is suboptimal. Fig. 12a&b show that VegDischarge v1 data for northern Africa and the Horn of Africa are less accurate (R2 <0.3) as compared to other regions due to reasons previously discussed. Histograms in Fig. 129Cc and 912Dd categorize the number of stations by R² intervals for the KW and KWT algorithms, respectively, revealing the distribution of model performance metrics. Most stations are clustered in the higher R² categories (0.7-0.9) (Fig. 12c&d), suggesting indicating a robust model agreement with observations. Yet, a number ofseveral stations fall into lower R² categories, with 78 stations for KW and 77 stations for KWT being below 0.5, indicatinges regions where model improvements are necessary, potentially due to structural model issues, data quality, or complex regional hydrological phenomena such precipitation recycling44–46 not adequately captured. The findings imply that stations with low R² would benefit from refined calibration processes, integrating specific hydrological behaviors and catchment characteristics. These insights could also inform targeted enhancements in data collection to diminish uncertainties and refine model inputs, thereby advancing the model's utility for hydrologists and water resource managers. 
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Fig. 12. Spatial distribution and frequency of coefficient of determination (R²) values for VegDischarge v1 performance from 2000-2021 using Kinematic Wave (KW) and Kinematic Wave Tracking (KWT) routing algorithms. Panels a) and b) map the R² values for each Global Runoff Data Centre (GRDC)54 GRDC station using KW and KWT routing, respectively, while Panels c) and d) show the number of stations within specific R² bins, illustrating the model's performance ranges across Africa.
Blank due to formatting

Spatial distribution of VegDischarge v1 
The spatial distribution of monthly average discharge  derived from the VegDischarge v1 for the period 2000-2021 is depicted in a series of maps representing each month of the year (Fig. 13). These maps illustrate the dynamic nature of river discharge across major African river basins, including the Niger, Congo, Nile, Zambezi, Orange, Volta, Senegal, and Ogoue. During the periods from November through April, high flow conditions are primarily simulated in river basins situated below south of the equator, with the notable exception of the Niger and the Nile rRivers, where large discharge areis observed. This pattern aligns with the southern hemisphere's wet season, which is influenced by the seasonal migration of the Intertropical Convergence Zone (ITCZ). As the ITCZ shifts southward, it brings increased precipitation rates, contributing to higher river flows.. Conversely, from May to October, the high flow regimes shift predominantly to the Congo River Basin and extend to rivers above north of the equator. This transition corresponds with the northern hemisphere's wet season, particularly impacting affecting the West African monsoon system, which influences discharge rates in rivers such as the Niger, Senegal, Gambia, and Volta. This climatological pattern underscores the influence of seasonal precipitation variations driven by the ITCZ across the continent. The equatorial rivers, especially the Congo River, exhibit less variability in discharge throughout the year, reflecting the region's precipitation patterns. In contrast, the seasonal patterns of  the Niger and Zambezi Rivers exhibit marked fluctuations that correspond to their respective wet and dry seasons. The VegDischarge v1 depiction of average discharge offers valuable insights for water resource management, highlighting the temporal and spatial variations in water availability. Understanding these patterns is critical for the planning and operation of water-related infrastructure, such as dams and irrigation systems, and for the formulation of strategies to mitigate the impacts effects of both floods and droughts within the basins.
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Fig. 13. Monthly average of discharge in major African river basins (2000-2021) derived from the VegDischarge v1. These maps present the monthly distribution of river discharge across Africa, revealing the seasonal dynamics of flow in major river basins. High flow periods below south of the equator from November to April and above north of the equator from May to October are highlighted, illustrating the influence of latitudinal shifts in precipitation patterns on river discharge.	Comment by Carter, Janet M.: Please add the equator to the maps (or at least one of them).
Fig. 14 offers a comprehensive representation of the total annual average annual discharge across African river networks, delineated using the Kinematic Wave (KW) routing approach for the period 2000-2021. The lighter hues in Fig. 14 a&b correspond to higher discharge volumes, predominantly concentrated along the main streams of Africa's largest rivers, including the Nile, Congo, Zambezi, and Niger Rivers. This visual contrast reveals the disparity in flow magnitude across the continent's diverse hydrological landscapes. The histograms in Fig. 14c&d categorize the total of 64,000 river segments into discrete discharge bins, reflecting the hydrological activity of the river network. The majority of river segments fall into the lowest discharge bin (less than 0.4 km³·.year-1), indicating a predominance of low-flow conditions within the network. These segments, accounting for the vast majority of the network's total, likely represent smaller streams and ephemeral rivers, particularly prevalent in arid and semi-arid regions (Sahel, Sahara, arid Northen Africa, Horn of Afrca, and the majority of southern Africa).	Comment by Carter, Janet M.: KWT is also shown on figure 14. Why isn’t that mentioned here?	Comment by Carter, Janet M.: All geographic regions mentioned in manuscript should be labelled on at least one map figure. 
This dominance of low-flow segments is representative of the extensive arid zones across Africa, such as the Sahara and Sahel in the north, the Kalahari in the south, and parts of the Horn of Africa. These regions are characterized by water scarcity, which is exacerbated by recurrent drought conditions72,73, contributing to the complex challenges of water resource management and sustainable development. The histograms underscore the hydrological contrast between these arid regions and the more water-abundant equatorial and tropical zones. The relative scarcity of river segments within higher discharge bins shows the concentration of water resources in fewer, larger river systems. These systems play a critical role in supporting the socio-economic activities, ecosystems, and biodiversity of the continent. Furthermore, the distribution of river segments across discharge bins conveys the vulnerability of African regions to hydrological extremes. The arid and semi-arid zones, including the Sahara, Sahel, and the Horn of Africa, are particularly susceptible to the impacts effects of climate variability, with recurrent droughts threatening water security, food production, and livelihoods. 	Comment by Carter, Janet M.: All geographic regions mentioned in manuscript should be labelled on at least one map figure.
In summary, the VegDischarge v1 discharge average across African river segments highlights the continent's intricate hydrological patterns and the stark disparities in water availability. The prevalence of low-flow conditions across the majority of river segments accentuates the pressing issues of water scarcity, particularly in arid and drought-prone regions, necessitating strategic water management and adaptation measures to secure water for both human and ecological needs.
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Fig. 14. Distribution of annual average annual discharge in African river segments (2000-2021). Panels a) and b) display the spatial variation of discharge across the continent, with lighter colours indicating higher flows. Panels c) and d) detail the number of river segments within specific discharge bins, revealing a predominance of low-flow conditions and emphasizing the hydrological challenges faced by arid and drought-affected regions in Africa.

Comparing VegDischarge v1 with global model estimates
Fig. 15 visualizes the total annual average annual discharge from the African continent to the surrounding oceans, as simulated by the Kinematic Wave (KW) routing algorithm over the period from 2000 to -2021. The map highlights the African river networks and quantifies the cumulative discharge into the Mediterranean Sea, South Atlantic Ocean, and Indian Ocean. The total outflow to all oceans is quantified at 3238.1 km³. ·year-1, which is comparable to other studies as reported in Table 3. These studies utilize various models and approaches to estimate discharge, each with unique factors affecting their outputs. For instance, Nijssen et al.74 employed used the Variable Infiltration Capacity (VIC) model, which uses macroscale hydrologic modeling calibrated for specific river basins and then extrapolated to broader regions based on Köppen climate zones. This reliance on climate zone calibration may introduce variability in regions with complex hydrological dynamics. Oki et al.75 integrated multiple land surface models to estimate annual runoff, emphasizing total runoff pathways, potentially introducing biases due to uncorrected runoff estimates. Sheffield and Wood76 used the VIC model for soil moisture simulation and drought index derivation based on observation-based meteorological data, which may differ from the high-resolution remote sensing data utilized in VegDischarge v1. Van Vliet et al. 77,78 combined hydrological and water temperature models, adding complexity not directly addressed in VegDischarge v1. Dai et al.79 used community land surface models to fill gaps in river discharge data, relying heavily on regression methods and correlations between precipitation and river discharge, which may not capture all hydrological processes accurately. Syed et al.80 used Gravity Recovery and Climate Experiment (GRACE)-derived water storage changes with reanalysis data to estimate freshwater discharge, providing an integrated land-atmosphere water balance perspective. Döll et al.81 employed used the WaterGAP Global Hydrology Model, focusing on surface runoff, groundwater recharge, and river discharge, emphasizing different hydrological components compared to VegDischarge v1.	Comment by Carter, Janet M.: Glad to see that these are labelled on figure 15.	Comment by Carter, Janet M.: Please cite a reference for these zones.	Comment by Carter, Janet M.: Please define for completeness
In contrast, VegDischarge v1 utilizes a high-resolution (1- km grid) VegET model coupled with the mizuRoute framework, providing detailed hydrological dynamics across more than 64,000 river segments. This high-resolution modeling offers a granular view of surface and subsurface runoff processes, enhancing the accuracy of discharge estimations. Additionally, the VegDischarge v1 dataset spans the period of 2000-2021, making it more relevant for contemporary hydrological and climatic studies compared to previous studies with earlier time frames. These differences in methodologies, input data, model configurations, and temporal coverage highlight the unique contributions of VegDischarge v1, providing a robust and detailed hydrological dataset for Africa that accounts for the continent's diverse and dynamic water systems.
[bookmark: _Hlk172124630]Table 3. Comparing the VegDischarge v1 data of 3238.1 km³.·year-1 (2000-2021) with estimated discharge (in km3· year-1) from previous studies for different time periods.	Comment by Carter, Janet M.: The abbreviation “yr” is not used elsewhere in paper, so please write out “year” for consistency.
	Reference
	Approach
	Period
	Africa
	World

	Nijssen et al.74
	Variable Infiltration Capacity (VIC) land surface model, a macroscale hydrologic model (MHM) was used to calibrate selected river basins. The calibrated parameters were then transferred to Köppen climate zones over the globe.

	1979–1993
	3,640
	36,103

	Oki et al.75
	Annual water availability was derived from annual runoff estimated by multiple land surface models using total runoff integrating pathways. Results may have biases due to uncorrected estimates of runoff.

	1987–1988
	3,616
	29,485

	[bookmark: _Hlk171958557]Sheffield & Wood76
	VIC land surface model simulation was used for soil moisture and derivation of drought Index, forced by the observation-based meteorological data set.	Comment by Carter, Janet M.: This is one word elsewhere in paper.

	1950–2008
	3,540
	45,300

	Van Vliet et al.77,78
	Hydrological-water temperature modeling framework was developed based on the VIC land surface model and one-dimensional stream temperature model.

	1960–2001
	2,990
	49,680

	Dai et al.79
	Analysis and production of monthly river discharge data of 925 rivers. River discharge data gaps were infilled with estimates derived using the community land surface model’s simulated river discharge through regression, which makes use of precipitation data and the correlation between precipitation and river discharge.

	1949–2004
	3,530
	36,690

	Syed et al.80
	Monthly estimates of freshwater discharge using Gravity Recovery and Climate Experiment (GRACE) derived monthly terrestrial water storage changes in a combined land-atmosphere water mass balance, using ECMWF global reanalysis data.

	1994–2006
	2,520
	28,590

	Syed et al.80
	Monthly estimates of freshwater discharge using Gravity Recovery and Climate Experiment (GRACE) derived monthly terrestrial water storage changes in a combined land-atmosphere water mass balance, using NCEP–NCAR global reanalysis data.	Comment by Carter, Janet M.: Please define

	1994–2006
	4,720
	30,350

	Döll et al.81
	Used the WaterGAP Global Hydrology Model to compute surface runoff, groundwater recharge, and river discharge.
	1961–1990
	3,529
	36,687


The distribution of the 3238.1 km³·.year-1 to the various oceans is as follows:
· The North Atlantic is particularly influenced by the discharge from the Senegal, Gambia, and Volta Rrivers in West Africa. These rivers contribute to the freshwater input into the North Atlantic, affecting regional ocean circulation and ecosystems82. The contribution to the North Atlantic Ocean is about 989.9 km³·.year-1.
· The South Atlantic Ocean receives the largest discharge from the African continent (1313.7 km³·.year-1), accounting for 40.6% of Africa's total river discharge. This substantial outflow is mainly attributed to the discharge Congo River, which is one of the world's most voluminous rivers, contributing to the freshwater input into the Atlantic.
· The Mediterranean Sea receives 212.5 km³·.year-1, making up 6.6% of the total discharge. This is primarily through the Nile River, which is the longest river in the world and serves as the primary source of water for several North African countries before it drains into the Mediterranean.
· The Indian Ocean's share is 722 km³·.year-1, which is 22.3% of the total discharge. Major flow contributions come from rivers such as the Zambezi River, which flows through several East and Southern African countries, and other rivers along the Swahili coast.	Comment by Carter, Janet M.: This region should be labelled on at least one of the map figures.
The discharge into these oceans reflects the hydrological regime of the continent, influenced by climatic patterns, watershed characteristics, and temporal variations in rainfall. The Congo River's substantial contribution to the South Atlantic Ocean results from the high rainfall in the Congo River Basin. In contrast, the Nile River's flow, which is heavily regulated by the dams and diversions for human consumption and irrigation, into the Mediterranean Sea is characterized by its extensive catchment area, which traverses various climatic zones and includes the complex management of its waters through dams and irrigation systems. This spatial distribution of river discharge has implications for marine environments, as it influences oceanic salinity, nutrient fluxes, and sediment transport. For the continent, these rivers are vital for agriculture, industry, and urban water supply, and their flows are used for improving the economies and livelihoods of millions of people.
[image: A map of africa with water streams
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For the text associated with each of the waterbodies, there should be a space before the opening parenthesis, then no space between the opening parenthesis and the value. Also, suggest moving the text for the Mediterranean Sea (212.5) a little to the right because the first “2” is somewhat obscured because it touches the continent.
Fig. 15. Total annual average annual discharge from Africa to adjacent oceans (2000-2021). This map delineates the discharge of African rivers into the Mediterranean Sea, North and South Atlantic Ocean, and Indian Ocean, revealing the proportional contributions of each basin to the corresponding marine environments. 

Usage Notes
Despite extensive calibration and evaluation of the VegET and mizuRoute models across Africa's diverse climates, landscapes, and hydrological conditions, further refinement is possible. Notably, observed data for calibration were predominantly available for larger basins at their outlets, where model results tend to be more accurate. The discharge has been routed for over 64,000 river segments, yet smaller and ungauged coastal basins remain uncalibrated and ideally wshould be considered in their naturalized state, necessitating prior evaluation to comprehend their limitations fully.
Additionally, the modeling did not account for reservoir influence and water withdrawals, which may lead to overestimated flow predictions downstream in certain basins, such as the Nile River Basin, particularly in Sudan and Egypt. The VegDischarge v1 dataset includes discharge data based on three precipitation datasets: CHIRPS, ERA5, and MSWEP. However, CHIRPS based discharge is recommended for use becauseas it has shown improved performance, especially in the Congo River bBasin, in comparison to ERA5 and MSWEP based discharges.
Finally, mizuRoute provides five routing algorithms for flow simulation: Impulse Response Function-Unit Hydrograph (IRF), Kinematic Wave Tracking (KWT), Kinematic Wave (KW), Muskingum-Cunge (MC), and Diffusive Wave (DW). Although VegDischarge v1 data are makde available for all 5 models, for broader applications, the usage of KWT or KW is suggested to yield the best results. Users are encouraged to select the routing algorithm that best fits their specific study context and to perform their own validation when applying the model outputs to new regions or applications.

Code Availability
The computational codes employed used for evaluation and the generation of graphical outputs in this study are openly accessible to ensure transparency and reproducibility of our results. The complete set of codes can be found at the following GitHub repository: https://github.com/AKPOTI/Hydro-Discharge-Paper. The VegET model, developed by USGS, is made available to the scientific community through the USGS ScienceBase portal provided at https://code.usgs.gov/eros_hydro/veget_model. For the mizuRoute routing framework, the source code and related resources are hosted on GitHub by the Earth System CoG and can be accessed at https://github.com/ESCOMP/mizuRoute. In addition, the data areis available in a data release at https://doi.org/10.5066/P14H6TFY.	Comment by Carter, Janet M.: Note that model code is not provided through ScienceBase so please delete that.
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Based on 23 GRDC stations in North Africa

R?=0.65

NSE
KGE

0.65
0.65

PBIAS (%) = 9.6

N
4

—
\
N\

7 b) 23 GRDC stations

:\
I

—

©

D

>

o

-

x V4
'

S

(¢))

e

©

=

E

wn in North Africa

% Z

) o gl
PA ;
§ . o e N Ty
. w ¢ 4"" A S
i < A \\ : ( oot

&}'z >

A A }{ 5}'@ v
it J//%/” s

A K{H}«, fyrf
’ﬁ&w%g @;&%ﬁ

0 1 2
Observed (km*-year™)

“{/ffd ;}ﬁ ﬁ% %ﬁﬁ

\,

§A ) P 7 3 | \x ’/}’; ./, ‘ ‘ "é/;@:;' /\; J{ .\“v

?"

Sebou at Ain Timedrine

El Abid at Ait Ouchene

Rhiou at Ammi Moussa

® ¢ p o B

Sebaou at Baghilia

@  Isser at Bensekrane

O
[]

Melah at Bouchegouf

Moulouya at Dar el Caid

Sebou at Azib Soltane <> Oum er Rebia at Dechra el Oued A

A Mazafran at Fer a Cheval

v Mejerdah at Ghardimaou

Merguellil at Haffouz
Joumine at Jebel Antra
Mellegue at K13

L 4

Isser at Lakhdaria

‘ Bouregreg at Lalla Chafia
() OuerghaatM Jara
O Rhumel at Oued Athmania

| Mina at Oued El Abtal

Ouergha at Ourtzagh

A Tafna at Pierre du Chat

v Zeroud at Sidi Saad

Bouselam at Sidi Yahia




image7.jpeg
a) Scatter plot of observed vs simulated
Based on 8 GRDC stations in Egypt and Sudan
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a) Scatter plot of observed vs simulated
Based on 30 GRDC stations in East Africa
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a) Scatter plot of observed vs simulated
Based on 51 GRDC stations in Southern Africa
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a) Scatter plot of observed vs simulated
Based on 73 GRDC stations in West Africa
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a) Scatter plot of observed vs simulated
Based on 56 GRDC stations in Central Africa
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b) Total annual average discharge

a) Total annual average discharge
Kinematic Wave Tracking (KWT) routing for 2000-2021
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North Atlantic Ocean

Total annual average discharge

Kinematic Wave (KW) routing for 2000-2021
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