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We would like to express our gratitude for the constructive and helpful comments from you and 

the two reviewers. They have contributed to substantial improvements in our manuscript.  

Please find below the review comments (in black) and replies (in purple). The section, figure and 
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Referee 2: Anonymous referee 

Dear Dr., Anonymous Referee #2,   

We would like to thank you for your time and effort to review the manuscript. It is very nice to hear that 

you enjoyed reading the article and that you refer to the article as a “landmark study”. 

Please find your comments below (in black) and our replies (in purple). The section, figures and table 

numbers refer to the original pre-print manuscript version. 

With kind regards, and on behalf of all co-authors,  

Tarun Sadana 

Reply to Anonymous referee #2 

 

General comments 

I enjoyed reading the article by Sadana et al. which presents a landmark global validation of the open-

source SFINCS hydrodynamic model using 499 historical riverine flood events. The study demonstrates 

that while SFINCS achieves a mean CSI of 0.39 using simulated discharges, performance is highly 

sensitive to input data quality and basin scale. The fully automated and reproducible, open-source 

workflow, which couples SFINCS with global hydrological models, represents a valuable contribution to 

the topic.  

 

Overall the article is well written, using grammar and English wording adequate to the standards of a 

scientific journal. Models and data used are mostly open source, which is appreciated. Main concerns 

about this work are detailed below, followed by a list of more specific comments. 

Thank you for these helpful comments. 

We appreciate the reviewer’s positive evaluation of the study and the recognition of the contribution of 

the open and reproducible modelling framework. We also acknowledge the concerns raised regarding the 

coherence and applicability of some of the input datasets and the framing of the resulting limitations. 

 

The main criticism is related to the appropriateness and coherence of the data used, which lead to results 

and limitations that are discussed as if they were findings of the work, though many of them could have 

been well foreseen since the start. In fact some choices taken sound as if the authors did not fully 

analyzed the range of use of each data source. For example, discharges derived from GloFAS v.4 are, 

according to the published documentation, meaningful for river basins larger than 500 km^2 (see 

Grimaldi et al., 2022 and Baugh et al., 2024), due to relatively coarse resolution of the model and even 



more of the meteorological input data. Here such data is used to model floods in basins in over 60% of 

cases smaller than 500km^2 (according to Table 3), later on reporting a tendency of GloFAS discharges 

to underestimate peak flows with selected return periods. This suggests a non optimal knowledge and use 

of the data. Similarly, I found it sub-optimal the choice to model inundation at 30m resolution in 

relatively small basins and then aggregate the output to 250m to be evaluated versus MODIS data. The 

comment made by the authors on using higher resolution data from SAR based products could have been 

addressed already in this stage of the work, rather than proposing it as an improvement for future works. 

 

We thank the reviewer for this very useful comment. The primary objective of this study is to 

evaluate the performance of the SFINCS hydrodynamic automated modelling framework under 

globally available datasets and automated workflows, reflecting the conditions under which 

large-scale flood modelling systems are often applied. As such, the analysis intentionally 

includes events across a wide range of basin sizes and geographic contexts, even where the input 

data may fall outside the optimal applicability range of certain datasets. We acknowledge that 

this objective was not sufficiently emphasized in the manuscript, which may have created the 

impression that some limitations were unexpected findings rather than known constraints 

associated with global datasets. We addressed these limitations and have prepared revisions in 

text in multiple sections: 

• Firstly, Regarding the use of GloFAS v4.0 discharge, we acknowledge that the dataset is 

primarily intended for river basins larger than approximately 500 km², as noted in 

Grimaldi et al. (2022) and Baugh et al. (2024). In the revised manuscript we now clarify 

this limitation much earlier in the methods section and explicitly discuss that this part of 

the analysis aims to quantify how model performance behaves when global discharge 

datasets are applied across basins of varying sizes. At the same time, GloFAS v4.0 

remains the only open-source global discharge data available that covers the floods in the 

long temporal coverage required for this study. With respect to the spatial resolution of 

the inundation simulations, SFINCS was run at 30 m resolution to preserve fine-scale 

floodplain connectivity and rivers representation in the model grid. The outputs were 

aggregated to 250 m resolution only to allow comparison with the MODIS-derived flood 

extents used in the Global Flood Database. We could also have downscaled the flood 

extents to 30 m from 250 m, but this would have created many “observed” flood pixels 

outside the actually flooded areas. After discussion of the options (down-scaling the 

observations or up-scaling the simulations), we opted for up-scaling. We acknowledge 

that this choice was not clearly explained in the original manuscript and have now 

clarified it in Section 2.4.2. The additional text is added in Section 2.4.2, which now 

reads as follows: 

 

" Note that we resampled the high-resolution SFINCS outputs of 30 m to 250 m using 

mode resampling to match the resolution of observed flood extents. This approach avoids 

downscaling the MODIS observations, which would require disaggregation of coarse 



resolution pixels and could create observed flooded pixels outside the actual flooded 

areas. By aggregating the model outputs to the resolution of the observations using mode 

resampling, a consistent comparison between simulated and observed flood extents is 

ensured.” 

 

Furthermore, we agree with the reviewer that SAR-based flood maps could potentially offer 

advantages over MODIS-derived maps, and we have considered this at the start of the study. 

SAR-based products, such as those derived from Sentinel-1 (e.g. the Copernicus Global Flood 

Monitoring product; Salamon et al., 2021; Wagner et al., 2026), provide higher spatial resolution 

and are less affected by cloud cover. However, these datasets are currently limited in temporal 

coverage (mainly available from ~2016 onwards) and do not yet provide a globally consistent 

catalogue of flood events comparable in size to the Global Flood Database (Tellman et al., 2021), 

which contains over 900 events (of which 499 are used in this study) spanning 2000-2018. 

Existing SAR-based validation studies typically focus on a much smaller number of events (e.g. 

tens of events; Risling et al., 2024), rather than hundreds at the global scale. 

Therefore, the choice is between using a large number of globally consistent events with coarser 

spatial resolution (MODIS-based) or using higher-resolution SAR-based flood maps with more 

limited spatial and temporal coverage. For this study, the availability of a large and consistent 

event database was essential to enable robust large-sample validation. 

In the revised manuscript, we now clarify the tradeoff more explicitly and already in the 

methodology where we choose the dataset. We also mention the potential benefits of integrating 

SAR-based inundation datasets for future studies in our recommendations. We expect that as 

SAR-based datasets continue to expand in temporal coverage, they will become increasingly 

suitable for large-sample validation studies. 

Additions to the following sections are also proposed: 

"Section 2.2.2 Hydrological Forcing 

GloFAS (LISFLOOD v4.0): 

The GloFAS dataset (Alfieri et al., 2013; Grimaldi et al., 2022) is generated using the 

global hydrological model LISFLOOD-OS, which is a distributed, physically based 

rainfall runoff model that uses the ERA5 reanalysis data as input to simulate global river 

discharge at ~5.5 km resolution at the equator. GloFAS discharge is primarily designed 

for river basins larger than ~500 km² (Grimaldi et al., 2022). In this study, it is applied 

across a wider range of basin sizes to assess how model performance varies with basin 

scale when using globally available discharge datasets, including smaller basins. This 

allows us to evaluate the behaviour of the modelling framework under conditions where 

the input data may be less reliable. Continued ----" 



 

Lastly, the research questions to be tested in this work could be made clearer. Some side analyses such as 

the comparison of GloFAS versus USGS observations are a bit unexpected and distract the reader from 

the main application shown.   

Thank you for this suggestion. We agree that the research questions could be stated more clearly. 

In the revised manuscript we have refined the framing of the research objectives and streamline 

parts of the analysis to better emphasize the main contribution of the study, namely the large-

sample global validation of the SFINCS modelling framework.  

In addition, we now explicitly frame parts of the analysis as sensitivity analyses. In particular, 

the comparison between GloFAS and USGS discharge data is clarified as a sensitivity analysis of 

the input discharge data, aimed at assessing how the choice of forcing data influences model 

performance, rather than as a separate or standalone analysis. 

We clarify this issue in the manuscript as follows: 

“In addition to the global validation, we perform a sensitivity analyses to assess the 

influence of key input datasets on model performance. In particular, the comparison 

between GloFAS and USGS discharge data is used to evaluate the sensitivity of the 

model to the choice of discharge forcing.” 

 

Specific comments 

L23: “is” or “was” replaced 

Thank you for noticing this. We have revised the sentence to the following: 

“When the (globally simulated) GloFAS data is replaced with observed discharge data for ten 

events in the US, the CSI improved from 0.39 to 0.67.” 

L162-170: matching hydrological and hydraulic river networks is far from being a simple task and 

remains one of the main challenges for operational inundation forecasting at large scales. A matching 

based only on the upstream area is generally not very accurate, particularly 1) when the resolution of the 

hydraulic and hydrological model DEMs are substantially different (here ~30m vs. ~5km) and 2) when 

the 2 underlying DEMs have different sources (here FABDEM and MERIT). I encourage to provide 

justifications for such choice and validation for selected cases (or summary statistics for a larger sample). 

We agree that matching hydrological grids with the river networks used in hydrodynamic models is a 

challenging task. We also acknowledge the differences in spatial resolution, as hydrological models 

typically operate at a coarser grid resolution than the river networks used in hydrodynamic simulations. In 

our implementation, we did not observe issues arising from this matching approach. 

In the revised version of our paper, we more clearly explain that linking rivers to the hydrological grid 

using upstream drainage area matching has been applied by following methods such as by Eilander et al. 

(2023). This work also applied this method to large-scale flood modelling, in addition, our sensitivity 



analysis (Section 3.2.1) also shows that using higher-resolution hydrological forcing (e.g., CWatM at 1 

km × 1 km resolution) improves model performance.  

We have clarified this in the manuscript as follows: 

Section 2.1  

Headwater and river inflow points: 

"Previous Text ---- 

This linkage between hydrological discharge and the hydrodynamic river network is based on 

upstream drainage area matching, a method commonly used in large-scale flood modelling 

frameworks (e.g. Eilander et al., 2023). The use of a tolerance in upstream area ensures correct 

placement of forcing points, and the influence of hydrological input resolution on model 

performance is further evaluated in Section 2.5 Sensitivity Analysis. 

Continued ----" 

L395: “the river roughness value (0.02) derived from widely accepted Manning’s roughness values”. 

River roughness depends on the land use and considering the application to so many different floods/ 

world regions, one value cannot accurately represent roughness in all context. Why did you not link 

roughness to the map of land use? If the approach relies on a constant roughness everywhere some 

additional justifications would be necessary, ideally with supporting references. 

We thank the reviewer for this comment and would like to clarify how roughness is represented in the 

model. In our setup, we did link different land use types to their roughness from the land cover map 

(ESA-landuse Dataset). However, only for the river channels, a constant Manning’s roughness value (n = 

0.02) is used.  

This approach is also commonly adopted in other large-scale flood modelling frameworks. For example, 

the JRC modelling framework applies channel Manning’s n value of 0.02-0.04 (Dottori et al., 2016; Komi 

et al., 2017), CaMa-Flood commonly uses a value of 0.03 (Yamazaki et al., 2011), and LISFLOOD-FP 

subgrid applications uses values of 0.04-0.045 (Neal et al., 2012). These studies demonstrate that 

representative constant values are widely used in global and continental-scale applications. 

In our case, the value of n = 0.02 follows the default parameters in the HydroMT-SFINCS workflow 

(Deltares 2024) and falls within a similar range of values used in comparable large-scale models. Given 

the global scope of this study, calibration of roughness values was not feasible. 

We have revised the manuscript to clarify this modelling assumption and to distinguish between 

floodplain and channel roughness. The revised text reads as follows: 

“The rectangular cross-section used in SFINCS is a widely adopted representation in 

hydrodynamic modelling (e.g. Neal et al., 2012). Floodplain roughness values were spatially 

varied based on land use data (ESA Land Cover), while a constant Manning’s roughness value (n 

= 0.02) was applied for river channels to ensure consistency across the large number of basins 

and regions considered. This constant value has been used by other studies (Bril et al., 2026) and  



similar approaches using fixed channel roughness values are commonly adopted in large-scale 

flood modelling studies (e.g. Yamazaki et al., 2011; Dottori et al., 2016; Neal et al., 2012).” 

 

Sect 3.1.1 and Table 3:  (following the main comments) here the authors focused on classes of upstream 

area at and beyond the limits of applicability of GloFAS streamflows. GloFAS is a global system made 

for large riverine floods and cannot capture the flood dynamics in river basins with small upstream area. 

Its historical runs have daily resolution and are forced by ERA5 (~30x30km resolution), hence with 

constant precipitation rates over 1 day and almost 1000km^2, which in the analysis shown is the threshold 

of the largest basin class. At such scales, actual floods are typically induced by shorter rainfall extremes 

and at smaller spatial scales. The authors provided some sound justifications (L486-523) for increasing 

performance in larger basins, and the choice of the classes of upstream area was also driven by trying to 

have classes with similar sample size. However, GloFAS streamflow are recommended to be used for 

river basins larger than 500 km^2 (see Grimaldi et al., 2022 and Baugh et al., 2024). I recommend the 

authors to improve the performance analysis on different classes of upstream area, by focusing on larger 

limits, where the smaller class includes all basins smaller than 500km^2 , to show that performance 

deteriorates when using data outside the range of usability of the streamflow input.  

Thank you for this very useful suggestion. We agree that the applicability of GloFAS streamflow is 

generally more appropriate for river basins larger than approximately 500 km², as noted in Grimaldi et al. 

(2022) and Baugh et al. (2024). The current analysis aimed to evaluate model performance across a wide 

range of basin sizes, including smaller basins where global hydrological forcing datasets may be less 

reliable.  

In the revised manuscript, we revised the text: 

"Section 2.2.2 Hydrological Forcing 

GloFAS (LISFLOOD v4.0): 

GloFAS discharge is primarily designed for river basins larger than ~500 km² (Grimaldi et al., 

2022). In this study, it is applied across a wider range of basin sizes to assess how model 

performance varies with basin scale when using globally available discharge datasets, including 

smaller basins." 

 

"Section 3.1.1 Effect of Upstream Area on Performance 

Previous Text ---- 

Notably, the total number of basins varied significantly across the upstream area classes. We note 

that GloFAS discharge is generally recommended for basins larger than approximately 500 km² 

(Grimaldi et al., 2022; Baugh et al., 2024). In our dataset, approximately 61% of the analyzed 

basins fall below this threshold (n = 16,225), while 39% are ≥500 km² (n = 10,367). This allows 

us to explicitly assess how model performance changes across basin sizes, including those where 

the hydrological forcing is expected to be less reliable. 



Basins with a large upstream area (≥1,000 km²) were the most represented group (n = 8,834) as 

compared to basins with a medium-sized upstream area (500 to 1,000 km²; n = 1,533). 

Previous Text----" 

Previous studies (just like in our study) have also analyzed model performance of large-scale flood 

models across similar basin size classes (e.g., Wing et al., 2017; Bernhofen et al., 2018). Including 

smaller upstream basins therefore allowed us to assess how model performance degrades when global 

discharge datasets are applied outside their typical applicability range. Therefore, in our opinion the 

results presented in Table 3 and Section 3.1.1 complement existing literature by providing additional 

evidence on the behavior of global flood modelling frameworks in smaller basins. 

L599-608: It sounds like this issue may be addressed to a good extent by merging the MODIS images 

with the permanent water layer before comparing it with the SFINCS output (following regridding of both 

maps on a common grid) 

Thank you for this comment. We would like to clarify how the post-processing was performed. The 

merging of the permanent water layer (band = 5) with the flood extents (band = 1) was already part of the 

original processing workflow for both the validation dataset and the SFINCS output. 

The issue addressed in L599-608 is on the meandering or curving of rivers at 250m. At this resolution 

smaller rivers are not well represented in the flood maps. The issue is addressed again and mentioned in 

section 4: “Additionally, the upscaling of SFINCS results from 30 m to 250 m resolution (to match our 

observed data) caused a loss of details that further impacted model performance.” 

Sect 3.2.2: As commented above, the pattern shown in the graph is a result of using modelled discharges 

from points with upstream area at (and beyond) the lower edge of the range of usability of GloFAS data.  

We show in the Section 3.2.2 that some assumptions that have been taken to automate the globally 

applicable framework have drawbacks. We agree with the reviewer that the problems in the graph (Figure 

8) lower edge is being caused by using modelled data. Therefore, we now mention the following in 

section 3.2.2: 

“As a result, bathymetry derived from GloFAS tends to yield narrower and shallower channels, 

which reduces modelled conveyance capacity and potentially produces overestimated flood extents 

(i.e. higher FAs). These results imply that (i) using the 2-year default alone may not capture 

observed bankfull behaviour in the current fluvial setup and (ii) alternative approaches (e.g. gauge-

based bankfull estimates, where available) can improve the bathymetry estimations (Zarrabi et al, 

2025; Rad et al, 2024).” 

We believe that whoever uses our open-source automated framework should be informed about these 

systematic biases and have a way to counter them by using open-source river gauge data (e.g., USGS) 

instead of modelled data (e.g., GloFAS). 

L744: the difference in performance related to the use of different DEMs is impressive and would benefit 

from further investigation. It would be interesting to know if it’s related mainly to the resolution or to the 

product. For instance one could resample the 3DEP DEM to progressively larger grids from 1 to 30m and 

test the differences in the SFINCS output and related performance. 



We thank the reviewer for this suggestion. The section 3.2.3 “The influence of DEM input” mentions the 

following: 

“The resolution of the SFINCS model was kept the same between the two different inputs, although we 

increased the level of detail (i.e. hypsometry levels, n = 20, default 10) stored in the subgrid tables when 

using the 3DEP DEM.” 

 

The reviewers suggestion to resample 3DEP is already being done internally in the model. To go into 

detail, the reprojection of the DEM to the SFINCS model grid is handled internally by the ’Hydromt 

package’, meaning both the FABDEM (30 m) and 3DEP (1 m) inputs are reprojected to the same 

SFINCS model grid resolution.  

We agree that this aspect was not sufficiently clear in the original manuscript and have now clarified it in 

Section 3.2.3. We have added the following changes: 

“Both DEM inputs (FABDEM at 30 m and 3DEP at 1 m) are internally reprojected to the same SFINCS 

model grid resolution using hydromt. Therefore, the key difference lies not in the model grid resolution 

itself, but in the richness of the subgrid representation: higher-resolution DEMs provide more detailed 

elevation information within each grid cell, which is captured through the subgrid hypsometry tables.” 

In addition, when using the 3DEP DEM, we increased the number of hypsometry levels stored in the 

subgrid tables (n = 20, default = 10), allowing SFINCS to better represent the elevation–volume 

relationship within each grid cell. This explains the improved performance observed when using higher-

resolution DEM input. 

 

L793: “covering approximately three to 35 events”. These numbers are quite specific. Add supporting 

references. 

We have revised this sentence as following: 

“Our study is unique in the high number (n = 499) of events covered, which is much higher than 

in existing studies covering approximately three to 35 events (Risling et al., 2024, Wing et al., 

2021, Bernhofen et al., 2018).” 

Why the GEB model was not used more extensively, given the better performance? Is it available only for 

India? Please include some additional detail to clarify. 

We agree that it might be unclear why the GEB model was only used for India despite its better 

performance. While GEB provides higher spatial resolution than GLOFAS, it is currently not available 

globally. As a result, it could only be applied to a limited subset of case studies rather than to the full set 

of events analyzed in this study. We have revised the text also as following: 

"Section 2.5: Sensitivity Analysis 

Discharge Data: 

Previous Text ----  



Furthermore, to ensure robustness and avoid reliance on a single hydrological model, we also 

forced SFINCS with discharge from the GEB model (Section 2.2.2). However, GEB is currently 

not available as a global dataset and is still under development for large-scale applications. 

As a result, its use in this study was limited to a subset of case studies rather than the full 

global event set. 

Previous Text ---- 

" 

L903: For the Global Flood Monitoring I think that more appropriate citations are Salamon et al (2021) or 

Wagner et al (2026) 

Thank you for the suggestion. We have revised the sentence as following: 

“The findings of this study echo research that calls for better open-source observed flood 

validation datasets, such as the Global Flood Monitoring System offered by Copernicus 

Emergency Management Service (Salamon et al., 2021; Wagner et al., 2026; Bates, 2023).” 

Again, I think that adding higher resolution SAR based inundation maps would greatly benefit the 

analysis, thanks to resolutions comparable or higher than that used for the SFINCS model simulations, 

being less affected by cloud coverage and helping to fill the temporal gaps of days without acquisitions 

during floods. Indeed, resampling the model output from 30m to 250m sounds like a major limitation in 

the evaluation of the model performance, as also noted in the text (L579 onwards). 

Thank you for this comment. We agree that SAR-based inundation maps provide important advantages 

for flood validation, including higher spatial resolution and reduced sensitivity to cloud coverage. 

However, in this study we relied on the MODIS-derived Global Flood Database because it provides a 

globally consistent dataset covering a large number of historical flood events (n = 499), which was 

essential for the large-sample validation performed here. 

While the resampling of the SFINCS output from 30 m to 250 m may introduce some loss of spatial detail 

in the evaluation, this approach was necessary to ensure consistency with the spatial resolution of the 

validation dataset. Furthermore, validation based on MODIS-based flood maps can provide comparable 

validation metrics to validation based on SAR-based flood maps at large scales. For example, Risling et 

al. (2024) reported CSI values of approximately 0.45–0.65 when comparing global flood models with 

SAR-derived flood extents, which are within the range of values obtained in this study. 

We agree that incorporating SAR-based inundation datasets could provide an additional perspective on 

model performance, and we have added this point in the manuscript when discussing the limitations of the 

evaluation dataset and possible directions for future work. 

A summary figure of the distribution of the 499 events would be welcome. 

Thank you for this suggestion. We agree with this remark, and have added a new figure to the 

supplementary section of the revised manuscript. Please see the figure below, which shows the 499 events 



modelled in this study, and their corresponding Köppen climate zones. 
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