
 

Reply to RC2: 'Comment on egusphere-2025-425', Anonymous 

We thank the referee for the detailed evaluation of our manuscript and the insightful comments, 

which will help us improve the paper. In this document we address the comments, questions and 

suggestions posted by the referee. Please find the referee remarks in blue and our response in 

black. 

General comment 

This paper compares a stand-alone LSTM model with a hybrid HBV-LSTM model on the CAMEL-

CH dataset. It also examines the impact of training the stand-alone LSTM on the CAMEL-US 

dataset, alongside CAMEL-CH, and also using 256 nodes instead of 64. The main focus of the 

discussion is on the ability of both models (stand-alone LSTM and hybrid) to show a linear pattern 

between simulated peak flows and rainfall when applying "synthetic" rainfall far higher the 

observed ones. The results clearly show the impossibility for the stand-alone LSTM model to 

exibit this linear pattern due to simulated discharges tending to a limit values as predicted by a 

previous study. But more interestingly, it clearly shows that this observed limit is far lower than 

the theoretical limit expected by the authors. 

In my opinion, this paper is very interesting as it is the first to clearly and honestly address the 

limitations of LSTM models in hydrology.  

I recommend publication after revision. 

Response: We thank the reviewer for this interesting and positive assessment of our work.  

Main comments  

My main comments are: 

1) Even though it is outside the scope of the paper, I would have appreciated a "deeper" and 

"fairer" comparison between the stand-alone LSTM model and the hybrid HBV-LSTM model. The 

paper is short (only 3 figures of results in the main text), there is room for that. My main criticism 



 

is that no hyperparameter (HP) tuning is done for either model. The HP values are simply taken 

from previous studies. I think that the results could be different if a proper fine tuning was done 

for each model. 

Response: We agree with the reviewer that hyperparameter tuning is an important part of any 

deep-learning model training. However, for our setting, the hyperparameters are not as critical 

as for benchmarking settings. Hence, we used the ones that have been identified in previous 

studies (Acuna Espinoza et al., 2024 and Kratzert et al., 2019). In some sense, this might be 

suboptimal. Nevertheless, we tried several hyperparameter combinations. In that regard, we 

tested the LSTM for a various number of hidden states, ranging from 8 to 2048 and obtained the 

same results. As the primary goal of the study is to highlight the saturation behavior in the LSTM, 

the nature of our results will not change even with a better set of hyperparameters. Having said 

that, we will implement a hyperparameter tuning for the stand-alone LSTM. If it changes the 

nature of our results significantly, we shall revise the manuscript accordingly. However, we 

believe that it is justified to adopt the same hyperparameters from the LSTM for the Hybrid 

model, for a fair comparison. Moreover, as it wouldn’t change the nature of our results by large, 

hyperparameter tuning for the hybrid model might not be worth the computational demand for 

this study. 

2) For analysis, it would also be very interesting to see the results for a single HBV model as a 

benchmark, which is very "cheap" to calibrate locally. Is there an improvement and is it "worth" 

the huge amount of data and GPU time required to process it? For example, the authors added 

US CAMEL data to their CH CAMEL learning dataset and moved from 64 to 256 nodes, which 

would have required a considerable amount of additional resources, but they don't show the 

corresponding improvement. 

Response: We would first like to address the reviewer’s comments regarding increased 

computational demand for the different LSTM models in our study. Technically, with four times 

the original number of hidden states (256 instead of 64), the increased computational demand is 

16 times the original. In terms of time required: training a single LSTM using CAMELS-CH takes 

about ~900s (64 hidden states) and ~1700s (256 hidden states) on a GPU type V100. Including 



 

CAMELS-US in the training data requires increased time of ~6000s and ~13500s respectively. This 

is not necessarily a concern for us, since we specifically wanted to test the effect of increased 

LSTM size and more training data. The fact that the models don’t show corresponding 

improvement was only known as a result of these experiments. We agree that it will be 

interesting to see the results from locally calibrated conceptual models for our design 

experiments. We will implement a single HBV model calibrated locally for catchments in our 

study. The manuscript will be revised accordingly to include these results, either in the main text 

or in an Appendix.   

3) As the paper focuses on extremes, I also think that the evaluation against the observed runoff 

should not be limited to the NSE criteria as in Fig. 1 (which is the only figure presenting models 

performances), but should include a deeper analysis, including for example signatures calculated 

on flood events. 

Response: Thank you for your suggestion. It is a good idea, and we will consider including 

additional metrics in the revised manuscript. 

4) The same comment applies to the second part of results (Figs. 2 and 3, using synthetic rainfall): 

only 1 flood for 3 catchments (a little more in the appendix), whereas the authors have thousands 

of examples. A synthetic metric should be found that "summarises" the different observed 

behaviours (between catchments, but also for the same catchment but under different 

conditions). A "visual" analysis on a few examples, as in this paper, is a first step to draw first 

hypotheses. But then these hypotheses should be tested in depth. 

Response: We only focus on the three flood events shown in Figures 2 and 3 because these events 

highlight the saturation behavior of the LSTM most prominently. We summarize the overall trend 

in our results in lines 249 to 251. From the reviewer's comment, we assume that this is not 

discussed clearly enough, and we shall rephrase this for better clarity in the next revision. 

Regarding the reviewer’s suggestion of developing a synthetic metric: we believe that at this 

stage, developing such a metric is best left as a part of future work, since it can be an intensive 

task. We will however address this discussion in the revised manuscript and speak to the 

potential of developing such a metric, as suggested here by the reviewer. 



 

5) This last point (the need for a synthetic metrics that allows a "deep" analysis) leads me to my 

main comment. The authors don't clearly explain why, from a hydrological point of view, peak 

discharge should increase linearly with extreme rainfall. I fully agree with this, and even if it 

seems obvious, I think it would be valuable to anchor the paper with more basic hydrological 

references. In terms of synthetic metrics, I would, for example, calculate a regression coefficient 

between peak discharge and synthetic rainfall and see how it changes as a function of rainfall, as 

in the paper, but also as a function of the initial moisture content before a flood and/or the runoff 

coefficient. I would also not look at flood by flood, but try to find a graphical representation of 

all floods and catchments together. 

Response: The sensitivity of flood peaks to an increase in maximum precipitation likely varies 

significantly across catchments, depending on multiple factors such as topography, soil 

characteristics, land use, and antecedent moisture conditions (as correctly highlighted by the 

reviewer). Given these complexities, we believe it is challenging to identify a consistent, clear 

signal across a large-sample dataset covering Switzerland, with its diverse hydrological regimes. 

Nonetheless, at a fundamental level, one would generally expect runoff to increase with 

increasing rainfall, particularly under extreme precipitation scenarios. For instance, in a simple 

linear reservoir model, the runoff response is inherently linear, meaning the total runoff volume 

(the integral of Q(t) over time) remains proportional to the total rainfall input, assuming 

negligible losses or constraints. Thus, the runoff coefficient in such a system is constant 

irrespective of rainfall magnitude. In contrast, conceptual models such as the TOPMODEL (Beven 

et al., 2021) demonstrate clear nonlinearities due to the exponential relationship between 

subsurface flow and water-table depth. This nonlinearity implies a substantial increase in runoff 

generation as saturation thresholds within the catchment are approached, resulting in runoff 

coefficients that vary with antecedent moisture conditions and rainfall magnitude. Interestingly, 

our analysis revealed that the LSTM model exhibited an unexpected and physically 

counterintuitive trend: runoff coefficients start decreasing with increasing precipitation 

magnitudes, especially for extreme precipitation values. This is particularly true for catchments 

with higher runoff generation. Motivated by the reviewer’s suggestion, we will explore graphical 

representations of this phenomenon and include them if a consistent spatial pattern emerges 



 

across Switzerland. Additionally, we will refine the manuscript by clearly articulating, from a 

hydrological perspective, what physically reasonable runoff responses should look like, and 

explicitly discuss the limitations observed in the LSTM predictions for extreme events. 

Minor comments 

L100 : why did not you do a hyperparameter tuning? (a LSTM expert told me one day that  

hyperparameter training is absolutely required in any case, and that, if "hydrologists" don't have 

the necessary GPU resource, they should not use LSTM) 

Response: Kindly refer to our response to the reviewer’s first major comment. While 

hyperparameter tuning can improve the overall model performance, the behavior of the LSTM 

under our test conditions comes from its inductive bias and will hence not change fundamentally. 

L200: You should give more details on the models performances, for instance using flood 

signatures 

Response: Additionally to the answer above we would also like to highlight that such research 

has been presented extensively in the studies by Acuna Espinoza et al. (2024) and Frame et al. 

(2022). The hybrid model is acting mainly as a benchmark here. 

L224: The results for the 256 node LSTM and/or the training using US-CAMEL should be presented 

in Fig .1 and discussed. Does this huge amount of additional data improve models performances? 

Response: We believe it is better for a reader’s comprehension to only include results from the 

stand-alone LSTM with 64 hidden states trained on the CAMELS-CH and the hybrid model, in 

Figure 1. 

L235: You should do more clearly the link with basic hydrological processes, such as soil 

saturation and the effect of initial humidity condition. 

Response: We will add a stronger hydrological perspective to the discussion in the revised 

manuscript. 



 

Figure 2 and 3 : the terme "observation" is misleading. There is no observed discharges in this 

figure. 

Response: Thank you for highlighting this disparity. We will change the legend for better clarity 

in the next revision. 

L260: this affirmation is supported only by 1 flood over 3 catchments. You should try to exhibit 

that using much more discharge simulation (...that you have) 

Response: We will consider including more results from the 3-day and 5-day events, either in the 

main text or as an appendix. 

L299 : "Extreme hydrological events often coincide with distinct regime shifts": I fully agree but 

could you explain what do you mean to a "non-hydrogist", in term of involved processes. 

Response: We will rephrase this in the revised manuscript. 
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