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Reply to Referee #2 

 

We would like to thank the reviewer for the very detailed and thoughtful comments and the time 

that you spent on the article. Here we would like to present our point-by-point answers in blue and 

red colors (the red color for citations), following each of the reviewer comments reproduced in a 

black font.  

 

 

 

Major comments: 

 

First of all, the paper presents a link to signal processing without always explicitly mentioning i) 

what is known in the signal processing (or other) literature and presented here for a hydrological 

readership and ii) what is new. The paper demonstrates the link between correlation and what is 

called the here irreducible noise-to-signal ratio component for an additive error model, without 

clearly saying what is new about this presentation of the correlation as a measure of noisiness of the 

observed signal under the additive error model. 

Reply 1: In Section 2 we show that the scientific meaning of NSE is truly revealed under the 

additive error model, which turns out to be the well-known signal-to-noise ratio in signal processing. 

More exactly, NSE is identical to the noise-to-signal ratio (NSR). This interpretation of NSE has 

been already presented in some previous studies as we have described in Introduction: “This insight 

was expressed clearly in Moriasi et al. (2007) when they understood NSE as the relative magnitude 

of variances of noise and variances of informative signals”. The reviewer also pointed out that Ding 

(2018) has described NSE in terms of a ratio of variances: the NSE value is the ratio between the 

difference of residual variance and the observation variance to the observation variance. Thus, our 

work here is to make this similarity between two important quantities in hydrology and signal 

processing explicit. Furthermore, since the signal-to-noise ratio is a self-explanatory concept we do 

not mention any studies in the signal processing literature to explain it in detail. However, with your 

comment on the dependence of NSR on the strength of signals, in the revised version we will add a 

discussion on the dependence of NSE on the strength of signals. 

The fact that NSE is identical to NSR enables us to show that the correlation coefficient �, KGE, 

and NSE are equivalent measures of the random NSR when model simulations have no biases. This 

is one of the important findings of this study since this means any measure can be used 

interchangeably in hydrology. In particular, we have found that � reflects noisiness under the 

additive error model. Consequently, this enables us to derive a new score which we call correlation 

efficiency. When biases are introduced back, from � we get back to the Nash-Ding efficiency 

(NDE). This connection between NDE and NSR is not easy to recognize as in the case of NSE and 

NSR. However, due to our uninformed assumptions in the current manuscript we do not know about 

the existence of NDE in the literature. In the revised version, we intend to add a description for 

NDE and its relationship with NSR. More importantly, the equivalence of �, KGE, and NSE in its 
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turn leads to another important finding: corresponding to the value NSE=0 which indicates the 

boundary between “bad” and “good” simulations, the values of � and KGE are approximately 0.7 

and 0.5, respectively. 

 

As mentioned above, NSE is primarily used in hydrologic model calibration and not in forecast 

assessment. In classical model calibration, the simulation model is not updated with past 

observations of the system state and all observations are available at the time of calibration. Due to 

this terminology issue, some discussed points are confusing (e.g. line 95 following). Accordingly, in 

the present state, this paper might contribute to further confusion rather than a better understanding 

of NSE in other fields of environmental science where models are rarely used in a forecast setting. 

Reply 2: We agree with the reviewer that NSE is mainly used in hydrology for model calibration. 

Our intention when writing this paper is to show that NSE as a similarity measure can be used in 

any scientific fields, not limited to hydrology, for the purposes of model calibration, forecast 

assessment, and verification. Therefore, we chose to approach NSE from the perspective of forecast 

assessment to show its diversity in application, even though the mathematical framework also 

works for other purposes. However, since this paper mainly aims to the hydrological reader, in 

accordance with the reviewer’s comment, we will revise the manuscript content by changing its 

perspective from forecast assessment to model calibration. The discussion in the line 95 will be put 

into the context of forecast verification to avoid the possible confusion as the reviewer has pointed 

out.  

 

The new proposed view in term of signal and noise leads the authors to the statement that for 

additive errors “when NSE goes below zero, the power of noise starts dominating the power of 

variation of observations”; this is what was already presented in similar terms in the work of Ding 

(2018) (see also his comment on the present paper in the public discussion); the NSE value is the 

ratio between the difference of residual variance and the observations variance to the observation 

variance. The relation to the “benchmark model” (being the observed mean) is nevertheless present 

in the hydrological model calibration literature: the requirement that a simulation should be better 

than the observed mean simply corresponds to the requirement that there should be more signal than 

noise. This is not problematic in model calibration where all observations are accessible at time of 

calibration (again: NSE is primarily used for calibration; in forecasting, the requirement also makes 

sense: the model should be better than the simplest possible forecast, which is the mean of *past* 

observations). Rather than trying to show that there is no link between the “benchmark concept” 

and the variance view (Ding, 2018) and the signal processing view (this paper), it would be more 

interesting to show the actual link. And it would be of prime importance to discuss the actual 

problem of NSE: it is not useful to compare m 

Reply 3: Thank you for your suggestion. In the manuscript, we however try to link the signal 

processing view to the observed mean benchmark. In fact, in Section 2 we have stated that the 

observed mean cannot be modeled by the additive error model and we have postponed the problem 
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until Section 3 when we have examined the general cases. We would like to reproduce the 

discussion on this problem in the end of Section 3 here: 

“In other words, all forecasts uncorrelated to observations, which include the mean forecast, should 

be classified to the worst forecast with ��� = −∞. It can be justified by noticing that information 

on variation of observations is totally unknown if only available is an uncorrelated forecast. The 

generalized NSE therefore provides a new interpretation of the mean forecast. Rather than a 

benchmark marking the boundary between skilful and unskilful forecasts, the mean forecast is 

indeed the worst forecast which can be beat by any forecast correlated to observations.” 

Thus, the link between the benchmark concept and NSE is more sophisticated than what the 

traditional form of NSE apparently suggests: 

��� = 1 −
(���)�����������

(����)�
������������, (1) 

where it is quite obvious that the simulation � is compared against the observed mean ��. It is no 

longer obvious if the extended NSE in the general cases is used instead: 

��� = 1 −
(����)�������������

(������)�
���������������� = 1 − �
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��
−

�

�

�

��
�
����������������
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Only when the multiplicative bias � = 1, we can identify the numerator in (2) as the mean squared 

error (MSE) and the corresponding denominator as the MSE of the simulation equal to the observed 

mean. However, the constant simulation � = �� cannot described by the additive error model, 

therefore this is not an appropriate comparison. 

 

In order to clarify the problem, we summarize our arguments as follows: 

1. In the signal processing viewpoint, our first additive error model cannot deal with the observed 

mean forecast. 

2. In the additive error model, NSE=0 means that noise dominates informative signals, which is 

unrelated to the observed mean. 

3. The mixed multiplicative-additive model enables us to interpret the case of the observed mean 

when the multiplicative bias a=0. 

4. However, the traditional NSE is not robust to multiplicative biases (we shall demonstrate this 

later in Reply 13). When we design a new score robust to multiplicative biases, the observed mean 

should be interpreted as a "very bad" forecast which gives us no information about observation 

variability. 

5. We admit that the observed mean can be easily obtained in the hydrological model calibration 

and seems to be reasonable as a benchmark. However, there are no meaning to choose the observed 

mean as a benchmark if you stand on our signal-processing viewpoint of NSE. 

 

Of course, we can define MSE for any simulation without considering any error models between 

simulations and observations through the formula ��� = (� − �)������������, and then NSE (1) is truly a 

skill score that compares MSEs of � and � = ��. However, if the additive error model is not 
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followed, the meaning of MSE becomes questionable with its failure in many cases as demonstrated 

in Wang and Bovik (2009). 

 

Furthermore, it is important to point out (see above) that it has long been known that NSE and KGE 

and correlation are all equivalent in terms of identifying a model with the minimum error (smallest 

error variance); this is not new but identifying the solution with the smallest error variance is rarely 

the single main objective of hydrologic model calibration (read e.g. key model estimation literature 

in hydrology by Keith Beven or Hoshin Gupta). 

Reply 4: In our understanding, we have not yet seen any studies showing that “NSE and KGE and 

correlation are all equivalent in terms of identifying a model with the minimum error”. For example, 

we would like to cite here some recent studies: 

Knoben et al., 2019: “We first show this in mathematical terms and then present results from a 

synthetic experiment to highlight that NSE and KGE values are not directly comparable and that 

understanding of the NSE metric does not translate well into understanding of the KGE metric”. 

Lamontagne et al., 2020: “In general, the two theoretical statistics E and E′ are only very roughly 

equal when α = ρ, which would be the case for simple linear regression or when the simulations are 

independent of the model residuals. Otherwise, for more realistic and complicated models with α ≠ 

ρ, the values of E and E′ can be expected to differ and quite significantly so”. 

(Here we would like to add some explanations for E and E′. These two quantities are two 

probabilistic statistics of NSE and KGE corresponding to their more familiar estimators used in the 

literature). 

Clark et al., 2021: “KGE is only loosely related to NSE and thus MSE, with a complex relationship 

between NSE and KGE that depends on several factors. For general cases, the relationship between 

NSE and KGE depends on the coefficient of variation of the observations… In the special case of 

unbiased models, the relationship between NSE and KGE still remains complex”. 

Since the finding that �, KGE, and NSE are equivalent measures of NSR when model simulations 

have no biases has been considered one of the important findings in our study. If this finding has 

been known long before, we need to rewrite the manuscript and cite the original papers that pointed 

out this fact. Therefore, we are very grateful if the reviewer can inform us such important papers.  

 

The paper omits to discuss one of the key issues with using NSE for model performance 

assessment: if the signal is very strong, it is easy to obtain a good signal to noise ratio – i.e. easy to 

achieve good model performance; in other words, NSE should not be used to compare different case 

studies (different modelled signals), a problem that is still not sufficiently recognized when using 

NSE. This problem leads to many erroneous conclusions of the type: “NSE is better for simulation 

of signal A than for simulation of signal B – we can conclude that the model can better reproduce 

signal A than signal B”. 

Reply 5: Thank you for pointing out this important point. As we have stated in Reply 1, we will add 

a discussion on this problem in the revised version. 
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The part that is interesting from my viewpoint is the part on a score that is invariant under any 

general translation; from a hydrological process modelling view point, however, we would need to 

be able to assign the translation to a clear physical phenomenon such as measurement bias. The 

definition of an upper limit for NSE under translation (i.e. bias correction) and the explicit link 

between NSE>= 0 and a corresponding correlation value (rho>=0.7) (under an additive error model) 

is certainly also interesting. This could open new ways of comparing model performance for 

different case studies for example. 

Reply 6: Thank you for your suggestion. Since we have shown that �, KGE, and NSE are 

equivalent measures of NSR when model simulations have no biases, and NSR tends to be small for 

strong signals and large for weak signals (all three measures tend to favor strong signals), we think 

that it is still impossible to use � to compare model performance for different case studies. Here 

the same argument is applied as in your previous comment. 

 

However, I do not think it is appropriate to assign this new skill score a name related to NSE – an 

abbreviation that should be exclusively used for the original formulation. Any new skill score 

should have a new name. 

Reply 7: Thank you for your suggestion. We have shown that any monotonic function of � can 

generate an equivalent measure of the random NSR. Since there are many such functions, it is 

impossible to name all resulting scores. Therefore, we only focus on three special scores that lead 

back to NSE, KGE, and NDE (or �). Due to this relationship to the three common scores in 

hydrology, we still use these traditional names in the text. 

 

I think the term forecast should not be used in this paper; in hydrology, today, forecast does not 

have the general meaning of “a simulated value” but is related to real-time forecasting; in general, 

there is an unclear use of the term forecast; most hydrological models are not used in a forecasting 

mode (predicting future states based on the current observed state) but in a simulation mode starting 

with initial conditions and observed inputs only; accordingly, the discussion related to forecast 

availability in lines 56 is misleading; NSE is primarily used in model calibration and not in forecast 

skill assessment; in calibration, the availability of the observations is a pre-condition. 

Reply 8: As we have stated in Reply 2, we will revise the manuscript in the perspective of model 

calibration. 

 

Similarly, I would avoid “skillful forecast”; in hydrology, NSE is used in the context of model 

calibration and performance assessment but not primarily to judge the skill of forecasts. 

Reply 9: As we have stated in Reply 2, we will revise the manuscript in the perspective of model 

calibration and discard the use of “skillful forecast”. 

 

What is meant by “and this has no relation with the benchmark forecast that is equal to the mean of 
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observations”; obviously the value of NSE=0 has a very clear relation to the benchmark since if the 

all simulations equal the mean of the observations, we get NSE=0. 

Reply 10: We have explained this sophisticated problem in Reply 3. Here the point is that we 

implicitly change the signal processing viewpoint to the skill score viewpoint when we interpret the 

case NSE=0. Whereas the observed mean is not allowed under the former, it is a trivial forecast 

under the latter. However, if the skill score viewpoint assumes the additive error model so that MSE 

makes sense, the observed mean has to be excluded as in the former case. 

Another argument for not using the observed mean as the benchmark forecast is that any constant 

forecast such as the observed mean is the weakest signal (no variation at all). However, it is 

well-known that NSE should not be applied for weak signals, e.g., low-flow discharges, because 

NSR can be very large for weak signals. 

 

What is meant by “Corresponding to NSE=0, the critical values of KGE is given approximately by 

0.5.”; how do you define the critical value? 

Reply 11: By the critical value of KGE, we mean the value of KGE indicates the boundary between 

“good” and “bad” simulation corresponding to the value zero in case of NSE. We will rewrite this 

sentence to avoid confusion in the revised version. 

 

“In the general cases, when the additive error model is replaced by a mixed adaptive multiplicative 

error model, the traditional NSE is shown not to be a well-defined notion”: The notion of NSE 

cannot depend on the error model since NSE characterizes the model performance independent of 

an error model assumption; how could e.g. the notion of a bias depend on the error model 

assumption? 

Reply 12: By saying that “the traditional NSE is shown not to be a well-defined notion” we mean 

NSE when conceived as NSR is not a well-defined notion. Our rationale in our study is that NSE 

only makes sense under the additive error model, and its meaning truly depends on the underlying 

error model. The situation is very similar to the case of MSE as examined in Wang and Bovik 

(2009). Outside the scope of the additive error model, we will see the failure of NSE as a measure 

for model performance, or even the contradiction when using NSE as we shall show in the 

following reply. Similarly, for the notion of bias, we can easily show that the notion of bias truly 

depends on the error model assumption. Let us consider the following error model for rainfall 

simulations: 

� = � ∗ �, (3) 

where � denotes random multiplicative bias. Then if we define � − �������� as the bias, this notion will 

make no sense at all under the error model (3). 

 

Why do we need the requirement that “the generalized NSE is invariant under affine 

transformations”? This is your requirement, not the hydrologist’s requirement. 

Reply 13: This requirement is established under the premise that we should not have any 

contradiction in model evaluation. Our approach is to impose important invariances on measures 
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like NSE and KGE so that they work in any situation enabled by the error model without resulting 

in contradiction. This is our philosophy and it might be possible that some hydrologists may think 

that contradiction if any is practically acceptable (an example shall be shown below). However, we 

believe that many hydrologists want to use scores invariant under affine transformations if they 

assume the mixed additive-multiplicative error model since this requirement is necessary to avoid 

any contradictions in their model evaluation. Naturally, this requirement is the consequence of the 

mixed additive-multiplicative error model: 

� = �� + � + �. (4) 

When the underlying error model is additive ( � = 1  in (4)), the only requirement is 

translation-invariant. 

 

We now illustrate that if NSE is not invariant under affine transformations, we will get contradiction. 

This also answer your previous comment on the failure of NSE when it is used outside of the 

additive error model. 

Let us consider a model simulation with an additive random error 

�� = � + �, (5) 

where we assume ��� = �� = 0, and σ� = σ�. This simulation in deed gives us the boundary 

between “good” and “bad” simulations from the viewpoint of NSE as we have examined in Section 

2. Then it is easy to calculate its NSE and KGE: ���� = 0,���� ≈ 0.5. It is very clear that we 

cannot improve this simulation since the power of random noise is equal to the power of 

observations. But this is not true if we measure model performance by NSE or KGE. Constructing a 

new simulation which is half of ��  

�� = 0.5�� = 0.5� + 0.5�, (6) 

and calculating its NSE and KGE we obtain 

���� = 1 −
(�−��)2
����������

��
� = 1 −

(�.����.��)2������������������

��
� = 1 −

�.���
�

��
� = 0.5, (7) 

���� = 1 − �(� − 1)2 + (�2/�� − 1)2 = 1 − ��1/√2 − 1�
2
+ �1/√2 − 1�

2
= 2 − √2 ≈ 0.6. (8) 

Suddenly, both NSE and KGE indicate that �� is better than �� considerably, although all we do is 

just halving ��. However, Eq. (6) in nature is equivalent to Eq. (5), and we should not improve any 

simulation by just scaling the observations and the random error.  

 

Conclusion: “Its choice is dictated by the fact that at this value the power of noise starts dominating 

the power of variation of observations.” Who dictates it? Why would this interpretation be superior 

to previous explanations? 

Reply 14: We will modify this sentence in the revised version. And for this new interpretation in 

deed forms a sophisticated problem that we have explained in the third reply. 

 

Why would we need to adjust NSE for other error models? It was never intended to be used in 
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conjunction with error models but to yield an easy to interpret performance measure; most authors 

do not specify an error model; this difference should become clear. 

Reply 15: We have explained this sophisticated problem in the Replies 12, 13, 14. In short, we 

cannot have a universal measure for all cases. The traditional NSE makes sense under the additive 

error model. However, it is easy to show its failure when other error models are assumed as 

demonstrated in our example in Reply 13. The situation here is very similar to the case of MSE as 

examined in Wang and Bovik (2009). Since most authors do not specify an error model explicitly as 

the reviewer said, we have tried to secure this problem by finding more general versions of NSE 

and KGE that are applicable in most cases. These efficiencies are described in Section 3 of the 

manuscript. 

 

Regarding the apparent debate on the meaning of Nash: this needs a reference; did someone else say 

this or is this your interpretation? I have never heard / seen anyone saying that there is a discussion 

about what Nash means; there is simply no need to use Nash in other disciplines. 

Reply 16: Here we mean that there existed different interpretations for the scientific meaning of 

NSE. Later in Introduction we have listed three distinct interpretations including reference lists: (1) 

NSE as the coefficient of determination �� in linear regression, (2) NSE as a skill score for MSE, 

and (3) NSE as a multi-criteria score. 

 

 

 

Minor comments: 

 

Line 9-10: I do not have the original terminology of Nash and Sutcliffe in my head but: NSE is 

mostly used in model calibration not in forecast quality assessment; in hydrology, a forecast is the 

prediction of a future state as a function of observed past states; this is a special use of a simulation 

model. This paper needs reformulating the text in terms of simulations models (input-output 

models) rather than in terms of forecasts. 

Reply: As we have stated in Reply 2, we will revise the manuscript in the perspective of model 

calibration. 

 

Line 23-24: bad use of parentheses 

Reply: Thank you for pointing out all typographical and grammatical errors. We will apply 

proofread for the revised version. 

 

Line 24: what is the benchmark? this is not a term with a universal meaning; what benchmark are 

you talking about? 

Reply: Thank you. We will rewrite this sentence. 
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Line 29: as far as I see, the main point of that paper was about the fact that NSE values of different 

case studies should not be compared; it would have been interesting to reflect on this problem in the 

present paper. 

Reply: As we have stated in Reply 1, we will add a discussion on this problem in the revised 

version. 

 

Line 33-34: this needs a reference; did someone else say this or is this your interpretation? I have 

never heard / seen anyone saying that there is a discussion about what Nash means; 

Reply: Again, here we mean that there existed different interpretations for the scientific meaning of 

NSE. Later in Introduction we have listed three distinct interpretations including reference lists: (1) 

NSE as the coefficient of determination �� in linear regression, (2) NSE as a skill score for MSE, 

and (3) NSE as a multi-criteria score. 

 

Line 68: strange to give a reference posterior to the KGE suggestion 

Reply: We will come back to the original KGE in the revised version. 

 

Line 74-75: what is meant, please revise the sentence 

Reply: Thank you. We will rewrite this sentence. 

 

Line 88-89: what does this mean? it is not the error model that excludes forecasts and what is 

"including the mean forecast"? what is probably meant: With an additive error model, the 

observational variance is decomposed into the variance of the simulation model plus the variance of 

the error model; accordingly, the simulation model variance has to be lower than the observational 

Reply: Thank you. We will rewrite this sentence with your suggestion. 

 

Line 112: how do you obtain expectation of o^2 = mean^2 + variance; it is probably obvious to 

most readers, but why not still stay that it follows from the definition of the variance? 

Reply: Thank you. We will modify the formula. 

 

Line 157: forecaster are not all men, this is not appropriate in modern scientific writing 

Reply: Thank you. We will rewrite this sentence. 

 

Line 187: more than what? 

Reply: This means that expression of NSE in terms of � better than in terms of RNSR. We will 

rewrite this sentence. 

 

Line 207: wrong grammar, unclear what the sentence wants to say; 

 

Line 255-256: misleading formulation, here and later: the error model does not exert some sort of 

selection, it does not exclude; I suggest: "the additive error model implies that the simulations have 
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to a smaller variance than the observations since part of the observation variation is assigned to the 

error, not to the simulation". besides: this is of course a well-known fact in the hydrological 

literature dealing with Bayesian model inference (where the model error is inferred along with the 

model parameters, e.g. paper by Dmitri Kavetski 

Reply: Thank you. We will rewrite this sentence with your suggestion. 

 

Line 416: s 

 

Line 420: adding values, what does this mean, adding new samples to the time series? Unclear 

Reply: This means that the values of NSE can be easily changed under translations of simulations 

and observations. We will rewrite this sentence. 

 

Line 422: of 

 

Line 423: ls 

 

Line 428: no, where did you see this? I do not remember having seen this before 

Reply: We have cited some researches in Section 2 on this problem: 

This relatively large gap can lead to misjudgement on forecast performances in practice since 

similar to NSE, modelers tend to consider KGE=0 as the boundary value between skilful and 

unskilful forecasts (Anderson et al., 2017; Fowler et al., 2018; Siqueira et al., 2018; Sutanudjaja et 

al., 2018; Towner et al., 2019). Thus, all forecasts with KGE between [0,0.5] are wrongly classified 

to be good forecasts while they are indeed unskilful forecasts. It is worth noting that Rogelis et al. 

(2016) assigned the value KGE=0.5 to be the threshold below which forecasts are considered to be 

“poor”. 

 

Line 431-432: what does this sentence mean? 

Reply: Thank you. We will rewrite this sentence with your above suggestion. 

 

Line 432-433: what is "a distribution between forecasts and observations", what does this mean? 

Reply: We mean the joint probability distribution between forecasts and observations. 

 

Line 436-437: what is "it"; what means "it is found to be the traditional"? 

Reply: “it” is referred to the generalized NSE. 

 

Line 438: bad writing practice: this use of parentheses is a mis-use of parentheses 
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