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Thank you for the opportunity to review this manuscript. This study deals with an important issue on
compound flooding. It is very interesting to read. But there are a number of points that need to be
clarified.

We are grateful to the reviewer for reviewing our manuscript carefully and for his/her useful
suggestions, which improved the quality of the manuscript significantly. We provide a point-by-point
clarification and response to the reviewer’s comments below. For clarity, the reviewer’s comments
are given in red color, the responses are given in plain black text and the modification/addition in the
manuscript are in blue italics. The revised manuscript will be modified accordingly.

Detailed comments:

The authors presented a modeling framework involving a few different modeling platforms and an
integration of them to examine the dependence between large riverine discharge and high sea level
due to tide/surge. It will be good if the authors could illustrate the different modelling components,
how they connect to each other, the flow of data/information in and out of them in a figure/chart.
This will help the readers to underhand the entire modeling framework.

This is a useful suggestion. A figure with schematic representation of the modeling framework will be
added to the supplementary document to illustrate the inputs, models and outputs in this study.
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Figure R1. The framework used in this study. The orange color, green and grey color represents the
input, output and the model used in the study respectively. The P, T, SLP, U and V represents the
precipitation, temperature, sea level pressure, zonal and meridional wind components respectively.

The blue color represents the intermediate steps followed like bias correction of precipitation and
lapse rate correction of temperature obtained from downscaling EC-Earth.
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2. The authors mentioned that “For the Rhine catchment and the Dutch coastal area, existing studies
suggest that no such relation is present at time lags shorter than six days.” However, the outcomes
of this current study contradict the previous findings. What are the mechanisms that have changed
the outcomes of this current study?

A straightforward rationale exists to link high storm surges to large discharge volumes arriving at the
coast 6 days later: a strong storm whose winds set up a storm surge will need time to reach the Rhine
headwaters where heavy rainfall will find its way to the river mouth after a few days of travel.
However, in the real world this simple rationale is blurred by natural variability where multiple
storms and anomalous travel times may lead to very different correlation lag times. Our ensemble
high-resolution model set-up allows diagnosing this correlation range much better than studies that
rely on single observational records (Figure R2).
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Figure R2: Mean temporal evolution of the 75 (black) 90 (red) and 95 (blue) quantile of observed
discharge at Lobith for total water level events exceeding the 90th percentile at HvH for
observations. The dash line and solid lines represent the unconditional discharge and conditional
discharge on total water level respectively.

3. As the authors noted that timing is important in dependence analysis. Both hydrological models
“have errors in estimating the timings of flood waves” and “Both models have difficulties in
reproducing flood timing”. How these errors in timing actually contributed to the dependence
estimated in this study compared to previous studies using observed data? Is it possible that the
increased dependence found in this study is actually due to these errors in timing, rather than being
genuine increased dependence?

We acknowledge the reviewers concern regarding the impact of model biases in the results of this
study. We agree that a major part of the uncertainty is coming from model errors. However,
restricting ourselves to only use observations would restrict us to a smaller pool of samples. As
discussed above, the correlation may emerge at other lags than 6 days, due to natural variability in
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the system. We also acknowledge that the broad simulated flood waves in SPHY might have
contributed towards the increased dependency. For instance, in SPHY at higher quantiles the
confidence band are overlapping with unconditional line (Figure 5 P 21 in original manuscript),
statistically no conclusions can be drawn. Flood wave timing and biases in the extreme events might
have smeared out the signal in the surge discharge composite. Nevertheless, a clear correlation can
be seen at lower quantiles.

Since, the reviewers have some concern over the SPHY model results, we decided to couple an
advanced kinematic routing scheme to the model which improves the representation of the flood
wave characteristics, and allows a better quantification of the role of model uncertainty. We use the
PCR-GLOWB?2 kinematic wave routing scheme (Sutanudjaja et al., 2018). The higher quantiles flow
has significantly improved as compared the SPHY with simple routing scheme (Figure R3 and Table 1.)
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Figure R3. Observed versus modeled daily discharge at Lobith for the period between 1951 to 2000
for SPHY model left for the previous simple routing scheme as described in the manuscript and right
with kinematic routing scheme from PCR-GLOWAB-2. Colors indicate three ranges based on observed
percentiles: “Low” (<5%, red), “Medium” (5-95%, green) and “High” (>95%). The solid red line
represents the 1:1 slope.



Table 1. Performance index for HBV and SPHY model on a daily time scale. The low, med and high
represent the statistics for Q<Q5th, Q5th < Q < Q95th and Q > Q95th quantile of the observed flow
whereas, all, represents the overall flow series.

HBV SPHY (Kinematic routing)
Objective function low Med high all low med high all
R2 0.52 0.87 0.65 0.91 0.19 0.65 0.34 0.77
PBIAS (%) -183 -106  -7.3 -103 | -20 0.1 6.7 0.3
RMSE(m3/s) 180 359 1045 415 300 605 1732 695
NSE -4.9 0.79 0.26 0.87 | -5.26 0.59 0.2 0.69
Volumetric Efficiency 0.82 0.87 0.85 087 |0.72 0.81 0.79 0.81
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Figure R4: Normal quantile plot for HBV (blue), SPHY (red) and Observation (black). On the horizontal
axis, the distributions are centered and scaled (divided by the standard deviation). The light blue & red
lines represent 16 ensemble members for HBV & SPHY.



With the improvement of flow in higher quantiles, a more well-defined flood peaks are observed in
the model simulation. Rather than comparing the onset of discharge peaks, we directly compare the
flood wave peak timing. We found that the with the new routing scheme the flood wave travel time
has significantly improved, even better than the HBV model (Figure R5).
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Figure R5. Comparison of the timing distribution of the discharge wave peak in SPHY and as
compared with the observations for 50 years.

With the model routing improvement, the surge and discharge composite plots generated using the
climate model ensemble are also improved, as shown in Figure R6. This suggest the underestimation
of the extreme flows in SPHY are mainly due to routing scheme used and not due to poor calibration
of the physical processes. With improved timings of the flood wave, the model uncertainty can be
reduced further. A clear dependence at higher quantile for the range of lags can be seen in SPHY
model with kinematic routing which was not evident in the SPHY model with simple routing.
Improvement in the model timing does not change our previous claim that probability for finding a
co-occurrence of extreme river discharge at Lobith and storm surge conditions at Hoek van Holland
are up to four times higher (Figure R7). Though there are some minor differences in the figures, the
main conclusion remains unchanged.

Based on this, we change section 3.1.1 Basic metrics and distribution, 3.1.3 Timing of the peak, 5.
Discussion, table 1, and all the figures 1-8 accordingly in the main manuscript.
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Figure R6. Mean temporal evolution of the 90™ (red), 95 (green) and 99*" (blue) quantile of
discharge at Lobith for total water level events exceeding the 90th percentile at HvH in WAQUA as
modeled by (a) HBV, (b)SPHY with simple routing and (c) SPHY with kinematic routing. The lag in
discharge at Lobith is relative to the peak in total sea water level at HvH. Negative & positive lag days
indicate that the discharge peak occurs before & after the day of the high sea water event. The
dashed lines are the unconditional discharge quantiles, i.e. discharge quantiles independent of water
level; solid lines are the ensemble mean of the conditional quantiles. The shaded area represents 16
different lines for each ensemble and we only took the 5 and 95 percentile of those 16 lines to
show spread of 16 ensemble member.
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Figure R7. Probability for getting river discharge above a certain percentile ((a) HBV, (b)SPHY with
simple routing and (c) SPHY with kinematic routing), given that total water levels also exceed the
97.5% percentile. For each discharge percentile, the probability is scaled by the random probability of
the event.



4. Figure 6 and Figure 7 are important for this study. It seems the dependence between the total
water level and river discharge is not very strong if there is any dependence at all. As shown in Figure
6, in the majority of the cases, the large values of the two processes occur independent of each
other. It is not immediately clear to me how the authors arrived at the conclusions that “the
probability for finding a co-occurrence of extreme river discharge at Lobith and storm surge
conditions at Hoek van Holland are up to four times higher ... . This conclusion is only mentioned
once in the abstract and cannot be found (and not explained) anywhere else in the paper.

We agree with the reviewer, that we do not see strong dependence between the two variables. We
also agree that for large values, the extremes in the two variables are virtually independent of each
other. However, in our study we are mainly interested in the understanding of how the conditional
discharges on total water level (TWL) vary with respect to the unconditional discharges (Figure 6 P22
in original manuscript). The background scatter plots serve as an illustration of the joint distribution.
The conclusion “the probability for finding a co-occurrence of extreme river discharge at Lobith and
storm surge conditions at Hoek van Holland are up to four times higher ...” is made based on the
results obtained from section 4.3 P11 and Figure 8 P24 in the original manuscript. In this section, we
assess the compound event probabilities scaled with the unconditional probabilities. Based on the
results, we found that at very high quantiles the normalized probability strongly increases.
Depending upon the model, we found that it is 2-5 times more likely to get a high discharge once
TWL s high.

Based on this, we include the following in section 4.1 P9 L20

“The background scatter point only serves as an illustration of the joint distribution of the two
variables. Presence of red scatter points on the top right corner implies the dependence between two
variables. However, these two variables do not show any strong dependence, especially for very large
value.”

5. By looking at Figure 6, the two processes seem to be asymptotically independent. Does this mean
the driving forces of the two processes may change? For example, the extreme sea level may be
driven by storm surge however, the very extreme sea levels maybe driven by astronomical tide,
which is not correlated to river discharge? How will this impact the total dependence between the
two processes?

We acknowledge the reviewer’s concern that extreme sea levels may be driven by astronomical tide
rather than the storm surge. To understand this, we conducted a similar analysis as in Figure 6(a)
using only the storm surge levels (Figure R7). We do not find any significant differences between the
two results except the position of the points. The statistical properties relevant for this study are
similar. Since we use the daily mean TWL values, the tide signals are averaged out. If we would have
taken the daily maximum values for tide and surge then the largest peak would occur when storm
surge and tide coincide. There is no such extreme case which is dominated by the astronomical tide
only for Dutch coastal area.
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Figure R7. Scatter plot of coastal water levels and discharge for a lag of three days ((a) HBV and (b)
SPHY with simple routing and (c) SPHY with kinematic routing) and 16 ensemble members. Events
exceeding the 99th quantile of either of the variables are marked in blue. Events exceeding the 99th
quantile of both variables are marked in red. The triangles (blue/black) represent the ensemble mean
of the conditional discharge (50th & 90th). The blue solid lines represent the spread of ensemble i.e.
5th & 95th quantiles of the conditional discharge (50th quantile). Similarly, black solid lines represent
the 5th & 95th quantiles of the conditional discharge (90th quantile).

Based on this, we include the following in section 4 P8 L19

“We take daily mean TWL instead of the max TWL to eliminate any possibilities of extreme sea levels
that may be driven by astronomical tide. Since by using the daily mean TWL, the effect of
astronomical tide is averaged out. Further, there is no such extreme case which is dominated by the
astronomical tide only for Dutch coastal area. Thus, we define a high/extreme water event as a day
where the daily mean TWL at HvH exceeds the 90th percentile of its distribution.”

6. How does the method used in this study compare to those ones commonly used in previous
studies to assess the dependence between two variables, e.g. correlation based (Wahl et al. 2015) or
copula-based methods (Bevacqua et al. 2017), or the bivariate logistic threshold excess model (Wu et
al. 2018)? Will there be similar/weaker/stronger dependence between the two processes?

We acknowledge the reviewers concern regarding the comparison of the method used in this study
as compared to the studies mentioned by the reviewer (Table R1). The study from Wahl et al., 2015,
focuses on the precipitation and storm surge along the US coasts. Their study uses precipitation as
proxy for riverine floods. Further, the dependence structure is modeled using a family of copula
models. Similarly, the study from Wu et al., 2018 used the observed rainfall and storm surge data to
calculate the dependencies along the Australian coast. They used the bivariate logistic threshold
excess model to calculate the dependence between the variables. Further, they used the
hydrodynamic model to simulate the dependencies between the variables in a data sparse region
with a reasonable level of confidence.



Both Wahl et al., 2015 and Wu et al., 2018 used precipitation (rainfall) and storm surge to
investigate the coastal flood risk. However, discharge (water level) is a more appropriate variable
than precipitation. This motivates this study to use hydrological model. Further, Bevacqua et al.,
2017 investigated the uncertainties in flood risk with the use of pair copula constructions (PCCs) for
Ravenna (Italy) using the water level as one of the impact variables. Their study focuses on PCCs to
make a distinction between the heterogeneous dependence structure among different variables
which is difficult to model using the multivariate parametric gaussian copula models. Since the
multivariate gaussian copula assume marginal distribution for all the variables, the same dependency
structure in all the generated pairs is not reasonable. To overcome this limitation, they use the PCCs.
However, such copula construction lacks the memory components associated with the hydro-
meteorological systems. The hydrological processes such as antecedent soil moisture conditions,
snow and ice storage in the catchment, rain on snow mechanisms and antecedent ground water level
which play an important role in defining the magnitude and length of the flood wave (Merz and
Bl6schl, 2003, 2008) are lacked in copula construction. Though, copula model are very useful and
powerful tools in simulating the dependencies between the variables in multivariate environment,
the statistical models rely on many assumptions to simulate the joint behavior or distribution. The
joint distribution of the variables is difficult to know beforehand and rather than using (statistical)
copula's that rely on many assumptions, we apply a physical modelling framework that generates the
physical correlations directly.

Our study directly assesses the compound nature of water level and discharge, rather than indirect
proxies. With the use of models and gridded climate data, we ensure that the heterogenous variation
of meteo-hydrological processes and the memory components are well captured here which are
lacking in the above point scale studies. We rather use a complete physical approach to show the
joint occurrence of high discharge and water level are not just by a chance.

We acknowledge the reviewers concern regarding the strength of dependence with the use of
different methods. Klerk et al., 2015 used the bivariate logistic threshold excess approach and
showed no asymptotic behavior towards more extreme quantiles in two variables in the Rhine.
However, the study is based on a relatively short period of data and a coarse climate model
simulation. We did not assess the dependence structure with the copula based models yet as it is not
in the scope of this study. The motivation of this study was to build upon previous studies from van
den Hurk et al., 2015; Kew et al., 2013; Klerk et al., 2015 and physically understand the mechanism
behind the increased dependence between the real impact variables. Further investigation using the
statistical approaches mentioned by the reviewer would be interesting for future work.

Table R1. Table showing the data and the approaches used in the different studies mentioned by the
reviewer.

Wahl et al Wu et al Bevacqua et al This study

Variables Precipitation and | Rainfall and Water levels, sea Total water level
Storm surge Storm surge levels and River
(without tidal and | (nontidal discharge
mean sea level residuals)
influence)

Data Observations and | Observations and | Observations and Dynamically
modeled pair surges from PCCs simulation downscaled EC-
using copula hydrodynamic Earth model

model




datain
ensemble mode.
Methods Dependency Dependency Dependency is Physical
simulation using between the simulated using modelling of the
families of copula | rainfall and storm | the PCCs. surge and river
models surge is component
simulated using though
the hydrodynamic,
hydrodynamic hydrological and
model hydraulic model.
Measure Kendall’s rank Alpha (o) Uncertainty in Dependence is
correlation parameter from estimation of measured based
coefficient the bivariate impact variable on the joint
logistic threshold | (water level distribution
excess method is | affected from river | from large
used to assess and sea water) ensemble of
the dependency. | together with correlated
meteorological modeled pairs.
predictors.s The scaled
probabilities of
joint events are
calculated as a
measure of
strength.
Region US coast Australian coast Ravenna, Italy Rhine (at Lobith)

Based on this, we include the following in main manuscript after P13 L1.

Though, copula model are very useful and powerful tools in simulating the dependencies between the
variables in multivariate environment, the statistical models rely on many assumptions to simulate
the joint behavior or distribution. The joint distribution of the variables is difficult to know beforehand
and rather than using (statistical) copula's that rely on many assumptions, a physical modelling
framework that generates the physical correlations directly is needed. To this end we adopt a
methodology that directly assesses the compound nature of sea water level and discharge, rather
than indirect proxies. With the use of sets of hydrological models and fine resolution gridded climate
data in ensemble mode, we ensure that the heterogenous variation of meteo-hydrological processes
and the memory components of the system are well captured here which are lacking in the studies
before in Rhine. We rather used a complete physical approach to investigate the joint occurrence of
high discharge and water level are not just by a chance.

7. Dependence between storm surge and other flood contributing processes have been studies
previously (Svensson and Jones 2004; Wahl et al. 2015; Wu et al.2018). However, this paper does not
directly deal with storm surge; rather total water level was used. The title and heading of section 4
should be changed to reflect what was done in this study. In addition, Line 10, page 3: “We believe
that the use of a large sample of data obtained from a fine resolution climate model ensemble
provides a better insight into the statistical connections ...”. Similar recommendations were
made/demonstrated in previous studies (Wahl et al. 2015; Wu et al. 2018)




We refer to our response to comment no. 5 for the motivation to use “Storm surge” in the title
instead of the Total water level

The sentence L10, P3 will be rephrased as suggested by the reviewer:

“The use of large sample of data obtained from a fine resolution climate model ensemble provides a
better insight in to the statistical connection between the two variables (Wahl et al., 2015; Wu et al.,
2018) than possible in previous assessments in Rhine which used either samples from observations
limited to the past 30-40 years data only or used limited year coarse resolution climate model
simulations.”

Bevacqua, E., Maraun, D., Hobak Haff, I., Widmann, M., and Vrac, M. (2017). "Multivariate statistical
modelling of compound events via pair-copula constructions: analysis of floods in Ravenna (Italy)."
Hydrol. Earth Syst. Sci., 21(6), 2701-2723.

Svensson, C.,and Jones, D. A. (2004). "Dependence between sea surge, river flow and precipitation in
south and west Britain." Hydrol. Earth Syst. Sci., 8(5), 973-992.

Wahl, T., Jain,S., Bender, J., Meyers, S. D., and Luther, M. E. (2015). "Increasing risk of compound
flooding from storm surge and rainfall for major US cities." Nature Climate Change,5, 1093.

Wu, W., Mclnnes, K., O’Grady, J., Hoeke, R., Leonard, M., and Westra, S.(2018). "Mapping
Dependence Between Extreme Rainfall and Storm Surge." Journal of Geophysical Research: Oceans,
123(4), 2461-2474.

Technical corrections

1. Line 27 page 2: country of US and Italy should swap as the first study by Bevacqua et al. (2017) is
on ltaly.

This will be corrected in the revised manuscript.

2. Line 29, page 7: “we chose it to use =5 days here” should be “we chose to use +5 days here”.
We agree with the reviewer. It will be corrected in the manuscript.

3. Line 12 page 9. Pleas reword the last sentence.

We agree with the reviewer. The sentence will be rephrased to “The 800 years of daily data provides
a solid confidence in analysing the tails of the distributions.”
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