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Storm surges are very sensitive to the details of storm characteristics as well as coastal geometry
and bathymetry; therefore, high-resolution simulations are often required to achieve accuracy in
surge modeling. However, any increase of the grid resolution and the associated increase of
simulation time steps greatly increases the computational time. High-resolution simulations thus
are unsuitable for risk analysis using large storm sets. Fortunately, extreme surge events, which
determine the range of risk of concern, are rare events, being only a small fraction of any large
set of storms. Therefore, it is critical in surge risk assessment to select the extreme events to be
analyzed with high-resolution surge simulations. In this study, we make use of two
hydrodynamic models with three grids of very different resolutions to accomplish accurate surge
simulations for a group of very large storm sets. The simulations also allow us to compare the
models’ performances and determine the necessary grid resolution for the study area. Using a
relatively small set of extreme storms, we carry out additional simulations to examine the effects
on the surge of other related processes, including wave set-up, astronomical tides, and sea level
rise (SLR). The results from these investigations, and additional information on the statistical
analysis, are presented in this supplemental material.

SLOSH vs. ADCIRC simulations

We compare the storm surges from the SLOSH (with a resolution of ~ 1 km) and ADCIRC (with
a resolution of ~ 100 m) simulations in Fig. S1, for two locations within New York Harbor, at
the Battery and Staten Island, and two locations close to the entrance of the Harbor, on the New
Jersey (NJ) coast and Long Island. The data include 1470 surge events for the NCEP/NCAR
1981-2000 climate condition (results for other data sets have similar trends, not shown); they are
selected to be the 10-year and above surge events for the Battery based on the SLOSH
simulations. We notice three features in the comparison. First, the simulated surges from the two
models are highly correlated, indicating that the SLOSH simulation (using a relatively coarse
mesh) is a good filter for this area. Second, the simulated surges from the SLOSH simulations
are lower than those from the ADCIRC simulations. This discrepancy is mainly due to the
different wind fields applied in the two models. (When we apply the SLOSH wind field to the
ADCIRC simulations, the results are not biased relative to those of the SLOSH simulations.)
Unlike the wind profile*® we use in the ADCIRC simulations, which has a defined storm outer
radius (~ 400 km) that is consistent with the observed statistics*, the wind profile in the SLOSH
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Figure S1. Comparison of the SLOSH and ADCIRC simulated storm surges (1470 events) for
four locations around New York Harbor.

model?® is associated with a very long tail (without a well-defined storm outer radius), extending
the wind field to large areas and overestimating the storm surges. The surges from SLOSH
simulations are actually lower than the surges from the ADCIRC simulations because the
SLOSH model assumes a smaller effect of the environmental background flow (often related to
storm movement) on the wind field. We add a fraction 0.5 of the translational wind velocity to
the entire wind field to account for the asymmetry of the wind field in the ADCIRC simulations;
this fraction is determined by a statistical analysis of the observed surface wind fields! and
storm tracks? (Chavas 2011, personal communication). The SLOSH model assumes that the
magnitude of this effect follows the wind profile, so that it is equal to zero at the center of the
storm, increases radially to a maximum of 0.5 times the translational speed at the radius of
maximum wind, and then decreases rapidly outward. Since the storm surge is very sensitive to
the wind speed near the radius of maximum wind, especially for the extreme events, the SLOSH
simulations produce lower surges than the ADCIRC simulations, despite having larger areas of
wind effects. Finally, the SLOSH simulations are less sensitive to storm characteristics and often
predict similar surges for a range of different storms, compared to the ADCIRC simulations. This

lower sensitivity and less successful prediction indicate the effect of the lower resolution of the
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SLOSH grid. The differences in applied storm pressure distribution and inflow angle and in
model formulation and algorithms may also have contributed to some of the differences in the

results.

Effect of grid resolution

In order to determine whether the resolution (~ 100 m) of our ADCIRC grid is sufficient, we
apply another ADCIRC mesh® with resolutions as high as ~10 m around NYC to simulate the
210 most extreme events under the NCEP/NCAR 1981-2000 climate (selected as the 70-year and
above events for the Battery based on the ~100-m ADCIRC simulations). (The bathymetric data
for the ~10-m mesh were obtained by ref. 30 from the NOS database of the coastal hydrographic
surveys, the U.S. Army Corps of Engineers nautical charts, and multibeam data collected by
Stony Brook University ship surveys; the bathymetric data of the ~100-m mesh are obtained by
interpolation from the ~10-m mesh.) The comparison of the simulated surges using these two
grids is shown in Fig. S2 for the four locations around New York Harbor. The differences
between the results are very small, with our relatively coarse mesh on average overestimating the
surge at the Battery by about 2.5% and at the NJ coast by about 1% and underestimating the
surge at Staten Island and Long Island by less than 3%. The smallness of the differences
indicates that the resolution of a few hundred meters around NYC is sufficient for accurate surge
simulations. More significantly, using the ~100-m mesh greatly reduces the computational time
(by about 25 times compared to using the ~10-m mesh), making large numbers of simulations for
risk assessment possible and efficient. Therefore, we use the ~100-m ADCIRC simulations to
assess the surge probabilities for the Battery, with a simple 2.5% reduction of the surge

magnitude to account for the effect of the grid resolution.

Effect of wave set-up

Storm surges are accompanied by wind waves, which induce wave set-up due to radiation
stresses (the flux of momentum carried by the waves). In order to investigate the effect of the
wave set-up on the surge level, we also simulate the selected 210 extreme events with the
ADCIRC model® that is coupled with a SWAN spectral wave model®?, using the ~100-m
ADCIRC mesh. The comparison of the surge levels with the wave set-up simulated by the
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Figure S2. Comparison of the ADCIRC simulated storm surges (210 extreme events) using the
~100-m mesh (x axis) and the ~10-m mesh (y axis), for four locations around New York Harbor.
The magenta line represents the linear regression of the data.

ADCIRC+SWAN model and the surge levels simulated by the ADICRC model is shown in Fig.
S3. The wave set-up is found to be small (less than 1.5% of the surge) for the four locations
around New York Harbor. To check the effect of the grid resolution on wave simulations, we
also applied the ~10-m ADCIRC mesh for the top 10 extreme events and found the wave set-up
to be similar or smaller (not shown). The smallness of the wave set-up in the NYC area may be
due to the fact that the large ocean waves break before entering New York Harbor*!. Also, since
both of these meshes are confined to the open ocean and they do not include any land, some
details of the near-shore wave breaking may not be captured. Nevertheless, given the topography
and bathymetry of the study area, the wave set-up is estimated to be small (Westerink 2011,
personal communication). Therefore, we neglect the wave set-up in this case, considering also
that wave simulations are computationally intensive (with the computational time for the surge-
wave-coupled simulation more than 10 times that for the surge simulation in this case). (Note
that the magnitude of wind waves can be very large for extreme surge events, with the significant
wave height up to 5-6 m for the Battery, but it does not affect the mean surge level considered in
this study.)
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Figure S3. Comparison of the ADCIRC simulated surges (210 extreme events) without (x axis)
and with (y axis) the wave set-up, for four locations around New York Harbor.

Effect of astronomical tide

Storm surges can happen at different phases of the astronomical tide. The total water level above
mean sea level, due to the combined effects of the storm surge, wave set-up, astronomical tide,
and riverine flow, is referred as the storm tide. When the effects of wave set-up and riverine flow
are small (as for the NYC area), the storm tide may be estimated as the combination of the storm
surge and astronomical tide. If the interaction between the surge and astronomical tide is small,
the storm tide is approximately the linear superposition of the two. However, we notice that the
tide-surge nonlinearity (L) is relatively large, with a mean absolute value of about 9% of the
surge (and 60% of the tide magnitude) for the Battery. The tide-surge nonlinearity has been
observed by previous studies, and it is attributed to nonlinear effects of the bottom friction and
momentum advection on the surge due to the presence of the tide>***. In order to quantify this
nonlinearity over a tidal cycle, we simulate the storm surge and storm tide, for each of the 210
extreme events, every 3 hours during a day in a hurricane season. The results show that a storm
surge tends to be reduced (L<0) when it happens at the high tide or during the rising tide, while it
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tends to be increased (L>0) at the low tide or during the receding tide, as shown in Fig. S4 for the
Battery (the patterns are similar for other locations around New York Harbor, not shown).

This pattern leads us to model the tide-surge nonlinearity as a function of the tidal phase, as well
as the surge height, tidal range, and mean tidal level. (As simulations of the storm tide are
computationally expensive, using empirical methods to account for the tide-surge nonlinearity is
necessary in risk assessment.) We define the non-dimensional factor y for the nonlinearity (see
Methods in the main article), calculate its value for all the simulated surge events, and model its
mean (over the events occurring at each half hour) by kernel regression as a function of the tidal
phase, as shown in Fig. S5. The obtained function y can be used to estimate the nonlinear effect
on the surge of any given tide for the study area. For example, the model-simulated tide matches
the observed tide relatively well in phase, but less well in terms of the tidal range and mean tidal
level (Fig. S5). In such a case, we may use the y function, which is modeled based on the
simulated tide, to predict the nonlinear effect of the observed tide, using the observed tidal range

and mean tidal level.

1.5

(m)

0 10 ZﬂTime {hour;:-m 40 50

Figure S4. Simulated astronomical tide (black curve) and the tide-surge nonlinearity (dots; the
difference between simulated storm tide, surge, and astronomical tide), for 210 extreme events
happening every 3 hours during a day. Each color of the dots represents a set of 210 events; 8
sets are shown. The simulated astronomical tide is for the period of 18-19 September 1995.
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Figure S5. Regression (blue curve) of the average nonlinearity factor y (open circles), together
with the simulated astronomical tide (black curve) and the NOAA observed tide (green curve).
The simulated and observed astronomical tides are for the same period of 18-19 September 1995;
the magnitudes of the tides (m) are scaled by 1/10.

Effect of sea level rise

The storm surge and storm tide levels are relative to the mean sea level. As the sea level will rise
due to the global warming, it is necessary to check whether the surge will be affected by SLR.
We perform another set of ADCIRC simulations for the 210 extreme events with the mean sea
level increased by a range of possible values predicted for NYC for the end of the century®. As
shown in Fig. S6, the nonlinear effect of the SLR on the surge (the difference between the
simulated surge above the raised sea level and the simulated surge above the present sea level) is
very small for the Battery (and for the other locations around New York Harbor, not shown),
especially for the most extreme events and when the SLR is lower than 1 m. This effect is larger
when the SLR is greater than 1.5 m, but it fluctuates almost symmetrically around zero; thus the
net effect is statistically small. This smallness of the observed effect is consistent with the first-
order theoretical estimation that the magnitude of the SLR effect is mainly determined by the
ratio the SLR to the coastal bathymetry, which is often very small*. This SLR effect may thus be

8
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Figure S6. Comparison of the ADCIRC simulated surges (210 extreme events) without (x axis)
and with (y axis) the effect of SLR at the Battery, for four SLR levels (0.56 m, 1.09 m, 1.22 m,
and 1.78 m).

neglected; therefore, the projected SLR in future climates can be accounted for linearly when

estimating the flood height including the storm tide and SLR.

Statistical assumptions

The annual number of tropical cyclone genesis events has been shown to be approximately
Poisson-distributed®>®. Based on the theory of Poisson random measure, it can be
mathematically proved that, under reasonable assumptions, the Poisson characteristic of storm
genesis leads to the Poisson characteristic of hurricane landfall over any coastal sections, over
any temporal segments (for example, El Nifio years), and/or with any intensity range (for
example, intensity greater than Category-3 level). These theoretical Poisson features are
consistent with observations (see Fig. S7 and, for example, ref. 57). Therefore, we assume the
annual number of tropical cyclones that pass by a surge site with an intensity over a threshold to
be Poisson-distributed, with mean A. In this study, / is the annual frequency of NY-region storms
(storms that pass within a 200-km radius of the Battery with a maximum wind speed greater than

20 m s-1). Let the level of annual maximum storm surge be Hnax, and then the probability
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distribution of it is

where P{H<h} is the probability distribution of the storm surge. Then, by definition, the surge

return period T is

P{Hmax < h} — e—/l(l—P{H<h})

~1—P{H,p. <h}
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Equation (2) may also be solved for the return level h, given a return period T. In our case, we
model the tail of the surge distribution with a Generalized Pareto Distribution (GPD),

h—u _1/
PUH <} =1-g,[1+§(—=)1 3)
where u is a large threshold, ¢, is the probability that the surge exceeds u, and & and o are the
shape and location parameters of the GPD, respectively. Then the return level h (h>u) is
calculated as

§

H|-—=| -1 @
L oga-7)

The GPD parameters, and thus the expected return level curve, can be estimated by the
maximum likelihood method. The associated statistical confidence interval can be calculated
with the Delta method, using the estimated variance-covariance matrix of the distribution
parameters®®. The GPD fits relatively well with the upper tail of the storm surge distribution for
almost all storm sets in this study, as shown in Figs. S8 and S9.
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Figure S8. GPD fit of the upper tail of the storm surge distribution for the storm set under the
NCEP/NCAR 1981-2000 climate condition (a) and for the storm sets under the GCM 1981-2000
climate conditions (b). The x axis is the storm surge (m) at the Battery and the y axis is the
exceedance probability.

12

© 2012 Macmillan Publishers Limited. All rights reserved.



o~ o
< % o
o)
& ~ &
- o~
fae)
C:’ 8 (=] (5]
[o] 1 1 o
o~ @ @ T
o~ ~N o)
<+ o™
~
3 3 3 2
[} ] @ (=]
- & & 2
i o~
[Te}
oy g <9 Lo
& . & g
I T T T TTT o~ [}
= o~
2 3 45 7 9
o o~
o < o
@ @ 2
. o @
- o~
0 @
= = =] e
@ - & (=]
Irel pi] [t b
< o™
< <
S P} 3 -
@ & & [=]
Irel el [t b
- o~
s} 0
< b=1 < Te)
& T L =]
0 o [ y
T T T = T T T T 0 T T T [} T T T
o~
2 3 45 3 4 5 6 7 2 3 45 2 4 6 8
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GCM 2081-2100 climate conditions, with storm size determined by the observed statistics (a)
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the Battery and the y axis is the exceedance probability.
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