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Abstract: During landfalling tropical storms, predictions of the expected storm surge are critical for
guiding evacuation and emergency response/preparedness decisions, both at regional and national
levels. Forecast errors related to storm track, intensity, and size impact these predictions and, thus,
should be explicitly accounted for. The Probabilistic tropical storm Surge (P-Surge) model is the
established approach from the National Weather Service (NWS) to achieve this objective. Historical
forecast errors are utilized to specify probability distribution functions for different storm features,
quantifying, ultimately, the uncertainty in the National Hurricane Center advisories. Surge statistics
are estimated by using the predictions across a storm ensemble generated by sampling features from
the aforementioned probability distribution functions. P-Surge relies, currently, on a full factorial
sampling scheme to create this storm ensemble, combining representative values for each of the storm
features. This work investigates an alternative formulation that can be viewed as a seamless extension
to the current NHC framework, adopting a quasi-Monte Carlo (QMC) sampling implementation
with ultimate goal to reduce the computational burden and provide surge predictions with the same
degree of statistical reliability, while using a smaller number of sample storms. The definition of
forecast errors adopted here directly follows published NWS practices, while different uncertainty
levels are considered in the examined case studies, in order to offer a comprehensive validation.
This validation, considering different historical storms, clearly demonstrates the advantages QMC
can offer.

Keywords: landfalling storms; probabilistic storm surge estimation; forecast errors; quasi-Monte Carlo

1. Introduction

Prediction of storm-related impacts within prevention (pre-disaster), emergency man-
agement, and post-disaster settings has emerged as a key priority in natural hazard risk mit-
igation efforts [1,2]. The recent, increasingly active, and destructive hurricane seasons [3–6],
as well as concerns related to the future effects of sea level rise, storm intensification, and in-
creased hurricane occurrence rate projections on coastal areas [7–9], further stress the
importance of research efforts that attempt to address this priority. Among the different
impacts, storm surge—the wind-driven rise of water above astronomical tide levels during
landfalling events—has been repeatedly proven to be an especially destructive force [10,11]
and, therefore, its accurate estimation has been receiving increased attention. Relevant
efforts towards this direction include the development of improved numerical models to
predict surge for a given storm or an ensemble of storms [12–14], the establishment of
online storm surge databases for easier access to relevant information for both researchers
and the broader public [15,16], the creation of collaborative geospatial environments for
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providing real-time surge estimates and hypothetical surge projections to planners and
emergency managers [17], and the development of probabilistic tools to provide guidance
during landfalling storms while explicitly considering all uncertainties related to the storm
forecast [18]. The last is of particular importance and it is the focus of this paper. During
landfalling events, predictions of the expected storm surge across the impacted regions
are critical for guiding evacuation and emergency response/preparedness decisions, both
at regional and national levels. At the same time, forecasts of the storm track, intensity,
and size have an associated error [19] that impacts these surge predictions [20,21]. The un-
certainties associated with the aforementioned forecast errors need to be quantified within
a probabilistic setting [18] to support, ultimately, well-informed decisions [20].

To address this need, the National Weather Service (NWS) Meteorological Develop-
ment Lab (MDL) created the Probabilistic tropical storm Surge (P-Surge) model [18,22].
P-Surge uses the National Hurricane Center’s (NHC) official advisory for the storm cur-
rent/forecasted features (such as track/intensity/size information), along with historical
errors associated with the forecasts to provide probabilistic estimates for the anticipated
storm surge. The historical errors are utilized to specify the probability distribution func-
tions for four different storm features, quantifying, ultimately, the uncertainty in the NHC
advisories [18]. These features correspond to (1) the cross-track variation, (2) the along-
track variation (i.e., the storm forward translational speed), (3) the storm size, represented
by the radius of maximum winds, and (4) the storm intensity, represented by the maximum
velocity of sustained winds. For each geographic location of interest within the domain of
the storm’s impact, two different classes of statistical products are utilized to characterize
the anticipated surge [18]: (1) the probability that the storm surge will exceed specific refer-
ence thresholds (for example, the probability that the surge will exceed 2 m) and (2) the
storm surge value with specific probability of being exceeded (for example, the surge with
10% probability of being exceeded). These statistics are estimated by generating a storm
ensemble that represents the aforementioned probability distribution functions, predicting
the storm surge for each of the storms using the NWS’s Sea, Lake, and Overland Surges
from Hurricanes (SLOSH) model [12,14], and then appropriately combining SLOSH results
over the storm ensemble. A full factorial sampling is currently utilized to create this storm
ensemble [18]. For each of the four storm features a small number of representative values
is considered, chosen based on the available intuition about the importance of the respective
forecast errors. For example, for the storm intensity, strong, medium, and weak storms are
considered, while for the storm size, large, medium, and small storms are examined. Each
of these representative values is provided an associated probability mass that represents its
relative likelihood based on the respective probability distribution functions. The storm
ensemble is obtained by considering all possible combinations of these values (full factorial
design), and the weight for each of the storms is obtained by the product of the probability
masses for each of its respective features.

This paper investigates an alternative sampling for the storm ensemble, using a quasi-
Monte Carlo (QMC) formulation [23,24], with ultimate goal to reduce the computational
burden: Provide statistical estimates for the surge with the same degree of accuracy, while
using a smaller number of sample storms. QMC utilizes deterministic, low-discrepancy
sequences for numerical integration and has been proven highly efficient for the estimation
of statistical measures like the ones considered in this application [23]. Its distinct advantage
is that it promotes a space-filling sampling in the probabilistic assessment, which is shown
to improve the estimation accuracy. The full factorial sampling on the other hand, relying
on the combination of representative values to leverage the available physical intuition
about the importance of the individual forecast errors, does not enjoy the same space-filling
properties. Our objective here is to investigate the QMC sampling potential for improving
the computational efficiency in probabilistic storm surge estimation during landfalling
events. It is important to recognize that a variety of aspects impact the accuracy of the
storm surge estimates in this context, like the quality of information for the spatio-temporal
hurricane variation, the magnitude of the forecast errors, the predictive accuracy of the
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numerical model utilized to calculate the expected surge, and the ways the interactions
between tides, surge, and waves are addressed in that model. The focus of this paper is
strictly on the uncertainty propagation component of this problem, i.e., the sample-based
estimation of the storm surge statistics of interest, and not on the characterization of these
uncertainties (forecast error description), or on the accuracy of the storm surge numerical
predictions. All the discussions regarding the improvement of accuracy refer explicitly
to this uncertainty propagation component. In fact, the accuracy should be interpreted
in one of two equivalent ways: either as a reduction in the statistical errors for the same
computational burden (same number of numerical simulations) or as an achievement of the
same level of statistical accuracy with a reduced computational burden (smaller number of
numerical simulations). The computational savings established in this context can promote
a faster real-time forecasting process or can accommodate the reduction of statistical or even
numerical errors. Such a reduction in the numerical errors can be established by leveraging
the computational savings originating from a more efficient uncertainty propagation to
accommodate the use of higher accuracy numerical models for the surge estimation.

For formulating the uncertainty propagation problem in our study, the definition
of forecast errors follows directly the published NWS practices and different uncertainty
levels are considered in the examined case studies to offer a comprehensive validation of
the proposed methodology. For facilitating the storm surge predictions in these case studies,
a surrogate model formulation is adopted, though it should be stressed that the proposed
advances are independent of the selected storm surge numerical model. Surrogate models
have been gaining increased popularity for providing accurate storm surge predictions in
the past decade [25–28]. Here, they are preferred simply in order to facilitate the extensive
validation studies and the fact that, as will be shown later, the reference solutions in these
studies require very large storm ensembles to perform accurate comparisons. The use of
a storm surge surrogate model is able to accommodate the described challenges for the
validation case studies that are considered here. It should be stressed, though, that the
authors are not suggesting there is a need to replace the currently used SLOSH model
with a surrogate for the probabilistic NWS predictions. This is done only to facilitate the
validation studies examined in this paper.

The remaining parts of the paper are organized as follows. In Section 2 the probabilistic
storm surge estimation problem for landfalling events is reviewed, and in Section 3 the
factorial sampling approach for the estimation of the surge statistics is discussed. Both
these sections are based on the relevant published literature [18,22] but further establish
some necessary mathematical formalism in the problem description to support the QMC
advances. Section 4 introduces in detail the QMC implementation. Section 5 contains an
extensive validation study, considering different historical storms and different advisories
for each storm, as well as different definitions for the forecast errors. Section 6 offers the
conclusions of the study.

2. Probabilistic Characterization of Surge for Landfalling Storms
2.1. Storm Characterization

During landfalling storms, the NHC provides advisories for the past and forecasted
storm track, size, and intensity characteristics. Track is described by the latitude, slat,
and longitude, slon, of the storm center, size by the radius of maximum winds, Rmw,
and intensity by the maximum sustained wind speed, vw, and/or the pressure difference
between the center of the storm and the ambient pressure, DP. Examples of NHC advisories
can be found at [16]. Following NHC standards, vw is going to be taken herein to correspond
to the 1-min sustained 10-m wind speed and will be typically presented in units of knots
(kts). Part (a) of Figure 1 shows an example of the storm track (slat, slon), wind speed vw,
and pressure difference DP for advisory 18 of super storm Sandy, one of the historical
storms that will be used in the case studies examined later in this paper. Both past and
forecast information is shown. As also shown in part (a) of the figure, for future projections
(forecasts), only the wind speed information is available for characterizing the storm
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intensity in NHC advisories. Note that functional approximations exist [29] that relate
Rmw, vw, and DP using, additionally, the available storm track information. As such, one of
these parameters can be determined if the other two characteristics (and the storm track)
are known.

The NHC advisory information for the storm track, size, and intensity can be used by
an appropriate parametric model to create wind and pressure fields that describe the storm
evolution over time. These fields can be subsequently used as forcing for a storm surge
numerical model to provide predictions for the anticipated surge. Since NHC forecasts
do not provide information for the future evolution of Rmw, a common practice is to use
the current estimate of Rmw as the future forecast for the storm size [18]. If Rmw is not
readily available, then current information for vw and DP can be leveraged to infer this
value based on the aforementioned functional approximations that relate these three storm
characteristics. This is the approach that is adopted in the case studies considered later in
this paper.
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process implemented in P-Surge.

To establish a mathematical formalism, we will denote by x the four-dimensional vector
of input parameters for characterizing each storm, referenced herein also as storm features:

x =


Rmw
slat
slon
vw

 (1)
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The temporal variation of these characteristics will be described using notation x(t), where
t corresponds to time, with t < 0 characterizing the prior history of the storm (historic track)
and t > 0 the future forecast (advisory track). The NHC forecast provides the nominal
(median) predictions for the storm features, {x̃ (t); t > 0}, with tilde ~ over x used herein
to denote the nominal storm characteristics. The NHC advisory, originally is provided
for variable time intervals, but it can be easily interpolated into hourly intervals. Such an
interpolation is independently performed for each of the four storm features.

2.2. Forecast Errors and Uncertainty Description

As discussed in the introduction, NHC forecasts are associated with certain errors.
These errors can be described as variations in the size, the intensity, and the along and cross
position of the storm center relative to the nominal track [18]. The along-track variability
impacts the translational velocity of the storm, while the cross-track variability impacts
the position of the storm track itself, including storm bearing. Part (b) of Figure 1 shows
the different storm tracks that originate from the cross-track variability of the nominal
track advisory shown in part (a) of Figure 1. The different storm tracks shown in this
figure are obtained through the sampling process detailed later in Section 3. Let ∆Rmw(t)
and ∆vw(t) denote, respectively, the variability in the size and intensity of the storm
parameters, compared to their nominal values, so that Rmw(t) = R̃mw (t) + ∆Rmw(t) and
vw(t) = ṽw (t) + ∆vw(t). Note that, based on the Rmw(t) and vw(t) values, the DP(t) value
can be obtained as discussed in the previous section; therefore, if that storm characteristic
is required by the numerical model used to predict the storm surge, as is typically the case,
then it can be inferred based on the values of Rmw(t) and vw(t) [18]. Let also ∆salong(t)
and ∆scross(t) denote, respectively, the along- and cross-track variability of the storm.
For the track variability, both ∆salong(t) and ∆scross(t) jointly influence the updated storm
track coordinates slat(t) and slon(t), determining, respectively the variation of the storm
perpendicular to the nominal track and the variation along this updated track, impacting,
ultimately, the translational storm speed. The process of getting the updated track based
on the nominal storm track {s̃lat(t), s̃lon(t)} and the ∆salong(t) and ∆scross(t) variation is
the following. First, each point of the nominal track is varied by ∆scross(t) perpendicular to
its bearing (at each t) to obtain a cross-path modified track. This process ultimately alters
also the bearing of the storm track. Then, each point of that modified track is varied along
the track by ∆salong(t) to obtain the final track. The latter variation maintains the bearing
of the cross-modified track.

The vector characterizing the variability in the storm features is finally defined as:

∆x(t) =


∆Rmw(t)
∆scross(t)
∆salong(t)

∆vw(t)

 (2)

Each of the four components of this vector will be denoted using subscript i, ∆xi, with i = 1,
. . . , 4 corresponding, respectively, to characteristics related to ∆Rmw, ∆scross, ∆salong, and
∆vw. The forecast errors for the NHC advisory are typically defined for 12-h intervals [0 12
. . . 120] h and are used to characterize the probability distribution for ∆x(t) [18]. The errors
can be interpolated into hourly intervals to facilitate an easier combination with the inter-
polated nominal track forecast. For the probability distribution of ∆x(t), independence is
assumed between the four storm features, since they represent fundamentally different
storm characteristics, while for each storm feature, perfect correlation between different
times is assumed. This perfect correlation means that if, for example, the vw(t) value is
larger by 1 standard deviation than its nominal value at t = 24 h, it will still be larger
by 1 standard deviation than its median value at t = 48 h. Of course, the latter standard
deviation, describing the magnitude of the variability, will change for different t and it will
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become larger (larger forecast error) as t increases. This ultimately leads to the following
probabilistic description:

∆xi(t) = σi(t)εi; i = 1, . . . , 4 (3)

where εi are independent random variables quantifying the uncertainty in the NHC forecast,
and σi(t) are scaling parameters that dictate the size of the forecast errors at different times.
The vector with components εi will be denoted herein as ε.

For ∆salong(t), ∆scross(t), and ∆vw(t) a Gaussian probability distribution is assumed
for the forecast errors [18]. This means that in the representation of Equation (3) εi are
independent, identically distributed standard Gaussian variables and σi(t) are the stan-
dard deviations associated with the forecast prediction errors. The latter are selected
proportionally to the forecast error statistics:

σi(t) = ei(t)/a; i = 2, . . . , 4 (4)

where ei(t) is the 5-year mean absolute error statistics for forecasts, which started with at
least hurricane strength, and a is scaling parameter that relates the standard deviation of
the normal distribution to the absolute error, taken currently as 0.7979 [22]. Parts (a)–(c)
of Figure 2 show examples for ei(t) based on the 2005, 2011, 2012, and 2020 NHC forecast
errors for hurricanes. These years correspond to the events that will be utilized later in the
case studies. It is evident that as t increases, the errors associated with the NHC forecast
become larger and that the accuracy of the forecasts has improved over the years since the
average errors in 2020 are substantially smaller than the average errors of 2005.

For ∆Rmw, there is no underlying assumed probability distribution; it is treated
as a discrete random variable with three possible values representing small-, medium-,
and large-sized storms, taken to correspond to the 15th, 50th, and 85th percentiles of the
storm size error [18]. As also shown in part (d) of Figure 2, based on the nominal storm
size R̃mw(t), five different error distributions are distinguished. These ultimately define
possible values for the storm size, along with the associated probability masses (probability
weights) as:

{∆R(k1)
mw (t)|R̃mw (t); k1 = −1, 0, 1}

P(k1)
1 = 0.4 if k1 = 0

P(k1)
1 = 0.3 if k1 = −1, 1

(5)

where k1 = −1 corresponds to the 15th percentile sample, k1 = 0 to the 50th percentile
sample, and k1 = 1 to the 85th percentile sample, while “|” represents the conditional
value; samples are denoted herein with superscripts in parenthesis. This means that in
the representation of Equation (3) the product σi(t)εi may be taken to correspond directly
to ∆R(k1)

mw (t), and that for the different examined t values, the same percentile index k1 is
always used. To unify the representation across the different storm features, notation ε1
will still be used to describe the samples for Rmw, in this case representing which of the
three different percentiles to adopt across the different t values. The ordering utilized in
this study for the ∆Rmw samples, as also shown in part (d) of Figure 2, is such that the
k1 = −1 leads to the smallest-sized storms.

This uncertainty description leads ultimately to the probability distribution p(ε) for
ε, corresponding to a standard Gaussian probability density function for {εi; i = 2, 3, 4}
and to the probability masses shown in Equation (5) for ε1. It is important to acknowledge
that this uncertainty characterization related to the forecast errors evolves over time.
The information presented here, and what will be also presented in Section 3, is based on
version 2.7 of P-Surge and on the published literature around it [18,22]. Though such an
evolution over time will change the p(ε) definition, the computational approaches for the
efficient propagation of the uncertainty stemming from p(ε), which is where the emphasis
of this paper is placed, are not impacted. Only if there is a modification in the assumption
of perfect correlation of the forecast errors between different time instances there will be an
impact, since that can drastically modify the dimensionality of vector ε.
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2.3. Probabilistic Surge Estimation

Let zn denote the peak storm surge at location n of the geographic domain of interest.
This surge can be estimated through any appropriate numerical model utilizing the storm
characteristics x(t). For a storm characterized through deviation ε from the nominal storm
forecast x̃, notation zn(ε| x̃) will be used herein for the surge description. For explicitly
considering the NHC forecast errors in the predictions, different statistics of the storm
surge can be estimated. Within the mathematical formalism established in Section 2.2, this
is equivalent to the propagation of the uncertainty stemming from p(ε). Statistics of interest
include the probability that the surge will exceed different thresholds of interest, or the
threshold with specific probability of being exceeded [20,22]. Using the total probability
theorem, the probability that the surge will exceed a specific threshold b is given by:

Pn(b) = P(zn > b) =
∫

P(zn > b|ε) · p(ε)dε =
∫

I[zn(ε| x̃) > b]· p(ε)dε (6)

where, according to the notation established for the surge, zn(ε| x̃) , P(zn > b|ε) is equal to
I[zn(ε| x̃) > b] , with I[.] corresponding to the indicator function, which is 1 if the quantity
inside the brackets is satisfied, else it is 0. Note that the integral over p(ε1) corresponds
ultimately to a summation over its three discrete values. The threshold corresponding to
exceedance probability p is given by:

bp
n such that P(zn > bp

n) = p (7)
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Current statistical products provided by the NWS focus on probability values of p = 50%
(median) and p = 10% and surge threshold values of b = 1.52 m (5 ft) and 3.05 m (10 ft).

The estimation of Pn(b) or bp
n requires the calculation of the four-dimensional proba-

bilistic integral of Equation (6). One approach to perform this calculation is to use Monte
Carlo integration [30]. This approach leads to estimates with randomized characteristics,
meaning that the result changes each time the estimation is performed, and to an accuracy
that reduces as a function of 1/

√
N where N is the total number of simulations (samples)

used, representing the computational burden necessary for the calculation of the desired
statistics. Alternatively, deterministic approaches such as the use of factorial sampling,
as currently performed in P-Surge [22], or the use of QMC sampling can be employed.
These alternatives are discussed in the next two sections.

3. Estimation of Surge Statistics Using Full Factorial Sampling

One approach for estimating the surge statistics is to use full factorial sampling
for the four storm features, combining discretized representative samples, along with
probability weights for each of them. In the current P-Surge implementation [18,22],
the discretization of the probability distribution is different for ∆Rmw, ∆vw, and ∆salong,
adopting a discretization that results in roughly equal probability masses for each of the
samples, as shown in part (a) of Figure 3 for ∆vw, and different for ∆scross, adopting a
discretization based on equally spaced samples, as shown in part (b) of Figure 3. For ∆scross,
the physical description of the samples (equal distance) is given a larger priority than
the probabilistic description (equal probability masses), since the cross-track variability is
expected to have a significant impact on the storm surge [18]. The discretization process
for each of the storm features is detailed next.

3.1. Sampling for Each of the Storm Features

For ∆vw, nw= 3 values are utilized for the corresponding random variable, ε4, repre-
senting the 15th (k4 = −1), 50th (k4 = 0), and 85th (k4 = 1) percentiles, or weak, medium,
and strong intensity storms, respectively. As shown in part (a) of Figure 3, this equivalently
corresponds to a partitioning of the probability space to 30%–40%–30% subsets and to the
selection of the point at the middle of the subset as the representative sample. This leads to
pair of samples and respective probability weights {ε(k4)

4 , P(k4)
4 ; k4 = −1, . . . , 1}, given by:

{ε(±1)
4 = ±Φ−1(0.15) = ±1.036, P(±1)

4 = 0.3}

{ε(0)4 = 0, P(0)
4 = 0.4}

(8)

with Φ(.) denoting the standard Gaussian cumulative distribution function. For Rmw,
nmw = 3 values are utilized, as described by Equation (5), representing small-, medium-,
and large-sized storms, respectively. Note that this discretization is identical to the one used
for ∆vw, with the only difference that the underlying probability distribution function is not
Gaussian. Similarly, for ∆salong a total of na partitions are utilized with the suggested values
for na ranging between 3 [18] to 7 [22]. The increase in the value of na originated from
the incorporation of tides in P-Surge and the need to better capture the coupling between
the generated storm surge and the tidal variations when calculating the resultant water
elevation. The along-track variation influences, as discussed earlier, the storm forward
speed, which impacts the temporal variation of the storm surge and ultimately affects the
total water elevation when it is combined with the evolving tides, even if the part of the
storm surge itself would not be affected by such along-track variations. In the case studies
that will be presented later, na= 3 was used, adopting earlier recommendations [18], since,
as will be discussed later, the impact of tides will be ignored here. This ultimately leads to
a definition similar to Equation (8), with samples representing the 15th (k3 = −1), 50th
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(k3 = 0), and 85th (k3 = 1) percentiles. The pair of samples and respective probability
weights in this case corresponds to {ε(k3)

3 , P(k3)
3 ; k3 = −1, . . . , 1}, where:

{ε(±1)
3 = ±Φ−1(0.15) = ±1.036, P(±1)

3 = 0.3}

{ε(0)3 = 0, P(0)
3 = 0.4}

(9)
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Figure 3. Illustration of the sampling process from a standard normal distribution using: (a) probability mass approach 
(shown for wv ) or (b) equally spaced samples and domain partition for ∆ crosss . 
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Figure 3. Illustration of the sampling process from a standard normal distribution using: (a) probability mass approach
(shown for vw) or (b) equally spaced samples and domain partition for ∆scross.

For ∆scross, the number of samples nc is not pre-determined, but it is decided based on
the Rmw(t) value for t = 48 h [18]. The samples cover at least 90% of the normal distribution
and they are sampled in such a way that the distance between storm tracks at the 48-h
forecast is equal to the 48-h forecast for Rmw. The sampling for ∆scross is illustrated in part
(b) of Figure 3, while the resultant storm tracks have been presented earlier, in part (b) of
Figure 1. The sampling can be conditional on the actual Rmw sample, so different for each
of the three ∆R(k1)

mw (t), or on the smallest-sized storm, so uniform for all Rmw samples and
based on the smallest ∆R(k1)

mw (t) sample. The step for the ∆scross samples is:

Ds = (R̃mw (48) + ∆R(1)
mw(48))/σ2(48) (10)

where σ2(48) represents, as discussed earlier, the standard deviation of the forecast prediction
error for the cross-track at t = 48 h. To cover the desired 90% of the standard normal distribu-
tion with a step of Ds, the total number of samples considered is nc = (2[1.65/Ds]ceil + 1), where
[]ceil is the ceiling function and 1.65 is the domain between the 5% and 50% percentiles (or be-
tween 50% to 95% percentiles) of the standard Gaussian distribution. The pair of samples and
respective probability weights are {ε(k2)

2 , P(k2)
2 ; k2 = −(nc − 1)/2, . . . , (nc − 1)/2}, where:

{ε(±k2)
2 = ±k2Ds, P

˜
(±k2) = Φ(0.5 + k2Ds + Ds/2)} −Φ(0.5 + k2Ds− Ds/2)} (11)

P(k2)
2 =

P
˜
(k2)

(nc−1)/2
∑

k=−(nc−1)/2
P
˜
(k)

(12)

with P
˜

denoting the unnormalized probability. The normalization in the denominator of
Equation (12) is implemented to guarantee that the sum of probability weights is equal to 1.
As discussed above, contrary to the other three storm features, the selection of samples for
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∆scross is not based on percentiles, but rather on an equal distance between the samples,
and that the probability domain each sample represents is not centered on the sample with
respect to probability mass distribution (probability mass to the left and right of the sample
is not equal within the domain).

3.2. Full Factorial Combination and Estimation of Surge Statistics

The full factorial sampling is accomplished by an exhaustive combination of the dis-
crete, representative samples for the four storm features, leading to a total of N = nanmwncnw
samples and associated probability weights:

ε(k) =


ε
(k1)
1

ε
(k2)
2

ε
(k3)
3

ε
(k4)
4


k1 = −1, 0, 1
k2 = −(nc − 1)/2, . . . , (nc − 1)/2
k3 = −(na − 1)/2, . . . , (na − 1)/2
k4 = −1, 0, 1

and P(k) = P(k1)
1 P(k2)

2 P(k3)
3 P(k4)

4

(13)

This sample set, which is the one corresponding to the current P-Surge formulation, will
be denoted as Xps herein, and is composed of the pairs {ε(k), P(k); k = 1, . . . , N} given
by Equation (13). Based on each sample ε(k), the sample for ∆x can be obtained from
Equation (3), which, combined with the nominal storm characteristics, yields the complete
parametric storm description x. The latter parametrization can be ultimately used for
the numerical surge prediction. As pointed out earlier, if the numerical surge prediction
requires additional knowledge of DP, the DP(t) values for t > 0 can be obtained based on
the values for Rmw(t) and vw(t) [18].

Using the above defined sample set Xps, the desired surge statistics described by
Equations (6) and (7) are obtained, respectively, as:

Pn(b) =
N

∑
k=1

I[zn(ε
(k)|x̃) > b]P(k) (14)

bp
n such that

N

∑
k=1

I[zn(ε
(k)|x̃) > bp

n]P(k) = p (15)

4. Quasi-Monte Carlo Implementation

The full factorial sampling discussed in the previous section accommodates a physi-
cally intuitive definition of the storm ensemble, as it is based on an independent definition
of representative samples for each of the storm features. This independence further ac-
commodates a seamless exploration of the impact of each of these features on the surge
statistics. It has, though, an inherent drawback: It does not have space-filling properties,
shown to provide distinct advantages for the estimation of probabilistic integrals such as
the ones examined here [23,24]. For this reason, a Quasi-Monte Carlo (QMC) sampling
scheme is examined in this study as an alternative approach.

For QMC, it is convenient to utilize the same probability space for all storm features,
so that the sampling process can be unified. The standard is to transform each of the ∆xi
into a uniform in [0 1] probability model. Denoting by
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in order to estimate the statistics of interest through QMC is per-
formed using low-discrepancy sequences [23,24]. A low-discrepancy sequence with N
elements is a sequence with the property that, for all intermediate values of Nm < N, its
subsequence (with elements 1, . . . Nm) has a low discrepancy, leading to an equal partition-
ing of the (uniform) probability space for any chosen subsequence. They are frequently
referenced as quasi-random sequences, due to their common use as a replacement of
uniformly distributed random numbers for Monte Carlo (MC) sampling. It should be
noted, though, that, in fact, they are not random; rather, they are completely deterministic
sequences. Different types of low-discrepancy sequences exist [23] with common represen-
tatives including the Halton, van der Corput, and Sobol sequences, which, despite their
subtle differences, offer similar accuracy improvements in an MC setting. In this study,
Halton low-discrepancy sequences are utilized.

The reason why a QMC formulation is recommended for the problem examined here
is two-fold. First, the uncertain space is low dimensional (four variables only) and the
statistical quantities of interest, corresponding to relatively large occurrence probabilities
(typically not lower than 5% [22]), do not constitute rare events. QMC has been shown to
be quite robust for this type of implementation. Second, QMC avoids any randomness in
the MC results, something that is very well aligned with the current P-Surge formulation.
An alternative space-filling approach would have been to use Latin-hypercube sampling
(LHS). Though LHS shares some of the variance-reduction advantages of QMC and a
similar underlying foundation [23,30] of trying to evenly populate the entire probability
space, it, unavoidably, introduces randomness in the surge predictions. The surge statistics
will be different every time the algorithm is implemented. For this reason, QMC is the
recommended approach in this application.

The QMC sampling and estimation of surge statistics is implemented through the
following steps.

Step 1: Samples
{
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is transformed to the respective value of ε
(k)
i

utilizing Equation (16). These ultimately replace the samples of Equation (13),
while the weights of Equation (13) are transformed to equal probability weights of
P(k) = 1/Nr.
The samples created through this formulation will be denoted herein as Xqmc. Samples

for ∆xi(t) are then obtained utilizing the ε
(k)
i samples of Step 2 according to Equation (3)

and are combined with the nominal storm characteristics to yield the complete parametric
storm description. The latter parametrization can be ultimately used for the numerical
surge prediction. Finally, using the sample set Xqmc, the desired surge statistics described
by Equations (6) and (7) are obtained, respectively, as:

Pn(b) =
1

Nr

Nr

∑
k=1

I[zn(ε
(k)| x̃) >b] (17)

bp
n such that

1
Nr

Nr

∑
k=1

I[zn(ε
(k)| x̃) >bp

n] = p (18)

The overall proposed formulation is identical to the current P-Surge workflow with the
only difference being the replacement of the samples in Equation (13) with the samples
obtained through the two-step QMC sampling process that was discussed above. This
makes the implementation of this alternative formulation within the current NWS workflow
straightforward.
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5. Illustrative Case Studies and Validation
5.1. Details for the Case Studies

The validation of the proposed methodology will consider three different case study
storms: hurricane Katrina (2005), hurricane Irene (2011), and super storm Sandy (2012).
These cases cover both the Gulf coast (Katrina) and the North Atlantic (Irene, Sandy) and,
as shown in Figure 4, include both landfalling storms (Katrina, Sandy), as well as storms
with bypassing characteristics (Irene). For each storm, two different NHC advisories will
be utilized. (1) For Katrina, advisories 23 and 18 are used, corresponding, respectively,
roughly to 24 h and 48 h before the storm made landfall, (2) for Sandy, advisories 26 and 18
are used, corresponding, respectively, roughly to 36 h and 72 h before landfall, and (3) for
Irene, advisories 30 and 26 are used, corresponding, respectively, roughly to 24 h and 48 h
before the storm bypassed New York and started gradually losing strength. The selection
of two advisories per storm, instead of a single one, is made to avoid any dependence of
the results on the explicit characteristics of the chosen advisory. The specific advisories are
selected so that the storm would have a considerable impact on the study region and the
advisories are sufficiently different (sufficient time difference between them). To simplify
the presentation, the earlier advisory (smaller advisory number), representing the time
further from landfall, will be denoted by A1 and the later advisory (larger advisory number),
representing the time closer to landfall, will be denoted by A2. Since the storm impact
is typically larger in the geographic domain close to its landfall and peak surge in this
domain occurs temporally close to landfall [18,31,32], advisory A1 ultimately corresponds
to a case study with larger influence of the forecast error uncertainties; the storm is further
away from landfall and so, according to Figure 2 errors, the variability of the storm track,
size, and intensity anticipated characteristics by the time the storm reaches landfall, when
a bigger impact is anticipated, is larger. This is also clearly demonstrated by the cross-track
variability shown in Figure 4.

To investigate more clearly the influence of the forecast uncertainties, for each storm
two different scenarios are examined: (1) the storm occurring on its actual year, denoted
as U1, and (2) the storm occurring in 2020, denoted as U2. In each case, the NWS forecast
error of that specific year is utilized. Since the forecast errors keep decreasing as the years
progress, which is evident from the results of Figure 2, substantially smaller uncertainties
are ultimately considered for scenario U2. The scaling parameter a is taken to be 0.7979 for
all cases apart from Katrina in U1 scenario, for which the value used at that year, 0.6745,
is adopted. Figure 4 shows, for each storm and advisory, the nominal NHC forecast track,
as well as the tracks that correspond to 1 standard deviation from the nominal track based
on the identified cross track variability. Evidently scenario U1 leads to a larger variability
for the storm track, as expected.

To faithfully mimic the typical P-Surge implementation, advisories are assumed to
provide information for the storm track, DP(t) and vw(t) for the past hurricane history
(t < 0), while, for the storm forecast (t > 0), only the storm track and vw(t) are available.
Based on the provided DP and vw, the storm size Rmw is estimated. The current estimate
for Rmw(0) is kept constant for future predictions (t > 0), representing the nominal storm
size forecast for t > 0. For the relationship between vw, DP, and Rmw, updated results from
study [33] are utilized. The same relationships are used to provide the DP(t) predictions
for t > 0, based on the values of vw(t) and Rmw(t) for the respective time t. The DP(t)
predictions are ultimately necessary for performing the storm surge numerical estimation.
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Figure 4. Storm tracks for hurricanes Katrina (2005), Irene (2011), and Sandy (2012), considering two
advisories in each case: NHC nominal forecast (red solid line), as well as the track corresponding
to 1 standard deviation for the cross-track variability based on the forecast errors of the year of the
storm (scenario U1 in dotted line), or the 2020 forecast errors (scenario U2 in dash-dotted line). Top
row corresponds to advisory A1 and bottom to advisory A2.

5.2. Storm Surge Prediction and Validation Measures

As discussed in the introduction, and in order to support the extensive case studies, the
predictions of the storm surge are performed using a storm-surge surrogate model. Details
for the development of the surrogate models for the North Atlantic, used for hurricanes
Irene and Sandy, and the Louisiana region, used for hurricane Katrina, are discussed
in references [34] and [25], respectively. The surrogate models were developed using
databases of ADCIRC simulations provided by the U.S Army Corps of Engineers through
their Coastal Hazards System [15]. The accuracy of the established surrogate models is
very high, with correlation coefficient with respect to the original database over 98.5%,
providing a very high degree of confidence for their use within the case studies considered
here. Each surrogate model offers surge predictions for close to 1 million computational
nodes over the geographic domain of impact for each storm. The input to the surrogate
model is identical to the one currently used for SLOSH within the P-Surge implementation:
the storm track and information for storm size (Rmw) and intensity (DP).

The output z considered in all comparisons corresponds to the peak storm surge above
ground without considering the tidal effects. This is the quantity that can be directly pre-
dicted by the established surrogate models (the surge above the datum provided by these
models is simply converted to surge above ground). As discussed in Section 3.1, although
tides are a deterministic process, that is not directly influenced by the forecast errors, there
is a secondary effect related to the timing of the peak storm surge and how this couples with
the tidal phases to produce the resultant peak water elevation (tides + storm surge). There-
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fore, the influence of the forecast errors, especially those that are related to the along-track
variation, are expected to be impacted by the additional consideration of tides. For this
reason, the value na used in this study for the factorial sampling is 3, corresponding to
an earlier recommendation when the impact of tides was not included in the P-Surge
framework [18]. Even though the fact that the tides are not considered in the case studies is
posing a limitation for the presented work (which is dictated by the need to use surrogate
models to accommodate the extensive validation studies), the comparison between the
QMC and the factorial sampling schemes still remains consistent. The settings examined
by the two sampling schemes are appropriate for the adopted assumption related to the
exclusion of tidal effects. Therefore, no impact of this assumption is expected on the
comparisons of the two sampling schemes established across the case studies.

The validation is performed by comparing the output predicted through the storm
sampling approach to a reference value. Reference results are denoted herein using the hat
.̂ notation and are obtained by considering a Monte Carlo implementation based on Latin
Hypercube Sampling (LHS) with a very large number of samples (100,000). This large num-
ber of samples is guaranteed to provide estimates with a high degree of confidence (very
small coefficient of variation) and, thus, it can serve as the reference (benchmark) values for
establishing the necessary comparisons. The computational workflow for the estimation of
the surge statistics using LHS Monte Carlo is identical to the QMC implementation with
the only difference that the samples
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The sampling of 

 i  in order to estimate the statistics of interest through QMC is 

performed using low-discrepancy sequences [23,24]. A low-discrepancy sequence with N 
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originate from LHS sampling in [0 1] instead of a
low-discrepancy sequence.

As validation measures, the mean error and the normalized mean error are utilized.
For the probability of exceeding threshold b, the validation statistics are, respectively:
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where S denotes a specific subset of nodes that are of interest (defined next) and sN  is 
the total number of such nodes within the subset. For the threshold corresponding to 
probability of exceedance p, the validation statistics for the mean error and the normalized 
mean error are: 
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Instead of using all nodes within the domain of interest to estimate these statistics, only 
nodes corresponding to higher surge values are utilized. For this reason, the subset S is 
defined to correspond to the nodes for which the median surge estimate exceeded 1 m. 
This is separately established for each storm advisory and uncertainty scenario examined 
and guarantees that the comparisons are constrained to locations with considerable surge 
over the normal tides, avoiding nodes with smaller surge values that can lead to an erro-
neous confidence of the statistical accuracy (easier to accurately estimate these statistics). 

For each type of output statistic, three different cases are examined. For the probabil-
ity of exceeding a specific threshold, regarding the definition of that threshold b, values of 
1.52 m (5 ft), 2.28 m (5.7 ft), and 3.05 m (10 ft) are utilized, extending to the common range 
of interest for probabilistic surge estimation [18]. For the threshold with specific probabil-
ity of exceedance, probabilities p equal to 50%, 10%, and 5% are utilized. The first proba-
bility corresponds to the median estimates for the expected surge, while the latter two 
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where S denotes a specific subset of nodes that are of interest (defined next) and sN  is 
the total number of such nodes within the subset. For the threshold corresponding to 
probability of exceedance p, the validation statistics for the mean error and the normalized 
mean error are: 
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Instead of using all nodes within the domain of interest to estimate these statistics, only 
nodes corresponding to higher surge values are utilized. For this reason, the subset S is 
defined to correspond to the nodes for which the median surge estimate exceeded 1 m. 
This is separately established for each storm advisory and uncertainty scenario examined 
and guarantees that the comparisons are constrained to locations with considerable surge 
over the normal tides, avoiding nodes with smaller surge values that can lead to an erro-
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ity of exceedance, probabilities p equal to 50%, 10%, and 5% are utilized. The first proba-
bility corresponds to the median estimates for the expected surge, while the latter two 
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where S denotes a specific subset of nodes that are of interest (defined next) and sN  is 
the total number of such nodes within the subset. For the threshold corresponding to 
probability of exceedance p, the validation statistics for the mean error and the normalized 
mean error are: 
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Instead of using all nodes within the domain of interest to estimate these statistics, only 
nodes corresponding to higher surge values are utilized. For this reason, the subset S is 
defined to correspond to the nodes for which the median surge estimate exceeded 1 m. 
This is separately established for each storm advisory and uncertainty scenario examined 
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where S denotes a specific subset of nodes that are of interest (defined next) and Ns is
the total number of such nodes within the subset. For the threshold corresponding to
probability of exceedance p, the validation statistics for the mean error and the normalized
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where S denotes a specific subset of nodes that are of interest (defined next) and sN  is 
the total number of such nodes within the subset. For the threshold corresponding to 
probability of exceedance p, the validation statistics for the mean error and the normalized 
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






  


 

ˆ| |
1 ˆ| |  and  ˆ

p p
n n

p p p p n S
n n p

S n S n
n S

b b
ME b b NME

N b
 (20)

Instead of using all nodes within the domain of interest to estimate these statistics, only 
nodes corresponding to higher surge values are utilized. For this reason, the subset S is 
defined to correspond to the nodes for which the median surge estimate exceeded 1 m. 
This is separately established for each storm advisory and uncertainty scenario examined 
and guarantees that the comparisons are constrained to locations with considerable surge 
over the normal tides, avoiding nodes with smaller surge values that can lead to an erro-
neous confidence of the statistical accuracy (easier to accurately estimate these statistics). 

For each type of output statistic, three different cases are examined. For the probabil-
ity of exceeding a specific threshold, regarding the definition of that threshold b, values of 
1.52 m (5 ft), 2.28 m (5.7 ft), and 3.05 m (10 ft) are utilized, extending to the common range 
of interest for probabilistic surge estimation [18]. For the threshold with specific probabil-
ity of exceedance, probabilities p equal to 50%, 10%, and 5% are utilized. The first proba-
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where S denotes a specific subset of nodes that are of interest (defined next) and sN  is 
the total number of such nodes within the subset. For the threshold corresponding to 
probability of exceedance p, the validation statistics for the mean error and the normalized 
mean error are: 
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Instead of using all nodes within the domain of interest to estimate these statistics, only 
nodes corresponding to higher surge values are utilized. For this reason, the subset S is 
defined to correspond to the nodes for which the median surge estimate exceeded 1 m. 
This is separately established for each storm advisory and uncertainty scenario examined 
and guarantees that the comparisons are constrained to locations with considerable surge 
over the normal tides, avoiding nodes with smaller surge values that can lead to an erro-
neous confidence of the statistical accuracy (easier to accurately estimate these statistics). 

For each type of output statistic, three different cases are examined. For the probabil-
ity of exceeding a specific threshold, regarding the definition of that threshold b, values of 
1.52 m (5 ft), 2.28 m (5.7 ft), and 3.05 m (10 ft) are utilized, extending to the common range 
of interest for probabilistic surge estimation [18]. For the threshold with specific probabil-
ity of exceedance, probabilities p equal to 50%, 10%, and 5% are utilized. The first proba-
bility corresponds to the median estimates for the expected surge, while the latter two 
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where S denotes a specific subset of nodes that are of interest (defined next) and sN  is 
the total number of such nodes within the subset. For the threshold corresponding to 
probability of exceedance p, the validation statistics for the mean error and the normalized 
mean error are: 
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Instead of using all nodes within the domain of interest to estimate these statistics, only 
nodes corresponding to higher surge values are utilized. For this reason, the subset S is 
defined to correspond to the nodes for which the median surge estimate exceeded 1 m. 
This is separately established for each storm advisory and uncertainty scenario examined 
and guarantees that the comparisons are constrained to locations with considerable surge 
over the normal tides, avoiding nodes with smaller surge values that can lead to an erro-
neous confidence of the statistical accuracy (easier to accurately estimate these statistics). 

For each type of output statistic, three different cases are examined. For the probabil-
ity of exceeding a specific threshold, regarding the definition of that threshold b, values of 
1.52 m (5 ft), 2.28 m (5.7 ft), and 3.05 m (10 ft) are utilized, extending to the common range 
of interest for probabilistic surge estimation [18]. For the threshold with specific probabil-
ity of exceedance, probabilities p equal to 50%, 10%, and 5% are utilized. The first proba-
bility corresponds to the median estimates for the expected surge, while the latter two 
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Instead of using all nodes within the domain of interest to estimate these statistics, only
nodes corresponding to higher surge values are utilized. For this reason, the subset S is
defined to correspond to the nodes for which the median surge estimate exceeded 1 m. This
is separately established for each storm advisory and uncertainty scenario examined and
guarantees that the comparisons are constrained to locations with considerable surge over
the normal tides, avoiding nodes with smaller surge values that can lead to an erroneous
confidence of the statistical accuracy (easier to accurately estimate these statistics).

For each type of output statistic, three different cases are examined. For the probability
of exceeding a specific threshold, regarding the definition of that threshold b, values of
1.52 m (5 ft), 2.28 m (5.7 ft), and 3.05 m (10 ft) are utilized, extending to the common range
of interest for probabilistic surge estimation [18]. For the threshold with specific probability
of exceedance, probabilities p equal to 50%, 10%, and 5% are utilized. The first probability
corresponds to the median estimates for the expected surge, while the latter two represent
worse surge conditions that are still quite plausible. In particular, the threshold with 10%
exceedance probability is a key forecasting product provided by the NWS [18].
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5.3. Results and Discussion

Two different storm ensemble sampling implementations are considered: the QMC,
utilizing the already defined set Xqmc, and the full factorial sampling adopted in P-Surge,
utilizing the set Xps. For brevity, the latter will be referenced herein as factorial sampling.
For QMC, different Nr values will be examined. For the factorial implementation, the guide-
lines for P-Surge are adopted, utilizing, as discussed in Section 3.1, three representative
values for the forecast errors related to size, intensity, and along-track variability, and nc rep-
resentative values for the forecast error related to the cross-track variability. This brought
the total number of simulations for the factorial implementation to N = 27nc. Recall that
the selection of the three representative values for the along-track variability is made in
order to provide consistency with the P-Surge recommendation when the impact of tides
is not considered, whereas the nc value is dependent on the step Ds given by Equation
(10). As such, the nc and, therefore, the N values are different for each advisory, impacting
the nominal R̃ mw estimate, as well as for each uncertainty scenario, impacting the target
cross-track variability at 48 h and the uncertainty in the Rmw estimate at 48 h. Note that,
even though it would have been interesting to examine the convergence characteristics
also for the factorial sampling (and not only for the QMC), such comparisons fall outside
the scope of the present study. The investigation of other possible combinations that vary,
for example, the number of representative values per forecast error or choose different
types of discretization to select these representative values, would fundamentally shift the
focus of the study. More importantly, though, the recommendations reviewed in Section 3
and adopted here have been established by the NWS in order to accommodate the best
average accuracy, across multiple years of refinement and advances. In other words, for a
given N, the accuracy that is established by the adopted factorial sampling implementation
should be considered as close to the optimal one, at least for a typical storm.

Figures 5–7 show the normalized accuracy metrics for the threshold with probability
of exceedance p, NMEp, and for the probability of exceeding threshold b, NMEb, for hurri-
canes Katrina, Irene, and Sandy, respectively. Figure 8 shows accuracy metrics (without
normalization) for the same quantities of interest for hurricane Irene. The top row in each
figure corresponds to the threshold with probability of exceedance p, and the bottom to
the probability of exceeding threshold b. The first two columns correspond to advisory A1
and uncertainty scenarios U1 and U2, respectively, while the last two columns to advisory
A2 and have the same order for the uncertainty scenarios as in advisory A1 (so U1 and
U2, respectively). In each subplot, the QMC results for varying Nr values are shown as
curves and the factorial sampling implementation as single points, since they correspond
to a unique sample size. To distinguish more easily the factorial sampling implementation,
a vertical, dashed, gray line is added in all cases. Figures 9 and 10 present different hazard
maps, depicting the spatial distribution of surge statistics over the geographic domain of
interest, for advisory A2 for super storm Sandy looking at scenario U1, for three different
sampling approaches: the reference case (left column), the factorial P-Surge sampling (mid-
dle column), and the QMC sampling for a Nr value similar to the one used for the factorial
P-surge sampling (right column). Figure 9 shows results for thresholds corresponding to
exceedance probabilities of 50% and 10%, while Figure 10 shows results for the probabilities
of exceeding thresholds 1.52 m (5 ft) and 3.05 m (10 ft). All hazard maps are focused on
the geographic domain where the storm has a strong impact, corresponding to non-zero
values for the thresholds and the probabilities examined.
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the proposed QMC implementation can be established, while offering the same statistical 
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tities that represent less frequent events, for example, thresholds with smaller exceedance 
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comparisons between the factorial P-Surge sampling (middle column) and the QMC sampling (right column) for a Nr value
similar to the one used for the factorial P-surge sampling.

A variety of interesting remarks can be made based on the results presented. The key
one is that the QMC sampling approach offers computational advantages over the factorial
sampling. It is evident in Figures 5–8 that, as the number of samples Nr increases, the
accuracy of QMC consistently increases, as expected, while for the same size of storm
ensembles (same number of samples), its accuracy is the same or higher compared to
the accuracy established by the factorial sampling implementation. As discussed in the
introduction, this improvement in accuracy can be equivalently interpreted as an abil-
ity to accommodate considerable computational savings. Though trends change from
storm to storm and across the different statistical quantities examined, for the majority
of the cases a consistent 2- up to 3-fold reduction of the ensemble size (computational
savings) using the proposed QMC implementation can be established, while offering the
same statistical accuracy as the current factorial sampling formulation. The reduction in
some of the cases is substantially larger than these numbers, especially when examining
probabilistic quantities that represent less frequent events, for example, thresholds with
smaller exceedance probabilities p, or probabilities of exceeding larger surge values b.
Since these statistical products are important for making well-informed decisions during
landfalling events, the recorded improvement in the associated computational burden
(required number of storm simulations) for obtaining the same level of accuracy estimates
in the surge statistics should be treated as an important achievement. As it was already
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mentioned earlier, results vary from case to case, depending on the storm features and on
the uncertainty description, especially since the number of samples for the P-Surge factorial
implementation is dependent on the Rmw value that dictates the number of cross-track
samples utilized. Nevertheless, consistent benefits can be observed in all results. This
behavior is anticipated and it agrees with the well-known advantages of quasi-Monte Carlo
estimation when compared to alternative methods for estimating statistics in problems
similar to the one examined here [23,24]. Moreover, the QMC implementation shows a
consistent performance across all statistical quantities examined, independently of the
storm, advisory, or forecast error size (U1 and U2). The same remark does not apply for
the factorial sampling, whose behavior can change from advisory to advisory across the
different quantities examined. This robustness in accuracy that the QMC implementation
enjoys further stresses its advantages; it offers a reliable performance that is independent
of the storm characteristics and the size of the forecast error. Especially the robustness,
with respect to the latter quantity, is a highly desirable property, since it means that the
implementation does not need to be finely tuned if, in the future, the size of the forecast
errors and, consequently, the uncertainty description for the storm features reduces.
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It is important to note, though, that the accuracy for estimating the surge statistics
is high across all the methods for all the examined storms/advisories. This can be easily
observed in the non-normalized statistics reported in Figure 8, but more importantly
in the hazard maps presented in Figures 9 and 10. The error sizes in Figure 8 are very
small, while no differences are discernible for the hazard maps between the reference,
the QMC, and the factorial P-Surge implementations. Trends are identical for all other
cases (hurricanes, advisories, uncertainty scenarios) and, for this reason, only selective
results are reported in the aforementioned three figures. These trends show that, even
though QMC does offer advantages with respect to the computational efficiency in the
estimation of surge statistics, it is important to acknowledge that the current P-Surge
factorial sampling implementation provides highly accurate estimates for the products the
NWS currently provides to emergency response managers, just at a higher computational
cost. The aforementioned potential advantages, though, provide a clear argument that the
alternative QMC formulation should be promoted over the existing factorial sampling.

A comparison between the hazard maps in the first and second row of Figures 9 and 10
makes it evident that the impact of the uncertainties associated with the forecast errors is
significant; the values of the surge for different exceedance probabilities in Figure 9 and
the probability of exceeding different surge values in Figure 10 are drastically different.
To better observe the differences in the figures, note that different scales are used in each row.
Of course, the differences will change depending on the size of the considered uncertainties,
but the comparison here clearly demonstrates an important variability for the estimated
surge even when the storm is close to landfall, corresponding, as discussed earlier, to a case
that the impact of the forecast error uncertainties is expected to be smaller. This observation
further stresses the importance of explicitly considering these uncertainties within a formal
uncertainty propagation step, as NWS currently does, and the advantages offered by the
QMC formulation, since it allows for a more accurate propagation of these uncertainties to
estimate the various surge statistics.

Going back to the error metrics in Figures 5–8, and comparing across the different
subplots, it is evident that the larger the forecast uncertainties, for example, comparing U1
against U2 or A1 against A2, the smaller the accuracy (the larger the errors) for estimating
the surge statistics. This is, of course, anticipated, since larger uncertainties are increasing
the surge variability, posing a greater challenge for the accurate estimation of its statistics.
Trends are more evident in the comparison between U1 and U2, since, between advisories
A1 and A2, the nominal storm features also changed, something that can fundamentally alter
the storm surge manifestation itself. Similarly, a comparison across different storms should
be cautiously made, since the size and strength of each storm impacts the results, especially
the statistics that relate to probability of exceeding specific surge values. For stronger
storms, with a larger generated surge, the probabilities are larger and, so, the accuracy in
the estimation of these probabilities is higher, since fewer challenges exist in the calculation
of more frequent statistics (see also the discussion in the next paragraph). This is the main
reason why errors for Katrina for NMEb are substantially smaller (Figure 5). The same
does not apply for NMEp since the compared statistics in this case are adaptively chosen
to correspond to the same percentile for the surge, creating a more consistent comparison
across storms and advisories. Independently of the size of the forecast uncertainties,
the QMC formulation appears to offer evident advantages. In fact, these advantages
are typically higher in cases where these uncertainties are larger, further stressing the
potential that this formulation has to offer; it can improve computational efficiency for
implementations for which accounting for the forecast uncertainties is more critical (bigger
influence of the uncertainties).

A final important comparison needs to be established with respect to the different
statistical quantities. Statistics that represent less frequent events, for example, thresholds
for smaller exceedance probabilities p or probabilities of exceeding larger surge values b,
are associated, in general, with smaller accuracy for the QMC formulation. Even though
this trend does not hold for all the cases examined for the NMEp statistic, as it is affected
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by a range of factors, including the normalization adopted and the selection of the nodes
for which the estimation of the error metrics is performed, it is predominantly true, while
it always holds for NMEb. As discussed earlier, the QMC implementation has the same
good performance regardless of the statistical quantity examined, even for quantities that
correspond to infrequent events, and, more importantly, its behavior shows no outliers
(abnormal errors for a specific statistical quantity examined), something that cannot be
always said for the factorial sampling. Both these are critical features: QMC can be reliably
used to estimate even statistics for infrequent surge values, and, more importantly, it is
shown to provide robust estimates across all cases. It is interesting to note that the factorial
sampling provides in some instances lower normalized accuracy for frequent statistical
quantities, for example, for the median surge values, represented by NMEp for p = 50%.
This is, of course, possible and does not represent an alarming trend, especially if one
considers, as discussed earlier, that errors are, in general, small. The consistency, in contrast,
of the QMC results further stresses the benefits that the latter can offer.

Overall, the extensive validation across different storms, advisories (per storm), levels
of uncertainty (per advisory), and statistical quantities of interest (per advisory) demon-
strate the advantages of the QMC formulation in a broad setting. This formulation can
reliably facilitate a significant reduction of the computational burden, requiring a smaller
number of simulations (smaller storm ensemble size) for estimating the current surge prod-
ucts offered by the NWS or even accommodating the accurate estimation of less frequent
events compared to the ones currently considered, for example, thresholds corresponding
to low (1% or lower) exceedance probabilities.

6. Conclusions

A quasi-Monte Carlo (QMC) formulation was examined for the propagation of the
errors associated with the NHC (National Hurricane Center) forecasts during landfalling
storms. The existing framework for the uncertainty quantification associated with these
errors and for the estimation of the different surge statistics of interest was first reviewed.
The implementation of this framework was facilitated through the P-Surge tool of the NWS
(National Weather Service) and it was based on the generation of a storm ensemble that
represented the underlying probability distributions for the storm features (as prescribed
by the forecast errors) and on the subsequent simulation of the anticipated surge for each
of these storms. A deterministic, full factorial sampling scheme is currently implemented
within P-Surge for the selection of the storm ensemble selection. A QMC formulation for
this selection was then proposed in this paper as a potential alternative. This formulation
still promotes a deterministic sampling, maintaining this desirable feature of P-Surge,
but replaces the factorial, combinatorial sampling with space-filling, low-discrepancy
sequences. Overall, it represents a minimal deviation from the existing P-Surge workflow,
which can be seamlessly integrated within it.

The validation of this newly introduced sampling formulation considered three storms
with fundamentally different characteristics, two different advisories per storm and two
different scenarios for the forecast error definitions. It also examined different surge
statistics as products of interest, extending to both the surge with specific probability of
exceedance p, as well as the probability of exceeding a specific surge threshold b. Different
values were examined for both b and p so that the achieved accuracy could be examined
for both frequent and infrequent events. The uncertainty quantification followed the setup
of version 2.7 of P-Surge. For accommodating the extensive validation study, the numerical
surge estimation was performed using a surrogate model instead of the SLOSH numerical
model currently employed within the P-Surge workflow. This use of surrogate models
did not allow the explicit consideration of the tidal influence in the analyses. Although
this exclusion of tides in the case studies is an undeniable limitation, the comparison of
the examined sampling methods was performed under equal terms, since, for the factorial
sampling, the number of representative samples for the along-track variability was selected
in an appropriate way to reflect the absence of the tidal effect. Results showed that although
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both the existing factorial P-Surge sampling and the proposed QMC sampling provide
estimates with high accuracy, the QMC formulation offers considerable advantages. In fact,
in the majority of the advisories and for the statistical quantities examined, the same level
of accuracy can be obtained by QMC utilizing at least 2–3 times smaller storm ensembles,
accommodating considerable computational savings, something that allows the delivery
of products within a smaller time window, facilitating an even more efficient real-time
forecasting process. QMC was also shown to have remarkable robustness in accuracy
performance, with no outliers in the accuracy trends across all the (extensive) case studies
examined. Results clearly demonstrate the benefits that QMC can offer for the estimation
of surge statistics during landfalling storms.

It is important to acknowledge that the overall accuracy of the storm surge estimates is
impacted by a number of factors, as detailed in the introduction, but the focus of this paper
was strictly on the uncertainty propagation component of this problem. The potential
improvement in statistical accuracy offered by the QMC implementation for this compo-
nent can be leveraged, though, to establish advances across the remaining components,
for example, towards the improvement of the grid discretization to reduce numerical errors
in the surge estimates.
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