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Abstract The estimation of exceedance probabilities for extreme climatic events is critical for infrastructure
design and risk assessment. Climatic events occur over a greater space than they are measured with point-scale
in situ gauges. In extreme value theory, the block maxima approach for spatial analysis of extremes depends on
properly modeling the spatially varying Generalized Extreme Value marginal parameters (i.e., trend surfaces).
Fitting these trend surfaces can be challenging since there are numerous spatial and temporal covariates that

are potentially relevant for any given event type and region. Traditionally, covariate selection is based on
assumptions regarding the topmost relevant drivers of the event. This work demonstrates the benefit of utilizing
elastic-net regression to support automatic selection from a relatively large set of physically relevant covariates
during trend surface estimation. The trend surfaces presented are based on 24-hr annual maximum precipitation
for northeastern Colorado and the Texas-Louisiana Gulf Coast.

Plain Language Summary Extreme climatic events (e.g., extreme rainfall, wind) by their nature
occur over a much larger space than they are measured with point-scale in situ gauges. Geographic and

climatic variables (aka, covariates; e.g., elevation, temperature, pressure) that are associated with the extreme
event type can be used to assist in properly modeling how the event varies over a given space. However, the
selection of which geographic and climatic covariates should be included in spatial analysis of extremes is
often left to manual selection and, in the case of extreme precipitation, is limited to only a few covariates (i.e.,
latitude, longitude, mean precipitation). Moreover, the use of a larger set of variables is often avoided due to the
computational burden that is introduced. We demonstrate the use of elastic-net regularization for automating
the selection of geographical and climatic covariates for modeling the distribution of extreme event parameters
spatially, and for reducing the computational time needed for selecting the best performing set of covariates.

1. Introduction

The ability to estimate the magnitude and frequency of extreme atmospheric and hydrologic events is an
essential part of infrastructure planning and hazard mitigation (Gumbel, 1958; Luke et al., 2017; Stedinger &
Griffis, 2008). Given that many extreme events are spatial processes, model development has been focused on
addressing the challenge of integrating spatial information within extreme value analysis methods (Cooley, 2009;
Davison et al., 2012).

Block maxima approaches to spatial extreme value analysis borrow strength spatially, with the assumption that the
distribution of the maxima at all locations in a region follow the generalized extreme value (GEV) family of distri-
butions where some (or all) of its parameters vary spatially (i.e., trend surfaces) (Coles & Casson, 1998). Of these
modeling approaches, the Regional Frequency Analysis (RFA) method is the industry standard for estimating the
intensity, duration, and frequency of extreme events. The RFA method relies on geographic and climatological
factors to assist in the delineation of subregions wherein the parameters of the underlying marginal distribution
can be assumed to be acceptably homogeneous (Coles, 2001). However, marginal parameters are often spatially
heterogenous. Therefore, Latent Variable Models (e.g., Bayesian Hierarchical Models) and Max-Stable Process
approaches have been developed that allow for the integration of geographical and climatic covariates within
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trend surfaces for distributing extremal model parameters in space (Banerjee et al., 2014; Cooley et al., 2007
Davison et al., 2012; Renard, 2011; Ribatet et al., 2012; Wikle et al., 1998).

A common challenge with utilizing these methods for spatial extreme value analysis is identifying the optimal set
of spatial covariates (Blanchet & Davison, 2011; Davison et al., 2012; Ribatet, 2017). Poor trend surface char-
acterizations can complicate the dependence parameterization since these models often make use of a log-like-
lihood formulation (Blanchet & Davison, 2011; Ribatet, 2017). For example, when working with a max-stable
process model that uses a pairwise log-likelihood, there are 2" possible models that involve subsets of n predictors
(James et al., 2013). If n = 10, 100, then there are 1,024, 1.267651e*° possible models to be considered for a
single marginal parameter trend surface. Therefore, we introduce the addition of elastic-net regularization during
trend surface development to automate covariate selection and to reduce the computation time needed for the
log-likelihood stage of spatial model development. While the methods in this study focus on using the GEV
family of distributions based on a block maxima approach (e.g., annual maxima), these improvements to trend
surface modeling can be applied to models that utilize other distributions.

2. Methods

For spatial models of extremes, we often use covariate information from each site across the region to model the
spatially varying GEV parameters (i.e., trend surfaces). The spatially varying GEV parameters are determined
using the at-site extreme value distribution fit of the AM data. The linear trend surfaces used within latent varia-
ble and max-stable process approaches are commonly of the form

H(COV,) = M0 + M1 €OV + =+ + Hyun, COVu,
0(COV,) = o0 + N5,1C0V6,1 + *** + Hon, COVg D

&(cove) =10 + N1 COVEL + ++ + Hen, COVn,

where 7., cov.;, and n,, n,, n, are the parameters, site-specific covariates, and the number of non-zero covariates
for the GEV distribution's location (), scale (), and shape (£) parameters that are derived from univariate at-site
estimates. Using either Bayesian methods or a maximum likelihood approach we can then find the best set of
parameters (i.e., intercept and regression coefficients) indicated in Equation 1 that minimize the error between
the at-site GEV parameter fits and the model containing the covariates.

Our proposed process for trend surface model selection involves two stages. First, elastic-net regularization is run
using k-fold cross validation to select the best fitting general linear models for each GEV parameter independently
(Equation 1). For the second step, a sampling of the best fitting models for each parameter are selected based
on the elastic-net results and then run in combination within a spatial GEV framework (latent process model) to
determine the best trend surface for the region.

Elastic-net regularization is a hybrid of ridge and lasso regression that makes use of the strengths of each method,
while minimizing their shortfalls (Friedman et al., 2010). Ridge regression is known for yielding smooth solu-
tions that keep all the predictors, which makes it good in the case of correlated variables but not ideal if parsi-
mony is desired. Whereas lasso regression results in automatic variable selection that does not handle correlated
variables well but it does tend to select the most sparse solutions (James et al., 2013). The elastic-net penalty
was originally introduced by Zou and Hastie (2005) as a compromise between ridge (Hoerl & Kennard, 1970;
Tikhonov, 1943) and lasso (Tibshirani, 1996) regression. Given observations y, i = 1, ..., n, an n X m matrix of
normalized covariates X and an assumed linear model

Yi=no+mxXiy+ -+ OmXim, )

the elastic net minimizes

I ¥ St
ﬂZ(y,-—no—nx,-T)2+/12[5(1—0!)11,2+a|111| ) 3)
i=1 J=1
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where / is a non-negative regularization parameter that is tuned to weight the overall strength of the penalty and
a € [0, 1] is specified to control the penalty term to vary from ridge regression at a = 0 to lasso regression at
a =1 (Friedman et al., 2010). As a increases from O to 1 for a fixed A, the number of zero-valued n; increases from
0 to the sparsity of the lasso (Friedman et al., 2010). In this study, variable selection was desired in the interest
of adherence with the principle of parsimony, therefore @ was specified close to 1 for numerical stability (Fried-
man et al., 2010). With a specified close to 1, the elastic net performs much like lasso regression while retaining
ridge regression's capacity to collectively shrink the coefficients for any highly correlated covariables (Friedman
et al., 2010; Hastie et al., 2009). Exploiting extreme value theory, each independent elastic-net application used
univariate at-site GEV estimates as the observations. Employing the "glmnet" R package (Simon et al., 2011),
repeated k-fold cross-validation (CV) was used to find the minimizing value for A (Equation 3) for each elastic-net
application (Equation 2). The minimizing model (4, ) is the one with the lowest CV mean squared error (MSE),
while the best regularizing model 4,,, is defined as having the largest 4 value within one standard error of 4,
(Friedman et al., 2010; Hastie et al., 2009, 2016).

For the second step of the trend surface modeling, spatial GEV models were fitted and evaluated using the
“SpatialExtremes” R package, which uses a maximum likelihood approach (Ribatet, 2020). A sampling of the
best performing trend surfaces (e.g., top 10) from the elastic-net CV for /t(COV”), o(cov,), and f(covg) from the
1ange (A Al U (A Aoy
neously fitted. For example, if there were 10 top models for each GEV parameter and an intercept only model for
each, then there would be 11° = 1,331 spatial GEV models to be fitted. The log-likelihood of the spatial GEV

model used is given by

Rsite Moby =
Vi = Wi\ ¥ 1 Yij = Hi
l(ny,na,n5)=zz{—10g6i—<1+€i — ) —(1+E)10g<1+€.»’7)}, €
i=1 j=1 ! ! !

where p;, 0, and &, are the GEV parameters for the ith site (i = 1, ...,

), where 4 corresponds with the intercept only model, were selected and simulta-

n,\'ite
the jth observation for the ith site (Ribatet, 2009). The spatial GEV models were evaluated using information

) with &; assumed non-zero, and y, J is

criterion scores (i.e., Takeuchi Information Criterion) (Takeuchi, 1976) and quantile-quantile comparisons of the
spatial GEV model parameter estimates with their at-site counterparts (Blanchet & Davison, 2011; Ribatet, 2009).

3. Data

Two regions with distinct geographic and climatic drivers for the dominant storms observed within each region
were selected for study (Figure 1). These regions include northeastern Colorado (NECO) and the Texas-Louisi-
ana (TXLA) Gulf Coast. The Front Range region of Colorado is dominated by localized thunderstorms during the
summer months, while the Gulf Coast region is dominated by tropical cyclones (Schumacher & Johnson, 2006;
Shepherd et al., 2007). Observed daily precipitation data was retrieved from the NOAA Global Historical Clima-
tology Network-Daily (GHCN-Daily) data set (Menne, Durre, Korzeniewski, et al., 2012; Menne, Durre, Vose,
et al., 2012) for both NECO and TXLA. The 24-hr duration annual maxima (AM) time series were produced
using gauged sites with at least 40 years of data available with no more than 10% missing data in any given year.
The precipitation time series at these gauged sites were also checked for stationarity over the period of 1960-2020
using a Mann-Kendall trend test with an « of 0.05.

The covariate data selected includes longitude, latitude, their product, elevation, and relevant annual and monthly
climatological information (i.e., precipitation, dewpoint temperature, maximum/minimum/mean temperature,
and maximum and minimum vapor pressure deficit) extracted from the Parameter-elevation Relationships on
Independent Slopes Model (PRISM) Norm81 m long-term (1981-2010) mean monthly gridded data sets at 30
arc second resolution (Daly et al., 2008) for all gauged sites within both study regions. These covariates and
their squares constituted the entire set of covariables (190 in total) considered to build each trend surface within
both study regions. The selection of these covariates was based on past literature that demonstrates the links
between local extreme precipitation, physical information (e.g., elevation, climatology) (Javier et al., 2007; Oki
et al., 1991; Papalexiou et al., 2018), and rainfall-temperature thermodynamic relationships (Adler et al., 2008;
Trenberth & Shea, 2005; Zhao & Khalil, 1993).
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Figure 1. Study regions and sites associated with the observed annual maxima data. The regions are (a) northeastern Colorado and (b) the Texas-Louisiana Gulf Coast.
Purple markers indicate calibration sites, while orange markers indicate validation sites. Annual maxima counts by month are also displayed for each region.

4. Results

Each respective elastic-net application was performed using 20 separate iterations of k-fold CV for each GEV
parameter with a k of 10 and an a of 0.95 for both regions. Figure 1 shows the gauged sites for both regions
that were randomly selected for the 80% calibration (purple markers) and 20% validation (orange markers) AM
data sets. An a of 0.95 was selected to achieve an a value that would favor the parsimonious lasso regression,
while still incorporating ridge regression's ability to reduce the coefficients for any highly correlated covariables
(Friedman et al., 2010). After narrowing down the results to the best performing k-fold CV run out of the 20 iter-
min> Aree] @long with the intercept.
we chose to test multiple models within this range

ations, a sampling of the general linear models within that run was made over [4
Instead of simply selecting the best minimizing model 4_, ,

since several performed relatively well (e.g., Figure 2a). The results for each region's parameters are displayed in
Figure 2 with the 4, and 4,,, models indicated by dashed vertical lines.

In the second step of the trend surface modeling, the goal is to test all possible combinations of the sampled
location, scale, and shape models to find the best single combined set within a spatial GEV framework. Table 1
details the non-zero covariates of the spatial GEV models with the lowest Takeuchi Information Criterion (TIC)
by region that were selected from this iterative process. The QQ-plots for the best of the top models for each
regions' trend surfaces can be seen in Figure 3, which compare the fit of the observed with our model results. The
modeled location and scale parameters fit relatively well at both the calibration and validation sites (Figure 3,
columns 1-2).

While the standard practice for the shape parameter is to set it to a fixed value, the variability in the shape parame-
ter indicates that this would not be the best option given the data within these regions (Figure 3, far right column).
Of particular interest is that the increased number of covariates for the TXLA's model achieved an improved fit
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Figure 2. Elastic-net cross-validation (CV) summary plots for the northeastern Colorado (top row) and Texas-Louisiana (bottom row) that demonstrate the results
for (a and d) ﬂ(COV‘l), (b and e) o(cov,), and (c and f) §(cov€). The x-axis is the natural logarithm of 4, the y-axis is the mean squared error (MSE), the top of the plot
indicates the number of non-zero covariates as A varies, the red markers are the CV derived MSE with error bars indicating one standard error, and the dotted vertical
lines indicate the locations of the CV identified A-value that minimizes the MSE (A_. ) and the defined best regularizing model (4, ,,).

‘min reg

of the shape parameter's spatial variability without compromising the model's performance at the validation sites
(Figure 3f). Had we not introduced the elastic-net regularization step within our trend surface modeling, we likely
would not have chosen to use those covariates and would have settled for a worse fitting trend surface unknow-
ingly. We found that using the same covariates for both the location and scale parameters as were used for the top
model and setting the shape parameter to a constant value (no covariates) results in worse model performance for

Table 1
The Non-Zero Covariates and the Signs of Their Coefficients for Each Region's Selected Trend Surface Models“
u(cov#) o(cov,) &(cov 5)
2 2 2 2 2 2 2 ;
NECO =X, +Y, +P s =Putay +Ppr —Pocy + Py + Pl + Plo +2, 4Py — Py o+ Prp— P o + — MeanTy,, . +Min. VPD,, .
— P2+ Tpape + Tppray + Min. T) , +Max. VPD,,, Tpyow — Mean T}, .+ Min.VPD3, |
—Min. VPD,,,,+ Max.V PD’ .+ Min.VPD?, , + Min.V PD}, , +Max. VPD,,,,
+ Min.VPD}, + Min.VPD}, .- Min.VPD}
TXLA ~Z, +P s TPy + Py 4+ Po s+ Tpy s —Mean Ty, +Z, +Pg +Pro + Piyo + Po T s +Z,- P} .+ P}, —MeanT,,,,
— Min.VPDyu,+Max.VPD? ,— Max. VPDi.ep, = le) pec + Max. TJZM, + Max. Tfm, + Mean Tjug, + Max.TJz‘m, -
+ Min.VPD’ .+ Min.VPD; +MinVPD3 Max. VPD,,, , —Min. VPD,, .,

+Min. VPD,,,.. —Min. VPD,,

Note. NECO, northeastern Colorado; TXLA, Texas-Louisiana.
aCovariates X, Y, Z are longitude, latitude, and elevation, respectively. Covariates in the table also include monthly precipitation (P), monthly mean, maximum, and

minimum temperature (Mean T, Max. T, Min. T), monthly dewpoint temperature (7},), and monthly minimum and maximum vapor pressure deficit (Min. VPD, Max.
VPD).
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Figure 3. QQ-plots of the modeled trend surface versus maximum likelihood estimation (MLE) of the annual maxima data. Plots (a—c) are for the northeastern
Colorado region's (a) location, (b) scale, and (c) shape, while plots (d—f) are for the Texas-Louisiana region's (d) location, (e) scale, and (f) shape. Black markers
represent the calibration sites and red markers represent the validation sites.

the TXLA region. The best model out of those that used a fixed shape parameter ranked 333rd overall based on
the TIC scores (Table S1 in Supporting Information S1).

The shape parameter results for the NECO region (Figure 3c) may indicate that either an extended set of covari-
ates will not improve the estimates for every region or (more likely) that covariates beyond those selected here are
needed for improved fits of the region's shape parameter. Although the NECO region's shape parameter fit can
likely be improved further, we have achieved an improved fit over the standard fixed value that is used in practice.
The NECO region's top 20 models (based on TIC) favored no more than three non-zero covariates for the shape
parameter. However, the NECO model performance still benefited from the inclusion of these few covariates.
The topmost model with a fixed shape parameter ranked 32nd based on its TIC score (Table S1 in Supporting
Information S1).

Among the top 20 best performing models, only one of the annually averaged covariates (annual precipitation
squared) appeared within the TXLA scale parameter's model. However, the first instance of its incorporation is
the 12th ranked model for the region. Therefore, despite the differences between NECO and TXLA, the monthly
covariates resulted in improved model performance for both regions and are worth exploring when building
models for other regions.

5. Conclusions

Due to the spatial nature of extreme climate events, the estimation of exceedance probabilities for infrastruc-
ture design and hazard mitigation depends on properly modeling the spatially varying marginal parameters. In
a block maxima approach, the selection of trend surfaces to properly capture the spatially varying generalized
extreme value (GEV) marginal parameters can be non-trivial when a large set of relevant covariates are available.
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Traditionally, latitude, longitude, and mean annual or seasonal precipitation are used to model the spatial varia-
bility of the GEV location and scale parameters, while the shape parameter is often set to a fixed value. We intro-
duce elastic-net regularization as a simple and effective means to systematically identify optimal trend surfaces
for the modeling of extreme events while exploring a larger set of physically relevant covariate information than
is typical. We demonstrate the proposed method for modeling trend surfaces for extreme 24-hr duration precipi-
tation using an extended set of geographic and climatological covariate information for two climatically distinct
regions, northeastern Colorado (NECO) and the TXLA Gulf Coast. The 190 covariates explored for both regions
were selected based on the rainfall-temperature thermodynamic relationship and the impact of physical informa-
tion (e.g., elevation, climatology) on local extreme precipitation. We also demonstrate that there is a benefit to
testing results beyond simply using the minimizing, or best regularizing, independently derived elastic-net results
identified through k-fold cross-validation. The final trend surface results fit relatively well for both regions' GEV
location and scale parameters. For the TXLA region, the method enabled the identification of useful covariates
that allowed for an improved fit of the GEV shape parameter, which is often a difficult parameter to fit and is
usually set to a fixed value. Our results indicate that setting the shape parameter to a fixed value greatly reduces
the model performance for this region, as the topmost performing model that used a fixed shape parameter was
ranked 333rd overall for the region. While the NECO region's shape parameter fit can still benefit from further
improvement, the inclusion of covariates did improve model performance over models using a fixed shape param-
eter. The topmost model within the NECO region that used a fixed shape parameter was ranked 32nd overall.
The results for both TXLA and NECO demonstrate that diverse regions may benefit from the exploration and
addition of covariates. The NECO results also indicate that there are likely additional covariates that remain to
be explored in future work, beyond the relatively extensive set used here, that may further improve the fit of the
shape parameter. Additionally, we found that monthly covariates resulted in improved model performance for
both regions relative to annual covariates, indicating that monthly covariates are worth exploring when construct-
ing models for other regions. This simple effective approach for trend surface development is not specific to
extreme precipitation analyses but can be applied to trend surfaces for other event types and can be implemented
within various modeling approaches. Further, spatial trend surfaces and more reliable analysis of spatial extremes
can also improve downscaling and disaggregation schemes (e.g., Papalexiou et al., 2018; Wilby & Wigley, 1997).
Future related work will focus on more seamless automatic variable selection directed regularization approaches,
for example, simultaneous rather than independent trend surface development.

Data Availability Statement

Figures, data analysis, and modeling where performed using R (R Core Team, 2020). R packages “glmnet”
(Simon et al., 2011) and “SpatialExtremes” (Ribatet, 2020) were used for the elastic-net regularization and spatial
GEV stages of the trend surface modeling, respectively. The covariate data employed is from the Parameter-eleva-
tion Relationships on Independent Slopes Model (PRISM) Norm81m long-term (1981-2010) (Daly et al., 2008)
30-year normals data set in 30 arc s resolution can be accessed at https://prism.oregonstate.edu/normals/. Note
that since our retrieval of the PRISM Norm81m data set in October 2019, the PRISM Climate Group has updated
the data set to Norm91m 30-year normals spanning the period of 1991-2020. Observed daily precipitation data
was retrieved (downloaded 13 October 2019) from the NOAA Global Historical Climatology Network-Daily
(GHCN-Daily) data set (Menne, Durre, Korzeniewski, et al., 2012; Menne, Durre, Vose, et al., 2012) for both
study regions. Study region extents are based on the U. S. Geological Survey (USGS) Watershed Boundary Data
set (WBD) for 2-digit Hydrologic Units 08, 10, and 12 (USGS, 2020a; USGS, 2020b, 2020c).
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