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Abstract  19 

Two-sided extreme conditional sampling is regularly coupled with copula theory to assess the 20 

dependence between flood-risk drivers such as extreme precipitation or river discharge, and 21 

storm surge. The approach involves many subjective choices. Choices include sampling 22 

techniques used to identify extreme events (Block maxima or Peaks-over-Threshold; POT), 23 

whether to account for the fit of marginal distributions, and time-lags considered between the 24 

two drivers. In this study, estimates of the potential for compound events at three sites along 25 

the Texan Gulf Coast, where the U.S. Army Corps of Engineers (USACE) is undertaking Coastal 26 

Storm Risk Management (CSRM) projects, are shown to be highly sensitivity to model set-up.  A 27 

pragmatic approach accounting for marginal fit in a POT framework is proposed and shown to 28 
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provide stable estimates of the compounding potential for high discharge and storm surge 29 

events. -We also explore the effect of using precipitation as a proxy for discharge in the absence 30 

of sufficiently long discharge records. 31 

Keywords (up to 8 alphabetical order): Compound flooding, Coastal flood risk, Copulas, Extreme 32 

value analysis, Gulf of Mexico, Multivariate statistical modelling, Sensitivity analysis. 33 

1. Introduction 34 

Flooding in coastal catchments is often a result of interacting meteorological, hydrological, and 35 

oceanographic phenomena such as heavy precipitation, a driver of increased river discharge, 36 

storm surge and waves. The co-occurrence of multiple phenomena – a compound event – may 37 

exacerbate the impact of a flood event compared to when individual phenomena occur in 38 

isolation. Many of the phenomena are driven by common meteorological forcing. For instance, 39 

low pressure systems can produce heavy rainfall and also strong onshore winds and an inverse 40 

barometric effect able to generate large storm surges. More recently, hotspots for coincident 41 

high wind and heavy rainfall at midlatitudes have been linked to regions with a high occurrence 42 

frequency of atmospheric rivers (Ridder et al., 2020). Neglecting any statistical dependence 43 

between the phenomena causing flooding in coastal catchments may lead to under design of 44 

flood defense structures and underestimation of flood risk (Moftakhari et al., 2019; Gori et al. 45 

2020).  46 

River discharge and storm surge often interact nonlinearly. Consequently, separate numerical 47 

modeling of the phenomena often results in the underestimation of flooding characteristics 48 

(e.g., Kumbier et al., 2018; Loveland et al., 2020). To account for the interactions, hydraulic 49 
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models are often linked (one way) with hydrologic and ocean circulation models, often with 50 

time varying boundary condition (e.g., Gori et al., 2020). Similarly, linked hydrologic models 51 

(e.g., Joyce et al., 2018) and ocean circulation models (e.g., Valle-Levinson et al., 2020) are also 52 

prevalent in the literature. The latter neglect the non-linear interaction between surge and 53 

rainfall-runoff while linked hydraulic and linked ocean circulation models do not account for the 54 

direct effect of precipitation over the model domain potentially underestimating water levels 55 

(Santiago-Collazo et al., 2019).  Wing et al. (2019) recently coupled a hydraulic model with 56 

NOAA forecasts of streamflow, rainfall, and coastal surge height to generate medium term 57 

forecast of flood inundation for Hurricane Harvey. The hydraulic model used rainfall and surge 58 

information to generate new event specific depth grids of pluvial and coastal flooding 59 

accounting for the dynamics of the surge as it interacts with the shoreline and moves inland. 60 

Despite more complex linking techniques of loosely coupled models (e.g., Blanton et al., 2020), 61 

where information between separate models is exchanged iteratively, and tightly coupled 62 

models (e.g., Lee et al., 2020) involving the integration of source code limitations remain. 63 

Nevertheless, continued advancements in computer technology and numerical modeling mean 64 

the development of comprehensive compound inundation models considering all pertinent 65 

physical processes and their interactions is becoming an increasingly realistic prospect 66 

(Santiago-Collazo et al., 2019; Bakhtyar et al., 2020).   67 

Assessments conducted at the global (e.g., Ward et al., 2018; Couasnon et al., 2020) and 68 

national scale (e.g., Wahl et al., 2015) demonstrated that although regional patterns can be 69 

discerned, exposure to compound flooding depends on localized factors such as catchment size 70 

and morphology. A prudent first step in assessing and managing flood risk is to therefore assess 71 
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the propensity for coincident high discharge and storm surge at the catchment scale to 72 

prioritize areas for future development of compound inundation models.  73 

The Sabine Pass to Galveston Bay Coastal Storm Risk Management project (S2G-CSRM) involves 74 

three separate sub-projects in southeast Texas: one covers the lower Brazos River Basin 75 

(Freeport) and the other two cover the Sabine and Neches River Basins (Orange County and 76 

Port Arthur). Hurricane Harvey, which made landfall approx. 195 𝑘𝑚 east of Freeport in August 77 

2017, is one of several tropical storms that caused costly compound flood events in the eastern 78 

U.S. in recent years (NOAA, 2020). While Harvey stalled with its center over or near the Texas 79 

coast for four days, heavy-rain-producing convective systems including high precipitation 80 

efficiency supercells in its outer rain bands developed repeatedly, leading to record breaking 81 

rainfall totals and streamflow across southeastern Texas (Brauer et al., 2020; Watson et al., 82 

2020). The meteorological situation has been associated with previous tropical cyclones in the 83 

region (Blake and Zelinsky, 2018). The synoptic conditions combined with the morphology of 84 

the Houston-Galveston Bay region, caused the phase-lagged rainfall-related land-derived 85 

discharge from two Bayous to coincide with storm surge exacerbating flooding around Houston 86 

(Valle-Levinson et al., 2020). 87 

Two-sided conditional sampling has become an established technique for identifying bivariate 88 

extremes in compound flooding studies. The technique involves pairing the (detrended, if 89 

necessary) declustered excesses using a Peaks over Threshold (POT) approach or block 90 

maximum (BM) of one flooding driver with the maximum value of another within a lag of ± Δ 91 

days. Wahl et al. (2015) applied the approach to hourly storm surge data (tidal and mean sea 92 

level (MSL) influence removed) from 30 tide gauges (TGs) around the U.S. and daily 93 
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precipitation totals derived from stations within 25 km of these TGs. In the study, annual 94 

maximum storm surges are paired with the highest precipitation within a three-day window, 95 

i.e. within ±1 day from the timing of maximum surge, and vice versa. A similar study was 96 

undertaken by Ward et al. (2018) using observed sea levels (and skew surge) and river 97 

discharge data for 187 station combinations across the globe. To identify marginal extremes, 98 

Ward et al. (2018) used the annual maximum approach and time-lags between -5 and +5 days. 99 

Recently, Santos et al. (2020) assessed the potential for compound flooding around Sabine Lake 100 

by applying the conditional sampling approach to the coastal water level at Sabine Pass and 101 

discharge of Sabine and Neches rivers draining into the lake. Based on a correlation analysis 102 

over a range of lags and POT thresholds, the analysis was implemented without applying a lag 103 

when conditioning on surge (COS) while a lag of between -5 and +5 days was adopted when 104 

conditioning on discharge (COD). The lags applied in Santos et al. (2020) reflect an impact-based 105 

observation: while water level extremes (the impact) in Sabine Lake usually coincide with 106 

coastal surge maxima, discharge maxima often occur with significant lags.  107 

To date, estimates of the degree of dependence between extreme discharge and storm surge 108 

along the U.S. Gulf coast vary primarily depending on whether discharge or precipitation (as a 109 

proxy for discharge) is used to represent the freshwater contribution. In Wahl et al. (2015) 110 

almost all sites in the region exhibited significant correlation regardless of the conditioning 111 

variable. Conversely, Ward et al. (2018) found the COS sample from the Sabine River to be only 112 

one of two out of seven discharge station - tide gauge combinations along the Gulf coast to 113 

exhibit significant correlation (0.3<𝜏<0.4) between discharge and skew surge. The lack of 114 

significant correlation in the region was attributed to large catchment sizes and the highest 115 
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surges typically occurring during hurricane season, when the discharge of the region’s rivers are 116 

at their lowest. Santos et al. (2020) found significant correlation between combined discharge 117 

and surge over a range of lags for both conditional samples. The variation in Ward et al. (2018) 118 

and Santos et al. (2020) findings are mainly due to lags being accounted for differently. 119 

Subjective choices are an inherent part of the model set up in any extreme value analysis. 120 

Choices include the detrending and sampling approaches used to identify marginal extremes 121 

and their associated parameters (Arns et al., 2013). Ward et al. (2018) explored the sensitivity 122 

of the dependence observed between discharge and skew surge to the sampling method by 123 

repeating the analysis using a POT approach. A 0.99 (quantile) threshold produced results 124 

consistent with using annual maxima, while a 0.95 threshold yielded lower correlation 125 

coefficients and fewer significant correlations. In contrast with the general trend for the 0.95 126 

threshold, significant correlation was found for the COD sample at the station combinations 127 

involving both the Sabine River and Brazos River. Camus et al. (2020) adopted a two-sided 128 

conditional sampling approach to analyze the pairwise relationships between four flooding 129 

drivers – precipitation, discharge, significant wave height and a combined storm surge and 130 

wave component – around the coasts of the Eastern North Atlantic Ocean, Mediterranean Sea 131 

and Black Sea. Linear trends were observed in the correlation coefficients associated with 132 

conditional samples where POT approaches with thresholds generating an average of either 133 

three or six events per year and an annual maximum sampling approach were used to derive 134 

marginal extremes.  The latter typically led to the largest coefficients. Using monthly maximum, 135 

Santos et al. (2020) reached similar conclusions regarding the potential for compound events as 136 

a POT approach where the threshold is set to approximately three events per year.  137 
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In bivariate and higher dimensional settings, time-lag(s) considered between variables 138 

represents an additional subjective choice.  For instance, Ward et al. (2018) only detected 139 

significant correlation between annual maximum discharge and skew surge at the station 140 

combination involving the Sabine River when applying a lag, with the correlation peaking at a 5-141 

day lag. Further afield, Camus et al. (2020) reported negligible differences in the highest 142 

pairwise correlations between four flooding drivers when extending the maximum lag from 3- 143 

to 10-days.   144 

After implementing two-sided conditional sampling, copula theory is typically invoked to 145 

quantify the nature of the dependence structure within the two conditional samples. Ward et 146 

al. (2018) fitted three Archimedean copulas - Gumbel, Clayton, and Frank- which possess upper, 147 

lower, and no tail dependence, respectively, to station combinations exhibiting significant 148 

correlation between annual maximum discharge and total sea level. According to two 149 

goodness-of-fit criteria, the Clayton copula was the most suitable for modeling dependence at 150 

the station combination involving the Sabine River. In addition to the three Archimedean 151 

copulas used in Ward et al. (2018), Wahl et al. (2015) also applied the Galambos and Hüsler-152 

Reiss extreme value copulas to the conditional samples. The Gumbel copula was deemed the 153 

best fitting copula for both samples at Galveston. Santos et al. (2020) fit a trivariate vine copula 154 

to capture the dependence between the surge data at Sabine Pass and discharge of the Sabine 155 

and Neches Rivers utilizing the VineCopula R package (Schepsmeier et al., 2015). The pair 156 

copula composing the vine were selected based on the Akaike information criterion (AIC), a 157 

goodness of fit measure which rewards the goodness of fit while penalizing each additional 158 

parameter thereby discouraging overfitting. Detailed analysis was presented for the sample 159 
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derived when conditioning on the Sabine River discharge as it was the case that implied the 160 

strongest compounding effects. A vine copula composed of two Frank copulas and the Joe 161 

copula was deemed the best fit for both the POT and BM approaches.  162 

In this paper, we aim to provide robust estimates of the potential for extreme river discharge-163 

storm surge events in three watersheds. This is achieved by meeting three objectives. The first 164 

objective is to gauge the relative potential for compound events across the three case study 165 

sites. The estimates are likely to be influenced by the subjective choices required in the model 166 

set-up. The second objective is therefore to assess the sensitivity of the estimates to these 167 

choices in order to propose a robust best practice approach that attempts to mitigate the 168 

subjectivity. The absence of sufficiently long discharge time series often prevents a robust 169 

statistical analysis; hence in practice precipitation is commonly adopted as a proxy for 170 

discharge. The final objective is to investigate the effect of using precipitation as a proxy for 171 

discharge on estimates of the potential for compound events. 172 

2. Case Study site & data 173 

The S2G-CSRM project involves upgrades to existing Hurricane Flood Protection Systems (HFPS) 174 

at Freeport and Port Arthur and the creation of a new CSRM system for Orange county. The 175 

Orange county CSRM project requires the construction of two gate structures in Cow and 176 

Adams bayous, adjacent watersheds in the roughly crescent shaped Sabine Basin (Figure 1) with 177 

an area of approx. 515 and 96 𝑘𝑚2, respectively. The main channels of both bayous are slow 178 

moving streams which flow into the Sabine River a few kilometers upstream of Sabine Lake. The 179 

main streams in Cow and Adams bayous are approx. 37 and 28 𝑘𝑚 long and tidally influenced 180 
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for around 32 and 13 𝑘𝑚, respectively, above their confluences with the Sabine River (Parsons, 181 

2006). The lower reaches of both streams have been channelized, straightened, and dredged 182 

for navigational purposes, leading to oxbows replacing formerly more sinuous channels. The 183 

two bayous drain approximately half of Orange County where the National Flood Insurance 184 

Program’s flood claims database totals over $125 million in claims between 1979 and 2008 185 

(OCDD & TWDB, 2015). The claims arise due to both prolonged or successive storms that 186 

produced heavy rainfall such as Hurricane Rita in Sept. 2006 and storm surge dominated events 187 

like Hurricane Ike in Sept. 2008. 188 

The Brazos River extends from its headwaters at the foot of the south plains in eastern New 189 

Mexico, east and then southeast before draining into the Gulf of Mexico in the marshes south 190 

of Freeport. The Brazos River watershed encompasses approximately 109,000 𝑘𝑚2 and has 191 

been fully regulated since 1980, containing 16 major and 13 smaller regional water supply 192 

reservoirs (Brazos BBEST, 2012). Although there are no reservoirs on the mainstem of the 193 

middle and lower Brazos River, construction and operation of those in the basin likely affects 194 

the hydrology in this portion of the river (TIFP & BRA, 2010). The lower Brazos River is a large 195 

lowland meandering system with approximately 100,000 residence and 51,000 insurable 196 

structures worth $19.4bn located in the 1% annual exceedance floodplain (BRA, 2019). 197 



10 
 

Figure 1: Location of study sites and data completeness. Top row: Location of the Sabine and 198 

Brazos River Basins in the western portion of the northern Gulf of Mexico coast and in terms of 199 

the entire U.S. in the inset. Middle row: Position of tide gauges, streamflow gauges, and 200 

weather stations in the Brazos River Basin (left) and Sabine River Basin (right). Bottom row: 201 

Completeness of the records at the gauges and stations.  202 
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The data utilized in this study consists solely of in-situ observations. Gauges measuring daily 203 

average river discharge are selected based on record duration, completeness, and proximity to 204 

the mouth of the river or bayou; see Figure 1. The discharge in Cow Bayou is represented by the 205 

gauge near Mauriceville (USGS 08031000). The streamflow records in Adams Bayou are too 206 

short to form part of a robust assessment. Daily precipitation totals from the weather station at 207 

Orange (USC 00416680) obtained from the National Oceanic and Atmospheric Administration 208 

(NOAA) National Climatic Data Center (https://www.ncdc.noaa.gov/) were adopted as a proxy 209 

for discharge. The agreement of the precipitation at Orange and nearest stage shown in Figure 210 

SM.1 in the Supplementary Material alludes to the varying temporal scales of the two 211 

processes. The streamflow gauge at Richmond (USGS 0811400) and another further upstream 212 

at Rosharon (USGS 08116650), shown in Figure SM.2, are utilized to investigate the influence of 213 

the coastal water level along the Brazos River. To test the effect of using precipitation as a 214 

proxy for discharge, the analysis undertaken in the Brazos River is repeated with daily 215 

precipitation totals replacing daily average river discharge.  More specifically, daily precipitation 216 

totals from the NOAA National Climatic Data Center’s weather station at Freeport (USC 217 

00413340) were effectively adopted as a proxy for the discharge at both Richmond and 218 

Rosharon.    219 

Coastal water levels are obtained from NOAA tide gauges (https://tidesandcurrents.noaa.gov). 220 

The water level is composed of the mean sea level, astronomical tide, and non-tidal residual 221 

(NTR). The NTR primarily comprises storm surge signal resulting from atmospheric pressure 222 

variability and wind setup as well as inter decadal/inter annual trends, seasonal cycles, and 223 

river discharge (Serafin and Ruggiero, 2014). It is thus the meteorologically driven component 224 
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of the water level, i.e. that which will potentially exhibit dependence with hydrological 225 

processes and hence the component upon which our analysis is undertaken. The NTR is 226 

referred to simply as surge hereafter. The coastal water level is represented by the Sabine Pass 227 

(South) TG in the Sabine Basin and the Freeport TG in the Brazos Basin. The TG records are 228 

considerably shorter than the discharge/precipitation records but are extended and missing 229 

values filled-in by linear regression on the longer Galveston Pier 21 TG record (Figures SM.3-230 

SM.4). 231 

3. Methodology 232 

To assess compound flooding potential, an approach similar to the bivariate analysis in Jane et 233 

al. (2020) and summarized in Figure 2 is employed. The statistical models in the approach 234 

require Independent and Identically Distributed (IID) random variables, i.e. the statistical 235 

parameters such as mean and variance should remain constant over time and free of “trends, 236 

shifts, or periodicity” (Salas, 1993). The first step of the methodology is therefore to detrend 237 

the data. The surge time series are detrended using a linear fit and the seasonality removed by 238 

applying a 3-month moving average window. The behavior of hydrological processes may 239 

change abruptly due to distributional or structural changes, principally through human 240 

intervention (e.g., due to land use changes in the catchment), or more gradually, for instance 241 

due to climate change (Wu et al., 2020). To prevent change points being misinterpreted as 242 

trends and vice versa, it is essential that they are analyzed together (Sharma et al., 2016). The 243 

Pettitt test (Pettitt, 1979) for detecting change points is commonly used alongside the Mann–244 

Kendall test for monotonic trends in hydrological studies (e.g., Rahmani et al., 2015; Tosunoglu 245 
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et al., 2020). No change points or monotonic trends were detected in the annual maximum 246 

discharge/precipitation records in the catchments, see Figures SM.5-SM.9.  247 

The next step of the methodology is to identify marginal extremes. The two most commonly 248 

applied methods for identifying (univariate) extremes are BM and POT. For a sequence of IID 249 

               

 Deriving design event(s) 

 

Identify marginal extremes 

Two-sided conditional sampling 

 

Detrend 
90-day moving average window 

Reference: Arns et al. (2013) 

 

Identify coincident values 
Reference: e.g. Wahl et al. (2015) 
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Conditioning variable 
Discharge extremes identified by 
block maximum(POT) approach are 
fitted to a GEV(GPD). 

 

Marginal analysis 

Conditional sample 
Conditional sample is converted to [0,1]2square to remove 
marginal information. 
 

Best fitting, in terms of AIC, of 40 copulas plus the independence 
copula is selected to represent the dependence structure. 
Reference: Brechmann & Schepsmeier (2013) 
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Extreme surges identified by block 
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information. 
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Reference: Brechmann & Schepsmeier (2013) 
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- Lognormal 
- Truncated Normal 
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- Weibull 

 

Derive quantile-isoline  
 

Overlay quantile-isolines 
Reference: Bender et al. (2016) 
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Reference: e.g. Salvadori et al. (2011) 

 

Ensemble of events  

Reference: e.g. Gräler et al. 2013 

 

 

Figure 2: Flow chart of methodology in Section 2.2 of Jane et al. (2020). 
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random variables, if the linearly normalized BM converge in distribution, then the limit must be 250 

a Generalized Extreme Value (GEV) distribution (Gnedenko, 1943). Under similar conditions, if 251 

there is a non-degenerate limiting distribution for excesses above a high threshold, Picklands 252 

(1975) and Balkema and de Haan (1974) showed it will be a Generalized Pareto Distribution 253 

(GPD). To identify independent marginal excesses above a threshold using a POT approach, 254 

Ward et al. (2018) used a storm window approach pairing excesses within a specified time 255 

window. However, results were highly sensitive to whether a 3-, 5- or 7-day window was 256 

adopted. In this work a separation criterion of 3-days is used for lags of 2 days or less, 257 

otherwise the separation criterion is set to twice the lag. This ensures events remain 258 

independent once a lag is applied in the two-sided conditional sampling (e.g., each surge is only 259 

paired with one discharge/precipitation value and vice versa). Several truncated parametric 260 

non-extreme value marginal distributions are fitted to the discharge/precipitation observation 261 

in the COS samples, namely the Exponential, Log-normal, Truncated normal, and Tweedie 262 

distributions. Similarly, the Logistic and Gaussian, both non-truncated non-extreme value 263 

parametric distributions, are fitted to the surge observations in the COD samples.   264 

Next, a conditional sample is derived by pairing the marginal extremes with the maximum 265 

observed value of the other variable within a predetermined lag. To ensure conservative 266 

estimates the lag must respect the temporal scale of extreme surge and extreme discharge 267 

events. Based on the results of the correlation analysis and results in Santos et al. (2020), lags of 268 

± 5 days were applied to surge when COD and a lag of ± 1 day to discharge when COS.   269 

When adopting a POT approach, the threshold above which (declustered) excesses form part of 270 

the conditional sample also needs to be selected. The choice of threshold represents a trade-off 271 



15 
 

between ensuring the asymptotic assumptions of the statistical models are not violated whilst 272 

retaining enough observations to prevent biased parameter estimates. This study adopts a 273 

pragmatic approach where the goodness-of-fit of the marginal distribution is used to inform the 274 

threshold used to derive the conditional samples. More specifically, the normalized root mean 275 

squared error of the GPD residuals (𝑁𝑅𝑀𝑆𝐸𝐺𝑃𝐷) for a (conditional) sample containing more 276 

than 30 events was required to be less than 0.3. This rather simplistic approach to threshold 277 

selection could be replaced by more sophisticated thresholds selection techniques in the future 278 

(Northrop et al., 2017; Solari et al., 2017). Thresholds used in the marginal and dependence 279 

analyses to derive the conditional samples can differ. A preliminary analysis found that using a 280 

higher marginal threshold after obtaining conditional samples only offered limited 281 

improvements in the marginal fit. Consequently, a GPD was fit to all the observations of the 282 

conditioning variable above the threshold used to derive the conditional sample. The threshold 283 

with a 𝑁𝑅𝑀𝑆𝐸𝐺𝑃𝐷 of less than 0.3 that maximizes the correlation between 284 

discharge/precipitation and surge is selected in the proposed approach (see Case 1 in Table 1).   285 

Table 1: Cases propagated through the full analysis outlined in Figure 2.  286 

Case Lag 
(COS) 

Lag 
(COD) 

Marginal 
Sampling 

Identifying 
(quantile) threshold 

Correlation 

1 ±7 ±1 POT <0.3𝑁𝑅𝑀𝑆𝐸𝐺𝑃𝐷 Maximum 
1+ ±7 ±1 POT <0.3𝑁𝑅𝑀𝑆𝐸𝐺𝑃𝐷 Maximum with UTD* 
2 ±7 ±1 POT  Maximum 
3 ±5 ±1 POT <0.3𝑁𝑅𝑀𝑆𝐸𝐺𝑃𝐷 Maximum 
4 ±3 ±1 POT <0.3𝑁𝑅𝑀𝑆𝐸𝐺𝑃𝐷 Maximum 
5 ±7 ±1 POT 1 EPY Maximum 
6 ±7 ±1 POT 3 EPY Maximum 
7 0 0 POT <0.3𝑁𝑅𝑀𝑆𝐸𝐺𝑃𝐷 Maximum 
8 ±7 ±1 Block 

Maxima  
  

*UTD - Upper Tail Dependence 287 
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To gauge the sensitivity of the results to the subjective choices in the model setup several other 288 

test cases, summarized in Table 1, are propagated through the full analysis. Case 1 is designed 289 

to assess the effect of selecting the copula family that maximizes the correlation on occasions 290 

where copulas with and without UTD satisfy the marginal fit criterion. In Case 1+ the threshold 291 

which maximizes the correlation between the drivers and satisfies the marginal fit criterion but 292 

also leads to a copula with UTD being selected is adopted. Case 1+ is thus not run if Case 1 293 

selects a copula with UTD, or if no copulas satisfying the marginal fit criterion possess UTD. 294 

Three cases similar to the proposed approach but that do not use the fit of the GPD to decide 295 

the appropriate (quantile) thresholds are also analyzed. The first of these cases chooses the 296 

threshold that maximizes the correlation (Case 2) while the other two adopt the threshold 297 

yielding on average 1 and 3 Events Per Year (EPY) (Cases 5 and 6). Other test cases involve 298 

reducing the lag when COS to ±5 and ±3 days (Cases 3 and 4) or not using any lag when 299 

conditioning on either variable (Case 7). In the final test case (Cases 8), a BM approach is 300 

implemented, eliminating the need to define a threshold. In Case 8, years with less than 80% 301 

complete records are omitted. 302 

In terms of the dependence modeling, the best fitting of 40 copulas is subsequently identified 303 

for each sample from which the joint return period (RP) contours (given the RP definition) and 304 

design events can be obtained. In the univariate setting, return period and thus design events 305 

are uniquely defined. In contrast, in the multidimensional domain there are a plethora of 306 

equally mathematically valid definitions of RP each with perceived strengths and limitations 307 

(e.g. Salvadori et al., 2011). The “AND” definition was recently recommended for estimating the 308 

joint return period of river discharge and ocean levels in the FEMA (2015) procedure for 309 
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assessing compound flood hazard in tidal channels and estuaries (Moftakhari et al., 2019). The 310 

“AND” RP definition is hence exclusively adopted in this study. Each multivariate RP definition 311 

relates to a specific underlying probability structure. Hence, comparisons between the results 312 

obtained using the different definitions are not meaningful (Serinaldi et al., 2015).  313 

In the bivariate domain, isolines contain an infinite number of possible design events. Bender et 314 

al. (2016) proposed an approach for deriving the “AND” RP isoline when implementing two-315 

sided conditional sampling. A single design event is typically obtained using the “most likely” 316 

strategy where the design event is defined as the event on the isoline with the maximum 317 

(relative) probability density given the observed data. Jane et al. (2020) found that estimated 318 

probability density along the isoline was highly sensitive to a few observed events, and 319 

therefore simulated a large sample of events from the fitted copulas, in proportion with the 320 

empirical data. The joint distribution was then estimated non-parametrically by applying a 321 

Kernel Density Estimator (KDE) to the simulated sample, using the ks R package (Duong, 2007), 322 

before the probabilities associated with the events on the isoline were extracted and scaled to 323 

lie in [0,1]. Salavadori et al. (2011) and Gräler et al. (2013) among others extol the benefits of 324 

considering an ensemble rather than a single design event, in conjunction with expert opinion 325 

on the interaction of the phenomenon and infrastructure. In addition to implementing the 326 

approach in Jane et al. (2020) to derive the single most likely “design event”, ensembles of 327 

1,000 design events are also generated here by sampling along the isoline. 328 

 329 

 330 
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4. Results 331 

4.1 Correlation analysis and copula selection  332 

Statistically significant correlation in terms of Kendall’s rank correlation coefficient τ (i.e. testing 333 

the null hypothesis 𝐻0: 𝜏 = 0) is detected for all samples, see Figures SM10-SM.17.  The 334 

magnitude of any positive correlation and proportion of thresholds/lag combinations yielding 335 

statistically significant correlation is greater in the Sabine region than in the Brazos Basin.  336 

Despite its location further downstream, due to the shorter discharge record at Rosharon, any 337 

positive correlation is generally smaller and less likely to be statistically significant than for the 338 

corresponding threshold-lag combination at Richmond. In both catchments when COS the 339 

correlation generally increases with lag and as the quantile threshold is lowered, while for 340 

higher thresholds (>0.99) correlation generally reduces as the lag is increased. In the COD 341 

sample at Cow Bayou and Richmond the likelihood of observing statistically significant positive 342 

correlation increases with lag and as threshold decreases. At Adams Bayou, significant 343 

correlation is detected in the sample conditioning on precipitation for thresholds less than 0.98 344 

and around the 0.99 threshold independent of lag. Significant positive correlation is detected 345 

sporadically in the COD sample at Rosharon, typically at lower lags. 346 

The Tweedie(Logistic) distribution was found to be the best fitting in terms of AIC for the non-347 

conditioned variable in the COS(COD) samples. For plots demonstrating the goodness-of-fit of 348 

the candidate marginal distributions and GPD at all the sites under the proposed approach, see 349 

Figures SM.25-SM40. 350 

 351 
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Table 2: Properties of the conditional samples derived at the study sites for the nine test cases 352 

outlined in Table 1. Kendall’s 𝜏 correlation coefficient, size of the sample (both raw (N) and in 353 

terms of events per year (EPY)), and the best fitting copula are provided. Bold font indicates 354 

significant Kendall’s 𝜏 coefficients and copulas with UTD. 355 

 Cow Bayou Adams Bayou 

COS COD COS COD 

Case 𝝉 Copula N EPY Τ Copula N EPY τ Copula N EPY τ Copula N EPY 

1 0.112 Tawn 2 265 4.81 0.148 Sur. Gum. 154 3.05 0.223 t-cop 128 3.44 0.197 Gumbel 77 2.44 
1+ 0.112 Tawn 2 265 4.81 0.136 Gumbel 209 4.13         
2 0.121 BB8 695 13.01 0.202 Gaus. 222 4.45 0.260 Frank 843 24.12 0.197 Gumbel 77 2.44 
3 0.112 Tawn 2 265 4.81 0.110 Gaus. 157 3.41 0.223 t-cop 128 3.44 0.192 Gaus. 62 1.89 
4 0.112 Tawn 2 265 4.81 0.113 Gaus. 114 2.22 0.223 t-cop 128 3.44 0.213 Gaus. 81 2.56 
5 0.009 Tawn 2 66 1.00 -0.025 t-cop 50 1.00 0.111 Ind. 45 1.15 -0.023 Ind. 30 0.98 
6 0.027 Tawn 2 167 3.00 0.137 Gaus. 153 3.00 0.147 t-cop 118 2.97 0.107 Joe 96 2.99 
7 0.075 Tawn 1 (180) 265 4.81 0.147 Joe 31 0.61 0.161 Frank 158 4.35 0.209 Gaus 948 28.92 

8 0.015 Tawn 2 (180) 49 1.00 -0.006 Ind. 49 1.00 0.149 t-cop 33 1.00 -0.222 Ind. 33 1.00 

 Richmond  Rosharon 

COS COD COS COD 

Case 𝝉 Copula N EPY Τ Copula N EPY τ Copula N EPY τ Copula N EPY 

1 0.035 Sur. Joe 257 2.56 0.105 Tawn 1 269 2.75 0.082 Frank 218 4.13 0.100 Sur. Joe 115 2.37 
1+ 0.075 BB8 2136 21.89 0.105 Tawn 1 269 2.75     0.074 Tawn 2 207 3.96 0.076 BB7 112 2.28 
2 0.079 Frank 2027 20.84 0.105 Tawn 1 269 2.75 0.112 Frank 1112 22.00 -0.100 Joe (90) 74 1.52 
3 0.035 Sur. Joe 257 2.56 0.125 Frank 295 2.98 0.082 Frank 218 4.13 0.134 Sur. Joe 125 2.57 
4 0.035 Sur. Joe 257 2.56 0.111 t-cop 63 0.64 0.082 Frank 218 4.13 0.233 Gumbel 31 0.63 
5 -0.011 Ind. 98 1.00 -0.029 t-cop 101 1.02 -0.073 Ind. 54 0.939 -0.074 Ind. 51 1.03 
6 -0.001 Tawn 1 (180) 295 2.95 0.094 Frank 294 3.00         
7 0.026 Sur. Joe 257 2.56 0.108 Clayton 324 3.33 0.036 Ind. 218 4.13 -0.074 Sur. Gum. 31 0.63 

8 0.064 Clayton 94 1.00 0.017 Ind. 97 1.00 -0.020 Clayton 47 1.00 0.195 Ind. 48 1.00 

*1+ case at Richmond and Rosharon do not satisfy marginal goodness-of-fit criteria.  
 

The nature of the UTD of the best fitting copulas for tested threshold-lag combinations (Figures 356 

3, SM.18-SM.24) suggests compound flooding potential is higher in the Sabine Basin than the 357 

Brazos Basin. In common with previous studies (Ward et al. 2018; Santos et al. 2020), UTD is 358 

detected in the COS samples in the Sabine Basin. In contrast with Ward et al. (2018), when COD 359 

in Adams Bayou there appears to be UTD for thresholds >0.9, particularly for lags >2 days. The 360 

best fitting copulas possess UTD for approximately half of the COD samples in Cow Bayou once 361 

the threshold exceeds 0.9. The independence copula is frequently the best fitting for the COD 362 

samples in Cow Bayou when using zero or a one-day lag, or thresholds >0.95. In the Brazos 363 

Basin, the best fitting copulas for both conditional samples tend not to possess UTD. 364 

 365 
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Figure 3: Upper panel: Best fitting, according to AIC, of the 40 copula families in the VineCopula 367 

R package (Schepsmeier et al., 2015) for the COS sample at Cow Bayou. Colored markers denote 368 

the value of 𝜏 and the best fitting copula for combinations of quantile threshold (0.75 to 1 at a 369 

0.001 interval) and lag (0-9 days) for which a conditional sample could be derived, i.e., each 370 

threshold-lag combination has only one colored marker across the different copulas (black dots 371 

indicate that the correlation is significant at the 95% confidence level). Only copula families 372 

above the dashed horizonal line possess UTD. Larger markers denote threshold-lag 373 

combinations and copula families chosen for the test cases outlined in Table 1. The BM 374 

approach is not associated with any threshold, consequently the name of the copula family 375 

(along the y-axis) selected in test case 8 is highlighted in red italics. Lower Panel: Sample 376 

dimension of the (conditional) sample for each threshold-lag combination. 377 

The sensitivity of the best fitting copula to the sampling approach including the choice of POT 378 

threshold and lag resulted in substantial variation in the copulas associated with test case 379 

samples (Table 2). The least variation in the best fitting copulas among the test cases was found 380 

at Adams Bayou where three(four) distinct copulas were associated with the six(eight) 381 

COS(COD) samples. The greatest disparity was at Richmond where a different copula was the 382 

best fitting for each of the COS samples and five distinct copulas were the best fitting for the 383 

eight COD samples. In general, the proposed approach (case 1) and the 3 EPY approach (case 6) 384 

most often resulted in the selection of copulas with the prevailing class of UTD. On the other 385 

hand, the 1 EPY (case 5), no lag (case 7), and BM approaches (case 8) resulted in copulas with 386 

the class of UTD found for fewer threshold-lag combinations being selected.  387 

4.2 Case 1 388 

Isolines associated with several RPs derived according to the proposed approach (case 1) are 389 

shown in Figure 4. Except for the 5-year RP at Cow Bayou, isolines in the Sabine region are 390 

concave indicating drivers can combine to produce compound events with far lower RPs 391 

compared to the marginal RPs. The isolines become increasingly concave as RP increases, a 392 

consequence of the decrease in coincident extremes in the conditional samples; this is 393 
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particularly evident at Cow Bayou. Furthermore, the small proportion of events in both 394 

conditional samples at Cow Bayou demonstrates that to obtain coincident extremes, a lag 395 

needs to be applied. Nevertheless, design events associated with each of the four RPs are all 396 

found at or close to the intersection of the two quantile isolines, where neither flooding driver 397 

is particularly dominant. The COD sample at Cow Bayou yields the flattest part of any isoline in 398 

the region, as expected given its lack of significant correlation and UTD in its best fitting copula.  399 

The weaker relationship between the drivers signified by the general lack of curvature in the 400 

isolines for the Brazos River sites compared with those derived for the sites in the Sabine Basin 401 

is evident in Figure 4. The very small correlations (τ<0.01) among the COS samples in the Brazos 402 

Basin coupled with the subsequent selection of copulas with no UTD leads to isolines which are 403 

partially convex.  On the other hand, the COD sample at Richmond exhibits significant 404 

correlation and is responsible for the most pronounced part of any of the isolines calculated for 405 

the sites along the Brazos River.  The design event associated with the 5-year RP at Richmond is 406 

the only design event for any RP at any site to lie outside the region where both drivers exceed 407 

the quantile thresholds used to derive the conditional samples. The associated discharge is 408 

small and thus the 5-year RP design event at Richmond can be considered a “surge only” event 409 

(i.e. not a compound event).  410 
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 411 

Figure 3: Isolines associated with the (from origin) 5-, 25-, 50- and 100-year RPs derived 412 

according to the proposed approach (case 1) superimposed on the conditional samples used in 413 

their generation (COS: red; COD: blue). Colored contours denote the relative likelihood (see color 414 

bar) of events on an isoline given the data. Black dots represent the ensemble of 1,000 events 415 

sampled along the isolines. Green triangles represent the most likely design points.  416 

 417 

 418 
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4.3 Comparison among test cases and with the independence assumption 419 

The sensitivity of the isolines to the subjective choices in the model set up is demonstrated in 420 

Figure 5. It is immediately apparent that the isolines derived without considering any lag (case 421 

7) show the greatest disparity with those associated with the other test cases. The RPs obtained 422 

at the margins for the no-lag and BM approaches (case 7 and 8) are the least homogenous with 423 

the other approaches. As opposed to the isolines derived by the no-lag approach, those derived 424 

by the BM approach generally have a similar shape to those given by most other approaches 425 

including the 3 EPY and case 1. Despite this, the BM approach consistently underestimates the 426 

potential for compounding effects at Cow Bayou. Similarly, the approach identical to case 1 but 427 

disregarding the marginal fit (case 2) and the 1 EPY on average approach (case 5) fail to detect 428 

compound effects in Adams Bayou and to a lesser extent at Cow Bayou. Case 2 also resulted in 429 

large overestimation of the RPs at Rosharon and Richmond as compared to most other 430 

approaches. Isolines derived using the 3 EPY on average approach (case 6) are closest to those 431 

obtained using case 1 at the three sites at which they could be derived.  The approach using a 432 

5-day lag when COD (case 3) at Cow Bayou results in isolines similar to case 1; reducing the lag 433 

further to 3-days (case 4) yields a more conservative isoline for the COD part of the isoline. At 434 

Adams Bayou and to a lesser extent the sites along the Brazos River, both lag-reduction 435 

approaches (cases 3 and 4) underestimate compounding effects relative to the other 436 

approaches. 437 
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 438 

Figure 4: Isolines associated with various RPs according to the test cases (see color coding) 439 

summarized in Table 1. 440 

To further assess the effect of ignoring dependence, RPs of the ensemble of 1,000 design 441 

events associated with the 100-year RP are recalculated assuming discharge and surge are 442 
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independent. Univariate RPs are estimated using the distributions fitted to the conditional 443 

samples derived when implementing the proposed approach. More specifically, for each event, 444 

two independence RPs are calculated from the pairs of GPD and parametric distributions fitted 445 

to the two conditional samples. The independence RP is taken as minimum of these two RPs. 446 

Below the GPD threshold, RPs are estimated via empirical distributions. Diagnostic plots of the 447 

marginal fits can be found in Figures SM.25-SM.40.  448 

Histograms displaying the RPs of the 100-year design events under the independence 449 

assumption (Figures 6-7) are representative of the common theme that compound extremes 450 

are more prevalent in the Sabine Basin than the Brazos Basin. Joint return periods greater than, 451 

equal to, or less than 100 years indicate that compound events are more, equally, or less likely 452 

than if the two drivers were independent. Adams Bayou possesses the highest percentage of 453 

events with return periods longer than 100 years under the independence assumption at 89%; 454 

this value drops to 79% at Cow Bayou. According to the proposed approach, under the 455 

assumption of independence, no events in the ensemble exceed their joint (100-year) RP at 456 

either site in the Brazos Basin indicating that extreme river discharge and surge events tend not 457 

to coincide in this area. 458 

The test cases yielding independence RPs which best match those given by the proposed 459 

approach varies by site. Cases 3 and 4 show the best agreement with the proposed approach in 460 

the Brazos Basin while cases 1+ and 3 show the best agreement at Cow and Adams Bayou, 461 

respectively. The histograms demonstrate that the approaches ignoring the fit of the marginal 462 

extreme distribution (case 2), not considering a lag (case 7), and using a block maximum 463 

approach (case 8) are most likely to underestimate the propensity for compound events.  464 
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Figure 5: Histograms of the joint RPs of the ensembles of 100-year events under the 465 

independence assumption at Cow (upper) and Adams Bayou (lower). Min. and max. RPs are 466 

given on the right-hand side; color coding refers to the different test cases as outlined in the 467 

legend of Figure 5.   468 
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 Figure 7: Histograms of the joint RPs of the ensembles of 100-year events under the 469 

independence assumption at Richmond (upper) and Rosharon (lower). Min. and max. RPs are 470 

given on the right-hand side; color coding refers to the different test cases as outlined in the 471 

legend of Figure 5.  472 
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 4.3 Precipitation as a proxy for discharge 473 

The analysis undertaken so far suggests Adams Bayou has a higher propensity for compound 474 

events than neighboring Cow Bayou. Of the National Climatic Data Center’s weather stations, 475 

the weather station at Orange is the closest to the streamflow gauge at Mauriceville. The 476 

analysis undertaken at Adams Bayou is the same that would be carried out at Cow Bayou if 477 

precipitation was to be used as a proxy for discharge. The difference in compound event 478 

potential in the two bayous may arise due to differences in local catchment characteristics 479 

influencing run-off times, e.g. size, topography or land-use, or human activity such as coastal 480 

engineering works or channel modifications or because precipitation was adopted as a proxy 481 

for discharge in the case of Adams Bayou. The latter may result in the correlation between the 482 

fresh and saltwater contributions being decreased when using discharge compared to 483 

precipitation due to run-off processes and influence of antecedent groundwater level.  484 

To further investigate the effect of adopting precipitation as a proxy for discharge, the Brazos 485 

Basin analysis is implemented with the precipitation measured at Freeport replacing the 486 

streamflow records. Isolines associated with several RPs and RPs of a thousand, 100-year 487 

precipitation-surge design events recalculated under the assumption of independence using 488 

same methodology as in the previous section is shown in Figure 8. The isolines are most 489 

reminiscent of those given by the proposed approach at Rosharon (see Figure 4), the closest 490 

site to the Freeport weather station. In common with the proposed approach when applied at 491 

Rosharon, neither copula possessed UTD and the Frank copula is the best fitting for the COS 492 

sample. The Gaussian copula was the best fitting when conditioning on precipitation. The lack 493 

of UTD resulted in the isolines becoming increasingly convex as the RP increased. Over 65% of 494 



30 
 

the 100-year design events possessed RPs greater than 100 years under the independence 495 

assumption compared to zero when using discharge (Figure 8). Hence, in common with the 496 

results from the Sabine River Basin, substituting precipitation for discharge increased the 497 

estimated potential for compound events in the Brazos River. 498 

 499 

 500 

Figure 8: Left: Isolines associated with the 5-, 25-, 50- and 100-year RPs derived according to the 501 

proposed approach (case 1) superimposed on the conditional samples used in their generation. 502 

Colored contours denote the relative likelihood of events on an isoline given the data. Right: 503 

Histogram of the RPs of 1000, 100-year design events recalculated under the assumption of 504 

independence using Freeport precipitation (grey) and Richmond discharge (black) records to 505 

represent the freshwater contribution. Min. and max. RPs are given on the right-hand side.   506 

5. Conclusion 507 

The overarching aim of this study was to assess the propensity for high river discharge and 508 

storm surge events at three locations in southeast Texas: Cow and Adams Bayous (Sabine River 509 

Basin) and the Brazos River (Brazos River Basin). According to the methodology adopted in the 510 

study, i.e., combining two-sided conditional sampling with a copula analysis, compound events 511 
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are a feature of both regions but more prevalent in the Sabine River Basin than the Brazos River 512 

Basin. The sensitivity of the estimated compound event potential to subjective choices in the 513 

model set up, namely the sampling method and the choices of threshold and lag were also 514 

explored to ensure robust results. Criteria which limit the size of the conditional samples, such 515 

as choosing on average one event per year, or using annual maximum, as well as not 516 

considering any time lags, underestimate compound flooding potential compared to the other 517 

approaches tested. A pragmatic best practice approach is proposed using the fit of the marginal 518 

extreme distribution to guide the choice of threshold for the conditional samples and including 519 

time lags. The approach provides stable estimates of the potential for compound flooding, 520 

while results tend to be on the conservative side when compared to the other methods. 521 

As discharge time series are often too short for robust statistical analysis, we also assessed the 522 

sensitivity of results when using precipitation as a proxy. The greatest correlation is observed in 523 

Adams Bayou where precipitation is used throughout due to the lack of suitable discharge data. 524 

Repeating the analysis in the Brazos Basin but using precipitation as a proxy for discharge leads 525 

to inflated estimates of the potential for compound discharge-surge events.   526 

 A pertinent limitation of the study is that the length of the time series presently prevents a 527 

robust assessment of RPs greater than 100 years. Including more historic observational data or 528 

numerical model hindcasts (or synthetic event simulations) would allow the analysis of events 529 

associated with longer RPs.  530 
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