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Abstract 

Title:  A Probabilistic Approach to Generating Representative Wind Forcing and Wave 

Heights within an Estuarine Environment 

Author: Vanessa Maria Haley 

Advisor: Steven Lazarus, Ph. D. 

While wind driven waves affect erosion, sediment resuspension, and flow in shallow 

estuaries like the Indian River Lagoon (IRL), neither winds nor waves are well observed in 

this environment. In order to calculate accurate significant wave heights, the winds used 

for the calculation must be consistent with the observed winds over the lagoon. Given the 

complex land/water geometry and subsequent limited fetch, a probabilistic approach is 

used to produce a representative wind field over the IRL. Observed winds, near the IRL, 

are used to sample wind distributions obtained from 180 high resolution atmospheric 

model simulations in order to generate a synthetic wind time series. Significant wave 

heights are then calculated using a well-known wave height parameterization, modified for 

shallow water, which depends on the synthetic winds, fetch, and bottom topography. 

Results within the IRL indicate that significant wave heights appear to be sensitive to wind 

direction in addition to wind speed. The bathymetry also has an impact on significant wave 

heights in the shallow estuary. Due to the lack of observations, the parameterized 

significant wave heights are compared to wave model simulations. Statistics indicate that 

the parameterized wave heights are biased low compared to the model. However these 

differences can, in part, be explained by a mismatch between the model and 

parameterization topography. The wave parameterization is a less expensive alternative to 

running probabilistic, long term, hydrodynamic-wave model simulations within shallow 

water estuaries such as the IRL.     
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Chapter 1 

Introduction 

Winds drive waves, which can affect many processes in shallow estuaries including currents, 

sediment transport, and erosion. Low-frequency, nontidal flow occurs as a direct response 

from winds in addition to seasonal changes in sea level (Pitts, 1989). A driver of shoreline 

erosion, wind waves depend on fetch length, bathymetry, and shore orientation. Wind fetch 

is defined here as the over water distance the wind can travel in a constant direction without 

obstruction (e.g., spoil island, causeway, etc.). Longer fetch lengths result in larger wind-

driven waves, which can, depending on depth, increase sediment resuspension as well as 

shoreline erosion. Fetch lengths in estuarine waters are generally quite limited due to the 

surrounding land, thus wave energy is lower than it would be for open waters (Rohweder et 

al., 2012). Wave energy assessment is an important part of erosion control (Frazel, 2009). A 

study by Christian and Sheng (2003) has shown that the average daily wind speed alone has 

an effect on sediment resuspension and water quality, thus highlighting the importance of 

using a more representative wind field. Although the wind is the primary driver of currents 

and waves in the Indian River Lagoon (IRL), it is not well observed. In terms of limited 

fetch, the IRL is a narrow coastal lagoon system on the eastern central coast of Florida, 

extending 250 km between Ponce de Leon and Jupiter Inlets. It is also shallow, averaging 

around 1.7 m in depth and ranges between 0.4 and 12.1 km in width (Christian and Sheng 

2003).    

In lieu of observations, high resolution (on the order of 300 m spatial resolution) atmospheric 

model simulations indicate that IRL wind speeds exhibit relatively large spatial variability 

(Holman et al. 2017; Holman et al. 2018).  This variability is challenging in the context of 

understanding the impact wind driven processes due to microclimate influences and 
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land/water heterogeneity. While the National Weather Service Automated Surface 

Observing System (ASOS) surface stations have long term wind climatologies, the stations 

are located at airports rather than water locations and thus they may not be representative of 

the winds over water. Yet, because of the lack of publicly available data within the IRL, 

ASOS station observations are often used for wind forcing in many coastal models (Christian 

and Sheng, 2003). There are methods to map winds to data sparse areas using a combination 

of observations, models, and known surface roughness. A heterogenous land surface and the 

complex geometry of the land/water interface can produce large differences in surface 

roughness and subsequent large variations in wind speed over short distances. Near the 

surface (i.e., 10 m level), most small-scale wind speed variability comes from nearby (i.e., 

within a few hundred meters) roughness elements (Verkaik, 2006). Above this level, a 

‘blending height’ can be defined as the level in which the effects of local surface roughness 

elements are minimal. If an average (surrounding) surface roughness is known, the 10 m 

wind can be brought up to the blending height then brought back down to 10 m using the 

surface roughness at another location. This approach assumes that the mesoscale pressure 

gradient is uniform over the region (i.e., the blending height winds are the same at both 

locations).  In this manner, a location with an observation station can be used to infer the 

wind speed at another location that lacks observations if the surface roughness is known at 

both locations (Verkaik, 2006). Thermal stratification complicates this process and should 

be taken into account. Data assimilation (DA) through the use of models and observations is 

alternative approach to spreading information to regions that lack data, but DA can be 

computationally expensive at high spatial resolution. Another option, statistical (or 

statistical/dynamical) downscaling, can potentially provide a more realistic wind field within 

the IRL (e.g., Holman et al., 2017). 

Studies on wind influenced processes in shallow estuaries tend to use models and/or field 

data that has been collected for the express purposes of a particular project. However, wind 

data collected as part of field work can still be spatially limited and thus may not completely 

capture the true variability (Carniello et al., 2005; Arfi et al., 1993; Whipple et al., 2018). In 

the absence of any additional field data, winds from existing networks and model output are 
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used to force both hydrodynamic and wave models. In some studies involving shallow 

estuaries, station data from actual water locations were used (Chen et al., 2005; Carniello et 

al., 2012). However, wind data over water is a rare commodity, especially for an estuary like 

the IRL. Hence, though not necessarily ideal, wind data from stations over land are used in 

many coastal and estuarine resolving model simulations (Christian and Sheng 2003, Lawson 

et al. 2007). Hydrodynamic modeling is typically forced with model or analysis wind field 

that are spatially heterogeneous – but at scales that do not resolve the IRL (e.g., North 

American Mesoscale Model, NAM; Janjić, 2003). As a result, models such as the Advanced 

CIRCulation model (ADCIRC; Luettich and Westerink, 2015) have built-in algorithms that 

use the upstream surface roughness to map the large scale wind field to the estuary scale.  

These models are computationally expensive, especially for extended periods and/or 

ensembles. As an alternative, a single time series of wind forcing and an associated estimate 

of uncertainty derived from a suite of high resolution atmospheric model simulations is used 

to produce a high spatial resolution (on the order of 10 m), 5-year wave climatology along 

the IRL shoreline. The wave climate, which is estimated using a parameterization, is then 

evaluated using hydrodynamic simulations that are forced by the same winds used to drive 

the wave parameterization. In Chapter 2 the methodology of generating a synthetic wind 

time series and using that to generate significant wave heights along the IRL shoreline is 

discussed, Chapter 3 discusses how the generated significant wave heights to compare to 

those calculated by the ADCIRC model, Chapter 4 summarizes the significant wave height 

process and discuss conclusions.  
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Chapter 2 

Methods 

2.1 Idealized Model Simulations  

  

Figure 1 — 10 m wind speed from the 15 m/s, 80 degree WRF simulation. 

IRL wind speed distributions were mined from 180 high-resolution idealized Weather 

Research and Forecast (WRF; Skamarock et al. 2008) model simulations (Holman et al. 

2018).  The neutral stability simulations are comprised of 18 initial wind directions (20 

degree bins, starting at north) and 10 wind speeds (including 1.0, 2.5, 3.75, 5.0, 6.25, 7.5, 

8.75, 10.0, 12.5, 15.0 m/s) using the convective-radiation ideal case. In these simulations, 

longwave and shortwave physics, cloud, and microphysics options are turned off so that 
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diurnal and radiative effects are neglected and boundary interactions are limited.  The 

simulations were run until the near-surface winds stopped changing in response to surface 

features, thus reaching a quasi-steady state. Figure 1 shows the quasi-steady state wind 

speeds from the 15 m/s, 80 degree simulation. 

 

Figure 2 — The 6 IRL sub-domains as defined by the CMS. Also shown are the ASOS and 

WeatherFlow stations that were used to generate the synthetic wind forcing. Wind speed 

histograms for each station (5 years (2013-2017) for WeatherFlow stations, 8 years (2010-2017) 

The IRL was divided using the 6 sub-regions defined by the Florida Institute of Technology 

(FIT) Coastal Modeling System (CMS; Zarillo and Zarillo, 2011) as shown in Fig. 2. 

Because the original shape files contain open ocean points that would affect a lagoon 
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sampled wind field, the CMS shape files were redrawn in QGIS so as to exclude the open 

ocean points. An example for one of the six subdomains is shown in Fig. 3.  The red (green) 

crosses are the WRF model IRL (ocean) water grid points. Only the red hatching is used in 

the construction of WRF wind speed probability distributions (see section 2.5). 

 

Figure 3 — Map of the BRIVER CMS domain. Crosses indicate ‘water’ points in the IRL 

(red) and ocean (green). 
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2.2 Station Pairings 

The goal here is to develop a methodology whereby the observed wind is used to drive the 

selection of a representative model simulation, i.e. the corresponding winds over the lagoon. 

In lieu of using the ASOS winds directly for this task – which may be biased low, the ASOS 

winds are instead regressed against a water-friendly WeatherFlow station for each of the six 

IRL sub-regions (Fig. 2). The ASOS stations were selected, in part, because of the 

availability and reliability of the data source as well as the siting of the sensors (i.e., at 10 m 

and limited obstructions in all directions). Of the six ASOS stations near the IRL in Brevard, 

Indian River, and Saint Lucie counties, three were selected for the purposes of this work 

including: KMLB (Melbourne International Airport), KVRB (Vero Beach Municipal 

Airport), and KTTS (Titusville, NASA Shuttle Landing Facility). The KFPR (Fort Pierce 

Airport) ASOS wind sensor, which is located on the southern edge of the study area (Fig. 2), 

is sited at a non-standard level 8 m level (the WMO standard is 10 m). While the winds can 

be adjusted upwards, KFPR also experiences flow blockage on the north side of the airport 

due to forest (Lazarus, 2017). The WeatherFlow stations were selected based primarily on 

the degree in which they possessed fetch favorable directions (i.e., water upstream of the 

location). As a baseline, stations were compared to XPAR (Parrish Park), which is a 

completely open fetch location (i.e., the station is sited on the water).  In addition to these 

siting issues, data availability was also a concern (see section 2.6). The WeatherFlow 

stations, XRPT (Rocky Point), XSTL (St. Lucie Plant), and XJEN (Jensen Beach) have wind 

distributions that are similar to XPAR, especially the right tail (i.e., higher wind speeds), 

which likely indicate some open fetch directions (i.e., directions with a reported roughness 

length of < 0.002 m) . For other more urban stations such as XDAI (Dairy Road in suburban 

Melbourne) and XVER (downtown Vero Beach) the right tail is absent.  Given the work 

presented here is concerned with the IRL, preference is given to WeatherFlow stations that 

are sited along the lagoon with, at least, some open fetch directions. While XSTL is “water-

friendly”, it does not provide a good representation of the winds over the IRL since the 

station is sited beach side and thus its open fetch is the ocean. As a result, only three of the 

WeatherFlow stations are selected here, i.e., XPAR, XRPT, and XJEN. These stations are 
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then paired, by proximity, to the corresponding ASOS station and sub-region. The resulting 

pairings are shown in Table 1. The smaller three northern sub-regions have the same station 

pairings (KTTS and XPAR, Table 1) due to the lack of stations in the area that meet the 

aforementioned requirements. Despite having the same station pairings, each of the three 

northern sub-regions have unique wind forcing due to the different wind speed distributions 

of each sub-region within the WRF simulations (see section 2.5). 

Table 1 — ASOS and WeatherFlow station pairings 

Subdomain ASOS station WeatherFlow 

Station 

BRIVER KMLB XRPT 

CENTRAL KVRB XRPT 

FTPIERCE KVRB XJEN 

HAULOVER KTTS XPAR 

PONCE KTTS XPAR 

TITUS KTTS XPAR 

2.3 ASOS versus WeatherFlow Regression 

To derive the lagoon-representative wind forcing, ASOS wind speeds are regressed against 

the corresponding WeatherFlow station.  The regression is performed monthly so that the 

intra-seasonal variability can be captured. This results in 60 regression equations (one per 

month for the years 2013-2017) for each station pairing (see Appendix), which can be 

expressed as 

𝑈𝑚 = 𝑏 + 𝑎𝑈𝐴𝑆𝑂𝑆 ,                                                          (1) 

where Um is the predictand (i.e., the water friendly wind), UASOS is the hourly observed 

wind speed from the ASOS station (i.e., the predictor), and a, b are the regression 

coefficients. An example of a regression between KMLB and XRPT for November 2013 is 

shown in Fig 4. The figure displays the best fit line and associated equation (i.e., slope and 

intercept) as well as the corresponding coefficient of determination (R2). There are two 

instances for which a WeatherFlow station is missing an entire month of data (XPAR in 
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November 2013 and XJEN in November 2015, Fig. 5). For these cases, regression 

coefficients were estimated by combining the respective months from two of the other 

years 2014 and 2015, i.e, November 2014-2015 are used in lieu of November 2013 at 

XPAR and November 2013-2014 are used in lieu of November 2015 at XJEN. 

Unfortunately, an artificially high number (approximately 12%) of zero wind speeds are 

reported at XPAR, which was caused by seagrass covering parts of the station. The null 

winds were not included in the KTTS / XPAR regression estimates. Despite this problem, 

XPAR is ideally sited (i.e., water in all directions) for the purposes of this work. The 

remaining WxFlow candidates were either beachside or urban rather than along the IRL, 

some of which were missing greater than three months of data. 

 

Figure 4 — Wind speed (m/s) scatterplot for WeatherFlow station XRPT versus KMLB, valid 

November 2013. Shown are the linear regression line (red) and one-to-one line (blue). The 

best-fit equation and its corresponding R-squared value is also shown 
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Figure 5 — Missing data matrix of the three ASOS (KMLB, KVRB, and KTTS) and three 

WeatherFlow (XPRT, XJEN, and XPAR) stations. Y-axis shows the total number of hourly 

observations beginning at 0 UTC 1 Jan 2013 and ending 23 UTC 31 Dec 2017 The light gray 

sections indicate missing observations. 

The impact of the IRL on the regression is examined by sampling the observations for open 

fetch directions only (i.e., when both stations observed a wind direction within the open 

fetch directions at XRPT, 303.75-168.75 degrees). The R2 values for the BRIVER 

subdomain are shown in Fig. 6 for each month (2013-2015). In general, the regression fit 

appears to be better for “all” observations during the summer while during the winter, the 

open fetch only regression is better. This pattern is consistent across station pairings. These 
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seasonal differences may, in part, be related to atmospheric stability which, for the IRL, is 

higher (lower) in the spring and summer (fall and winter) due to relatively cool (warm) 

water. It may also be an artifact of the sea breeze circulation which is most prevalent 

during the summer months. While both interesting and relevant, the impact of the stability 

on the surface flow is not investigated herein. Although there were some winter months in 

which the R2 was greater for the open water fetch, only a single regression equation (all) is 

used to generate the synthetic time series. The regression coefficients for each month 

(2013-2017) for the all of the subdomains are shown in Appendix. 

 

Figure 6 — Regression statistics for KMLB to XRPT by month for 2013-2015. ALL (red filled 

circles) is for all wind directions. OPN (blue filled directions) is for open fetch directions (from 

303.75 to 168.75 degrees) at XRPT only. 
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To account for scatter within the monthly regressions, an estimate of the standard deviation 

𝜎 is used to add noise to the synthetic time series1. The estimate is defined by 

𝜎 = 𝛽𝜖|𝑉|,                                                                (2) 

where 𝜎 is the standard deviation, 𝛽 is a multiplicative factor used to tune the degree of 

variability, 𝜖 is the mean standard error of the regression, and |𝑉| is the observed (ASOS) 

wind speed. In the relation defined by Eq. 2, it is assumed that the variability increases 

with wind speed. |𝑉| and 𝜎 are then taken to be the mean and standard deviation, 

respectively, of a Gaussian distribution which is then sampled for a synthetic wind speed. 

Different values of 𝛽 were tested, and the resulting time series (one for each value of 𝛽) 

were inspected to determine how much variability is introduced (see section 2.5 for details 

on the generation of the ensembles). Results for different values of 𝛽 are shown in Figure 

7. While somewhat subjective, the approach produces results that are consistent with the 

regressions.  Here 𝛽 is set equal to 0.05. In cases with low wind speeds it is possible to 

produce negative values, these are set to zero (see Section 2.4 and 2.6).   

  

                                                 
1 In the absence of this step, the variability in the synthetic time series (predictand) is 

identical to that of the ASOS station data (predictor). 



13 

 

 

Figure 7 — Top row: Scatterplots of KMLB wind speeds in November 2013 and the resulting 

winds speeds from the addition of noise for different values of 𝛃 (factor). Shown are the linear 

regression line (red) and the one-to-one line (blue). Bottom row: Same as top row except of 

XRPT wind speeds instead of KMLB. 

2.4 Wind Forcing Uncertainty (Spread) 

For each CMS sub-domain, 180 wind speed histograms were generated from the 

combination of 18 direction and 10 wind speed WRF simulations. As previously 

mentioned, only the IRL (water) points are used here (no ocean) as the focus is over the 

IRL. The inclusion of ocean points causes the wind speed distributions to be bimodal in 

most cases such as in Fig. 8. The maximum prescribed wind speed in the suite of 180 WRF 

simulations was set to 15 m/s. However, as a result of the limited fetch, the maximum 

simulated (equilibrium) winds over the IRL are generally less than this, on the order of 12 

m/s with higher values over the coastal ocean.   
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Figure 8 — WRF wind speed (m/s) histogram from the 160°, 15 m/s simulation within the 

BRIVER subdomain. 

Given that some of the observed wind speeds, which are used to drive the sampling of the 

PDFs, exceed that of the model simulations, this would require additional (higher wind 

speed) simulations. As a less expensive alternative the WRF IRL wind speeds are first fit, 

as a test, to both Weibull and Burr distributions. The parameters derived from the 

estimated (i.e., fit) distributions are instead used to drive the ensemble sampling since the 

WRF distributions do not extend to higher wind speeds (i.e., greater than 15 m/s) as 

described in the next section.  An example for the Burr distribution and three variations of 

the Weibull using the WRF winds (for the 80 degree, 15 m/s simulation) in the BRIVER 

subdomain is shown in Fig. 9. While the Burr distribution captures the mode better, it does 

not perform well at low wind speeds (2 m/s or less). Furthermore, the Weibull maximum 
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likelihood estimation distribution better captures the higher wind speeds2 and thus is used 

herein.   

 

Figure 9 — Density histogram of WRF wind speeds from the 80°, 15 m/s simulation within the 

BRIVER subdomain over the IRL. Idealized fits for Burr, Weibull maximum likelihood 

estimate (MLE), Weibull maximum goodness-of-fit estimation with the Kolmogorov-Smirnov 

distance metric (MGE-KS), Weibull maximum goodness-of-fit estimation with the left tailed 

Anderson-Darling distance metric (MGE-ADL) distributions from the R-statistics package 

fitdistplus (Delignette-Muller and Dutang, 2018) is also shown. 

                                                 
2 Ultimately the goal is to estimate wave heights which are highly sensitive to the wind 

magnitude. 
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2.5 Weibull Distribution Sampling 

The Weibull PDF is defined as 

𝑓(𝑢, 𝛾, 𝛼) =
𝛾

𝑢
(

𝑢

𝛼
)

𝛾
𝑒

−(
𝑢

𝛼
)

𝛾

,                                           (3) 

where 𝑢 is the wind speed, 𝛼 is the scale parameter, and 𝛾 is the shape parameter. The goal 

is to estimate the two free parameters of the PDF (𝛼, 𝛾).  𝛾 can be calculated using the 

following approximate relationship   

𝛾 ≈ (
𝜎

�̅�
)

−1.086
,                                                       (4) 

where �̅� is the mean wind speed, and 𝜎 is the Weibull standard deviation (Saxena and Rao, 

2015). 𝛾 cannot be estimated if 𝑈 = 0. In these cases, the wind speed is set to 0. 

 

Figure 10 — Variance 𝛔𝟐 from Weibull fit versus the WRF average wind speed within the 

BRIVER subdomain. Each point represents a simulation (180 total) and is color coded by 

wind direction ranging from 0° (blue) to 340° (red). The power-law fit and corresponding R2 

values are shown. 
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 Figures 10 and 11 show the variance and scale parameters obtained from each of the 180 

Weibull fits to the WRF wind distributions as a function of the mean (simulated) wind 

speed for the BRIVER sub-domain. The Weibull variance has increased spread at higher 

wind speeds, however a power law fit (red line) has a relatively significant R2 of 0.92. The 

equation for the power law fit is 

𝑦 = 𝑎𝑥𝑏,                                                            (5) 

 where y is the variance, x is the regressed wind speed, and a and b are the coefficients (see 

Table 2). In addition, a best fit linear equation for ,  

𝑦 = 𝑎𝑥 + 𝑏,                                                          (6) 

where y is a, x is the regressed wind speed, and a and b are the coefficients (see Table 2 for 

the equations derived in each domain), is also provided and indicates that this parameter 

has a strong linear dependence with respect to the simulated wind speed (R2 of 

approximately 1). The relatively robust relationship of both the variance and 𝛼 with respect 

to the mean wind speed suggests these relationships can be used to extend the Weibull 

PDFs to higher wind speeds rather than adding dozens of additional simulations3. The 

parameter regressions are also continuous functions, whereas the model simulations are not 

(i.e., 10 wind speeds and 18 directional bins) – the latter of which can be problematic when 

assigning specific Weibull coefficients as a function of the observed (ASOS regressed) 

wind speed. 

 

 

                                                 
3 Each additional wind speed category would require 18 model simulations corresponding 

to the directional bins. 
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Table 2 — The regression equations for  and variance (2) for each subdomain. 

Domain  variance 2 (m/s)2 

BRIVER 1.06𝑥 + 0.03 0.04𝑥1.74 

CENTRAL 1.03𝑥 + 0.08 0.08𝑥0.92 

FTPIERCE 1.03𝑥 + 0.06 0.05𝑥0.99 

HAULOVER 1.02𝑥 + 0.09 0.06𝑥0.8 

PONCE 1.02𝑥 + 0.1 0.11𝑥0.64 

TITUS 1.04𝑥 + 0.06 0.05𝑥1.26 

The construction of the PDFs is relatively straightforward, i.e. the wind speed from the 

ASOS/WeatherFlow regression is used to estimate both the scale parameter and the 

model variance 2 (Eq. 5 and 6) from which 𝛾 is then obtained via Eq. 4. The two 

coefficients are estimated, independently, for each of the six sub-domains. The impact of 

estimating the parameters directly from the model output (i.e., fitting the histograms) 

versus the aforementioned regression approach is examined briefly here by selecting a case 

for which a model simulation exists (e.g., winds from 80o at 5 m/s). Both the direct (model) 

and regression estimates of the PDF are shown in Figure 12 (red and blue lines 

respectively). Both curves are quite similar and suggest that the distribution estimated via 

the regression approach is robust and thus can be used to extend the distributions to higher 

wind speeds (i.e., they are not limited to the present set of WRF simulations).  The 

regressed ASOS wind speed (section 2.3) is used to estimate the corresponding Weibull 

parameters (i.e.,  and  via the power law (Eq. 5) and linear fits respectively (Eq. 6). The 

Weibull PDF is then sampled 1000 times to generate the synthetic wind speed spread.  
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Figure 11 — Weibull fit parameter α (scale) from each of the WRF simulations within the 

BRIVER subdomain. Color coded the same as the variance in Fig. 10. 
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Figure 12 — Density histogram of WRF wind speeds from the 80°, 5 m/s simulation within the 

BRIVER subdomain over the IRL. Also shown is the idealized Weibull fit (red) and the 

estimated fit using the α and variance regression and γ estimation (blue). 

To summarize the synthetic wind speed generation: 

 Identify WRF water points within the CMS subdomains and remove all ocean 

points 
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 Mine WRF simulations to obtain wind speed histograms from 180 simulations (18 

directions and 10 initial wind speed bins) for each CMS subdomain (900 total 

histograms) 

 Fit a Weibull distribution to each of the PDFs from the WRF wind speed 

histograms 

 Extend the Weibull fit to higher wind speeds by regressing the variance and scale 

parameters against the mean WRF IRL wind speeds within the CMS subdomains 

 Use the wind speed obtained from the ASOS/WeatherFlow regression to identify 

the representative Weibull distribution and sample 1000 times to produce an 

estimate of uncertainty 

2.6 Missing Data 

Given that a continuous time series is required for modeling purposes, various methods 

were applied in order to fill missing data (Figure 5). In cases where there was missing data 

from the ASOS station, the observation from the corresponding WeatherFlow station was 

used and the regression portion of the synthetic time series generation was skipped (the 

regression scatter was still accounted for however – using the WeatherFlow observation in 

lieu of the regressed wind speed). If both stations that comprise the regression were 

missing data, then the wind speed was linearly interpolated in time. There are not any large 

chunks of missing data (i.e. more than 8 hours) from both the ASOS and WeatherFlow 

stations, so interpolating across a long interval was not an issue. In cases where the 

regression produced a negative wind speeds, the wind speed was set to 0 m/s. As 

mentioned in the previous section, in cases where the wind speed is 0 m/s, the Weibull 

PDFs cannot be estimated and the sampled wind speed is set to 0 m/s. Depending on which 

method was used, a flag is assigned to the data. For wind speed, there are a total of four 

missing data flags, which are described in Table 3 in order of occurrence. The percent of 

time that each of these data-filling methods are applied is shown in Figure 13. For each 

subdomain, missing ASOS data is the most frequent occurring missing data flag, which is 
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between 1 and 3%. For the HAULOVER, TITUS, and PONCE subdomains, flag 4 is the 

second most frequent instead of flag 2, which is due to the large amount of null winds in 

the XPAR data as mentioned in Section 2.3. 

.  

Table 3 — Missing wind speed data flag descriptions. 

Flag Description 

1 ASOS station missing data, so the corresponding WeatherFlow 

observation is used. 

2 Both stations are missing data, so the wind speed and direction are 

linearly interpolated in time. 

3 The regression produced a negative wind speed, so the wind speed is set 

to 0 m/s. 

4 The regression produced a wind speed of 0 m/s.  
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Figure 13 — Histogram of the wind speed data flags for the BRIVER (A), CENTRAL (B), 

FTPIERCE (C), and HAULOVER (D) subdomains. PONCE and TITUS subdomains have the 

same histogram as the HAULOVER subdomain (see text for details).  

2.7 Wind Direction 

Heretofore, the discussion has been limited to wind speed only. No modifications were 

made to the wind direction, i.e., the directions observed by the WeatherFlow station are 

used for the synthetic time series. In cases where the WeatherFlow station is missing an 

observation, the corresponding ASOS observation is used as the wind direction. If both 

stations are missing observations, then the wind speed and direction are converted into u 
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and v components, which are then linearly interpolated in time. The u and v wind 

components are then converted back into wind speed and direction. There are two missing 

data flags for wind direction, which are shown in Table 4. The frequency of occurrence for 

these two flags is shown in Fig. 14. 

Table 4 — Missing wind direction data flag descriptions. 

Flag Description 

1 WeatherFlow station observation is missing, the corresponding 

ASOS station is used instead. 

2 Both stations are missing observations, so the wind direction is 

linearly interpolated in time. 

 

Figure 14 — Histogram of the wind direction data flags for the BRIVER, CENTRAL, 

FTPIERCE, and HAULOVER subdomains. PONCE and TITUS subdomains have the same 

histogram as the HAULOVER subdomain. 
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2.8 Wave Height Parameterization 

Significant wave heights were generated using the SMB wave height parameterization, 

modified for shallow water, i.e. 

𝐻𝑤 = 0.283 𝑡𝑎𝑛ℎ [0.530 (
𝑔𝑑

𝑈2)
0.75

] 𝑡𝑎𝑛ℎ {
0.0125(

𝑔𝐹

𝑈2)
0.42

𝑡𝑎𝑛ℎ[0.530(
𝑔𝑑

𝑈2)
0.75

]
}

𝑈2

𝑔
,                     (7) 

where 𝑈 is the (10 m) wind speed, 𝐻𝑤 is the significant wave height, 𝐹 is the fetch length, 

𝑔 is the acceleration due to gravity, 𝑑 is the average depth along the fetch (Malhotra and 

Fonseca, 2007). The synthetic wind time series is used in Eq. 7 for both wind speed and 

fetch length calculations. The IRL bathymetry and shoreline data were obtained from 

NOAA NAVD 88 Coastal Digital Elevation Model (1/3 arc-sec, approximately 10 m 

resolution). The bathymetry data were used to calculate the effective fetch by cosine-

weighting each of three adjacent 5 degree bins.  This resulted in 72 directional bins, each 

with a 15 degree bin width. Since the emphasis is on local flooding and erosion, significant 

wave height calculations are limited to the IRL shoreline only (as defined by the 

bathymetry data set). Some areas were given a buffer of 1-to-3 points along the shoreline 

due to their shallowness. 

Eq. 7 depends on the average depth along the fetch rather than the depth solely at the 

shoreline points. This is an intensive calculation (especially at 10 m resolution) since it 

depends on a combination of wind direction and associated upstream ray tracing along the 

trajectory. Given the computational expense of this calculation, it is important to determine 

whether or not the average depth matters in terms of estimating the parameterized 

significant wave height.   Figure 15 shows the difference in significant wave heights as a 

function of varying the average depth for a wind speed of 15 m/s and a typical IRL fetch 

length of 5 km (e.g., Holman et al. 2017). Wave heights vary from about 6 cm to 30 cm for 

changes in the average depth along the fetch of up to one meter. Given the shallow depth 

along the IRL shoreline and depth limited waves of the shallow estuary in general, using 

the depth at a single point (in lieu of the average depth along the fetch) would potentially 
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introduce relatively large errors in wave height estimates, especially for longer IRL fetch 

lengths. Given the computational expense of this calculation, estimates of the average 

depth along the fetch was limited to 18 directions (20 degree bins) for each IRL shoreline 

point. Because the bathymetry data do not extend beyond the southern and northern 

boundaries of the study domain, some of the average depth estimates are based on 

incomplete (i.e., shortened) fetch lengths in these regions. The degree to which this occurs 

depends on the wind direction. The process of extending a fetch ray until it meets land and 

then calculating the average depth along that ray takes approximately 2 seconds per point 

per direction. Each of the 123,234 shoreline points have rays that extend upwind for each 

the 18 directions, which average depth was calculated along. This calculation would 

normally take approximately 51 days to complete, however it was split up among 7 

machines, which shortened the calculation to 2 weeks. This calculation only needed to be 

completed once since the output is in the form of a look-up table. The average depth along 

the fetch was used in Eq. 7 to estimate Hw.  
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Figure 15 — Significant wave heights for a wind speed of 15 m/s, fetch length of 5 km, and 

varying depths by using Eq. 5. 

Three 5-year (2013-2017) significant wave height (shoreline only) grids, at 4-hour 

resolution, were generated using the average ensemble wind forcing and the upper and 

lower wind speed uncertainty range, which is defined as ±1 standard deviation within the 

synthetic time series (see section 2.5). The spatial resolution is approximately 10 m. The 

shoreline grid covering the 6 subdomains contains a total of 123,234 data nodes.   

Although the ASOS data are available at hourly (and sometimes higher) resolution, the 

emphasis this work is primarily concerned with resolving the shoreline of the IRL. Even 

with the temporal subsampling, the parameterized wave height data are approximately 30 

GB in total. 
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Chapter 3 

Results 

3.1 Wind Roses and Wave Heights 

Monthly synthetic (BRIVER) wind roses and the corresponding monthly average 

(parameterized) significant wave heights are shown for 2013-2017 (Figures 16 and 17). 

Seasonal variability is evident, with spring (March-May) and fall (October-November) 

having both more frequent and stronger easterly flow and thus higher average significant 

wave heights on east facing shorelines versus that of the west facing shorelines (Fig. 17). 

The opposite is generally not true, i.e., the west facing shorelines do not appear to have 

higher wave heights than their east facing counterparts.  Minor exceptions include March 

2013, January 2014 and perhaps December 2017 – but in these three months the shoreline 

differences are much smaller.  The latter is an artifact of lack of persistent and/or strong 

westerly flow in central Florida. More frequent wind from a certain direction seems to 

affect the significant wave heights more so than the wind magnitude. For example, October 

2017 had stronger northeast winds while October 2016 had more frequent easterly flow but 

not as high in wind speed, yet October 2016 had higher average significant wave heights 

throughout the east facing shorelines. This is the trend for other months across different 

years. Hence, in a fetch limited estuary (IRL), the significant wave heights also appear to 

be sensitive to the wind direction, not just the wind speed. Summer months tend to produce 

lower wave heights, which is also reflected by the lower wind speeds and higher variability 

in wind direction. Monthly averages of significant wave height change from year to year, 

which correlates to the differences in average wind speed and direction. Throughout the 

domain, areas with more fetch in more directions typically have higher significant wave 

heights compared to other locations regardless of wind speed, such as shoreline locations 

near causeways. 
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Figure 16 — Monthly synthetic wind roses (m/s) for the BRIVER subdomain. 
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Figure 17  — Map of monthly average parameterized significant wave heights (m) along IRL 

shoreline (point color) and the monthly average significant wave height (m) difference 

between the upper and lower wind speed uncertainty range (point size) for 2013-2017. 
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Monthly average synthetic wind speed (m/s) for each year are shown in Fig. 18. Higher 

wind speeds are consistently within spring and fall months, especially in October and 

November. Summer months (June – September) are correlated with lower wind speeds. 

This is consistent with the wind rose climatology. 

 

Figure 18 — Monthly (i.e., 1 is January and 12 is December) average synthetic wind speed 

(m/s) for each month in 2013 (blue), 2014 (red), 2015 (green), 2016 (magenta), and 2017 

(black). 

 

3.2 Model versus Parameterized Wave Heights 

Parameterized significant wave heights Eq. 7 were compared to modeled wave heights. For 

this comparison the Advanced Circulation (ADCIRC) model coupled with the wave model 

Simulating Waves Nearshore (SWAN) was used. SWAN is a third-generation phase-

averaged wave model that has formulations for shallow water. The numerical 

implementation is unconditionally stable. The grid is unstructured and uses spherical 

central conformal Mercator coordinates. The model takes linear wave growth, white 

capping, wave breaking, and bottom friction into account. The model parameters used are 
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shown in Table 5. A 7-day tidal spin-up simulation was performed for each calendar year 

before January 1st to ensure enough time for the propagation of the tidal signal into the 

IRL. The model configuration used herein contains 20319 nodes within the IRL, ranging 

from 400 m to 20 m in spatial resolution depending on the node locations with respect to 

causeways, inlets, etc. All of the nodes have a minimum depth of 0.1 m. The model was 

forced (over the five year period, 2013-2017) using the same synthetic wind time series as 

the wave parameterization. Wave heights, for all nodes, were output at 4-hour intervals, 

however the focus here is on shoreline points only. 

 

Table 5 — SWAN model parameters. 

Command Parameter Value 

SET LEVEL 0.0 

SET DEPMIN 0.1 

MODE NONSTATIONARY  

COORDINATES SPHERICAL CCM  

CGRID 
UNSTRUCTURED 
CIRCLE 

 

 MDC 36 

 FLOW 0.031384 

 MSC 45 

READ UNSTRUCTURED  

INIT ZERO  

INPGRID WLEV  

 UNSTRUCTURED  

 EXCEPTION 0.1 

 NONSTAT 
20121225.000000 1800 SEC 
20140101.000000 

READINP ADCWL  

INPGRID CUR  

 UNSTRUCTURED  

 EXCEPTION 0. 

 NONSTAT 
20121225.000000 1800 SEC 
20140101.000000 

READINP ADCCUR  
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INPGRID WIND  

 UNSTRUCTURED  

 EXCEPTION 0. 

 NONSTAT 
20121225.000000 1800 SEC 
20140101.000000 

READINP ADCWIND  

INPGRID FR  

 UNSTRUCTURED  

 EXCEPTION 0.05 

 NONSTAT 
20121225.000000 1800 SEC 
20140101.000000 

READINP ADCFRIC  

INIT ZERO  

GEN3 KOMEN AGROW 

WCAP KOMEN 2.36E-5 3.02E-3 2.0 1.0 1.0 

BREAKING   

FRICTION   

PROP BSBT  

NUM STOPC  

 DABS 0.005 

 DREL 0.01 

 CURVAT 0.005 

 NPNTS 95 

 NONSTAT  

 MXITNS 4 
 

Figure 19 shows the monthly average modeled and parameterized significant wave heights 

for September 2015. The model includes nodes within the interior of the IRL. The 

shoreline nodes follow a similar pattern to the parameterization shoreline locations.  
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Figure 19 — Map of monthly average parameterized significant wave heights (m) within the 

IRL (point color) for September 2015 from the: A. model (SWAN) and B. parameterization. 

Panel B also includes the monthly average significant wave height (m) difference between the 

upper and lower wind speed uncertainty range (point size in meters, see legend). 
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Figure 20 — Histogram of the % of time that the shoreline model nodes were dry, excluding 

nodes that were 0% or 100% dry. 

Because the hydrodynamic model and bathymetric data (used to estimate the mean depth 

along the fetch for the parameterized wave height estimates) do not have the same land 

mask, a “nearest neighbor” approach was applied here. Also, given the depth sensitivity of 

wave heights, only those model points that were within 10 m of the parameterized 

(shoreline) wave heights were used for comparison. Points along causeways were 

eliminated, leaving 859 pairs over the IRL domain with an average distance of 6.717 m. In 

addition, since the analysis was limited to the shoreline here, the model nodes were not 
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always wet and thus at times, lack significant wave data. Model nodes that were 

completely dry throughout the five-year period, and the corresponding (i.e., nearest 

neighbor) synthetic points, were removed from the pool of 859 locations. Figure 20 shows 

the dry frequency of the remaining points. Of these nodes, about 10% are dry more than 

75% of the time. In order to filter these data, a second filter was applied – removing nodes 

that were dry 50% or more. This second pass through the data reduced the number of 

locations that were used to estimate error statistics (bias and root mean square, RMSE) 

from 859 to 140.  Average monthly (5-year) statistics for the IRL shoreline are shown in 

Table 6 and 7. The corresponding histograms are shown in Figures 21 and 22. Summer 

months (June – September) have lower error (i.e., bias and RME) while October and 

November have higher error relative to other months. October and November also exhibit 

the largest variability (standard deviation) in both bias and root mean square error. This is 

consistent with the wind climatology of the region which shows highest monthly wind 

speeds during the fall (e.g., Lazarus and Bewley, 2005).  The Hs bias is negative, i.e., the 

parameterized wave heights are lower than the model for all months (discussed in the next 

section) with the median ranging from less than 1 cm (June-September) to 3.2 cm in 

November. The RMSE median also peaks (6.4 cm) in November with a September 

minimum (3.5 cm).  
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Table 6 — Average monthly significant wave height bias (parameterized – modeled, m) 

statistics. 

Month Mean Median Standard Deviation 

January -0.0194 -0.0176 0.0208 

February -0.0194 -0.0178 0.0198 

March -0.0199 -0.0188 0.0204 

April -0.0201 -0.0212 0.0230 

May -0.0190 -0.0211 0.0240 

June -0.0086 -0.0099 0.0158 

July -0.0044 -0.0041 0.0142 

August -0.0087 -0.0091 0.0151 

September -0.0087 -0.0082 0.0151 

October -0.0290 -0.0293 0.0306 

November -0.0299 -0.0327 0.0321 

December -0.0208 -0.0220 0.0196 

 

  

Table 7 — Average monthly significant wave height root mean square error (m). 

Month Mean Median Standard Deviation 

January 0.0577 0.0544 0.0179 

February 0.0560 0.0529 0.0171 

March 0.0594 0.0570 0.0177 

April 0.0603 0.0570 0.0193 

May 0.0573 0.0514 0.0191 

June 0.0473 0.0438 0.0144 

July 0.0421 0.0388 0.0132 

August 0.0437 0.0411 0.0143 

September 0.0400 0.0352 0.0136 

October 0.0654 0.0571 0.0235 

November 0.0707 0.0644 0.0239 

December 0.0586 0.0563 0.0160 
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Figure 21 — Average monthly significant wave height bias (parameterized minus SWAN, m) 

histograms by month. The mean and median are represented by the red and blue line 

respectively (see Table 5). 
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Figure 22 — Monthly averaged significant wave height root mean square error 

(parameterized versus SWAN) histograms for each month. The mean and median are 

represented by the red and blue line respectively (see Table 6). 
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The monthly average BRIVER synthetic wind speed versus the average model (SWAN, 

black) and parameterized (blue) significant wave heights for 2013-2017 (60 months total) 

at the 140 locations are shown in Figure 23. While both the model and parameterized wave 

heights are highly correlated with the wind speed, the model is more sensitive to increasing 

wind speeds (i.e., steeper slope).   

 

Figure 23 — Average monthly wind speed (BRIVER) versus the monthly averages of model 

(black) and parameterized (blue) significant wave heights for the 60-month period (2013-

2017). Also shown are the linear regression lines for the model (black) and parameterized 

(blue) significant wave heights as well as the best-fit equations and corresponding R-squared 

values. 
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The average model versus parameterized wave heights, shown for each month, are also 

well correlated with each other (Fig. 24). The parameterized wave heights are consistently 

lower than the model. In order to assess whether this is a real difference or an artifact of the 

sampling in shallow water, differences in the bathymetry between the two data sets were 

analyzed.  In addition to having a different (more coarse) land mask, the SWAN model 

also has different bottom topography and, its grid points are not collocated with the 

parameterization. As a result, the model locations may be predisposed to deeper water 

which, for the most part, would explain the discrepancies shown in Figures 23 and 24.  

 

Figure 24 — Scatterplot of the monthly average model versus synthetic significant wave 

heights for the 60-month study period (2013-2017). Shown are the linear regression line (red) 

and one-to-one line (blue). The best-fit equation and its corresponding R-squared value is also 

shown. 
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In order to examine the impact of sampling on the model wave heights, the depths from the 

parameterization and nearest neighbor model bathymetry are shown in Fig. 25. At most of 

the 140 verifying locations, the depths used for the parameterization are more shallow than 

those at the corresponding (i.e., verifying) model node. As discussed previously (see 

Section 2.8), wave heights are sensitive to changes in depth in a shallow estuary (on the 

order of 30 cm variation for depths ranging from 10 cm to 1 m). For a given fetch and wind 

speed, deeper water yields higher significant wave heights (Fig. 15). The average 

difference of depth at these 140 locations is 1.76 m, which exceeds the range shown in Fig. 

15. Table 6 shows the bias (parameterized – model) ranges from -1 cm to -3 cm. The 

difference in wave heights between the model and parameterization is greater with high 

wind speeds as noted by the difference between the best fit (red) line and the one-to-one 

(blue) line in Fig. 24. Figure 15 uses a wind speed of 15 m/s while the monthly average 

wind speeds do not exceed 6 m/s (Fig. 23). The difference of the best fit line equations in 

Fig. 23 is 

𝑦𝑝 − 𝑦𝑚 = 0.02 − 0.01𝑥,                                            (8) 

 where yp and ym are the significant wave heights estimated by the parameterization and 

model respectively, and x is the wind speed. Using a wind speed of 15 m/s in Eq. 8, the 

difference of significant wave height is -13 cm. This is consistent with Fig. 15. The 

discrepancies in significant wave heights may be a result of the difference in depth at the 

locations. 
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Figure 25 — Water depth at the 140 verification locations obtained from the SWAN model 

(orange) versus that used in the parameterization (blue) bathymetry respectively. 
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Chapter 4 

Summary and Conclusions 

While wind driven waves affect erosion, sediment resuspension, mixing (e.g., dissolved 

oxygen), flow etc. in shallow estuaries, neither are well observed. In order to calculate 

accurate significant wave heights, the winds used for the calculation must be representative 

of the winds over the lagoon. Given the complex land/water geometry and subsequent 

limited fetch, the question “what are the winds over the IRL” is addressed here using a 

probabilistic approach where observed winds, in proximity to the IRL, are used to sample 

directly from wind distributions generated from high resolution WRF simulations. In order 

to accomplish this, the IRL is divided into six subdomains as defined by the FIT Coastal 

Modeling System (Zarillo and Zarillo, 2011) and water points within the lagoon are 

identified. The IRL-based wind speed distributions are mined from 180 high resolution 

WRF model simulations for each subdomain. While the model wind distributions could be 

sampled directly, a more general approach is taken here so that the method can be extended 

to higher wind speeds which were not represented in the suite of 180 WRF simulations.  

Here, a Weibull distribution is fit to each of the WRF domain PDFs (720 total) from the 

WRF wind speed distributions. The Weibull fit is then extended to higher wind speeds by 

regressing the variance and scale parameters against the mean WRF IRL wind. This yields 

a wind speed dependent parameterization of the Weibull parameters and thus the associated 

distributions for all wind speeds. To obtain a water-friendly estimate of the wind speed, the 

ASOS wind is first regressed to a lagoon WeatherFlow station (the WeatherFlow winds are 

not freely available otherwise they could be used directly here).  The resulting best-fit 

(monthly) equations are used to estimate a wind speed which, is then used to sample the 

representative Weibull distribution.  For each hourly wind speed observation, the 

appropriate Weibull distribution is sampled 1000 times to produce an estimate of 

uncertainty (the sampling does not impact the wind direction, which is taken to be that 

reported by the WeatherFlow station. The sampled wind speed estimates and the associated 

spread were then used to estimate significant wave heights along the IRL shoreline. The 
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wave heights are generated using the SMB wave height parameterization modified for 

shallow water. Since the bathymetry has a relatively significant impact on the magnitude of 

significant wave heights (in a shallow estuary), the SMB parameterization is a function of 

the average depth along the fetch.  Here, the average depth along the fetch is calculated for 

every shoreline point (i.e. more than 100,000) and for 18 directional bins which are stored 

in a lookup table.  The computational requirements needed to generate the table were 

considerable – however once completed they are readily available for on-the-fly 

calculations using the SMB parameterization which only then requires a wind direction to 

query the look-up table.  

The results herein show that in the IRL, a fetch limited estuary, significant wave heights 

also appear to be sensitive to wind direction in addition to wind speed. These results are 

consistent with those of Colvin (2018), who recently developed a fetch-dependent drag 

parameterization for the IRL. The synthetic wave height climatology along with the wind 

roses show that significant wave heights are dependent on wind direction as well as wind 

speed. In the absence of verifying observations within the IRL, the parameterized 

significant wave heights were instead compared to significant wave heights from SWAN 

model simulations that use the same synthetic wind forcing. Because the parameterization 

and SWAN model are on different grids, the comparison uses a “nearest neighbor” 

approach that identifies the model locations that are within 10 m or less. After filtering for 

dry model nodes, a statistical comparison between the parameterized height and model was 

performed for 140 locations. The average significant wave height bias (parameterized – 

model) and root mean square error are around -0.02 m and 0.055 m respectively. That the 

average bias was negative (i.e., model wave heights were larger) for all months is likely an 

artifact of the differences in bathymetry between the parameterization and model dataset. 

The depths at the 140 locations differ by 1.76 m on average, with the model depths being 

deeper. As shown, increased depths result in higher significant wave heights when fetch 

and wind speed are constant. However, given the relatively low wind speeds (monthly 

averages are less than 6 m/s), the modeled significant wave heights are only slightly higher 

(by 1-3 cm) than the parameterized wave heights. In order to verify this, the model and 
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parameterization could be run using the same bathymetry as well as with higher model 

resolution so that the nearest neighbor is closer to the parameterization locations.   

In terms of future work, both the parameterized and modeled significant wave heights 

should be compared to multiple field observations to gauge how representative these 

estimates are. Provided that the parameterization’s underprediction of significant wave 

heights is due primarily to bathymetry differences, the parameterization could be a less 

expensive alternative to running a long term, full hydrodynamic model simulations to 

calculate a significant wave height climatology within the IRL or other shallow water 

estuaries.     
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Appendix 

Regression coefficients, R2, and residual standard error for the BRIVER domain (KMLB 

regressed to XRPT; 2013-2017).   

Month Slope Y-intercept R2 Residual Standard 

Error 

1/2013 1.00 1.03 0.648 1.464 

2/2013 0.85 0.94 0.537 1.428 

3/2013 0.61 1.67 0.355 1.582 

4/2013 0.95 1.47 0.447 1.823 

5/2013 1.01 1.03 0.492 1.757 

6/2013 0.99 0.77 0.475 1.605 

7/2013 0.86 1.10 0.482 1.446 

8/2013 0.82 1.52 0.400 1.533 

9/2013 0.84 1.31 0.440 1.546 

10/2013 0.78 1.67 0.355 1.487 

11/2013 1.22 0.65 0.748 1.515 

12/2013 1.27 0.30 0.605 1.668 

1/2014 1.08 0.11 0.577 1.688 

2/2014 0.87 0.86 0.525 1.523 

3/2014 0.74 1.53 0.360 1.661 

4/2014 0.97 0.92 0.482 1.808 

5/2014 0.97 1.02 0.568 1.448 

6/2014 0.88 0.65 0.438 1.612 

7/2014 0.86 0.74 0.390 1.717 

8/2014 1.00 0.47 0.583 1.476 

9/2014 0.66 1.35 0.290 1.513 

10/2014 0.93 0.84 0.492 1.422 

11/2014 1.00 0.52 0.579 1.449 

12/2014 1.00 0.88 0.477 1.435 

1/2015 0.95 0.85 0.573 1.677 

2/2015 0.97 0.58 0.526 1.714 

3/2015 1.01 0.52 0.507 1.675 

4/2015 0.77 1.23 0.371 1.671 
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5/2015 0.96 1.27 0.536 1.416 

6/2015 0.89 0.93 0.450 1.463 

7/2015 0.63 1.04 0.255 1.511 

8/2015 0.72 1.06 0.349 1.451 

9/2015 0.93 0.72 0.418 1.536 

10/2015 1.30 -0.15 0.685 1.546 

11/2015 1.20 0.63 0.701 1.429 

12/2015 1.26 0.25 0.643 1.545 

1/2016 0.97 0.67 0.452 1.832 

2/2016 0.86 0.86 0.523 1.526 

3/2016 1.17 0.14 0.598 1.661 

4/2016 0.96 0.67 0.582 1.555 

5/2016 0.81 0.88 0.409 1.504 

6/2016 0.88 0.71 0.498 1.499 

7/2016 0.90 0.66 0.507 1.39 

8/2016 0.77 1.02 0.437 1.402 

9/2016 0.92 0.59 0.553 1.358 

10/2016 1.01 1.02 0.649 1.672 

11/2016 1.18 0.15 0.725 1.233 

12/2016 1.14 0.19 0.576 1.611 

1/2017 0.80 0.45 0.609 1.306 

2/2017 0.91 0.59 0.526 1.586 

3/2017 1.01 0.57 0.610 1.67 

4/2017 0.92 1.07 0.516 1.564 

5/2017 0.88 0.63 0.527 1.552 

6/2017 0.98 0.53 0.556 1.524 

7/2017 0.86 0.54 0.412 1.548 

8/2017 0.94 0.34 0.533 1.383 

9/2017 0.74 -0.53 0.279 1.628 

10/2017 0.97 0.90 0.554 1.542 

11/2017 1.25 -0.05 0.707 1.49 

12/2017 0.83 0.38 0.475 1.318 

  

Regression coefficients, R2, and residual standard error for the CENTRAL domain (KVRB 

regressed to XRPT; 2013-2017).   
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Month Slope Y-intercept R2 Residual Standard 

Error 

1/2013 0.99 1.23 0.499 1.733 

2/2013 0.90 0.92 0.622 1.314 

3/2013 0.61 1.83 0.373 1.569 

4/2013 0.83 2.06 0.404 1.888 

5/2013 0.95 1.47 0.444 1.85 

6/2013 0.87 1.29 0.442 1.631 

7/2013 0.74 1.57 0.430 1.517 

8/2013 0.68 2.14 0.354 1.606 

9/2013 0.76 2.01 0.324 1.71 

10/2013 0.62 2.39 0.280 1.577 

11/2013 1.21 0.98 0.617 1.875 

12/2013 1.11 0.96 0.509 1.864 

1/2014 1.10 0.31 0.626 1.592 

2/2014 0.79 1.24 0.458 1.59 

3/2014 0.57 2.25 0.245 1.798 

4/2014 0.87 1.42 0.435 1.879 

5/2014 0.83 1.72 0.464 1.614 

6/2014 0.91 0.88 0.441 1.607 

7/2014 0.78 1.21 0.331 1.797 

8/2014 1.02 0.81 0.526 1.573 

9/2014 0.55 1.72 0.200 1.599 

10/2014 0.82 1.42 0.410 1.534 

11/2014 0.94 0.84 0.561 1.49 

12/2014 0.77 1.78 0.310 1.648 

1/2015 1.01 0.77 0.567 1.698 

2/2015 0.92 0.98 0.455 1.831 

3/2015 0.89 1.22 0.452 1.762 

4/2015 0.70 1.60 0.322 1.752 

5/2015 0.81 2.18 0.392 1.628 

6/2015 0.81 1.32 0.447 1.471 

7/2015 0.61 1.19 0.298 1.447 

8/2015 0.73 1.28 0.359 1.477 

9/2015 0.80 1.43 0.276 1.715 

10/2015 1.09 0.97 0.486 1.924 
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11/2015 1.11 1.30 0.631 1.594 

12/2015 1.12 0.79 0.529 1.769 

1/2016 0.95 1.07 0.384 1.942 

2/2016 0.78 1.17 0.462 1.567 

3/2016 1.06 0.68 0.651 1.538 

4/2016 0.90 1.17 0.470 1.754 

5/2016 0.73 1.38 0.390 1.531 

6/2016 0.83 1.09 0.472 1.547 

7/2016 0.81 1.05 0.474 1.443 

8/2016 0.67 1.70 0.319 1.551 

9/2016 0.86 1.12 0.451 1.505 

10/2016 0.96 1.71 0.473 1.695 

11/2016 1.02 0.83 0.571 1.541 

12/2016 1.05 0.63 0.505 1.746 

1/2017 0.82 0.39 0.656 1.224 

2/2017 0.86 0.93 0.553 1.538 

3/2017 1.06 0.83 0.597 1.714 

4/2017 0.83 1.54 0.460 1.654 

5/2017 0.86 0.96 0.540 1.527 

6/2017 0.82 1.12 0.504 1.61 

7/2017 0.82 0.85 0.425 1.536 

8/2017 0.81 0.75 0.476 1.471 

9/2017 0.69 -0.30 0.303 1.601 

10/2017 0.91 1.45 0.464 1.702 

11/2017 1.13 0.91 0.543 1.869 

12/2017 0.76 0.86 0.429 1.364 

 

Regression coefficients, R2, and residual standard error for the FTPIERCE domain (KVRB 

regressed to XJEN; 2013-2017).   

Month Slope Y-intercept R2 Residual Standard 

Error 

1/2013 0.83 2.38 0.369 1.885 

2/2013 0.89 2.10 0.415 1.975 

3/2013 0.79 2.44 0.397 1.946 
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4/2013 0.70 3.00 0.340 1.814 

5/2013 0.87 2.38 0.409 1.82 

6/2013 0.75 1.87 0.361 1.689 

7/2013 0.79 1.98 0.346 1.934 

8/2013 0.68 2.08 0.400 1.454 

9/2013 0.63 2.38 0.248 1.692 

10/2013 0.53 3.09 0.226 1.546 

11/2013 1.09 2.16 0.564 1.835 

12/2013 1.01 2.09 0.424 2.017 

1/2014 1.09 1.75 0.553 1.829 

2/2014 0.83 2.17 0.428 1.76 

3/2014 0.91 2.03 0.471 1.79 

4/2014 0.73 3.28 0.414 1.699 

5/2014 0.64 3.32 0.332 1.64 

6/2014 0.78 2.05 0.329 1.743 

7/2014 0.79 1.75 0.392 1.587 

8/2014 0.77 1.85 0.358 1.612 

9/2014 0.63 2.31 0.263 1.606 

10/2014 0.83 2.39 0.398 1.599 

11/2014 1.01 2.43 0.495 1.82 

12/2014 0.93 3.27 0.315 1.972 

1/2015 0.95 2.55 0.484 1.887 

2/2015 0.83 2.80 0.377 1.919 

3/2015 0.85 2.56 0.493 1.558 

4/2015 0.68 2.73 0.338 1.638 

5/2015 0.67 3.14 0.297 1.664 

6/2015 0.70 2.37 0.359 1.533 

7/2015 0.56 2.52 0.219 1.657 

8/2015 0.64 2.36 0.225 1.811 

9/2015 0.61 2.15 0.185 1.7 

10/2015 0.49 2.52 0.142 1.537 

11/2015 1.05 2.30 0.53 1.83 

12/2015 1.01 2.55 0.447 1.854 

1/2016 0.88 2.21 0.454 1.809 

2/2016 0.83 2.10 0.484 1.694 

3/2016 0.88 2.03 0.459 1.772 
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4/2016 0.79 2.40 0.420 1.692 

5/2016 0.72 2.07 0.385 1.536 

6/2016 0.79 1.83 0.443 1.558 

7/2016 0.69 1.92 0.442 1.321 

8/2016 0.70 1.97 0.336 1.557 

9/2016 0.78 1.48 0.414 1.458 

10/2016 0.92 2.78 0.492 1.557 

11/2016 0.92 2.21 0.519 1.549 

12/2016 0.99 2.16 0.473 1.755 

1/2017 0.70 1.95 0.389 1.39 

2/2017 0.80 1.97 0.511 1.568 

3/2017 0.99 1.77 0.502 1.955 

4/2017 0.70 3.04 0.422 1.515 

5/2017 0.76 2.08 1.598 0.4536 

6/2017 0.85 1.61 0.516 1.637 

7/2017 0.52 2.11 0.247 1.483 

8/2017 0.70 1.92 0.389 1.523 

9/2017 0.85 1.75 0.425 1.758 

10/2017 0.95 2.35 0.569 1.563 

11/2017 1.05 1.66 0.554 1.695 

12/2017 0.66 2.21 0.290 1.608 

 

Regression coefficients, R2, and residual standard error for the HAULOVER, PONCE, and 

TITUS domains (KTTS regressed to XPAR; 2013-2017).   

Month Slope Y-intercept R2 Residual Standard 

Error 

1/2013 0.82 1.31 0.379 2.111 

2/2013 0.72 1.63 0.435 1.367 

3/2013 0.62 2.20 0.344 1.641 

4/2013 0.88 1.46 0.523 1.687 

5/2013 0.82 1.52 0.426 1.665 

6/2013 0.75 1.61 0.347 1.729 

7/2013 0.79 1.82 0.404 1.574 

8/2013 0.66 1.81 0.325 1.422 
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9/2013 0.85 1.29 0.425 1.637 

10/2013 0.70 1.84 0.319 1.628 

11/2013 0.91 1.68 0.511 1.501 

12/2013 0.98 1.65 0.365 2.048 

1/2014 0.82 2.15 0.391 1.903 

2/2014 0.87 1.73 0.487 1.665 

3/2014 0.76 2.42 0.443 1.608 

4/2014 0.81 2.16 0.382 1.709 

5/2014 0.71 2.57 0.328 1.598 

6/2014 0.73 1.95 0.334 1.668 

7/2014 0.71 1.88 0.301 1.636 

8/2014 0.79 1.71 0.350 1.582 

9/2014 0.79 1.85 0.293 1.576 

10/2014 0.86 1.69 0.412 1.386 

11/2014 0.92 1.43 0.578 1.413 

12/2014 1.04 0.98 0.644 1.369 

1/2015 1.00 1.07 0.666 1.494 

2/2015 0.93 1.61 0.526 1.752 

3/2015 0.91 1.63 0.490 1.594 

4/2015 0.67 2.41 0.296 1.624 

5/2015 0.70 2.56 0.310 1.587 

6/2015 0.58 2.45 0.195 1.539 

7/2015 0.56 2.30 0.248 1.396 

8/2015 0.71 2.07 0.332 1.534 

9/2015 0.75 2.05 0.267 1.613 

10/2015 0.93 1.73 0.437 1.592 

11/2015 0.92 1.87 0.458 1.558 

12/2015 0.88 1.91 0.380 1.712 

1/2016 0.94 1.25 0.544 1.555 

2/2016 0.80 1.77 0.494 1.662 

3/2016 0.71 2.15 0.370 1.703 

4/2016 0.80 2.04 0.473 1.537 

5/2016 0.58 2.46 0.273 1.453 

6/2016 0.71 1.97 0.403 1.566 

7/2016 0.47 2.55 0.139 1.581 

8/2016 0.65 2.36 0.331 1.491 
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9/2016 0.81 1.62 0.494 1.354 

10/2016 0.90 1.73 0.561 1.379 

11/2016 0.87 1.30 0.481 1.341 

12/2016 0.87 1.40 0.516 1.475 

1/2017 0.70 1.26 0.507 1.06 

2/2017 0.73 1.87 0.412 1.5 

3/2017 0.92 1.53 0.455 1.842 

4/2017 0.74 2.05 0.402 1.506 

5/2017 0.74 1.90 0.408 1.575 

6/2017 0.68 2.26 0.286 1.749 

7/2017 0.52 2.22 0.138 1.555 

8/2017 0.63 2.10 0.237 1.554 

9/2017 0.74 1.96 0.350 1.396 

10/2017 0.99 1.23 0.633 1.431 

11/2017 1.02 1.45 0.429 1.778 

12/2017 0.72 1.78 0.370 1.421 

 

 


