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Abstract 

Title:  Wind-driven setup, roughness, and drag over a depth- and fetch-limited 

coastal estuary 

Author: Jeffrey Allen Colvin 

Advisor: Steven Lazarus, Ph.D. 

The understanding of the momentum exchange across the air-sea interface is 

critical to accurately model and forecast wind speed, wave properties, setup, and 

circulation. This is particularly true for a restricted estuary, such as the Indian River 

Lagoon (IRL), where wind is the driving force behind water movement due to the 

limited number of direct ocean connections. Current atmospheric and 

hydrodynamic models use formulations of the drag coefficient and/or roughness 

length based on open ocean studies in which wave properties are not considered. 

This dissertation develops two parameterizations – one for wind setup and one for 

the drag coefficient – both based on wind speed, fetch, and mean water depth. 

Various methods of generating an hourly time series to force three wind setup 

parameterizations are explored using a combination of in-situ water level gauges 

and local wind observations. Each parameterization and forcing is tuned to IRL 
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water level observations using a least squares fit. The best performing pair consists 

of a modified version of the well-known Zuiderzee formula forced by a 12-hour 

wind run based hourly time series. This optimized parameterization is currently 

being used operationally to generate ensemble setup forecasts, designed to guide 

the National Weather Service (NWS) in identifying potentially significant setup 

events that warrant high resolution hydrodynamic simulations. 

Wind-driven waves have been shown to play a role in determining wind stress in 

coastal areas and over lakes, but research is lacking on water bodies with short 

fetches (<10 km) like those found on the IRL. The approach here is to parameterize 

surface roughness based on wave age and wave steepness. Non-dimensional 

approaches to calculate wave energy and peak frequency, from which the needed 

wave properties could be determined, were evaluated for the IRL. The non-

dimensional roughness was then related to wave age and wave steepness using 

power laws. Drag coefficients were calculated from the parameterized roughness 

values, with no significant difference between the wave age and wave steepness 

predictions for the IRL. However, the wave-based data show a slightly decreasing 

drag coefficient with increasing wind speed, unlike current model 

parameterizations. The work presented here indicates that the drag coefficient over 

the IRL is more dependent on fetch than water depth. Therefore, a new drag 

coefficient formulation, dependent on both wind speed and fetch, is proposed and 

evaluated for the IRL. 
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The lack of wave instrumentation to provide the necessary observations for the 

wind stress research led to the development of a method to extract wave properties 

from video. The technique proposed here does not rely on a series of ground 

control points – objects with a known physical location in relation to the camera – 

as used in previous studies. By not requiring ground control points, the system is 

inexpensive, portable, and easy to deploy, allowing the collection of wave data 

from various locations along the estuary. Significant wave heights and peak 

frequencies were validated with a wave gauge located in the camera’s field of view. 

The proposed method is robust and the errors are consistent with other video-based 

methods that use multiple cameras and ground control points. 
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Chapter 1 

Introduction 

1.1 Motivation 

This research is motivated by a desire to help improve the overall health of the 

Indian River Lagoon (IRL) along Florida’s east central coast; however, the results 

should be applicable to any depth- and fetch-limited coastal estuary. Due to 

anthropogenic factors, such as improperly maintained septic systems, misuse of 

fertilizer, nutrient tainted runoff, and rising and warming waters due to climate 

change, the IRL is stressed. Because of the restricted nature of the estuary (Smith 

1990), the driving force behind setup, waves, and circulation is the wind. Given its 

narrow geometry and shallow water, the IRL is also a depth- and fetch-limited 

estuary – with a mean depth of less than 2 m and most fetch lengths less than 10 

km. Additionally, the area experiences tropical storms, hurricanes, and strong 

frontal passages and associated wind events, all of which can lead to local flooding, 

changes in the transport of nutrients and sediments, and erosion. 

In order to restore the health of the wind-driven IRL, we must understand the 

physics of the air-sea interface driving the system. Without this understanding, we 
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cannot correctly model the complex interactions involving the atmosphere and 

hydrodynamics. Hydrodynamic model output has been shown to be sensitive to the 

input wind forcing (Weaver et al. 2016b). However, the research presented here 

indicates that the drag coefficient formulations used in the models (both 

hydrodynamic and atmospheric) are not appropriate for a depth- and fetch-limited 

coastal estuary. This dissertation strives to improve our understanding of wind 

stress in the IRL by developing and evaluating two new parameterizations – one to 

provide ensemble-based wind setup forecasts and another to add wave dependence 

to the drag coefficient formulation. Additionally, the need for wave data and the 

lack of in-situ instrumentation to provide it led to the development of a system to 

extract significant wave heights and peak frequencies from video. The following 

sections give a brief introduction to each of the novel contributions added by this 

research. 

1.2 Wind Setup 

The National Weather Service (NWS) Nearshore Wave Prediction System (NWPS, 

van der Westhuysen et al. 2013), is designed to provide high resolution nearshore 

model guidance to coastal weather forecast offices. However, the NWPS does not 

extend beyond the shoreline into coastal estuaries. Given the complex land-water 

mask and coastal geometry, hydrodynamic models require high spatial resolution 
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(Weaver et al. 2016b), making them computationally expensive to run, particularly 

for ensemble forecasting. For example, the National Centers for Environmental 

Prediction (NCEP) has two operational atmospheric ensemble forecast systems 

including the Short Range Ensemble Forecast (SREF, Du and Tracton 2001) and 

the Global Ensemble Forecast System (GEFS, Toth and Kalnay 1993), both of 

which have more than 20 members. While it is not practical to run the full suite of 

hydrodynamic simulations on a high-resolution grid using wind forcing from each 

of the atmospheric ensemble members, a probabilistic approach that captures the 

magnitude and uncertainty associated with high impact wind events, remains 

attractive. An inexpensive wind setup parameterization can serve as a proxy to 

generate probabilities for setup and wave height inside the coastal zone. Use of 

parameterizations because of their computational efficiency is not uncommon (e.g., 

Apotsos et al. (2008) tested and calibrated several widely used wave 

parameterizations for coastal management). The objective here is to develop and 

tune a system that can be forced by ensemble wind forecasts to provide a 

probabilistic wind setup forecast. In addition, the probabilistic product can be used 

to determine whether resources for a high-resolution hydrodynamic model run are 

warranted and in the subsequent selection of the relevant wind forcing (i.e., a 

particular ensemble member) for a deterministic water level forecast. The goal is 

not to replace hydrodynamic models but rather to facilitate their use. The research 

on the parameterization of wind setup is presented in Chapter 2. 
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1.3 Drag Coefficient 

Momentum transfer between the atmosphere and the ocean is critical to 

understanding and modeling the complex processes involved. With today’s 

computing power, high-resolution model simulations now often include (i.e., 

resolve) the coastal ocean, inlets, and estuaries. While model air-sea physics has 

been formulated for the deep ocean, wave interactions of a depth and fetch-limited 

coastal estuary are different (Dean and Dalrymple 1991). Thus, the momentum 

fluxes across the respective air-sea interfaces will also differ if they depend on the 

wave properties. Concurrent research at Florida Tech has found that, in order to 

match hydrodynamic model output to observations, wind speeds from an 

atmospheric model used as input forcing must be increased by as much as 20%. It 

is hypothesized that the error is, at least in part, from the drag coefficient 

parameterizations within the models – both of which use an open ocean 

formulation dependent on wind speed only (and not wave properties). The 

approach here is to formulate and evaluate a new drag coefficient equation that 

adds dependence on wave properties. Chapter 3 describes the process of 

parameterizing the aerodynamic roughness based on wave properties and 

introduces a new formula for the drag coefficient. 
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1.4 Wave Properties from Video 

Wave measurements, such as significant wave height and peak frequency, are 

important in understanding estuarine and coastal processes – in particular the wind 

stress research presented in Chapter 3. Wave properties are important in the 

validation of hydrodynamic models and improvements in the parameterizations of 

roughness and drag in both atmospheric and hydrodynamic models. However, no 

instrumentation was present in the IRL study area to provide wave observations. 

Given the need for wave properties from several different locations on the estuary, 

video was explored as an alternative to more expensive instrumentation such as 

buoys, pressure sensors, and wave gauges. The current methods for extracting wave 

properties from video (e.g., Holland et al. 1997; Shand et al. 2012) require the 

images to be rectified based on a set of ground control points (objects in the field of 

view whose exact height and location in relation to the camera is known). This 

limits the portability of the system and adds expense as the ground control points 

must be precisely located using GPS. By ensuring a horizontal optical axis and 

mounting the camera relatively close (within 2 meters) to the still water level, the 

need for ground control points and image rectification can be eliminated. This 

relatively inexpensive and portable video-based method of measuring the nearshore 

wave properties of a coastal estuary is presented and evaluated in Chapter 4. 
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Chapter 2 

Parameterizing Wind Setup 

2.1 Introduction 

For the most part, setup parameterizations are used for engineering design 

(structural) purposes with a focus on threshold exceedance, i.e., what magnitude of 

wind speed, fetch and depth produce critical setup (Mostertman 1963). The 

approach here is somewhat different since the focus is geared towards ensemble 

forecasting and model guidance. As a result, effort is spent in the development and 

evaluation of representative wind forcing that accounts for the local geometry, i.e., 

the lagoon orientation. Three different averaging methods are applied to surface 

wind observations and then used to force three setup parameterizations. 

The Indian River Lagoon (IRL), located in east-central Florida (Figure 2.1), is long 

(195 km), shallow (1-3 m), narrow (2-4 km), and has five inlets that connect it with 

the ocean, making it a restricted lagoon system (Kjerfve 1986). In general, water 

movement in estuaries is influenced by atmospheric forcing, tidal action, and 

freshwater runoff (Reynolds-Fleming and Luettich 2004). However, because of the 

restricted nature and orientation of the lagoon, the effects of  tidal forcing are 

reduced and thus the IRL is primarily wind driven (Smith 1990). Given its narrow 

geometry, the IRL is extremely fetch limited with its orientation providing setup 
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favorable conditions only in the presence of persistent southeast (or northwest) 

winds. These events can cause local flooding along the IRL, property damage, 

erosion, and impact water quality as a result of enhanced nutrient loading, 

resuspension, and sediment transport. In terms of the latter, Csanaday (1973) 

examined water motion forced by wind stress on long lakes (where the depth 

contours run parallel to the shores, similar to the IRL) and concluded that, in 

nearshore areas, the wind-forced component of the flow dominates. In fact, the 

wind-forced component was more important in transport than either seiching or 

oscillating movements, both of which are present in the IRL (Weaver et al. 2016a). 

Additionally, downwind-driven water level increases are able to support 

substantially higher wave heights given the depth-limited nature of the IRL. Our 

data show it is not uncommon to see water level increases on the order of 40-50 cm 

during frontal passages or approaching cyclones, yielding a near 50% increase in 

water levels in some locations along the IRL. 
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Figure 2.1 – The northern Indian River Lagoon (IRL) basin of study including: the 

sensor locations, (Titusville and Sebastian Inlet), and the Melbourne National 

Weather Service Automated Surface Observing Station, KMLB. The bold black 

line approximates the orientation of the two lagoon axes (see text for details). Also 

shown are the water elevation anomalies (m, shaded) and a surface elevation 

transect (m, inset) from ADCIRC+SWAN during the peak setup on 7 March 2015. 
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A brief overview of the setup parameterizations is presented, followed by a 

description of the observational datasets (water level and winds). The wind 

averaging methodology, the identification of setup events, and a least squares 

approach that regresses the observed setup against the parameterized estimates for 

the different wind methods are then discussed.  Finally, the wind forcing is 

evaluated using the best performing parameterization along with a brief summary 

and short discussion regarding potential forecast applications. 

2.2 Methodology 

2.2.1 Setup Parameterizations 

2.2.1.1 The Zuiderzee Equation 

The equilibrium condition between the wind stress on the water surface and the 

pressure gradient generated by the slope of the free surface is expressed as the ratio 

of the kinetic energy of the wind stress, 𝑘𝜌𝑎𝑈
2 (where 𝑘 is the friction coefficient, 

𝜌𝑎 is the density of air, and 𝑈 is the wind speed), and the potential energy of the 

water level increase, 𝜌𝑤𝑔𝑑 (where 𝜌𝑤 is the density of water, 𝑔 is the acceleration 

of gravity, and 𝑑 is the water depth). This ratio, which represents the setup S over 

the fetch F, is defined as 
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𝑆

𝐹
= 0.4 𝑥 10−6

𝑈2

𝑑
 ,         (2.1) 

where 𝑘𝜌𝑎/(𝜌𝑤𝑔) = 0.4 𝑥 10
−6  (Mostertman 1963). The friction coefficient k (= 

0.003) was obtained from measurements on the Zuiderzee as well as other lakes in 

Holland. Equation (2.1) can be transformed into the well-known Zuiderzee 

relationship by letting 𝑎 = 𝑘𝜌𝑎/(𝜌𝑤𝑔) and expressing the setup as a function of 

wind speed, fetch, and water depth, i.e., 

𝑆 = 𝑎
𝑈2𝐹

𝑑
 .               (2.2) 

2.2.1.2 The Modified Zuiderzee 

While many studies relate the setup to the square of the wind speed, Harris (1963) 

suggested that strong correlations can also be found using powers of the wind 

ranging from one to two. To examine this here, the Zuiderzee is modified by setting 

𝑈2 equal to 𝑈𝑁 in Equation (2.2). In order to determine the optimal power N in the 

modified Zuiderzee equation, wind forcing is inserted while systematically varying 

N from 0.5 to 2.5 in increments of 0.1. For each value of N, the predicted setup was 

regressed against the observed and the corresponding 𝑅2 values were then used to 

identify the optimum power (=1.5, Figure 2.2). 
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Figure 2.2 – R2 values obtained from regressions of the observed versus 

parameterized setup for differing values of the wind speed exponent in the modified 

Zuiderzee parameterization (Equation 2.2, with 𝑈2 equal to 𝑈𝑁). 

2.2.1.3 The Long Wave Equations 

Water level changes induced by wind blowing over a water surface can also be 

described by the long wave equations (LWE) (Freeman et al. 1957). In this simple 

model, surface wind stress generates a current in the direction of the wind that, in 

turn, produces return flow in the opposite direction at the bottom of the water 

column. This counter current has a bottom stress associated with it that is usually 

unknown and not easily calculated (Sorensen 2006). Both Saville (1952) and van 

Dorn (1953) found that the bottom stress was about 10% of the surface stress. 

Assuming steady state flow, the long wave equations simplify into a balance 
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between the surface stress, bottom stress, and the pressure gradient of the sloping 

water surface (the addition of bottom stress distinguishes this approach from the 

Zuiderzee). The surface wind stress, 𝜏𝑠, is given by 

𝜏𝑠 = 𝑘𝑠𝜌𝑤𝑈
2,     (2.3) 

where 𝑘𝑠 is the friction coefficient and 𝜌𝑤 the water density. While Equation (2.3) 

can also been written in terms of air density (Wu 1969), this study uses Van Dorn’s 

(1953) approach because it is more useful for looking at wind setup. For wind 

speeds greater than or equal to 5.6 m s-1, Van Dorn’s (1953) expression for the 

friction coefficient is given by 

𝑘𝑠 = 1.21 𝑥 10
−6 + 2.25 𝑥 10−6 (1 −

5.6

𝑈
)
2

.        (2.4) 

At wind speeds below 5.6 m s-1, 𝑘𝑠 is assumed to be constant (= 1.21 𝑥 10−6), 

while for wind speeds greater than or equal to 5.6 m s-1, 𝑘𝑠 asymptotically increases 

(to 3.46 𝑥 10−6) to account for increased roughness as waves form on the surface. 

The LWE setup as developed in Dean and Dalrymple (1990) and Sorensen (2006) 

is given by 

𝑆 = 𝑑 (√
2𝑘𝑠𝑏𝑈

2𝐹

𝑔𝑑2
+ 1 − 1),        (2.5) 
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where 𝑘𝑠𝑏 is a combined surface/bottom stress coefficient. This study uses 

Equation (2.4) to calculate the surface stress from the wind speed. This value is 

then multiplied by 1.1 to obtain an estimate of 𝑘𝑠𝑏 (Sorensen 2006). The setup 

prediction from Equation (2.5) is hereinafter referred to as the long wave method. 

2.2.2 Water Level 

Two water level gauges, located near Sebastian Inlet to the south and Titusville to 

the north (about 100 km apart), were used to calculate water level differences and 

thus estimate the observed wind setup between the two locations (Figure 2.1). A 

HOBO U20 titanium water level pressure sensor was deployed in a PVC tube 

stilling well near the Sebastian Inlet, while the northern sensor near Titusville is 

maintained by the St. Johns River Water Management District. Sensors at both 

locations provide hourly water level data. To correct for atmospheric effects on the 

water level, the hourly barometric pressure observations from the Melbourne 

(KMLB) National Weather Service Automated Surface Observing Station (ASOS, 

Figure 2.1) were subtracted from the sensor pressure measurements. This approach 

is generally robust along the IRL as pressure variations are on the order of 1 mb or 

less between KMLB and the Titusville ASOS (KTIX, not shown). Assuming a 

hydrostatic pressure response, the adjusted pressure is converted to a relative water 

level (i.e., height above instrument). The data used for this investigation were 

collected from November 2014 to March 2015 and from November 2015 to March 
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2016. Frontal passages leading to significant setup events are common during these 

months. Additionally, the time period selected spans Florida’s dry season, and thus, 

should lessen the impact of storm water runoff on water levels. 

The relative water level is expressed in terms of anomalies, which are calculated by 

subtracting the hourly measurements from the seasonal (November to March) 

mean. Although some formulations reference setup from still water level, here it is 

defined to be consistent with its original interpretation (Mostertman 1963) i.e., as 

the difference between the relative water levels on the downwind and upwind 

portions of the basin. A simple twelve-hour running mean was applied to filter the 

tidal signal at the sensor near Sebastian Inlet. This method produced results 

comparable to that of harmonic analysis software – removing high frequency wind 

waves, boat wakes, etc. Because the water level at Titusville is subtracted from that 

of Sebastian, the observed setup is defined as positive for northerly flow (set down 

in Titusville, setup in Sebastian) and negative for southerly flow (set down in 

Sebastian, setup in Titusville) as shown in Figure 2.3. 
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Figure 2.3 – Water level data for the Titusville station (open circles) and the 

Sebastian Inlet station (crosses) for 25 February - 9 March 2015. The observed 

setup is calculated by subtracting Titusville from Sebastian, yielding 

positive/negative setup for a northerly/southerly wind event (black line). 

2.2.3 Wind 

The wind from the KMLB ASOS is used to force the three setup parameterizations 

examined herein. Although the station is centrally located, it is inland, and thus 

may not be representative of the over water winds that drive setup in the IRL. This 

issue is addressed in more detail in the context of tuning the parameterizations 

presented in Section 2.2.4. Comparisons using in-situ open fetch winds from 
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WeatherFlow station data within the IRL produced similar results (not shown), 

hence only KMLB winds are presented here. 

The IRL is long and narrow and thus extremely fetch limited in most locations with 

fetch lengths, even for the most favorable flow directions, generally less than 10 

km (Holman et al. 2017). While each of the setup parameterizations depend on the 

wind speed, it is the along-lagoon component of the wind that is ultimately 

responsible for setup. Furthermore, the constant direction assumption regarding 

fetch is complicated somewhat by the geometry of the portion of the IRL under 

consideration here. To account for a change in the orientation of the major axis of 

the lagoon, an along-estuary wind component is calculated by projecting the 

observed wind onto two distinct fetch-weighted segments (Figure 2.1). The 

respective wind components for each section are then calculated separately by 

multiplying the KMLB wind speed by the cosine of the angle between the wind 

direction and the relevant lagoon axis. A single lagoon representative wind 𝑈𝑅 is 

constructed by weighting each of the components (𝑈1 and 𝑈2) by their respective 

fetch lengths (𝐹1 and 𝐹2), i.e., 

𝑈𝑅 = (
𝑈1𝐹1+𝑈2𝐹2

𝐹1+𝐹2
).           (2.6) 
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The approach of breaking the estuary into two segments yielded slightly higher 

correlation values (between observed and predicted setup) than using just a single 

average angle and fetch length (not shown). 

In order to match the temporal scale of the water level observations, three different 

averaging methods were used to generate hourly time series from the five-minute 

KMLB wind data. In addition, the hourly wind forcing is more consistent with 

respect to ensemble wind forecasts, which generally have a three or six-hour 

temporal resolution. The three wind averaging methods include: top of the hour, 

hourly mean, and wind run. The top of the hour method uses the wind speed and 

direction nearest to the beginning of the hour. The hourly mean method calculates a 

vector mean speed and direction for the prior hour. The wind run is comprised of a 

running average over a specified time period. In this study, an antecedent twelve-

hour window is used (other intervals were explored but the 12 h performed best). 

The u and v components are averaged separately and then recombined to produce 

the wind run forcing.  The wind run is the only method of the three explored that 

considers a wind duration longer than an hour. 

2.2.4 Tuning the Setup Parameterizations 

In order to identify setup events, a centered rolling extrema function with a 

temporal width of 9 h was applied to determine if the observed setup was a local 
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maximum or minimum within the prescribed time window (i.e., +/– 4 h of the 

current observation time). The resulting extrema were initially selected using a 

subjective setup threshold of +/– 10 cm. However, this leaves a data gap with 

respect to low amplitude events (i.e., less than 10 cm) and inflates the 𝑅2 values. 

As a result, a threshold of 1 cm is used instead. The addition of the low-end events 

produces robust regression statistics, with only slight changes in the values of the 

slopes or intercepts. Overall, 350 events were identified, but eight were removed 

because either some or all of the wind speed data were missing prior to the setup 

time. Three distinct wind forcing time series, associated with the 342 events, were 

calculated by inserting the wind speeds from the – top of the hour, hourly mean, 

and wind run – into Equation (2.6). Since setup response to the wind forcing is not 

instantaneous (see lag discussion in Section 2.3.2), the maximum wind speed is 

selected from a period prior to the observed peak setup for both the top of the hour 

and hourly mean methods. Time intervals ranging from 6 to 18 hours were 

evaluated, with a 12-hour period producing the best results (i.e., lowest RMSE 

between the predicted and observed setup). A similar approach is applied to obtain 

the optimal averaging time period for the wind run method – also 12-hours.   

Each of the setup parameterizations depends on the water depth, which is typically 

taken to be the average depth along the fetch. However, because this can be 

problematic for irregularly-shaped basins, Sorensen (2006) suggests using the 
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average depth of the basin. This study uses the average depth (𝑑 = 1.2 𝑚) for the 

northern section of the IRL (Titusville to Sebastian). If depth and fetch (both 

constants) are incorporated into α, the setup parameterizations can be expressed as 

Zuiderzee:    𝑆 = 𝛼𝑈𝑅
2 + 𝛽,    (2.7) 

 

Modified Zuiderzee:   𝑆 = 𝛼𝑈𝑅
1.5 +  𝛽, and   (2.8) 

 

Long Wave:   𝑆 = 𝛼 (√
2𝑘𝑠𝑏𝑈𝑅

2𝐹

𝑔𝑑2
+ 1 − 1) + 𝛽.  (2.9) 

where α is the slope and β the intercept. The three wind forcings are then inserted 

into each of the setup parameterizations with the output regressed against the 

corresponding observed setup. The regression is straightforward and is 

accomplished by plotting the observed setup versus the forcing in equations (2.7-

2.9). This results in 9 distinct regression equations - one for each combination of 

the individual wind forcings and parameterizations. The regression essentially 

tunes the setup parameterizations to the IRL with the values of α and β varying for 

each of the parameterization and wind forcing pairings. 

Because the heights of the water level gauges are not referenced to a vertical 

datum, the setup is estimated using a local water level anomaly based on the 
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seasonal mean at each gauge location. Ideally, for each regression, the intercept, β, 

should be close to zero, i.e., no wind/no setup. However, the seasonal prevailing 

winds will likely contribute to some nominal wind setup between the two locations. 

A non-zero (positive) setup in the absence of wind forcing indicates that the 

seasonal mean water level at the Sebastian Inlet sensor is higher than that at 

Titusville. This systematic bias is evident, as a nonzero intercept (on the order of -3 

cm), in the various regressions (Table 2.1). An unbiased estimate of the regression 

setup coefficients requires that the average difference between the observed and 

predicted setup over some time interval be close to zero. Therefore, a 3 cm bias 

correction, which is within one standard deviation of the mean observed setup with 

no wind forcing, is applied here. The bias corrected scatterplot and least-squares fit 

for the wind run forced modified Zuiderzee parameterization is shown in Figure 

2.4. The regression parameters for each of the possible wind 

forcing/parameterization combinations are presented in Table 2.1. 
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Table 2.1 

Summary of regressions (no bias correction) and RMSE for each wind 

forcing/parameterization pair. Highest R2 and lowest RMSE are in bold. 

 
Forcing  Parameterization       α (slope) β (intercept) R2      RMSE (cm) 

 
Top of Hour Zuiderzee       0.0048 -0.0277  0.5256      4.94 

  Mod. Zuiderzee       0.0122 -0.0286  0.5790      4.46 

  Long Wave       0.2943 -0.0300  0.5415      6.39 

 
Hourly Mean Zuiderzee       0.0054 -0.0281  0.5762      4.74 

  Mod. Zuiderzee       0.0130 -0.0287  0.6170      4.34 

  Long Wave       0.3187 -0.0296  0.5810      6.27 

 
Wind Run Zuiderzee       0.0073 -0.0304  0.7800      3.85 

  Mod. Zuiderzee       0.0164 -0.0311  0.8001      3.59 

  Long Wave       0.7461 -0.0321  0.7582      5.98 

 
 

 

 

Figure 2.4 – Predicted set up (bias corrected) for the modified Zuiderzee with wind 

run forcing. The black dots represent the 342 events in the training dataset, and the 

gray line is the least squares fit. 



22 

 

2.3 Results 

The tuning dataset is used to optimize the setup parameterizations using the 

different wind forcing methods. Performance is evaluated using the R2 and RMSE 

statistical parameters. 

2.3.1 Parameterization Performance 

To evaluate the robustness of each regression, 5000 R2 values were generated by 

bootstrapping the tuning data (i.e., the 342 events). The density histograms from 

the bootstrapping are shown in Figure 2.5. The 95% confidence interval (vertical 

lines) is tighter and the R2 larger for the three wind run forced parameterizations. In 

addition to the significant increase in R2 for all three parameterizations when forced 

with the wind run, a tighter confidence interval is also evident. The modified 

Zuiderzee performs slightly better than the Zuiderzee and the long wave methods. 

A bootstrapping approach was also applied by randomly subsampling our dataset to 

successively reduce the number of events and examining the change in the width of 

the 95% confidence intervals for the regression coefficients (i.e., slope and y-

intercept) and R2 for 5000 samples. The results (not shown) indicate that the widths 

of the confidence intervals decrease rapidly and then flatten out at around 250 

events, suggesting that our dataset (342 events) is robust in defining the regression 

coefficients of our parameterizations. 
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Figure 2.5 – Bootstrapped density histograms for the nine wind 

forcing/parameterization combinations. Rows (from top-to-bottom) are the 

different wind forcing methods: top of the hour (ToH), hourly mean (HM), and 

wind run (WR).  The columns (left-to-right) are the three setup parameterizations: 

Zuiderzee (ZZ), modified Zuiderzee (modZZ), and the long wave (LW). The 

vertical lines in each panel represent the 95% confidence intervals.   

In addition to the regression statistics, a standard box plot of the predicted setup 

versus each of the wind run forced parameterizations is presented (Figure 2.6). 

Here, each of the boxes has the same width and are populated with their respective 
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predictions (open circles). The x-axes represent the independent variables for each 

parameterization (Equations 2.7 - 2.9). The outliers are depicted by the filled 

circles. The box plots indicate a degree of heteroscedasticity (e.g., a maximum 

variation in setup for low wind forcing in the Zuiderzee). The standard deviations 

of the box heights for each of the parameterizations, which represent the spread of 

the middle 50% of the forecast setup, vary from 1-to-5 cm, with the modified 

Zuiderzee exhibiting the lowest variability. In addition, of the three 

parameterizations, the modified Zuiderzee exhibits greater consistency along the x-

axis (i.e., a more even distribution).  
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Figure 2.6 – Boxplots for the three wind run forced setup parametrizations (top-to-

bottom): Zuiderzee (ZZ), modified Zuiderzee (modZZ), and long wave (LW). The 

shading represents the middle 50% of the data distribution (within equally-spaced 

intervals, x axis) and the whiskers depict the upper and lower quartiles. The 

intervals (x-axis) represent the independent variables in equations (2.7-2.9). The 
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median (mean) is given by the thin horizontal line (white diamond) within each 

box. Open circles depict the spread of the data within the given intervals and 

outliers are indicated by the solid black dots. 

2.3.2 Evaluation 

While for the tuning, the lag was accounted for by pairing the peak wind forcing 

with maximum setup for each of the events (see section 2.2.4), this will not be the 

case for the predicted setup. In terms of the latter, it would be advantageous to 

determine the wind forcing/water level response time scale for the IRL study 

region. Here, a standard cross-correlation technique is applied to estimate the lag. 

Our results indicate a peak correlation (on the order of 0.95) for a lag of 6 hours. 

This result is consistent for all three parameterizations and wind forcings – except 

for the wind run which does not require a lag adjustment (see Section 2.2.4). 

Ultimately, any inherent lag would need to be taken into account within a forecast 

environment.  
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Figure 2.7 – Wind speeds (m/s) on 25 February - 9 March 2015 for the top of the 

hour (open triangles), the hourly mean (crosses) and the wind run (filled circles). 

In order to gauge the impact of the wind forcing on the predicted setup, the best 

performing parameterization, the modified Zuiderzee, is applied to a time period 

from 25 February – 10 March 2015. This period is relatively active as it has four 

somewhat distinct setup events (i.e., setup > 10 cm). The wind speed time series 

computed using the three wind forcing methods is shown in Figure 2.7. The top of 

the hour and hourly mean winds behave similarly, with the latter showing a small 

reduction in the predicted peak wind speed. As expected, the wind run method acts 

as a temporal filter on the wind speed, but it also takes the wind duration into 

account. In tandem, these two characteristics act to reduce the RMSE which is the 
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lowest of the three forcings (Table 2.1). The observed and predicted setup for each 

of the wind run forced parameterizations is shown in Figure 2.8. 

 

Figure 2.8 – Setup from the three wind run forced parameterizations including the 

Zuiderzee (crosses), modified Zuiderzee (filled circles), and the long wave (open 

triangles). Also shown are the observed setup (solid gray line) the wind run forcing 

(dashed gray line, right axis) for 25 February - 9 March 2015, and the predicted 

setup from the ADCIRC + SWAN for 12 UTC 5 March - 12 UTC 7 March (thick 

black line). 

In order to relate the predicted setup to water levels throughout the lagoon, results 

from a coupled ADCIRC + SWAN (Luettich, R.A., Jr., J.J. Westerink 1992; Booij 

et al. 1999) hydrodynamic/wave model simulation are briefly presented here. The 
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event period 5-7 March 2015, captures a strong frontal passage. ADCIRC + SWAN 

was forced using a four member ensemble of winds with various spatial and 

temporal resolutions, generated from the Weather Research and Forecasting (WRF) 

model (see Weaver et al. 2016b for more details). As a direct comparison with the 

three parameterizations, ADCIRC water levels are mined at the Titusville and 

Sebastian gauge locations and their difference (setup) is shown in Figure 2.8, (bold 

black line labeled model). The phase (timing) of the model predicted setup is 

coeval with that of the parameterizations. The amplitudes of the modeled and the 

parameterized setup vary between 25 and 35 cm, all of which under forecast the 

observed peak near 40 cm. 

IRL water level anomalies during the peak setup (12 UTC 7 March) associated with 

post-frontal northerly flow is shown in Figure 2.1 (shaded). Water levels change 

somewhat gradually with maximum set down north of Titusville and peak setup in 

the flow constricted area southeast of Sebastian.  In particular, the fetch favorable 

(northeast to southwest) orientation of the Banana River exhibits water level 

variations between 10-15 cm, while in northwest-to-southeast oriented Mosquito 

Lagoon the differences are on the order of 5 cm or less.  Maximum setup in these 

portions of the estuary likely occurs at different times during the course of the wind 

event. The response in other regions of the IRL during the peak setup (as defined 

by our two locations) is somewhat less and depends on the respective fetch. 
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An ADCIRC+SWAN transect of water levels on the Indian River is shown in 

Figure 2.1 (inset). This transect extends beyond the boundaries of the Titusville and 

Sebastian Inlet gauges used to calculate the observed setup for the 

parameterizations.  The two fetch segments (Section 2.2.3) are divided by route 520 

which crosses the Indian River about 30 km south of the Titusville gauge location. 

As evident by the slope, the change in water levels from Titusville to SR520, a 

somewhat wider section of the Indian River, occurs more slowly than the change 

between SR520 and Sebastian Inlet. A relatively large decrease in the water level 

occurs north of Titusville. This shallow portion of the lagoon is often blown down 

during periods of extended northerly flow. 

2.4 Discussion and Conclusion 

The performance of the modified Zuiderzee parameterization was somewhat 

unexpected given that it does not directly account for bottom stress. However, the 

LWE, which considers the effects of friction at the lower boundary (it is 

approximated assuming that it is 10% of the surface stress, i.e.  ksb = 1.1ks, 

Equation 2.4), has slightly degraded results. A stress approximation similar to that 

of the LWE can be applied to the Zuiderzee methods. This would result in a trivial 

modification of the coefficient a in Equation (2.2) by a constant multiplicative 

factor. While this would have an impact on the regression parameters, it would not 
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affect the statistics (i.e., R2). In this sense, the bottom stress is implicit in the 

Zuiderzee formulations. 

The Zuiderzee was originally formulated to assess the impact of wind driven setup 

on structures using an exceedance value or some maximum expected wind speed 

(Mostertman 1963; Ahrens 1976). In contrast, the approach here is predictive rather 

than diagnostic, i.e., input a forecast wind speed time series and output setup. As 

previously discussed, the relationship between the wind and setup may not be 

quadratic (Section 2.2.1.2). Here, this was examined using variable forcing in the 

form of setting U2 to UN in Equation (2.2). The best results (i.e., the highest R2) 

were achieved for N=1.5. This non-standard formulation relating wind setup to U1.5 

was referred to as the modified Zuiderzee herein. Why the modified Zuiderzee 

performs slightly better is not clear. As previously mentioned, the Zuiderzee has 

been used only as an exceedance tool (i.e., as a maximum setup threshold for 

coastal construction), while here it is applied in a predictive capacity and thus is not 

a traditional application of the parameterization. 

 The hysteresis associated with maximum wind speed and peak setup was 

investigated for all three wind forcing methods (Section 2.2.4). Cross correlation 

revealed that the peak setup lagged the maximum wind speed by 6 hours for both 

the top of the hour and the hourly mean methods while indicating little or no lag for 

the wind run method. This latter result is consistent with the averaging 
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methodology of this approach which is based on a non-centered running mean that 

shifts the wind forcing forward in time and thus has an intrinsic lag. 

While all of the parameterizations generally perform quite well in predicting the 

setup between the two locations, a hydrodynamic model simulation is necessary in 

order to provide context with respect to the lagoon-wide impact.  The coupled 

ADCIRC + SWAN simulation indicates that the water level response is relatively 

uniform between Titusville and Sebastian Inlet (Figure 2.1), and produced 

comparable results, in terms of timing, to those of the parameterizations. However, 

the model also underpredicted the peak setup for the event, which was attributed to 

the WRF generated wind forcing (Weaver et al. 2016b).   

An examination of some of the poorly predicted setup events indicates that these 

cases may, in part, be related to relatively large air-water temperature differences. 

While the near surface atmospheric stability will impact the surface stress, it has 

not been considered here. A follow-up study regarding the role of stability in the 

generation of estuary setup would likely improve the forecasts. 

The goal of this study was the development of a setup parameterization, along with 

an appropriate wind forcing, in support of real time water level forecasting on a 

coastal estuary. This work is part of a larger effort to integrate NCEP ensemble 

model output (winds) within the NWPS. After accounting for bias correction, 
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downscaled wind forecasts from the SREF or GEFS can be used to force a setup 

parameterization. In addition to providing an inexpensive water level ensemble, the 

results would serve as a guide for the NWS in terms of allocating resources for a 

high resolution (deterministic) hydrodynamic model simulation for high impact 

events. 
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Chapter 3 

Wind-Driven Roughness and Drag 

3.1 Introduction 

In neutral stability conditions, the vertical wind profile is logarithmic and is given 

by: 

𝑢(𝑧) =
𝑢∗

𝜅
 ln

𝑧−𝑑

𝑧0
 ,                                                 (3.1) 

where u(z) is the horizontal wind speed at height z, u* is the friction velocity, κ is 

the Karman constant (=0.4), d is the height of the displacement plane, and z0 is the 

roughness length. The friction velocity can be defined in terms of wind stress τ as: 

    𝑢∗ = √
𝜏

𝜌
 ,                                                       (3.2) 

where ρ is the air density. The drag coefficient at a height z is defined as: 

𝐶𝑧 = (
𝑢∗

𝑢𝑧
)
2

.                                                   (3.3) 

In this paper, Cd refers to the standard 10 m drag coefficient. Using a limited 

dataset, Charnock (1955) found the non-dimensional surface roughness over the 

open ocean to be a constant αc given by: 
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𝑧0𝑔

𝑢∗2
= 𝛼𝑐.                                                       (3.4) 

where g is the acceleration due to gravity, thereby implying that z0 and Cd have no 

dependence on wave properties. Other open ocean studies (Garratt 1977; Smith 

1980; Large and Pond 1981; Wu 1980; Yelland and Taylor 1996) support this and 

conclude that Cd is a function of wind speed only. The linear drag coefficient 

equations proposed by these authors, along with the roughness formulation of 

Charnock, are given in Table 3.1. 

Table 3.1 
Roughness/drag coefficient formulations.  

 
Author    Equation    Valid Wind Speeds 

for Cd 

 
Charnock (1955)   𝑧0 = 𝛼𝑐𝑢∗

2/𝑔 

  

 
Garratt (1977)   103𝐶𝑑 = 0.067 𝑢10 + 0.75  4 ≤ 𝑢10 < 21 

 

 
Wu (1980)   103𝐶𝑑 = 0.065 𝑢10 + 0.8   2 ≤ 𝑢10 < 22 

 

 
Smith (1980)   103𝐶𝑑 = 0.063 𝑢10 + 0.61  6 ≤ 𝑢10 < 22 

 

 
Large and Pond (1981)  103𝐶𝑑 = 1.2    4 ≤ 𝑢10 < 11 

 

    103𝐶𝑑 = 0.065 𝑢10 + 0.49  11 ≤ 𝑢10 < 25 

 

 
Yelland and Taylor (1996)  103𝐶𝑑 = 0.07 𝑢10 + 0.6   6 ≤ 𝑢10 < 26 
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The Weather Research and Forecasting (WRF, Skamarock et al. 2008) atmospheric 

model currently uses the Charnock formulation in determining momentum transfer 

over water, while the Advanced Circulation (ADCIRC, Luettich and Westerink 

1992) hydrodynamic model uses Garratt's (1977) equation, and the Simulating 

Waves Nearshore (SWAN, Booij et al. 1999) uses Wu's (1980) relation. Therefore, 

all three models treat the air-sea momentum flux over water bodies as if they were 

deep open ocean and only depend on wind speed. However, there is evidence to the 

contrary, e.g., Anctil and Donelan (1996) found that the waves approaching the 

shoreline of Lake Ontario were rougher  than the deep water waves of the lake. 

Other authors (Geernaert et al. 1986; Smith et al. 1992; Vickers and Mahrt 1997; 

Oost et al. 2002; Drennan et al. 2003) suggested that z0 and Cd in fetch-limited 

coastal waters and lakes may depend on the wave age – a ratio of the wave phase 

speed to the wind speed, that provides a measure of how long the wind has been 

acting on the wave field. Hsu (1974) and Taylor and Yelland (2001) proposed that 

z0 could be parameterized by the wave steepness – a ratio of wave height to 

wavelength, sometimes referred to as wave slope. In a fetch-limited experiment in 

the Chesapeake Bay, Lin et al. (2002) concluded that Cd is better correlated to wave 

age than to wind speed. Although there is no consensus on the best 

parameterization, recent work shows that the wind profile and the wave 

characteristics influence the surface roughness – as the wind speed reduction near 

the water surface is primarily a function of the wave properties (Powell et al. 2003). 
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This research focuses on the Indian River Lagoon (IRL), a depth- and fetch-limited 

restricted estuary (Smith 1990) located on the east central coast of Florida (Figure 

3.1). The work presented here is motivated by a desire to improve our 

understanding of the momentum exchange at the air-sea interface within the 

estuary. This is an area of research that is important, yet has not been fully 

explored. As with many coastal estuaries, the IRL is stressed (see Section 1.1). 

Additionally, due to its restricted nature, fluctuations in water levels, current flow, 

and waves are driven by the wind. Therefore, initiatives to restore the health of the 

IRL must necessarily address the complex interactions involving the atmosphere 

and hydrodynamics. The winds used to drive hydrodynamic models are provided 

by atmospheric models. It has been shown that the performance of ADCIRC model 

simulations of the IRL is sensitive to the wind forcing derived from the WRF 

(Weaver et al. 2016b). The WRF appears to be underpredicting the estuary wind 

field. However, it could be that ADCIRC’s drag formulation is incorrect for an 

estuary, or more likely, a combination of the two. As previously stated, both of 

these models use deep water open ocean formulations for either z0 (WRF) or Cd 

(ADCIRC), suggesting that if their representation within more limiting 

environments such as the IRL can be improved, that this will then enhance the 

performance of both atmospheric and hydrodynamic models in general. 
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Figure 3.1 – Study area and data collection sites (stars) along the central Indian 

River Lagoon (IRL). 

The approach here is to predict the significant wave heights and peak frequencies 

within the IRL based solely on observations of wind speed, fetch, and depth 

(Section 3.2.2). From these estimates, both wave age and steepness are then 

calculated and fit to power laws that relate them to the non-dimensional surface 

roughness (Section 3.2.3). Drag coefficients are then determined based on the 

predicted roughness from each of the power laws, i.e. wave age and steepness 

(Section 3.2.4). The results are compared to previous research and to the Charnock 

formulation (Section 3.3.2). The dependence of the drag coefficient on fetch and 

depth is explored and a new formulation for Cd is developed for the IRL (Section 

3.3.3). 
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3.2 Methodology 

The field data were collected using a ZephIR 300 wind lidar and an Ocean Sensor 

Systems OSSI-010-035 sonic wave gauge deployed at three IRL locations (Figure 

3.1). Table 3.2 shows the data collection dates, times, locations, and wind 

conditions. An effective fetch was calculated based on the 10-minute mean wind 

direction using a standard cosine weighting of 7 fetch segments spanning a 30-

degree window centered on the main fetch direction. The mean depth was 

calculated along each fetch segment and a similar cosine scaling was used to 

determine the final mean depth along the fetch. 

Table 3.2 
Summary of data collection days. 

 
Date   Location        Conditions 

 
02 September 2016 Melbourne Beach Pier      Moderate to strong winds 

2:00 pm – 4:00 pm  Melbourne Beach, FL      (> 7 m/s) 

   -80.5675, 28.0683 

 
06 October 2016  Lagoon House       Moderate to strong winds as 

12:30 pm – 3:00 pm Melbourne, FL       Hurricane Matthew approached the coast 

   -80.5906, 28.0595 

 
11 March 2017  Palm Bay       Light winds 

11:00 am – 2:30 pm Palm Bay, FL       (< 6 m/s) 

   -80.5821, 28.0367 

 
07 April 2018  Melbourne Beach Pier      Moderate with period of strong winds 

1:00 pm – 6:30 pm Melbourne Beach, FL      preceding thunderstorm 

   -80.5675, 28.0683 
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3.2.1 Aerodynamic Roughness 

Previous studies over water generally place the height of the displacement plane d 

in Equation (3.1) at the still water level (Tseng et al. 1992). However, Bourassa 

(2006) suggests using a displacement height equal to 80% of the significant wave 

height. Given that the greatest significant wave heights encountered on the IRL 

during data collection (which included the approach of Hurricane Matthew) were 

less than 0.5 m, the approach taken here is to set d=0, i.e., the displacement height 

is at the still water level. 

Wind speed and direction were recorded by the ZephIR lidar with measurement 

heights of 1, 11, 15, 25, 40, and 60 m. The momentum flux expressed in terms of 

surface roughness z0 can be estimated using the profile method (Csanady 2001). 

This assumes that the friction velocity u* is constant with height, and thus a 

logarithmic mean wind profile exists throughout the surface layer. Wiernga (1993) 

suggests the number of profile levels necessary to accurately determine z0 is 

dependent on z0 itself – with 5 or more profile levels needed for smooth terrain (z0 

≈ 0.001 m). However, a secondary (internal) boundary layer was often present in 

the sampled IRL wind profiles as a result of the short fetch lengths, leaving too few 

levels within the surface layer to use this method. 
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The surface roughness can also be estimated from turbulence intensity (TI) – a 

measure of the fluctuating component of the wind, defined as the ratio of the 

standard deviation to the mean of the wind speed: 

𝑇𝐼𝑧 =
𝜎𝑧

𝑢𝑧
 .                                                      (3.5) 

In addition to having a logarithmic wind profile, the TI approach also assumes that 

the ratio of the standard deviation of the wind to the friction velocity is σ/u* = 2.5 

(Beljaars 1987; Barthelmie et al. 1993). The TI method has been found to be valid 

for z0 < 0.1 m (Counihan 1974). Surface roughness can be estimated from TI at 

height z as follows: 

𝑧0 = 𝑧 𝑒𝑥𝑝 (
−1

𝑇𝐼
).                                              (3.6) 

In estimating z0, Wiernga (1993) suggests that wind observations should be 

averaged over at least a 10-minute period and that non-stationary time periods be 

filtered out. The TI changes depending on the averaging period chosen (Schroeder 

et al. 1998). To investigate the impact of the averaging period of the lidar wind data 

on the TI estimates, a time window ranging from 30 to 900 s was applied from 

which the mean, minimum, and maximum values of TI were computed following 

the method of Zachry et al. (2013). A typical plot for the IRL wind data is shown in 

Figure 3.2, indicating that the TI stabilizes (i.e., levels off) around 600 s (10 min) 
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as indicated by the horizontal and vertcal lines. To test for stationarity, a reverse 

arrangement test (RAT) with α=0.01 was performed on each 10-minute averaging 

period as described by Bendat and Piersol (1986). Because TI is calculated using 

the wind speed mean and standard deviation, an independent RAT was performed 

for both mean and variance. Any non-stationary time periods that were identified in 

either (or both) were removed from the analysis. 

 

Figure 3.2 – TI as a function of the averaging period. Black circles indicate the 

mean TI, while red circles represent the maximum and minimum values. The black 

horizontal and vertical lines are for reference, indicating where the mean TI 

stabilizes. 
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3.2.2 Parameterizing Wave Properties 

The non-dimensional forms of wave energy, ε, peak frequency, υ, fetch, Χ, and 

depth, δ, are defined as: 

휀 =
𝐸𝑔2

𝑢104
                                                        (3.7) 

𝜐 =
𝑓𝑢10

𝑔
                                                        (3.8) 

𝛸 =
𝑥𝑔

𝑢102
                                                        (3.9) 

𝛿 =
𝑑𝑔

𝑢102
                                                      (3.10) 

where E, f, x, and d are the dimensional forms of energy, peak frequency, fetch, and 

depth respectively. The relationships for wave energy and peak frequency, derived 

from these non-dimensional forms, have evolved as more datasets with expanding 

ranges of depth and fetch conditions become available. The fetch lengths found on 

the IRL, even under favorable flow conditions, are generally less than 10 km 

(Holman et al. 2017). For the data presented here (from the sites listed in Table 

3.2), all fetches are less than 5 km. In order to best parameterize the wave energy 

and peak frequency for the shallow and extremely fetch-limited IRL, several non-

dimensional relationships were evaluated.  



44 

 

The Coastal Engineering Research Center (CERC) developed a set of equations 

from field investigations in Lake Okeechobee by the U.S. Army Corps of 

Engineers (1955) and Bretschneider (1957) that relate wave energy and wave 

period to fetch and average depth using non-dimensional quantities. These 

equations were revised in the 1984 Shore Protection Manual (SPM) to include the 

JONSWAP deep water data from Hasselmann et al. (1973). In a later study, Young 

and Verhagen (1996, YV here) updated the SPM equations with data from a 

shallow fetch-limited water body. The study was conducted on Lake George – a 20 

km by 10 km water body with a near constant depth of 2 m – where the deep-water 

waves at short fetches change to transitional and shallow-water waves as the fetch 

increases. Because of the similarities to the IRL in terms of depth and fetch, the YV 

relationships (Equations 3.11-3.12) were evaluated for this research. The non-

dimensional wave energy is given by: 

휀 = 3.64 𝑥 10−3 [tanh𝐴1  tanh (
𝐵1

tanh𝐴1
)]
1.74

                     (3.11) 

where 𝐴1 = 0.493 𝛿
0.75  and   𝐵1 = 3.13 𝑥 10

−3 𝛸0.57 

𝜐 = 0.133 [tanh𝐴2  tanh (
𝐵2

tanh𝐴2
)]
−0.37

                        (3.12) 

where 𝐴2 = 0.331 𝛿
1.01  and  𝐵2 = 5.215 𝑥 10

−4 𝛸0.73. 
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Significant wave heights predicted using Equation (3.11) were in good agreement 

with a sonic wave gauge deployed during the field experiments. However, the peak 

frequencies predicted by Equation (3.12) were consistently lower than the 

observations, yielding longer wave periods on the IRL than observations support. 

In an effort to increase the accuracy of peak frequency estimations, Karimpour and 

Chen (2016, KC here) developed a new parametric model based on the ratio of 

dimensionless wind fetch to water depth (Χ/δ). The KC non-dimensional peak 

frequency is calculated based on conditional relationships involving both non-

dimensional fetch and depth: 

         Equation:                                   Criteria: 

   𝜐 = 3.5 𝛸−0.33                           𝛿 ≥ 0.001 𝛸0.83                                       (3.13) 

       𝜐 = 7.74 𝛸−0.9577 𝑥 (
𝛸

𝛿
)
−0.1

        𝛿 < 0.001 𝛸0.83 𝑎𝑛𝑑 
𝛸

𝛿
< 11800             (3.14) 

       𝜐 = 0.23 𝛿−0.375                      𝛿 < 0.001 𝛸0.83 𝑎𝑛𝑑 
𝛸

𝛿
≥ 11800             (3.15) 

Equations (3.13-3.15) represent a fetch-limited, deep water condition, a fetch-

limited depth dependent condition, and a fetch independent, depth dependent 

condition respectively. The IRL dataset consists of a mix of fetch-limited deep 

water and fetch-limited transitional water, therefore using Equations (3.13) and 
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(3.14) respectively. The predicted values of peak frequency from the KC method 

were in good agreement with the IRL observations from the sonic wave gauge. 

Therefore, for this study, the wave energy relationship of YV and the peak 

frequency relationship of KC were employed. The values of any needed wave 

properties can be determined from wave energy and peak frequency. In order to 

calculate wave age and wave steepness, the wave phase speed, significant wave 

height, and wavelength must be known. The wave dispersion relation describes the 

relationship between the wave number and the wave frequency for gravity waves. It 

is usually solved for the wave number at a specified wave period T and water depth 

d, but is implicit in nature. In lieu of solving the dispersion relation directly, which 

would require an iterative approach, this work uses the method of Hunt (1979) to 

calculate the wave phase speed, cp, and the wavelength at the spectral peak, Lp:                                                                     

𝑐𝑝 = √
𝑔𝑑

𝐻
                                                  (3.16) 

𝐿𝑝 = 𝑇√
𝑔𝑑

𝐻
                                                (3.17) 

where  𝐻 = 𝐺 + 1/(1 + 0.6522 𝐺 + 0.4622 𝐺2 + 0.0864 𝐺4 + 0.0675 𝐺5 

and  𝐺 = (
2𝜋

𝑇
)
2

(
𝑑

𝑔
). 
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Hunt’s method gives the wavelength to an accuracy of 0.1% as compared to that 

calculated by solving the implicit wave dispersion relation. 

3.2.3 Power Law Relationships 

Following the approaches of Drennan et al. (2003) and Taylor and Yelland (2001), 

wave age and wave steepness can be related to non-dimensional roughness by a 

power law: 

𝑧0

𝐻𝑠
= 𝛼1 (

𝑐𝑝

𝑢10
)
𝛽1

                                             (3.18) 

𝑧0

𝐻𝑠
= 𝛼2 (

𝐻𝑠

𝐿𝑝
)
𝛽2

                                             (3.19) 

In each case, the surface roughness z0 is non-dimensionalized by the significant 

wave height. Estimates of the roughness, like those for TI, are sensitive to the 

averaging period (see Section 3.2.1). Therefore, several methods of determining the 

roughness averaging window are evaluated based on the R2 values of their 

respective fits to Equations (3.18 and 3.19). The remainder of this section describes 

the construction of the IRL dataset and the determination of the optimal roughness 

averaging period.  

The IRL dataset is constructed using 10-minute observation windows, from which 

a mean wind speed, an effective fetch (based on mean wind direction), the mean 
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water depth along the fetch, and a TI-based roughness estimate are calculated. The 

10-minute windows that have been identified as non-stationary (see Section 3.2.1) 

have been removed. The observed (i.e., TI-based) roughness lengths are non-

dimensionalized by the significant wave height (Equations 3.18 and 3.19) and 

plotted versus both the wave age and the wave steepness (Figures 3.3a and 3.3b). 

There is very little correlation with respect to either of these variables. The 

averaging window was extended to an hour using the individual means from each 

of six consecutive 10-minute periods. As expected from the additional smoothing, 

the correlation increases (Figures 3.3c and 3.3d). An alternative approach, whereby 

the non-stationary time periods are used to break the roughness time series into 

uneven temporal segments is also examined. The underlying assumption is that the 

non-stationary periods (which have been removed) serve as a natural indicator of a 

change in roughness regime. Whether or not subsequent stationary periods have the 

same roughness as their predecessor, the estimates are constrained to be 

contiguous. When the roughness is estimated using this averaging method, the 

correlation increases substantially (reduced scatter). The power law fits for 

dimensionless roughness versus both wave age and wave steepness are shown in 

Figures 3.3e and 3.3f respectively (dotted lines). The values of α and β along with 

R2 are presented in Table 3.3 for all six plots shown in Figure 3.3. 
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Figure 3.3 – Dimensionless roughness versus wave age (left column) and wave 

steepness (right column) for differing z0 averaging periods. See text for details. 

(a) (b) 

(c) (d) 

(e) (f) 
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Table 3.3 
Summary of regressions for plots in Figure 3.3. 

 
Plot     α   β   R2 

 
Figure 3a   (wave age)  0.00565   1.29601   0.06 

 
Figure 3b   (steepness)  4.96 x 10-6  -1.76827   0.08 

 
Figure 3c   (wave age)  0.00651   0.91743   0.20 

 
Figure 3d   (steepness)  5.09 x 10-5  -1.20963   0.26 

 
Figure 3e   (wave age)  0.01082   1.27335   0.91 

 
Figure 3f   (steepness)  2.59 x 10-5  -1.45348   0.93 

 

Using the regression values of α and β for Figures 3.3e and 3.3f (Table 3.3), 

Equations 3.18 and 3.19 become: 

𝑧0 = 𝐻𝑠 0.01082 (
𝑐𝑝

𝑢10
)
1.27335

                                  (3.20) 

𝑧0 = 𝐻𝑠 2.59 𝑥 10
−5 (

𝐻𝑠

𝐿𝑝
)
−1.45348

                               (3.21) 

Hence, surface roughness can be obtained from the wave age and wave steepness 

which are functions of known (i.e., derived) quantities including the wave phase 

speed, significant wave height, and wavelength as described by Equations 3.16 and 

3.17 (Section 3.2.2). 
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3.2.4 Drag Coefficient 

Under near-neutral conditions, the drag coefficient is a measure of surface 

roughness. In particular, for a maritime environment, it can be expressed as a 

function of wind speed and sea state (Donelan et al. 2004). An explicit relationship 

with respect to roughness can be obtained by combining Equations (3.1), (3.2), and 

(3.3), which yields: 

𝐶𝑑 =
𝜅2

(ln
10

𝑧0
)
2                                                  (3.22) 

Two different estimates for the drag coefficient can be derived by substituting the 

wave age and wave steepness dependent expressions for z0 (Equations 3.20 and 

3.21) into Equation (3.22): 

𝐶𝑑 =
𝜅2

(ln
10

𝐻𝑠 0.01082(
𝑐𝑝
𝑢10

)
1.27335)

2                                     (3.23) 

𝐶𝑑 =
𝜅2

(

 
 
ln

10

𝐻𝑠 2.59 𝑥 10
−5(

𝐻𝑠
𝐿𝑝
)

−1.45348

)

 
 

2                                 (3.24) 
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In addition, a third relationship for the drag can be derived by substituting the 

Charnock formulation for z0 (Equation 3.4) can be substituted into Equation (3.22) 

to obtain: 

𝐶𝑑 =
𝜅2

(ln
10𝑔

𝛼𝑐𝐶𝑑𝑢10
2)
2                                               (3.25) 

Equation (3.25) is implicit with respect to Cd and thus must be solved using an 

iterative method. These three versions of the drag coefficient – two based on wave 

properties parameterized by wind speed, fetch, and depth (Equations 3.23 and 3.24) 

and one based on wind speed only (Equation 3.25) – are calculated for each 10-

minute period in the IRL dataset. 

3.3 Results 

3.3.1 Wave Age and Steepness 

The estimated roughness lengths, as a function of wave age and wave steepness, are 

calculated using Equations (3.20 and 3.21) respectively. Figure 3.4 shows a 

comparison of the two estimated roughness lengths along with the 1:1 line. At 

roughness values below 0.0006 m the two estimates are similar, while at greater 

roughness lengths the wave age estimates are larger. 
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Figure 3.4 – Roughness predicted from wave steepness versus roughness predicted 

by wave age. The solid black line represents the 1:1 line. 

As an alternative, the roughness length can be non-dimensionalized with the 

friction velocity (z0̇ ∙ g/u*
2) and related to a wave age calculated with friction 

velocity in lieu of the 10 m wind speed, i.e., cp/u* instead of cp/u10 in Equation 

(3.18). The wave age power law is then given by: 

𝑧0𝑔

𝑢∗2
= 𝛼 (

𝑐𝑝

𝑢∗
)
𝛽

.                                               (3.26) 
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Charnock (1955) suggests that the left-hand side of the equation, the non-

dimensional roughness, is a constant (see Equation 3.4). This implies that z0 does 

not depend on wave age, and thus is a straight line with an intercept equal to the log 

of the Charnock constant (0.0185) and zero slope (β=0) in a log-log plot of non-

dimensional roughness versus wave age (red horizontal line in Figure 3.5). A least 

squares fit of the IRL data is also shown in Figure 3.5. Given that the IRL data are 

well-correlated around a regression line with a non-zero slope, this suggests that 

roughness does indeed depend on wave age and thus the Charnock formulation 

does not apply on the IRL. 
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Figure 3.5 – Log-log plot of the wave age as a function of the non-dimensional 

roughness (non-dimensionalized with the friction velocity) and the linear least 

squares fit. The red horizontal line represents a constant roughness, with no wave 

age dependence, as predicted by Charnock. 

3.3.2 Drag Coefficient 

The typical method to assess the drag coefficient is to partition the wind speed into 

equal bins and plot the mean Cd versus the mean wind speed for each bin. For the 

IRL data, seven 2 m/s bins were chosen, ranging from 2 to 16 m/s. The Cd 

predicted from wave age (Equation 3.23, solid black line), wave steepness 

(Equation 3.24, dashed black line), and the Charnock relation (Equation 3.25, 
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dotted black line), were plotted with error bars equal to plus/minus one standard 

deviation (Figure 3.6). 

 

Figure 3.6 – Mean drag coefficient versus mean wind speed with data binned by 

wind speed. The wave age (solid line) and wave steepness (dashed line) predictions 

are indicated along with the Charnock formulation (dotted line). The red lines 

indicate possible roughness regimes, see text for details. 

The increase between the [4 – 6 m/s) and the [6 – 8 m/s) bins is interesting. A plot 

of unbinned values of Cd indicates that there are two distinct groupings – one 

consisting of the very short fetches from the Palm Bay site and another comprised 

of the longer fetches (with slightly deeper water levels) from the Melbourne Beach 
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and Lagoon House sites. This suggests that the data in Figure 3.6 do not depict a 

unique parameterization of Cd in terms of the wind speed. Rather, the transition is 

actually indicative of a fetch and/or depth-related dependence, as indicated by the 

two red lines. In order to examine this, the effective fetch values from the IRL data 

were binned and a set of ten Cd versus wind speed plots were generated, one for 

each fetch bin. Two of these plots are shown as examples in Figure 3.7. The 

regression lines for these plots all have similar slopes, high R2 values, and distinct 

y-intercepts (Cd). 

 

Figure 3.7 – Drag coefficient versus wind speed with data binned by fetch length. 

Regressions for two fetch bins are shown, indicating the consistent slopes and 

varying intercepts.   



58 

 

3.3.3 A New Limited Fetch Drag Coefficient Formulation 

Figure 3.7 indicates that, while the slopes of the Cd versus wind speed lines are 

almost identical, the intercept appears to have a dependence on fetch and/or depth. 

Table 3.4 gives the values of the mean fetch, slopes, and intercepts for all ten of the 

Cd versus wind speed plots from the binned fetches. 

Table 3.4 
Slopes and intercepts from regression of Cd versus wind speed plots (see examples in Figure 3.7). 

 
Mean fetch of bin (m)  slope   intercept  (Cd) 

 
1037    -0.00952   1.4645 

 
1075    -0.00832   1.4237 

 
2318    -0.00814   1.6651 

 
2461    -0.00858   1.7283 

 
2576    -0.00921   1.6991 

 
2607    -0.00903   1.7169 

2679    -0.00969   1.7567 

 
2739    -0.00829   1.7472 

 
2990    -0.01004   1.7614 

 
3901    -0.00958   1.7925 

 

A 4-D plot of fetch, depth, and wind speed color-coded by the drag coefficient (not 

shown) reveals that Cd increases with fetch, whereas there is little correlation 

between depth and Cd. Hence, based on Figure 3.7, a representative formulation of 
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the drag coefficient for the IRL can be expressed as a linear function of both wind 

speed u10 and fetch x: 

𝐶𝑑 = 𝑠𝑙𝑜𝑝𝑒 𝑢10 + 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡(𝑥),                                  (3.27) 

where the slope is set equal to the mean of the slopes from the fetch plots              

(= -0.009042, see Table 3.4). The intercepts were plotted versus the mean (binned) 

fetch length (Figure 3.8). The best fit regression, a second order polynomial, yields 

the following relationship between the intercepts and fetch as: 

𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 = −4.44𝑥10−8 𝑥2 + 3.56𝑥10−4 𝑥 + 1.10949           (3.28) 
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Figure 3.8 – Intercepts (drag coefficients) versus mean fetch (see Table 3.4) for 

fetch-binned data. Also shown is the quadratic fit (solid line) given by Equation 

(3.28) 

Combining Equations (3.27) and (3.28) yields a new fetch (x) and wind speed (u10) 

dependent formulation of the drag coefficient for the IRL, namely: 

𝐶𝑑 = −0.009042 𝑢10 + (−4.44𝑥10
−8 𝑥2 + 3.56𝑥10−4 𝑥 + 1.10949).      (3.29) 

A scatterplot of the wave age-based Cd versus that predicted by Equation (3.29) is 

shown in Figure 3.9 along with the 1:1 line. The new formulation compares well 

with the parameterized Cd, although there is increased scatter for Cd greater than 

1.7 x 10-3. The tightness of the data around the 1:1 line indicates that the new 
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formulation, based on wind speed and fetch, performs as well as the wave age 

parameterization, based on wind speed, fetch, and water depth. Similar to Figure 

3.6, but with unbinned wind data, Figure 3.10 shows Cd as a function of wind speed 

for both the wave age-dependent estimate (blue circles) and the new formulation 

(Equation 3.29, green circles). The respective fetch lines (gray) were generated by 

varying the fetch (x, Equation 3.29) from 500 m to 4000 m in 500 m increments 

and plotting the resulting drag coefficient over the range of wind speeds. 

Additionally, the Cd formulations of Charnock (solid black line, used by WRF), 

Garratt (dotted black line, used by ADCIRC), and Wu (dashed black line, used by 

SWAN) are included for reference. 
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Figure 3.9 – Drag coefficient parameterized by the wave age versus the drag 

coefficient predicted by the proposed drag formulation (Equation 3.29). 
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Figure 3.10 – Drag coefficient predicted by wave age (blue circles) and Equation 

3.29 (green circles) versus wind speed. Fetch lines (described in text) are gray and 

labeled in meters. The Charnock (solid line), Garratt (dotted line), and Wu (dashed 

line) formulations are also shown. 

3.4 Discussion and Conclusion 

The decrease in the drag coefficient with increasing wind speed (see Figures 3.7 

and 3.10) was somewhat unexpected. Most previous research shows increasing 

drag with wind speed except in very light wind conditions, i.e., below 3 or 4 m/s 

when viscous stresses dominate the momentum flux (Wu 1994), and in very high 

wind speeds, such as those from tropical cyclones (Powell et al. 2003; Moon et al. 
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2007). Notably, there is not much in the way of literature with respect to highly 

fetch-limited sites such as the IRL. One such study, on the Chesapeake Bay (Lin et 

al. 2002), explored the drag coefficient for fetches ranging from 7 to 50 km (in 

comparison, the longest fetches from the IRL dataset are less than 5 km). Using 

data binned by wind speed, their drag coefficient slightly increases with wind speed 

(Fig. 4 in Lin et al. 2002). However, the authors note an 8-hour time period, for 

which there was little change in wind direction, that the drag coefficient decreased 

as the wind speed increased from 2 m/s to 8 m/s (Fig. 8d in Lin et al. 2002). During 

this period, the wind was blowing over a short fetch (on the order of 7 km) with 

respect to their Chesapeake Bay location. It is possible that a lack of short-fetch 

scenarios (i.e., less than 10 km) in their dataset precludes teasing out any sort of 

detail on the low end of their fetch spectrum. 

Wave age and steepness were examined in an effort to better understand the 

observed behavior of the drag coefficient for limited fetch conditions. The inverse 

relationship between wave age and wave steepness shown in a large dataset 

consisting of eight experiments (Drennan et al. 2005), is also found in the IRL data 

(Figure 3.11). This extensive dataset was utilized to examine and compare the most 

recent parameterizations of wave age by Drennan et al. (2003) and wave steepness 

by Taylor and Yelland (2001).  
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Figure 3.11 – Wave age versus wave steepness for the IRL dataset, showing the 

inverse relation between the two. 

The authors concluded that neither approach predicted roughness better than the 

other for all datasets studied, and that both were problematic in the presence of 

swell. 

The wave age provides a percentage measure of the wave phase speed with respect 

to the wind speed. Wind-generated waves continue to grow in wave height until 

they reach a wave age of 0.5. Between wave ages of 0.5 and 1.2, waves are in a 
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saturated condition and no longer growing or decaying. Wave ages greater than 1.2 

are considered swell, are traveling faster than the wind, and are therefore decaying 

(Sjöblom and Smedman 2002). Given the wave ages observed here (all but one of 

the estimates are less than 0.5), it is safe to assume that swell is not present, which 

is consistent with the restricted nature of the IRL (Kjerfve 1986). Previous studies 

of wave age (Smith et al. 1992; Vickers and Mahrt 1997; Drennan et al. 2003) have 

shown decreasing roughness with increasing wave age. However, the IRL shows 

the opposite, i.e., increasing roughness with increasing wave age (Figure 3.3e). 

Why the discrepancy? In the former case, the waves have likely become saturated 

(i.e., they are moving at speeds closer to the wind speed with a wave age > 0.5). 

Thus, the roughness elements (wave heights) are no longer growing as they provide 

less wind resistance (i.e., reduced stress) and therefore lower roughness lengths and 

drag coefficients. Conversely, the relatively young limited fetch waves in the IRL 

do not saturate, and thus wave growth does not stop. Therefore, the wave heights 

continue to grow for the range of wave ages observed on the IRL, driving the 

increasing roughness. 

The wave steepness increases, either as the wave height increases or the 

wavelength decreases (or both). Previous research (Taylor and Yelland 2001) has 

shown that roughness increases as wave steepness increases. However, similar to 

the wave age findings discussed above, the IRL exhibits the opposite behavior, 
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decreasing roughness with increasing wave steepness (Figure 3.3f). While there are 

previous studies that have examined the impact of the size and spacing of 

roughness elements on urban areas (e.g., Oke 1988; Stuckley 2003) and for wind 

flow over sinusoidal hills (e.g., Carpenter and Locke 1999; Griffiths and Middleton 

2010), the literature is relatively sparse when the roughness elements are waves. 

Furthermore, issues arise when trying to infer results about wave behavior from 

land studies. Waves are continuous, they are not shaped like blocks, and they are in 

motion. Neumann (1956) discusses the elimination of roughness by the sheltering 

effects of lee eddies between waves, but does not elaborate on the conditions, such 

as wave heights or wavelengths, when this phenomenon occurs. Wieringa (1993) 

gives different flow criteria based on roughness element height and the length of 

the wake generated by the roughness element, but his studies are terrain-based. 

Nevertheless, the decreasing roughness with increasing steepness on the IRL 

suggests that there is a change in the wind flow over the waves that results in less 

drag with increasing wind speeds. 

In particular, the flow over roughness elements (waves) can be classified as isolated 

roughness, wake interference, or skimming flow (Wieringa 1993; Letchford and 

Zachry 2009). For shallow waves the flow remains attached, closely following the 

wave profile, resulting in isolated roughness (Figure 3.12a). As the wave steepness 

increases, wake interference becomes prevalent. Under these conditions, the flow 
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begins to separate whereby a vortex forms between consecutive waves before the 

flow can reattach to the next wave (Figure 3.12b). As waves steepen further, 

skimming flow is attained (Figure 3.12c). In this scenario, the main flow is 

sheltered from the wave profile by the vortices formed between the waves 

(Letchford and Zachry 2009).  

 

 

Figure 3.12 – Flow regimes with increasing wave steepness – A) isolated 

roughness, B) wake interference, and C) skimming flow. Adapted from (Letchford 

and Zachry 2009). 

Taylor and Yelland (2001), who proposed relating non-dimensional surface 

roughness to wave steepness, examined several large datasets in their work – 

HEXMAX (Smith et al. 1990, 1996), RASEX (Vickers and Mahrt 1997), and Lake 

Ontario (Anctil and Donelan 1996). The wave steepness in these three datasets 

A B C 
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range from approximately 0.02 to 0.05 (see Fig. 3d in Taylor and Yelland 2001). 

For this IRL study the range extends to slightly higher values, from 0.03 to 0.07. A 

thorough literature search revealed no discussion of thresholds involving wave 

steepness and/or wind speeds for which one flow regime transitions to another. 

However, the IRL data contain steeper waves than the larger datasets used by 

Taylor and Yelland. Additional research (modeling and observations) would be 

needed to verify whether or not skimming flow is responsible for the decreasing 

roughness with increasing steepness observed here.   

A ratio of the new proposed drag coefficient (Equation 3.29) over the Charnock 

formulation (Equation 3.25) was used to explore the differences between the two 

(contours, Figure 3.13). The plot contains the full range of wind speeds and fetch 

lengths in the IRL dataset. A ratio of ‘1’ indicates that the two formulations predict 

the same wind stress, while the new formulation predicts less (more) wind stress 

than Charnock for values less (greater) than one. Points corresponding to IRL fetch 

and wind speed pairs are illustrated with gray filled circles. The differences 

between the two methods are substantial – at higher wind speeds the new 

formulation predicts a Cd more than 10% below that of Charnock, while lower 

winds result in predictions almost 50% greater. Also evident in Figure 3.13 is the 

decreasing Cd with increasing wind speeds at a constant fetch, as well as the 

increasing Cd with increasing fetch at a constant wind speed. 
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Figure 3.13 – Wind speed versus fetch contoured and color-coded by the drag 

ratio. Gray points represent the IRL dataset and the three white points (A, B, and C) 

indicate the data points for the wind profiles shown in Figure 3.14.  

The effects of the drag coefficient formulations on the vertical wind speed profile 

under neutral conditions were also examined. Three sets of profiles were generated 

(Figure 3.14), each including a profile based on the new Cd method presented here 

(filled circles) and a profile generated using the Charnock relation (open circles). 

The three profile sets represent the extremes of the drag coefficient ratio, as 

indicated by the solid white circles on Figure 3.13. Profile A (point A) represents a 

higher wind speed (18 m/s) and a short fetch (1000 m), profile B (point B) is near 

A 

B 

C 
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the ‘1’ contour line where similar drag is predicted (intermediate wind speed of 10 

m/s and fetch equal to 2000 m), and profile C (point C) represents a lower wind 

speed (5 m/s) and a longer fetch (3500 m). As expected, there is little difference in 

set B – the two vary by less than 1% throughout the profile. In sets A and C, the 

wind speeds vary by as much as 7%. 

 

Figure 3.14 – Wind profiles demonstrating the difference between the Charnock 

(open circles) and the proposed drag formulation (filled circles) for the three fetch 

and wind speed scenarios indicated by the white dots in Figure 3.13.  

Over water, the WRF atmospheric model brings the lowest model level winds 

down to the standard 10 m level using the Charnock formulation. A hydrodynamic 

model, forced by the WRF-generated 10 m wind field, will determine wind stress 

using a drag formulation similar to Charnock (that of Garratt or Wu, see Figure 

3.10). Figure 3.15 plots the wind stress as a function of the lowest model level (30 

A B C 
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m) wind speeds for the current method – utilizing Charnock to bring the winds 

down to 10 m, then using Garratt’s formulation to determine the wind stress at the 

water surface (solid black line) – as well as the new drag formulation. For the new 

formulation, the drag coefficient was determined using both a short fetch (500 m, 

red dotted line) and a long fetch (4000 m, blue dashed line), representing the range 

of fetch values in the IRL dataset. For 30 m wind speeds from 5 to 12 m/s, the new 

formulation (long fetch) yields 60% to 20% higher wind stress, respectively. 

 

Figure 3.15 – Wind stress as a function of the 30 m wind speed (representing the 

lowest atmospheric model). The Charnock/Garratt formulation (solid black), and 

the new formulation for the short (red dotted) and long (blue dashed) fetch limits in 

the IRL dataset are compared.   
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The increase in wind stress calculated from the new drag formulation will have a 

significant impact on model predictions of wind setup (refer to Section 2.3.2). 

Figure 2.8 shows how the ADCIRC model compares to the parameterized and 

observed setup for a peak setup event in March 2015. The model-predicted wind 

setup for this event increases by approximately 30% when calculated using the new 

drag formulation, yielding a setup more in agreement with the observation. 

The wind stress associated with a depth and fetch-limited coastal estuary behaves 

differently than that of the open ocean, and thus from most of the published 

literature in this area. In particular, increasing Cd with increasing wave age and 

decreasing Cd with increasing wave steepness. Although the physics associated 

with these relationships were discussed in detail, additional research is necessary in 

order to provide a more complete dataset with respect to fetch length and wind 

speed. Future work should include exploring a method to include a means by which 

to estimate fetch within the atmospheric and hydrodynamic models in order to 

implement and test the new drag formulation. 
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Chapter 4 

Video Remote Sensing of Wave Properties 

4.1 Introduction 

The Indian River Lagoon (IRL) is a long (195 km), shallow (1-3 m), and narrow (2-

4 km) restricted estuary (Kjerfve 1986; Smith 1990) located on the east central 

coast of Florida. Given its semi-closed nature, winds are the primary driver of short 

term (on the order of days) fluctuations in water levels, current flow, and waves 

(Smith 1990). These processes are critical as they control erosion, drive sediment 

and nutrient transport, and impact water quality – all of which can have a profound 

effect on the diverse ecology of these systems. As a result, initiatives to restore the 

health of the IRL must address air-water interactions between the atmosphere and 

the water surface, including the effects of waves. 

While wave heights directly relate to wave energy, the driving force behind coastal 

processes, there are no wave measurements within the IRL. Instruments for 

measuring wave properties – such as buoys, pressure sensors, wave gauges, and 

radar – are generally expensive and, with the exception of radar, are point data 

sources only, i.e., coverage would require an array of such sensors. In addition, 

most of these instruments are susceptible to corrosion and biofouling and are thus 

expensive to maintain. Ultimately, a better representation of wave properties within 
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a coastal estuary is important to the validation of hydrodynamic models, 

improvements in the parameterization of the surface roughness (wind stress) within 

a limited fetch estuary, as well as improved estimates of air-sea fluxes within 

atmospheric models. 

Various camera-based methods have been successfully used to measure and 

observe coastal ocean processes. Video has been used to monitor nearshore 

bathymetry (Stockdon and Holman 2000), measure wave runup (Bailey and Shand 

1994), calculate wave celerity (Almar et al. 2009), and estimate river estuary 

discharge (Bechle et al. 2012). Both single and dual camera systems have been 

employed to study wave properties. Using a single camera, Holland et al. (1997) 

applied photogrammetry along with ground control points to perform image 

rectification to extract breaking wave heights. A simplified version of this approach 

was also used to study breaking wave heights on a reef (Hilmer 2005). A pair of 

horizontally separated cameras were used to produce stereo imagery (de Vries et al. 

2011; Bechle and Wu 2011), while Shand et al. (2012) used two vertically 

separated cameras to measure breaking wave heights. 

In previous studies, the cameras were generally placed at high vantage points to 

measure the larger waves of the coastal ocean rather than their smaller counterparts 

within a fetch and depth-limited coastal estuary. They also relied on ground control 

points (objects of known height and location in the camera’s field of view) and the 
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photogrammetric equations for camera calibration, i.e., relating physical locations 

to pixels on the image. In lieu of relying on a set of control points, the method 

proposed here uses a horizontally-oriented optical axis and its intersection point on 

the image plane to extract physical measurements based directly on pixel locations. 

Because the resolution (number of pixels per meter) with which this method can 

determine the distance from the camera degrades quickly beyond 20 m, the method 

is ideally suited for the nearshore region of a depth and fetch-limited estuary rather 

than more distant waves on the coastal ocean. While other studies using video 

solved the photogrammetric equations directly in order to calibrate the camera 

(Holland et al. 1997), this work utilizes a Python interface for the Open Source 

Computer Vision library (OpenCV, OpenCV Community 2010). The OpenCV 

library, a comprehensive set of computer vision algorithms designed for real-time 

imaging applications, is implemented for camera calibration and lens distortion 

removal. 

The goal of this work is to implement and test a relatively inexpensive and portable 

video system suitable for measuring the nearshore wave properties of a coastal 

estuary. The video system is based on a GoPro video camera and a suite of Python 

and R scripts to handle the camera calibration, distortion correction, image 

processing and wave calculations. The system can easily be moved from one 

location to another (since ground control points are not needed), and, because the 
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system is deployed on shore, there are no immersion issues. Furthermore, data can 

be extracted from the entire horizontal field of view of the video, making it possible 

to analyze a relatively large spatial area within the nearshore region. 

4.2 Method 

This study extracts near shore wave properties from two-dimensional timestack 

images (Aagaard and Holm 1989; Shand and Bailey 1995). A timestack is a time 

series of pixel columns extracted from sequential video frames (see Section 4.2.3). 

The nearshore region for a coastal estuary is defined, for the purposes of this study, 

as the area from the shoreline out to the location where the waves become 

discernable on the timestack images. 

Because waves are not constrained to break at the gauge location, it can be difficult 

to measure heights. For this reason, previous studies have used either trained 

observers to validate breaking wave heights (Shand et al. 2012) or simply state that 

their results correlate with an in-situ pressure sensor located outside the field of 

view of the camera (Hilmer 2005). The work presented here adopts a statistical 

approach to verify the wave heights over a given time interval (i.e., the length of 

time spanned by a timestack image). Statistical wave data (e.g., significant wave 

height) are more meaningful, and are less prone to error than data on individual 

waves (Mitchell 1983). It has been shown that the highest 20-40% of waves in the 
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spectrum are the ones that tend to stand out to an observer when estimating wave 

height (Pierson et al. 1955; Bowman 1979). As a result, observer-based wave 

heights tend to be highly correlated with the significant wave height, Hs, which is 

defined as the mean of the highest third of the waves in a wave record (Dean and 

Dalrymple 1991). Here, it is assumed that the wave field in a timestack image 

behaves in a similar fashion whereby the timestack mean wave height can be 

compared directly to the variance of the wave record, Hm0, as recorded by the wave 

gauge. To estimate significant wave height from timestacks requires sufficient 

sampling of the predominant waves – with studies ranging from a minimum of 30 

(Pierson et al. 1955) to 50 (Balsillie and Carter 1984). The timestacks in this study 

had from 38 to 64 predominant waves, depending on weather conditions. 

4.2.1 Camera Choice and Calibration 

Two reasonably priced cameras were tested – the Sony Action Cam and the GoPro 

Hero4 Silver. The GoPro camera was chosen because the spherical-shaped lens of 

the Sony’s waterproof housing added additional distortion that was not present in 

the flat lens of the GoPro. The GoPro’s flat lens also effectively shed raindrops, 

unlike the Sony’s spherical lens, making it better suited for video in inclement 

weather. Ultimately, any video camera that can record at 1080p (HD) resolution 

and at a rate of 60 Hz should suffice to resolve the wave properties in a coastal 

estuary. 
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An independent calibration must be performed for each camera as well as for 

different recording modes (e.g., differing resolutions or fields of view) depending 

on the application. The calibration is accomplished by filming a short video of a 

checkerboard pattern of a known size mounted to a flat surface (OpenCV 

Community 2010). The camera is then moved around at various angles and 

distances with respect to the pattern. Calibration and distortion parameters are 

calculated from images extracted from the video in which the full checkerboard 

pattern is visible. The algorithm corrects for both radial distortion (the fisheye 

effect) and tangential distortion (present if the lenses are not parallel to the imaging 

plane). Output includes a camera matrix with focal lengths, optical center location 

on the image plane, and the average RMS reprojection error. If the RMS error is 

not sub-pixel, there may be additional distortions, camera defects, or the images 

chosen for the calibration did not sufficiently sample the entire field of view. In the 

latter case the calibration process may need to be repeated. In correcting for radial 

distortion, some pixels along the outer edges of the image are lost. With fisheye 

correction and lens distortions removed, the resulting perspective image can be 

used to extract physical measurements from the pixels. All video used in this study 

was recorded with the GoPro Hero4 Silver at 60 frames per second (fps) in 1080p 

(HD) mode. 
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The correction process allows measurements, such as wave height, to be obtained 

from any location in the nearshore area that is within the horizontal field of view of 

the camera. This provides a relatively large area of coverage from which wave 

properties can be calculated. Additionally, wave properties from several pixel 

locations in the same video frame can be extracted, giving multiple time-synced 

data that could be used to determine directional wave spectra (e.g., Borgman 1979; 

Bechle and Wu 2011), whereby the different pixel locations serve as a proxy for a 

multi-element array of sensors. 

4.2.2 Data Collection 

The field data were collected under various weather and lighting environments at 

three IRL locations (Figure 3.1 in Section 3.1). Table 4.1 shows the data collection 

dates, times, locations, and weather conditions. A sonic wave gauge, Ocean Sensor 

Systems OSSI-010-035, was installed in the nearshore at each location, within the 

field of view of the GoPro camera (with the exception of the Melbourne Beach Pier 

location where the camera was collocated with the wave gauge on the pier). For 

validation purposes, the wave gauge and camera were time synced to each other by 

means of a laptop running both the wave gauge and camera software – allowing the 

individual timestacks to be easily matched to the corresponding wave gauge data 

(frequency spectra and surface elevation). 
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Table 4.1 
Summary of data collection days. 

 
Date   Location   Conditions 

 
02 September 2016 Melbourne Beach Pier Overcast with moderate to strong winds 

2:00 pm – 4:00 pm  Melbourne Beach, FL 

   -80.5675, 28.0683 

 
06 October 2016  Lagoon House  Overcast, strong gusty winds and rain showers  

12:30 pm – 3:00 pm Melbourne, FL  as Hurricane Matthew approached the coast 

   -80.5906, 28.0595 

 
11 March 2017  Palm Bay  Clear sunny skies with light winds 

11:00 am – 2:30 pm Palm Bay, FL 

   -80.5821, 28.0367 

 
 

4.2.2.1 Video Camera Deployment 

Two important factors in the video camera set up can introduce error into the wave 

height measurements if not performed correctly – the leveling of the camera and 

the measurement of the camera height above still water level (SWL). Because the 

algorithm presented here (Section 4.2.4.2) determines the wave height by scaling 

the height of the camera above SWL, it is important for the camera height to be 

measured as accurately as possible. At each location, the camera was secured on a 

tripod and leveled to ensure a horizontal optical axis. The camera was deployed on 

(or near) the shoreline facing the direction of the incoming waves. The portion of a 

wave below the SWL can vary from one-half (pure sine wave) to one-third (wave 

about to break) of the total wave height (Flick et al. 1981). This study assumes the 

latter, which is consistent with the wave profile work of Flick et al. (1981), and that 
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discussed by Shand et al. (2012) in determining the break point of a wave. The 

camera height was determined by placing a stadia rod in the water in the camera’s 

field of view for about one minute. The greatest vertical distance between the wave 

crests and troughs passing the stadia rod was measured and the SWL was set to be 

one-third of that distance up from the lowest point reached by the wave troughs. 

The camera height was then determined by subtracting the SWL from the height 

where the pixel row containing the optical axis (obtained during camera 

calibration) intersects the stadia rod in the image (Figure 4.1, Wave B). 

 

Figure 4.1 – Wave and camera height geometry. The intersection points of the 

wave crest, trough, optical axis (OA), and still water level (SWL) with respect to 

the image plane are shown for wave A. Also shown are the relevant angles relating 
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the pixel distances on the image plane to the wave’s physical height Hw and the 

camera height Hc (above SWL, see text for details). 

4.2.2.2 Wave Gauge 

The sonic wave gauge was deployed in the nearshore region in the camera’s field of 

view, generally near the center of the video image. However, three videos were also 

recorded with the gauge near the edge of the camera’s field of view which allowed 

for testing of the accuracy of extracting a pixel column for timestack generation 

from the edge of the video frame where maximum fisheye distortion occurs. The 

wave gauge algorithm calculates the significant wave height based on the variance 

of the wave record (Hm0) over a user-specified time period, and the peak frequency 

is determined from the corresponding spectral plot. Additionally, both the 

significant wave height and peak frequency values from the Ocean Sensor software 

were validated by directly calculating the same quantities from the raw water level 

data. A sampling time period of 64 seconds was adequate for capturing a sufficient 

number of wave periods (with typical periods of 2 s or less common in the IRL) for 

both wave gauge calculations and timestack generation. Each of the 64 s gauge 

periods were then compared with the corresponding timestack for validation. 
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4.2.3 Timestack Generation 

A timestack image is created by taking sequential frames from a video clip, 

extracting the same column of pixels from each of the frames, and constructing a 

new image by splicing all of the columns together in chronological order. Any 

column can be selected for extraction, depending on the location of interest within 

the video frame. The resulting timestack is an image with a y-axis in pixel units 

(from which one can determine distance from the camera and wave height) and an 

x-axis in units of time. Three timestacks, one from each of the sites used in this 

study are shown in Figure 4.2. The lighting varies considerably depending on the 

time of day and the weather conditions (Table 4.1). Herein, the videos were 

recorded at 60 fps and have a 1080 vertical pixel resolution (intrinsic to the 

camera). As previously indicated, the length of each timestack is 64 s – which is 

consistent with the wave gauge software. This yields an x-axis with 3840 pixels (64 

s x 60 fps), and a pixel width of 1/60 s. Every timestack has both a sampling 

frequency and a time period associated with it (60 Hz and 64 s respectively for this 

study). 
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Figure 4.2 – Timestacks. The first half (32 s) of three timestacks from A) 

Melbourne Beach Pier, B) Lagoon House (during Hurricane Matthew’s approach), 

and C) Palm Bay. The appearance of the wave features under the various lighting 

a 

c 

b 
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and weather conditions experienced during field collection days is evident (see 

Table 4.1 for details). 

In order to extract geophysical measurements from the timestacks, the video frames 

used to create them must first be corrected for radial and tangential distortion using 

the camera calibration file (Section 4.2.1). The reprojection RMS error of the 

camera calibration used in this study was 0.5 pixels, meeting the sub-pixel 

recommendation from the OpenCV documentation. A set of 35 timestacks were 

generated for analysis – 15 from the Lagoon House, 10 from Palm Bay, and 10 

from the Melbourne Beach Pier. The temporal resolution of a timestack is 

determined by the video frame rate of the camera (set to 60 fps here). For water 

bodies with longer wave periods, the sampling rate can be decreased and the time 

stack extended in order to include a sufficient number of waves. 

4.2.4 Extracting Wave Properties from a Timestack 

The following two sections explain the procedure for extracting the peak frequency 

and significant wave height from a timestack. From these two measurements and 

the water depth, other wave properties (such as phase velocity, group velocity, 

wavelength, and wave steepness or slope) can also be calculated. 
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4.2.4.1 Peak Frequency 

The peak frequency, defined as the frequency where the highest peak of the wave 

spectrum occurs, can be visually extracted from a timestack by taking the 

reciprocal of the dominant period, provided that the incoming waves can be clearly 

distinguished. However, counting the dominant waves over a time period is 

difficult for human observers (this is not the case for significant wave height). 

Human observed estimated wave periods have been shown to be in poor agreement 

with measured wave data (Bowman 1979; Balsillie and Carter 1984). The 

extraction of the peak frequency from a timestack can be automated by generating a 

spectral plot of the pixel intensities along a row of the timestack, i.e., a time series 

at a particular location. The time series is spectrally decomposed by first converting 

the image to grayscale and performing a Gaussian blur, which acts as a low pass 

filter by removing higher frequency pixel noise from the image. A blur radius on 

the order of 30 pixels was selected as smaller values failed to remove the high 

frequency noise while larger values changed the shape of the spectra in the area of 

interest. The grayscale intensities of the pixel row were normalized and then passed 

through a second order high-pass Butterworth filter to eliminate extraneous low 

frequency peaks that remained in some of the timestack spectra. The filtered time 

series was then mapped to frequency space using a fast Fourier transform (FFT) 

and compared to the wave gauge generated spectrum. A 64 s timestack along with 
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the corresponding filtered time series is shown in Figure 4.3. The changes in wave 

heights visible in the timestack are depicted as modulations in the time series 

amplitude. Spectral plots generated from the pixel intensity time series and the raw 

water level data from the wave gauge are shown separately and superimposed 

(inset) in Figure 4.4. In this case, both spectral peaks occurred at 0.52 Hz. 

 

Figure 4.3 – Intensity time series. Timestack image and the corresponding 

normalized pixel intensity time series extracted from a pixel row (white horizontal 

line) in the nearshore region. 
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Figure 4.4 – Spectral plots. Spectra generated from the timestack shown in Figure 

4.3 (A), and the corresponding raw water level data from the sonic wave gauge (B). 

The inset shows the two spectral plots superimposed – timestack spectrum (gray) 

and wave gauge spectrum (black). 
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4.2.4.2 Significant Wave Height 

Figure 4.1 (wave A) shows the camera, the image plane, and the associated 

geometry used to determine the wave height and the SWL. Wave height is 

extracted from the timestack by determining the pixel locations of both the wave 

crest and wave trough. While future work will attempt to automate this process, the 

crest and trough locations for this study were manually extracted. First, a horizontal 

yellow line was positioned on the nearshore region of the timestack. For validation 

purposes, this line was placed along the approximate pixel row of the wave gauge 

location in the video frame. Next, for each predominant wave, a vertical red line 

segment was drawn from the intersection point of the horizontal line with the wave 

trough up to the wave crest. Figure 4.5 shows a portion of a timestack showing the 

predominant waves – those that stand out to an observer – along with the placement 

of the horizontal line and vertical segments delineating each predominant wave’s 

crest and trough. An R script read in the marked timestack image and generated a 

matrix of all crest and trough positions by scanning each pixel column and 

recording the endpoints of the vertical red segments. 
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Figure 4.5 – Manually determining wave crest and tough locations (see text for 

details). 

The location of the trough on the y-axis of the timestack is an indicator of the 

distance of the wave from the camera. As previously discussed (Section 4.2.2.1), 

because the wave trough is below the SWL, the wave will appear closer to the 

camera than it actually is (i.e., lower on the image plane), resulting in a systematic 
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underestimate of the wave height. To circumvent this problem, the SWL is defined 

as 

𝑆𝑊𝐿 = 𝑡𝑟𝑜𝑢𝑔ℎ + 𝑘 (𝑐𝑟𝑒𝑠𝑡 − 𝑡𝑟𝑜𝑢𝑔ℎ),                             (4.1) 

where trough and crest are the y-coordinates of the trough and crest pixel locations 

on the image plane, and k is a correction factor (Figure 4.1). While the correction (k 

is set equal to 1/3 here) yields an improved estimate of the y-coordinate for 

calculating distance of the wave from the camera, Shand et al. (Shand et al. 2012) 

found that the wave height estimates were relatively insensitive to changes in k 

ranging from 1/2 to 1/3. The wave height Hw is calculated by scaling the camera 

height using the angles between the optical axis and the line of sight to the wave 

crest and the SWL (α and β respectively, Figure 4.1), i.e., 

𝐻𝑤 =
𝐻𝑐

1−𝑘
 (1 −

tan𝛼

tan𝛽
),                                          (4.2a) 

where Hc is the camera height above SWL. Equation (4.2a) can be expressed in 

terms of the image plane via  

𝐻𝑤 =
𝐻𝑐

1−𝑘
 (1 −

(𝑐𝑟𝑒𝑠𝑡−𝑂𝐴)

(𝑆𝑊𝐿−𝑂𝐴)
) =

𝐻𝑐

1−𝑘
 (
(𝑆𝑊𝐿−𝑐𝑟𝑒𝑠𝑡)

(𝑆𝑊𝐿−𝑂𝐴)
),                   (4.2b) 

where OA is the image plane y-coordinate of the optical axis (Figure 4.1). 
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As expressed in Equation (4.2b), the wave height is not dependent on knowing the 

distance of the wave from the camera (it is implicit). However, the distance of a 

given pixel row from the camera can be expressed through simple geometry as 

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 = 𝐻𝑐 tan (90° −
𝑝𝑖𝑥𝑒𝑙 𝑟𝑜𝑤

1080
𝐹𝑂𝑉 +

𝐹𝑂𝑉

2
),                       (4.3) 

where FOV is the vertical field of view of the camera.  

The vertical FOV is determined by the focal length and optical image center from 

the camera matrix. Although the published vertical FOV for the GoPro HERO4 

camera is 69.5 degrees, the actual vertical FOV must be calculated as some of the 

edge pixels on the original image are lost in the correction process (Section 4.2.1), 

resulting in a slightly smaller FOV. For the camera calibration matrix used in this 

study, the vertical FOV is 63 degrees. 

The distance represented by each pixel increases along the y-axis and approaches 

infinity at the optical axis (Figure 4.1). The impact of the loss of resolution with 

respect to estimating wave height is addressed later in the discussion (Section 4.4). 

4.3 Results 

The water level time series from the wave gauge and the pixel intensity time series 

from the corresponding timestack were both transformed to frequency space. For 
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the 35 cases, the highest frequency peaks of each wave spectrum are compared in 

Figure 4.6a.  

The number of wave heights extracted from each timestack varied from 38 (higher 

wind speeds) to 64 (lower wind speeds). The mean of these wave heights for each 

timestack is compared to the observed significant wave height from the wave gauge 

(Figure 4.6b). The R2 indicates good agreement between the timestack mean wave 

heights and the gauge-estimated significant wave heights. 

 

Figure 4.6 – Peak frequency and wave height. Observed peak frequencies (A) and 

significant wave heights (B) from the wave gauge versus those extracted from the 

corresponding timestacks. Also shown are the 1:1 (solid) and regression lines 

(dashed). 
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The mean percent error and the RMSE for peak frequency and wave height at each 

of the three locations (35 timestacks) are given in Table 4.2. While there are some 

small differences between the individual sites, the method appears to be robust for 

the various conditions experienced on the IRL. The lower wave heights (on the 

order of 5-10 cm) during the light wind conditions at the Palm Bay site yielded a 

lower RMS error than the other sites, although the percent error was the largest. 

This is expected as a pixel error in the crest or trough location of a shorter wave 

(i.e., a wave height spanning fewer pixels) would generate a larger percent error. 

Table 4.2 
Peak frequency (Hz) and wave height (cm) error estimates. 

 
Location  Peak Freq Peak Freq Wave Height Wave Height 

   RMSE (Hz) mean % error RMSE (cm) mean % error 

 
Melbourne Beach Pier 0.02  2.31  1.37  5.97 

     

 
Lagoon House  0.02  3.67  0.98  4.42 

    

 
Palm Bay  0.04  3.04  0.46  6.11 

 

 
Complete Dataset 0.03  3.01  1.01  5.50 

 

 
 

4.4 Discussion and Conclusion 

The weather conditions sampled here were not, in general, a limiting factor in 

extracting wave properties from the timestacks. Despite lighting conditions ranging 
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from bright sun to overcast, the essential features were clearly visible in all of the 

timestacks. The relatively clear shallow water and bright sun at the Palm Bay site 

exposed the bottom, making it more difficult to locate the wave troughs. In these 

cases, running an adaptive histogram equalization algorithm on the timestack image 

improved wave trough visibility (not shown). Raindrops generally did not cling to 

the waterproof housing of the GoPro camera, even during the heavy rain associated 

with Hurricane Matthew. 

The sensitivity of the peak frequency algorithm with respect to distance from the 

camera (i.e., pixel row) was tested by extracting every pixel row from within the 

nearshore region and calculating the peak frequency. In the cases where the 

nearshore region was relatively free of interference (e.g., breaking waves), the 

calculated peak frequency was equal for all extracted pixel rows. Thus, the 

extraction of peak frequency is not sensitive to the pixel row (i.e., distance from the 

camera).  

As a result, an automated algorithm for extracting the peak frequency from a 

timestack was developed and applied to the nearshore region of each timestack. For 

this study, multiple estimates of peak frequency were obtained by sampling every 

5th pixel row and setting the peak frequency of the timestack equal to the mode. As 

discussed in Section 4.2.4.2, the wave height calculations have not yet been 

automated. 
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As a result of spurious long period spikes (i.e., greater than 4 s) within the 

timestack spectra, the intensity time series was filtered using a high-pass 

Butterworth filter (critical frequency set at 0.3 Hz). This spurious energy is likely a 

result of the changing light levels due to variations in cloud cover. Vertical banding 

that can be seen in some of the timestacks when the contrast is enhanced (not 

shown) appear to confirm this. 

The projection of the scene onto the image plane (Figure 4.1) results in a loss of 

horizontal pixel resolution as the distance from the camera increases. As in 

previous studies that use ground control points, the pixel row containing the SWL 

(Equation 4.1) serves as a horizontal distance proxy (i.e., this determines the 

distance between the wave and the camera). Figure 4.7 shows the distance from the 

camera as a function of pixel row (solid line, left axis) and the corresponding 

change in horizontal resolution (dashed line, right axis). The horizontal pixel 

resolution varies from 200 pixels/m near the camera to 1 pixel/m as the distance 

from the camera approaches 17 meters. Therefore, horizontal distance error is 

minimized by analyzing waves closer to the camera. 



98 

 

 

Figure 4.7 – Horizontal resolution. The distance from the camera (solid line, left 

axis) and number of pixels per meter (dashed line, right axis) as a function of the 

pixel row of the timestack. Calculations based on Equation (4.3) assuming a 

camera height of 1 m. 

The function of the y-coordinate axis of the timestack changes from an estimate of 

the horizontal distance to height at the pixel row containing the SWL. The number 

of pixels from the SWL to the wave crest is used to calculate wave height. The 

vertical resolution, as calculated using Equations (4.1 and 4.2b) (assuming a 

camera height of 1 m and an optical axis y-coordinate of 540) varies from 4.75 

pixels/cm near the camera to 0.75 pixels/cm for a wave about 17 m away. Hence, 

the resolution is highest near the camera for both the horizontal and vertical, 

although the latter degrades linearly with pixel row. 
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The sensitivity of wave height to the accuracy of the measurement of the camera 

height was also examined.  Because the wave height is a function of the camera 

height (Equation 4.2b), their measurement errors are proportional.  For example, 

given a true camera height of 1 m, a cm error in the measured camera height 

introduces a 1% error in the wave height measurement. Additionally, while an 

increase in the camera height increases the horizontal resolution, it simultaneously 

degrades the vertical resolution. Wave height estimates are also prone to error due 

to errors in the trough or crest pixel locations. This was examined for camera 

heights of 1 and 2 m using waves of varying heights and distances from the camera. 

For a given camera height, the percent error increases for decreasing wave height. 

Conversely, for a fixed wave height, the errors are comparable at both camera 

heights, indicating that the competing horizontal and vertical resolution changes 

tend to offset one another.  Camera heights ranging from 1 and 2 m performed well 

for the IRL. 

The sensitivity of the mean wave height of a timestack to variations in k (ranging 

from 1/3 to 1/2) was examined as well. Differences in the mean wave height 

between timestacks calculated with k = 1/2 and k = 1/3 were relatively small (about 

1% – consistent with Shand et al. 2012). 

Average breaking wave height errors from a recent study using two vertically 

separated video cameras are estimated to be about 7% (Shand et al. 2012). With 
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average errors of 3% for peak frequency and 5.5% for significant wave height 

(Table 4.2), the video method described herein is sufficiently accurate to measure 

the wave properties of a coastal estuary. Benefits of this method include its 

portability and ease of implementation without the need for ground control points 

for image rectification, cost effectiveness, and range of spatial (field of view) and 

temporal (frequency of timestack) coverage. Drawbacks include the inability to 

measure at night, extreme weather conditions, as well as the time needed to 

manually analyze the timestacks to obtain wave height. Future work should 

continue to investigate a method to automate the wave height measurement 

process. While the system was designed to be inexpensive and portable, it could be 

modified to become a more permanent observation system. 
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Chapter 5 

Summary and Conclusion 

The research presented in this dissertation advances the understanding of wind 

stress on depth- and fetch-limited coastal estuaries, such as eastern Florida’s IRL. 

The study branched into two related topics – the parameterization of wind setup 

and the development of a new drag coefficient formulation – both driven by wind 

speed, water depth, and fetch. Additionally, due to the lack of wave instrumentation 

on the lagoon, a new method for extracting wave properties from video was 

introduced. 

In Chapter 2, the well-known Zuiderzee equation was used as a starting point to 

explore ensemble forecasting of wind setup on the IRL. A parameterization of 

setup allows for a computationally inexpensive probabilistic product that facilitates 

the use of hydrodynamic models by indicating possible significant setup events and 

guiding the choice of ensemble member(s) with which to force the model. The 

research addressed the issue of wind forcing, as the Zuiderzee is traditionally used 

for engineering design purposes and not as a forecast tool. Ultimately, a setup 

parameterization based on a modified version of the Zuiderzee equation and forced 

by a wind run time series weighted by the length of two lagoon-oriented fetch 

segments, performed best for the IRL. The methods presented herein – selecting the 
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appropriate modification to the Zuiderzee equation (see Section 2.2.1.2), 

determining the length and angle of fetch segments based on the geography of the 

estuary, and selecting an appropriate wind forcing (Section 2.2.3) – should be 

applicable to other coastal estuaries. The setup parameterization and wind forcing 

resulting from the research presented in Chapter 2 are currently being tested 

operationally at the Melbourne National Weather Service office. 

Chapter 3 proposes a new drag coefficient formulation for the IRL in order to 

improve the wind stress physics in atmospheric and hydrodynamic models. Using 

inputs of wind speed, fetch, and mean depth, several parameterizations of wave 

energy and peak frequency were evaluated for the depth and fetch-limited estuary. 

In turn, power laws relating dimensionless surface roughness to wave age and wave 

steepness were fit to the IRL data. Two versions of the drag coefficient – derived 

from the wave age and wave steepness roughness parameterizations – were found 

to be in good agreement with each other, but differed from the traditionally utilized 

Charnock formulation. IRL data indicate that the drag coefficient has a fetch 

dependence. A new formulation for the drag coefficient, as a function of both wind 

speed and fetch, was introduced. An attempt was made to analyze the physics 

behind the behavior of these relationships on short (< 10 km) fetches, although 

additional research with a more complete distribution of fetch lengths and wind 

speeds than those in the current IRL dataset is needed. Future work should include 
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exploring a method to include fetch into the atmospheric and hydrodynamic models 

in order to incorporate and test the new drag formulation. 

Finally, this dissertation described the development of a new method of extracting 

wave properties from non-rectified video timestacks. A short camera height, on the 

order of a couple meters, coupled with a horizontal optical axis allows for accurate 

extraction of significant wave height and peak frequency from video imagery 

without the need for control points. Although the method’s accuracy is limited to a 

maximum distance of 20 m (beyond this the resolution degrades rapidly), it should 

be sufficient for obtaining wave data from the nearshore region of coastal estuaries 

(as well as ocean locations where the area of interest is within 20 m of the camera 

location). Future work should include developing a fully automated algorithm to 

extract the wave heights from a timestack. 
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