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In the northwestern Gulf of Mexico there is a need for reliable water level

forecasts to facilitate safe commercial navigation, marine construction, and emergency

management. Though the low amplitude tides of the region can be predicted with

conventional harmonic techniques, frequent strong storms make accurate forecasts of

water levels difficult. Prediction of surge associated with storms is useful for

management of activities in low lying coastal areas subject to flooding, while

prediction of drawdown is important for estimating the under keel clearance of deep

draft vessels.

First, this thesis presents the analysis of nine years of observations to quantify

the effects of extra-tropical storms on water level fluctuations at four locations along

the northwestern coast of the Gulf of Mexico. The monthly root-mean-square of the

meteorological component of the observed water level is shown to be of similar

magnitude to the astronomical tide from September to April, attributed to the weekly

passage of storm systems. Return periods for extreme maximum (surge) and

minimum (drawdown) meteorological water levels associated with these storms are
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computed using a 9-year record of observed water levels. Significant surge and

drawdown water levels, defined as those exceeding 30 cm, are shown to have return

periods ranging from 0.17 to 7.14 years at the four stations studied. At the entrance to

Galveston Bay, Texas, both significant storm surge and drawdown can be expected to

occur about four times each year. These results reinforced the need to include

meteorological forcing in the forecasting of water levels in the region.

In an effort to provide more accurate water level forecasting within Galveston

Bay during storms, the finite element (FE) hydrodynamic model ADCIRC was applied

to simulate a range of observed storm events by inclusion of wind stress and remote

forcing from the Gulf of Mexico. Comparisons with observations showed the limited

accuracy of ADCIRC, as applied here, in predicting the water level response for

drawdown events. Thus, the ADCIRC output was incorporated into a data

assimilation method utilizing artificial neural networks (ANN). This hybrid FE/ANN

approach substantially improved the pure FE simulations for short term forecasts and

also outperformed other forecasting methods. With further refinement, this hybrid

approach could provide operational forecasts of water levels within Galveston Bay

during storms.
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Nowcast/Forecast of Storm Surge and Drawdown Using a Hybrid FE/ANN
Approach

General Introduction

Along our coasts, the call for more accurate prediction of water levels has

continued to increase with the trend towards deep draft vessels (NOAA 1 999a), the

need for effective emergency management, and efficient operation and planning of

marine construction. This need is particularly realized within the coastal waterways of

the northwestern Gulf of Mexico, a region characterized by low amplitude tides and

strong winds (Smith 1978). The astronomical tides are well predicted using harmonic

analysis techniques. However, meteorological forcing plays a major role in water

level fluctuations and is presently not accounted for in water level forecasts, even at

locations like Galveston Bay, Texas, where water levels are mostly non-tidally

dominated (NOAA 1999a).

Meteorological forcing causes two general water level responses: storm surge

and drawdown. Storm surge refers to the elevation of water levels above the typical

tidal levels and has received much attention, mostly due to its relationship with coastal

flooding and emergency planning. For marine navigation, drawdown is a more

significant problem, because it decreases the available under keel clearance of deep

draft vessels. Incomplete or inaccurate knowledge and prediction of water levels

contributes to ship groundings (NOAA 1996) and associated hazardous chemical

spills. These disasters have been deemed most important within the high traffic areas

of Texas and Louisiana, both located in the northwestern Gulf of Mexico (NOAA

1 999a).
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In this region, tropical storms and hurricanes present the greatest potential for

severe storm surge and drawdown. Yet, these events are rare, only taking place every

couple of years. Conversely, strong extratropical storms systems may occur multiple

times per month and also cause significant impacts on water levels and currents.

Thus, providing forecasts during these less severe but more frequent storm events is

considered here.

Literature Review

The importance of meteorological forcing in coastal waters has received

attention in the literature over the past three decades. As a result, the dominant forcing

mechanisms have been identified. Often these are grouped into two categories: remote

and local. Considering a bay or estuary, remote effects are those that propagate from

the local coastal ocean into the smaller water body. In that sense, tides can be

considered remote effects, as can subtidal fluctuations generated by coastal storms.

Local effects refer to forcing applied directly to the smaller water body and may

include wind stress, barometric pressure, and freshwater inflow, among others.

In a study of Corpus Christi Bay, located in the northwestern Gulf of Mexico,

Smith (1977) found that meteorologically forced fluctuations were most coherent with

alongshore coastal winds and the associated cross shelf Ekman transport, as well as

with setup from steady onshore/offshore winds. Analysis of the spectral energy

density showed that meteorological forced bay/gulf exchanges were an order of

magnitude more important than diurnal/semi-diurnal tidal exchange, a significant

result. Strong winter frontal passages were cited as the most efficient mechanism for

meteorological exchange. Further study indicated that long term fluctuations were
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primarily governed by Ekman effects, and short term fluctuations (2 6 days) by

cross-shelf winds and barometric pressure gradients (Smith 1978). Nam et al. (2001)

also indicated that local wind stress and remote coastal water level are the dominant

mechanisms for subtidal fluctuations within Corpus Christi Bay and confirmed the

importance of remote forcing.

Wang and Elliot (1978) highlighted the importance of remote meteorological

forcing for Chesapeake Bay and showed that remote and local effects can act in

combination or opposition. Therefore, while local winds may act to create setup

within the bay, the remote effects can dominate and cause a net drawdown of water

levels. Like Smith (1978) they also noted that the Ekman flux caused by alongshore

winds at the open coast generated subtidal fluctuations that propagated into the upper

bay. They concluded that modeling of estuaries should include the local wind and

remote forcing and that boundary conditions should incorporate the local coastal

ocean. In a following study, Wang (1979) provided further evidence of the large

exchange between estuary and coast caused by meteorological effects. More recently,

Wong and Moses-Hall (1998) have affirmed the importance of remote wind forcing on

subtidal fluctuations in Delaware Bay, while indicating that local winds may be more

important for controlling the structure of subtidal currents.

To investigate the effects of local and remote wind effects on subtidal

fluctuations in estuaries, Garvine (1985) developed a simple barotropic analytical

model. Using scaling arguments, this work demonstrated that remote effects dominate

because of the long wave length of subtidal fluctuations, relative to estuary length.

Findings also indicated that the surface slope is primarily determined by local wind



stress acting directly on the estuary and that the importance of the local wind stress

increases with distance from the mouth of the estuary. Guannel (2001) has confirmed

these analytical results in a recent study of subtidal water level fluctuations in

Galveston Bay.

To summarize, accurate modeling of bays and estuaries must account for both

the remote effects of the coastal ocean and local meteorological effects like wind

stress. Though dominant mechanisms and significance of meteorological forcing has

been addressed, there has been relatively little effort to incorporate meteorological

effects into short term forecasts of coastal/estuarine water levels. Most published

predictions are still based upon harmonic analysis of long water level records (i.e. tide

tables). Even the advanced real-time dissemination systems, like NOAA's Physical

Oceanographic Real-Time System (PORTS), still provide only astronomical tidal

predictions of water levels. So, in light of the significance of meteorological forcing

in coastal regions, we must ask: How can we make more accurate predictions of water

levels?

With the increasing power and availability of computing, commercially

available hydrodynamic models now provide a practical way to couple tidal and

meteorological forcing to make better predictions. For example, the hydrodynamic

model ADCIRC has been successfully used to simulate tides and storm surge through

inclusion of meteorological effects (Luettich et al. 1992; Westerink et al. 1992; Blain

et al. 1995). Moving towards real time prediction of water levels, Blain & Edwards

(2003) have developed a forecasting system for the Mississippi Sound that utilizes

ADCIRC, driven by tides, river inflow, and wind. This work has shown the value of
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hydrodynamic modeling in short term coastal water level forecasts, while indicating

the sensitivity of model results to wind forcing and offshore boundary conditions.

Others have developed and applied hydrodynamic models to study the hydraulics of

wind dominated estuaries like East Matagorda Bay, Texas (Kraus & Militello 1999)

and the Neuse River Estuary, North Carolina (Luettich et al. 2002), or to provide

accurate hindcast for Chesapeake Bay (Hess 2000).

Recently, much research has also focused on application of inverse and data

assimilative methods in forecasting systems (Abbott 1991; Abbott 1997). These

methods are based upon the realization that models are often imprecise, due to many

factors that influence the results (Bode & Hardy 1997; Babovic et al. 2001). As a

simple example of inverse methods, Hess (2003) presented a technique for nowcasting

water levels within Galveston Bay using spatial interpolation between water level

observations at a limited number of recording stations. Kalman filtering has also been

used for short term tidal prediction in the absence of meteorological forcing (Yen et al.

1996) and extensively in operational storm surge modeling (Bode & Hardy 1997).

Over the last decade, a significant amount of work has turned towards the use of

artificial neural networks (ANN) as data assimilative platforms to improve the

performance of forecasting systems. The term 'artificial neural network' draws upon

the similarity of ANN to the structure and functionality of the human brain, since both

employ parallel computation systems used to accumulate knowledge through learning

(Haykin 1999).

Within civil engineering, some examples of ANN application include real-time

river flow forecasting (Govindaraju & Rao 2000), capacity of driven piles (Keifa



1998), and travel time forecasting for highway transportation (Park et al. 1999). For

coastal applications, ANNs have been used to analyze the stability of rubble

breakwaters (Mase et al. 1995), forces on coastal structures (Van Gent & van der

Boogaard 1998), and in prediction of tides and water levels (Tsai & Lee 1999; Vaziri

1997). Cox et al. (2002) developed a simple ANN model that significantly improved

short term predictions of the water level at the entrance to Galveston Bay. Other

research has also shown the utility of artificial neural networks in the prediction of

water levels in the Gulf of Mexico (Nam 2002; Tissot et al. 2003). Using observations

from the Danish øresund Strait, Babovic et al. (2001) demonstrated that ANN could

be effectively used to forecast the errors in the hydrodynamic model MIKE2 1.

Superimposing these error predictions onto model output yielded highly accurate

forecasts of currents that were used in the planning and construction of a tunnel

linking Denmark and Sweden. This work also highlighted a number of common data

assimilation procedures, but focused on updating of output variables.

Summary

Drawing on the work described above, and motivated by the need for accurate

coastal water level predictions, the objective of this thesis is to further quantify the

meteorological fluctuations in the northwestern Gulf of Mexico and to develop a

forecast system utilizing hydrodynamic model output with data assimilative ANN for

Galveston Bay, Texas. This thesis is written in manuscript format and the remainder

is divided into three chapters. Chapter 2 presents the analysis of meteorologically

forced water level fluctuations at four open coast locations along the northwestern

Gulf of Mexico. This chapter examines the seasonal and spatial variability of these
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storm-induced fluctuations and quantifies the significance of the extreme events using

a return period analysis, with emphasis on the results near the entrance to Galveston

Bay. Chapter 3 gives a brief synopsis of the finite element (FE) hydrodynamic model

ADCIRC and describes model calibration and performance for 14 simulated cases,

each forced with observations. The selection of these cases was informed by the

analysis in Chapter 2. The operation of artificial neural networks (ANN) is briefly

introduced and a hybrid FE/ANN approach is developed to improve the accuracy of

water level forecasts at Galveston Bay. Comparisons are made between other water

level forecasting techniques and the pure ADCIRC simulations. Finally, Chapter 4

reviews the work of this thesis and presents some conclusions.
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Abstract

This paper investigates the seasonal variation of the meteorological component

of water levels and describes the expected return periods for extreme water levels

forced by extratropical storms at four observation stations on the northwestern coast of

the Gulf of Mexico. The monthly root-mean-square of the meteorological component

of the observed water level is shown to be of similar magnitude to the astronomical

tide from September to April, attributed to the weekly passage of storm systems.

Return periods for extreme maximum and minimum meteorological water levels

associated with these storms are computed using a 9-year record of observed water

levels. Significant extreme maximum and minimum water levels, defined as those

exceeding 30 cm, are shown to have return periods ranging from 0.17 to 7.14 years at

the four stations studied. This illustrates the need to include meteorological effects to

ensure accurate prediction of water levels, particularly during the passage of strong

storms.

Keywords: Tides; Water levels; Storm Surge; Probabilities; Return Period; Texas;

Gulf of Mexico; Navigation; Ports
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Introduction

Accurate prediction of water levels plays a critical role in commercial

navigation, oil spill response, and emergency management in coastal waters. In the

shallow water ports of the Gulf of Mexico, the need for reliable water level prediction

continues to increase with the trend towards deep-draft vessels (NOAA 1999). Of the

twelve U.S. ports exceeding 50 million tons, nine are located in the Gulf of Mexico,

accounting for more than half the U.S. total tonnage. The entrances to Mobile and

Galveston Bays alone account for 46% of the total U.S. tormage (NOAA 1999).

The northwestern coast of the Gulf of Mexico is a system of long barrier

islands on a shallow shelf and is characterized by low amplitude tides and strong

winds (Smith 1978). As a result, meteorological events greatly influence water levels

and make accurate tidal prediction notably difficult during tropical storms and the

more frequent passages of strong frontal systems. Generally, meteorological forcing

of water levels is not included in tidal prediction, causing the predicted and measured

tides to differ by more than 100% at the entrance to Galveston Bay (Cox et al. 2002).

A tidal survey of Galveston Bay in 1989 showed only 50% accuracy in the tide tables

(NOAA 1996).

Although meteorological water level fluctuations are well known to

commercial shippers and recreational boaters in this area, there has been little work to

quantify these fluctuations. Therefore, this paper investigates the relative significance

of meteorological water levels throughout the year; estimates the return periods for the

most extreme meteorological water levels forced by extratropica! storms; and
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examines the spatial variation of meteorological water levels along the northwestern

coast of the Gulf of Mexico.

Observations

The water level observations were provided by the Division of Nearshore

Research at Texas A&M University Corpus Christi as part of the Texas Coastal

Ocean Observation Network (TCOON). TCOON provides a variety of real-time

meteorological and hydrological data from over 40 stations in the northwestern Gulf

of Mexico and has been in operation for more than 10 years. The data are collected,

archived, and available for download on the Internet in a number of formats

(http://lighthouse.tamucc.edu/TCOON).

Hourly water level data were gathered for the years 1993-200 1 at four TCOON

observation stations: Sabine Pass (016), Galveston Pleasure Pier (021), Port Aransas

(009), and Port Isabel (018) (see Figure 2.1).

Houston
-j -s. ________

IA / O21

TEXAS

Corpus,_.rV
Christi f0OYI

GULF OF MEXICO

III

__\ 11

Figure 2.1. Study area showing TCOON station identification numbers and locations.
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These stations were chosen because they were representative of the major ports within

the study area, provided an adequate duration of observations, and permitted the study

of spatial variation in meteorological water levels. Missing data during the study

period resulted primarily from damage caused by storms and routine maintenance.

Obvious erroneous measurements were also removed. However, no more than 3.1%

of the data were missing at each station. The missing data were well distributed

throughout the year at each station, yielding little bias. Table 2.1 provides the station

names, TCOON identification number, location, percentage of missing data over the

9-year record, and years of data availability at each station.

Table 2.1. From north to south, the four observations stations with TCOON ID,
location, percentage of missing data, and station data availability.

Station Name ID Location Missing Data Avail.

Sabine Pass 016 29° 43.8' N 93° 52.3' W 1.1 1991-2003
Galveston Pleasure Pier 021 29° 17.1' N 94° 47.3' W 1.1 1992-2003
Port Aransas 009 27° 50.4' N 97° 4.4' W 3.1 1993-2003
Port Isabel 018 26° 3.7' N 97° 12.9' W 0.9 1991-2003

Tropical storms cause great fluctuations in water levels and occur about once

every three to five years. Conversely, strong frontal systems (extratropical storms)

take place two or three times each month. Although they do not produce as dramatic

an effect as tropical systems, their influence on water levels is substantial and

frequently causes fluctuations that exceed 30 cm, a threshold determined by NOAA

(1999) to be critical to marine navigation. To quantify the effects of extratropical

systems, it was necessary to exclude extreme water levels due to tropical storms from

the statistical analysis. By doing this, the extreme meteorological water level data
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were drawn from the same population (i.e. those generated by extratropical systems).

Goda (1988) discusses a similar need to separate extreme wave events by generating

source (hurricanes, monsoons, frontal systems) to satisfy conditions of homogeneity.

Six major tropical systems made landfall in the study area between 1993 and 2001.

Table 2.2 provides a history of these events, including the range of extreme water

level events excluded.

Table 2.2. History of tropical storms (TS) and hurricanes (H) in the study area and
water level data range excluded from analysis due to these storms.

Name Type Landfall Location Date Data Excluded (Year Day)
Allison TS Freeport 6/05/2001 155 - 167
Bret H Padre Island 8/23/1999 230 240
Frances TS Port O'Connor 9/11/1998 248 -260
Charley TS Port Aransas 8/22/1998 229 237
Dean TS Freeport 7/30/1995 207 219
Arlene TS Padre Island 6/20/1993 164 - 175

Filtering Observed Water Level

Band-pass filtering was used to resolve the astronomical, meteorological, and

low frequency components from the observed water level at each of the four stations

over the 9-year period. The frequency bands assigned to these components were

chosen by considering the observed water level power spectrum, duration of storms,

and the sensitivity of the seasonal variation and return period analyses to these

parameters. Figure 2.2 shows the water level power spectrum at Station 021, along

with the two frequency limits, f1 and f2, used to discriminate the three components.

Plots of the power spectrum at the other stations were similar and are not included for

brevity. As shown in Figure 2.2, there is little energy for frequencies between 1/40

and 1/28 bf', so the results are insensitive to the choice of f1 within this range. The
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figure also indicates the tidal constituents published by NOAA for that location

(shown with diamond). Since the published constituents do not match the observed

peaks, we could not simply subtract the harmonics from the record, and, instead used

the cut-off frequency off1 = 1/36 hr1 to separate the diurnal tides, semi-diurnal tides,

and sea breeze effects from the meteorological component.

102

101

-c

10
C/)

0

10_i

10-s

- Meteorological Astronomical

1:2

'I

90%

1/50 1/25 1/16.7 1/12.5 1/10

frequency (1 /hr)

Figure 2.2. Power spectral density of observed water level at Station 021 for the 9-year
record, lower frequency limit, f2, higher frequency limit, f1, and 90% confidence
interval. Diamonds show the spectral peaks for the corresponding NOAA
astronomical tidal prediction.

Figure 2.2 also shows the there is no clear demarcation between

meteorological energy and energy within the lower frequency band. Separation is

necessary at this scale because of the various mechanisms that produce subtidal
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fluctuations in water levels. Without a low frequency limit, seasonal variation,

fortnightly and monthly tidal constituents, and other low frequency fluctuations would

be included as meteorological water levels. To efficiently isolate meteorological

water levels due to extratropical storms, it was necessary to exclude subtidal

fluctuations caused by these other mechanisms. With no clear means for selecting f2,

a reasonable range of values between 1/90 and 1/14 day' was examined and a

discussion of the sensitivity of results to f2 is included in a later section. Subsequent

analysis is based upon the representative value off2 = 1/28 day' for all four stations.

I
- 0.5

I -0.5

'5

0.5

.- 0

I -0.5
1

0.5

0

I-.

10 15 20 25

'5

?0.5
0

I -0.5
I

(c)

(d)

10 15 20 25

10 15 20 25

'5 10 15 20 25

Year day, 2001

Figure 2.3. Filtered water level components: (a) typical observed water level H, (b)
astronomical component HA, (c) meteorological component HM, and (d) low frequency
HL, at station 021 during January, 2001. The dashed lines in (b) and (c) show the
RMS of the respective components.
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Figure 2.3 shows a typical 20 day time series of the observed water level, H,

astronomical component, HA, meteorological component, HM, and low frequency

component, HL, resulting from the frequency bands presented in Figure 2.2. The sum

of these components added to the yearly mean equals the original observed water level.

The low frequency component was not of interest for this study and was discarded

from further analysis. Figure 2.3 also shows the root-mean-square (RMS) of the

astronomical and meteorological components which are used in the subsequent

analysis.

Monthly Comparison of Astronomical and Meteorological Component

To quantify seasonal variations in the significance of the meteorological

component relative to the astronomical tide, the RMS of these two components was

computed for each month at all stations for the 9-year record. The monthly average

RMS and standard deviation were then calculated and are denoted by (RMS) and ,

respectively. The subscripts A and M denote astronomical and meteorological

components, respectively. Figure 2.4a shows (RMS)A and (RMS)M, along with the

standard deviation (indicated by bars) at Station 021, Galveston Pleasure Pier. The

astronomical component exhibits a cyclic variation over the year, with peaks at

January and July and little variation from year to year as expected. On the other hand,

the meteorological component shows a peak in March and significantly lower values

during the summer months. Furthermore, the variation from year to year is much

larger, as shown by the bars, with (RMS)M exceeding (R.MS)A for many months in

some years. Individual extreme events (discussed in the next section) can be two to
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three times larger than the astronomical tidal fluctuations. Figure 2.4b shows the ratio

of (RMS)M to(RMS)A for comparison of seasonal variation at the four stations. All

stations show similar trends, particularly the peak in March and low during the

summer months.

0.25 I I I
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'i 2 3 4 56 78 9101112
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Figure 2.4. Monthly (a) average astronomical (dashed line) and meteorological (solid
line) RMS and standard deviation at Station 021 and (b) ratio of (RMS)M to

(RMS)A for each station.

The ratio was largest between September and April (months 9 4), when

meteorological fluctuations due to extratropical storms were most frequent. Station

018 stands out as having the least significant meteorological component when

compared to other stations. This might be due to the orientation of the coast in that

region (aligned roughly north-south), compared to the other three stations, as shown in



Figure 2.1. Another possibility is that the continental shelf is narrower in that

location. In any case, further research is required to answer this question.

Determining Extreme Events

Although Figure 2.4 highlights the relative importance of meteorological to

astronomical water levels, it is often important to know the extreme maximum and

minimum meteorological water levels and their corresponding return periods.

Maximum water levels, or storm surge, result in coastal flooding and are important for

emergency response and planning measures. These levels are also necessary to

calculate the clearance of vessels under bridges and power lines. Minimum water

levels, often referred to as drawdown, are significant for safe navigation and the

reduction of ship groundings in shallow and confined waterways.

To examine these types of events, an extreme value analysis was performed

following the work of Goda (1988). Goda used the Fisher-Tippett Type I (FT-I) and

four variations of the Weibull distribution to compute return periods for extreme wave

data. Here, this technique was applied to the meteorological water level component,

HM, yielding estimates of return periods for extreme meteorological water levels and

confidence intervals for these estimates.

A zero-crossing technique was applied to HM to obtain a set of maximum and

minimum water levels. To establish statistical independence, only the local maximum,

Smax, or minimum, Smin, value between crossings was included in the set. Goda

referred to this technique as the peak value method and called the resulting data set a

partial duration series. In the analysis of extreme wave data, a threshold is usually set

to censor the data (Goda 1988). The threshold selected for this analysis was the root-
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mean-square of the astronomical water level, RMSA, for the entire record at each

station (listed in Table 2.3). All data from Smax with magnitude greater than this

threshold were adopted and called extreme maximum meteorological water levels.

Similarly, all data from 5min with absolute value greater than this threshold were

adopted and called extreme minimum meteorological water levels. Burcharth (1988)

calls the use of censored partial duration series data the "peak-over-threshold method."

These two sets, 5max and Smin, were then ranked in descending order and analyzed with

the same technique, though separately. The following sections follow the work of

Goda (1988) and are repeated here for clarity.

Probability Distribution Functions

Since the probability distribution function of extreme water levels is not known,

these must be assumed and then tested. Goda proposed the following candidate

functions for extreme waves:

FT-I: F(x) = exp{-exp[-(x-B)/A]} (1)

Weibull: F(x) = 1 exp{-[(x-B)IA]"} fork = 0.75, 1.0, 1.4, & 2.0 (2)

F(x) represents the probability of non-exceedance of the variate x. A, B, and k are

location, scale, and shape parameters, respectively. The reduced variate, y, was then

defined as:

y = (x-B)IA (3)

Following Gringorten (1961), a plotting position formula is assigned to the FT-I

distribution to determine the probability, Fm, to be assigned to each extreme datum:

FT-I: Fm = 1 (m-O.44)/(NT + 0.12) for m 1,2,..., N (4)
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where NT is the total number of events from the uncensored Smax or Smin, m is the

descending ordered number starting at the largest absolute value of Smax or Smin, and N

is the size of censored Smax or Smin sets. For the Weibull distribution, Goda presented

the following plotting position formula, which he modified from Petruaskas and

Aagaard (1970) and denoted as the "New P & A":

Weibull: Fm = 1 (m-a)/(NT + 3) for m = 1, 2 ,..., N (5)

a = 0.20 +0.27/-J f3 = 0.21 + 0.32/J (6)

where NT, N, and k are defined previously, yielding four different plotting position

formulas, each corresponding to one Weibull distribution with a different k value.

Fitting the Data and Calculating Return Periods

The non-exceedance probability was calculated for each datum within the censored

Smax and Smin by Eq. 4, 5, & 6. For each Fm, the reduced variate was then computed by

the following:

FT-I: y(m) = lfl[Afl(Fm)] (7)

Weibull: y(m) = {-ln(1 Fm)]1 (8)

Since there should exist a linear relation between the ordered variate x(m) and the

reduced variate y(m), we assumed:

X(m)= A Y(m) + B (9)

and then solved by linear regression in order to estimate A, B, and fit the data.
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From Eq. 9, return values, XR, for a given return period, R, were calculated by:

XRAYR+B (10)

[ FT-I: yR=-ln{-ln[1-1/OR)]} (11)
where:

L
Weibull: YR = [ln(?. R)]1 (12)

= NT/T T= length of record (yrs)

The parameter X describes the average number of events per year. The correlation

coefficient, r, between the ordered variate, X(m), and the reduced variate, Y(m), was then

evaluated to determine a best fit to the extreme data from the five probability

distributions.

A technique for estimating the standard deviation, cs(xR), and corresponding

confidence limits of return values for the different distributions was also included by

Goda, referencing Gumbel (1958). Equation 13 provides the formulation of the 95%

confidence limits:

(xR l.9óOXR),XR+ l.96a(XR)) (13)

where cJ(XR) was between 0.005 to 0.1 m for a range of return periods at the four

stations.

Seasonal and Spatial Variation of Extreme Water Levels

Comparisons of the correlation coefficients among the stations for the

candidate distributions showed that each distribution performed equally well, with

high correlation coefficients ranging from 0.974 to 0.998. Therefore, it is reasonable

to use the probability distributions proposed by Goda for extreme waves to

approximate return periods for extreme meteorological water levels. On average, the
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FT-I distribution was the best fitting distribution, although the difference in

performance from the Weibull distributions was not statistically significant. Figure

2.5 shows a plot comparing the return period results from the five distributions fitted

to maximum water levels at Station 021. The figure illustrates that the return period

results were relatively insensitive to selection of the probability distribution,

particularly for the shortest return periods. Even the largest differences, found at the

tail of the distributions, fell within the 95% confidence limits, as can be inferred by

comparison between Figure 2.5 and Figure 2.6.
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Figure 2.5. Five probability distributions fitted to extreme maximum meteorological
water levels for Station 021.
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The water levels (ordinate axis) in Figure 2.6 were normalized by the censoring

threshold, RMSA, as given in Table 2.3.

For clarity, the extreme 0.3 m and 0.5 m water levels are also shown in the

figure, where the critical level of 0.3 m, or 1 ft, is based upon a pilot's need for under

keel clearance and represents a worst case scenario for errors associated with water

level prediction criteria (NOAA 1999). Therefore, any extreme water level greater

than 0.3 m was deemed significant. The 0.5 m water level is provided for reference.

As can be seen in Figure 2.6, the maximum extreme water level of 0.3 m at Station

021 has an expected return period of about 0.25 years, or roughly 4 occurrences per

year. The minimum extreme at this same level has a return period of about 0.17 years,

or almost 6 times per year. From the figure it is also clear that for any given

significant extreme water level, the expected return period is shorter for the extreme

minimum (drawdown) at Station 021.

Table 2.3 summarizes the return periods computed for the given significant

maximum and minimum extreme water levels at the four stations. The number of

extreme events exceeding the censoring threshold, N, and the total number of events,

NT, are also included. A hyphen denotes return periods omitted because they

exceeded 30 years and could not be accurately determined from the 9-year record of

observations. To represent the uncertainty in the return periods listed in Table 2.3, a

range of return periods that can be inferred from the confidence limits in Figure 2.6 is

also included.
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Table 2.3. Censoring threshold RMSA, number of events N and NT, and return period
in years for critical water level of 0.3 and 0.5 m at each station. A representative
range of return periods for the given water level is included in the column to the right,
and can be inferred from the Figure 2.6 for Station 021.

Return Period (yr)RMSA N NT 0.3 m Range 0.5 m Range(m)
Max 169 585 0.42 0.28, 0.86 8.07 2.78, 78.10016 0.146
Mm 177 585 0.20 0.17, 0.28 1.37 0.85, 2.65
Max 139 647 0.24 0.18,0.39 3.41 1.41, 22.46021 0.186
Mm 145 647 0.17 0.14, 0.22 1.01 0.65, 1.88
Max 158 499 2.05 0.96, 9.54009 0.100
Mm 144 499 2.36 1.36,5.17 -

Max 83 610 4.78 1.69, 76.80018 0.138
Mm 71 610 7.14 3.20, 26.18

From Table 2.3, variation in return periods between stations is evident. The

two northernmost stations, 016 and 021, claimed the shortest return periods for

significant water levels (those above 0.3 m). Stations 009 and 018 on the other hand,

yielded return periods one order of magnitude longer for the same extreme water

levels. Furthermore, the maximum water levels exceeded the minimum water levels

for given return period at Stations 009 and 018, opposite to the two stations to the

north. Significant extreme maximum and minimum water levels exceeding 0.3 m

caused by extratropical storms can be expected to occur frequently (about 5 times per

year) along the northwestern coast of the Gulf of Mexico. The significant extreme

minimum water levels, which are most important for safe navigation, occur slightly

more often than significant maximum extreme water levels.

From analysis of the average monthly RMS, the majority of extreme maximum

and minimum meteorological water levels were expected during the winter and early

spring months. As a result, the extreme maximum and minimum water levels were
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sorted into three, four-month "seasons." Table 2.4 provides a comparison of N for the

three seasons at each station over the 9-year record. From Table 2.4 it is clear that the

majority of extreme meteorological water levels occur from September to April.

These were the same months with largest ratio of (RMS)M to (RIIvIS)A in Figure 2.4.

For all stations, January through April contained the largest number of extreme events.

Looking at differences between locations, Station 018 showed the fewest number of

events, about half that of Station 016. Table 2.5 also illustrates that Stations 016 and

021, the two northernmost stations, experienced slightly more minimum than

maximum water levels, while Stations 009 and 018 exhibited the opposite trend.

Table 2.4. Seasonal comparison of extreme meteorological events.

Jan- May- Sep-
TD April Aug. Dec.

N N N
Max 89 18 62016
Mm 92 14 71
Max 79 11 49

021
Mm 81 9 55
Max 77 31 50009
Mm 65 26 53

018 Max 48 6 29
Mm 38 5 28

Sensitivity Analysis

As mentioned previously, a low frequency limit, f2, was needed to isolate the

effects of extratropical storms. With no clear method for selecting this limit, a range of

frequencies between 1/14 and 1/90 day1 was tested. Decreasing the frequency limit

resulted in increased variability in the meteorological component as well as larger

extreme meteorological events. Figure 2.7 illustrates the differences in minimum



27

water level return periods for a range of values off2 at Station 021 and compares them

with the 95% confidence limits for the 1/28 day' case. The maximum water level

return periods and the results for the other stations were similar and are not shown for

brevity.
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Figure 2.7. Normalized extreme minimum water level return periods and 95%
confidence limits for the FT-I distribution withf2 = 1/28 day'. The bars show the
range of the fitted distribution for f2 between 1/14 (lower) and 1/90 day1 (upper).

For a given return period, the largest expected extreme water level comes from

the lowest frequency limit tested, 1/90 day'. Figure 2.7 also indicates that the range

of cut-off frequencies from 1 / 14 to 1/90 day1 gave fitted distributions that fell within

the 95% confidence limits for a 1/28 day1. Therefore, the 1/28 day1 limit used

throughout this paper was selected as a median value that provided a representative

estimate of meteorological water levels at all four stations. Table 2.5 summarizes the



results from Figure 2.7 by giving the return periods for significant extreme water

levels for three values off2 at Station 021.

Table 2.5. Return periods of extreme water levels at Station 021 for three lower
frequency limits, corresponding to the distributions shown in Figure 2.7.

f2 (day') Return Period &r)
0.3m 0.5m

Max 0.37 5.861/14
Mm 0.19 1.07

1/28 Max 0.24 3.41
Mm 0.17 1.01
Max 0.23 1.221/90
Mm 0.14 0.78

Conclusions

Nine years of observed water levels at four stations along the northwestern coast of the

Gulf of Mexico have been analyzed to draw the following conclusions:

1. The meteorological component of observed water levels forced by

extratropical storms (meteorological tide) was nearly as large as the

astronomical tide between September and April, with a peak in March that

exceeded the astronomical tide at two stations. (Figure 2.4).

2. The probability distributions proposed by Goda gives reasonable description of

the extreme meteorological water levels presented (0.974 <r < 0.997),

particularly for the short return periods of interest for both surge and

drawdown.

3. Significant extreme (0.30 m) maximum and minimum meteorological water

levels forced by these storms occur most frequently along the northern coast

during the winter months, with return periods between 0.17 and 0.42 years.



29

4. These return periods increased for the two southern stations, with return

periods in the range of 2.0 to 7.1 years.

5. For the two northern stations, the magnitude of the extreme minimum levels

were significantly larger than the maximum levels for a given return period,

with this trend reversed for the two southern stations.

The frequency and significance of these extreme water levels, coupled with the need

for reliable water level information to facilitate safe navigation, motivates the

inclusion of meteorological effects into the prediction of water levels in the region,

particularly at major port locations. Further research will utilize observed

hydrological and meteorological data, combined with numerical models, to

incorporate meteorological effects into the forecast of water levels for the significant

extreme events presented here.
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Abstract

Accurate knowledge of water levels during storms plays a critical role in safe

navigation, marine construction, and emergency management in coastal waters of the

northwestern Gulf of Mexico. Traditionally, tropical storms and hurricanes have

received most of the attention in modeling and water level forecasting in the region.

However, frontal systems associated with extratropical storms produce significant and

more frequent subtidal fluctuations in water levels, especially during the winter and

spring months. This paper presents the limited accuracy of the finite element (FE)

hydrodynamic model ADCIRC, as applied here, in simulating the water level response

during such storms at Galveston Bay, Texas, and describes a technique to improve

ADCIRC output using artificial neural networks (ANN). The resulting hybrid

FE/ANN approach benefits from the physics of the numerical model and the data

assimilation capability of the neural network. Comparisons show that the hybrid

approach outperforms other methods and with further refinement could be used to

provide operational forecasts of water levels at Galveston Bay during storms.

Keywords: Water levels; Forecasting; Storm Surge; Artificial Neural Networks; Finite
Element; Navigation
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Introduction

The need for accurate prediction of water levels continues to increase,

particularly within the shallow and confined waterways of Galveston Bay and the

northwestern Gulf of Mexico (GOM). The region is characterized by low amplitude

tides and strong winds (Smith 1978). The tides are generally well predicted using

traditional harmonic techniques. However, due to regional meteorology and a very

broad and shallow continental shelf (Ward & Armstrong 1992), storms greatly affect

water levels and frequently control the total water level fluctuations. The difference

between observed water levels and the predicted tides at Galveston Bay varies over the

seasons, with strong winter and spring frontal systems causing the most frequent and

extreme non-astronomical fluctuations, if hurricanes and tropical storms are excluded

(Darnell et al. 2004). As a result of these frontal systems, the difference between

observed and predicted water levels near the entrance to Galveston Bay is often as

large as the tidal range itself (Cox et al. 2002). While storm surge presents flooding

hazards for low lying areas, drawdown of water levels reduces under keel clearance of

deep draft vessels. This has been a significant problem for commercial shipping and

navigation, evidenced by the 1,240 ship groundings attributed to adverse tides and

wind conditions in Galveston Bay between 1986 and 1991 (NOAA 1996).

To address the need for better knowledge of local conditions and to improve

navigation safety, the National Oceanic and Atmospheric Administration (NOAA)

created the Physical Oceanographic Real-Time System (PORTS). PORTS provides

real-time observations of water levels and currents at Galveston Bay and a number of

other major ports, with data available over the phone or on the Internet (NOAA 1996).
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While PORTS has aided in improving navigation in Galveston Bay through

dissemination of real-time observations, it currently relies on traditional harmonics

tecimiques for water levels forecasts.

Even though meteorological effects can be as important as the astronomical

tide, there has been limited effort to improve forecasting of water levels by inclusion

of meteorological effects at Galveston Bay. Fortunately, a number of deterministic

hydrodynamic models exist that provide the ability to couple astronomical and

meteorological forcing to simulate and forecast the effects of storms in coastal regions

(Bode & Hardy 1997). However, as Babovic et al. (2001) note, these numerical

models are not perfect. Errors arise because it is impossible to know the initial

conditions and evolution of forcing terms throughout an entire modeling domain. In

addition, simplification of model physics, empirical parameterization, and under-

resolved spatial phenomenon all combine to produce model errors. Thus, purely

deterministic hydrodynamic models alone can be problematic for use in operational

forecasting systems. As a result, a trend has developed towards coupling numerical

models with hydroinformatic systems, in order to allow for data assimilation that

improves operational model results (Abbott 1991; Abbott 1997; Caflizares & Madsen

1998). A number of such assimilative operational storm surge forecast systems now

exist in Europe (Bode & Hardy 1997).

Data assimilation involving the use artificial neural networks (ANN) has

recently grown more popular. ANN can be thought of as distributed parallel

processors or connectionist networks capable of making use of vast sets of data

(Govindaraju & Rao 2000). Fundamentally, the power of ANN rests in their ability to
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learn without explicit knowledge of the underlying processes, universally

approximate/generalize, and dynamically and efficiently process data (Govindaraju &

Rao 2000). ANN have been developed and successfully applied in many fields of

science and engineering. For example, they have been particularly widely applied in

the field of hydrology for river flow forecasting (Govindaraju & Rao 2000) and have

also been used to provide short term coastal water level predictions (Tsai & Lee 1999,

Vaziri 1997). Recently, Cox et al. (2002) demonstrated that ANN can be used to

significantly improve short term forecasts (t < 24 hrs) of the coastal water level at

Galveston Bay. Following this work, Nam (2002) confirmed the efficacy of ANN by

successfully forecasting subtidal water level fluctuations at Galveston and Corpus

Christi Bays.

Motivated by the need to provide more accurate short term water levels

forecasts within Galveston Bay during storms, this paper (1) illustrates the limited

accuracy of the hydrodynamic model ADCIRC in prediction of water level response

during storms, (2) introduces a simple hybrid approach that couples hydrodynamic

model output with a data assimilative ANN, and (3) shows that this hybrid FE/ANN

approach provides advantages over other short term water levels forecasting

teclmiques.

Site Description

Galveston Bay is a shallow estuarine system located on the Texas coast in the

northwestern Gulf of Mexico. The bay provides diverse habitats for a variety of

wildlife, fish, and shellfish while simultaneously serving as a transportation route for
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the Port of Houston, the second largest port in the United States. In addition, the bay

is a highly utilized recreational and commercial fishery (Shipley & Kiesling 1994).

The bay is actually a system composed of four primary sub-bays (Trinity Bay,

Galveston Bay, East Bay, and West Bay) and is named for the largest of these, which

is bisected by a group of natural shoals and islets called Redfish Bar. The parts of the

bay north and south of Redfish Bar are often designated "Upper Bay" and "Lower

Bay", respectively (USACE 1999). Figure 3.1 shows an overview of the northwestern

coast of the GOM, with a detail of the Galveston Bay system.

Figure 3.1. Overview of the northwestern Gulf of Mexico and detail of Galveston Bay.

This system covers approximately 1500 km2 with average water depth between

2 and 4 m (Shipley & Kiesling 1994). The bay is fronted by more than 50 km of low

lying barrier islands with a Gulf shoreline oriented nearly parallel to NE/SW direction.

The 45 km Galveston Island and 30 km Bolivar Peninsula close the system to the

south and limit tidal exchange with the GOM to three locations: Bolivar Roads, San
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Louis Pass, and Rollover Pass. Nearly 80 % of the Bay's tidal exchange passes

between Galveston Island and Bolivar Peninsula through a large, stabilized, inlet at

Bolivar Roads. San Louis Pass, a natural inlet connecting the GOM to West Bay at

the western end of Galveston Island, accounts for most of the remaining 20 % of tidal

exchange. A small man-made cut through the north end of Bolivar Peninsula, called

Rollover Pass, provides some limited communication between the Gulf and East Bay,

though its overall contribution is insignificant (Shipley & Kiesling 1994).

The 80 km Houston Ship Channel (HSC) connects with the GOM at Bolivar

Roads, providing vital links to the Ports of Houston, Texas City, and Galveston, as

well as the Gulf Intracoastal Waterway that runs along the length of the GOM. From

Bolivar Roads, the HSC makes its way northwest across the bay towards Morgans

Point and then into the San Jacinto River and Buffalo Bayou, towards the city of

Houston. Approximately half of the HSC is located within the bay, with the

remainder in the San Jacinto River and its tributaries (USACE 1996). The HSC is

routinely dredged in order to maintain a channel depth of at least 12 m, substantially

deeper than the natural water depths occurring throughout the bay. As a result, the

channel has altered circulation in the bay (Lester 2002).

Dominant Processes

Four physical processes influence water levels and currents in the bay:

astronomical tides, meteorology, density driven currents, and freshwater inflow. Of

these, tides and meteorology have the greatest influence on water levels, though the

relative importance of each varies over time and through the seasons (Ward &

Armstrong 1991). At the open coast, the tides are mixed with astronomical range less



than 1 m near the entrance to the bay. The tidal range within the bay is reduced by 30

to 60 percent, depending upon location (Ward & Armstrong 1992).

With such low amplitude tides, meteorological forcing is often the dominant

factor influencing water level fluctuations in the bay. Seasonal meteorological!

atmospheric effects in the Gulf of Mexico cause annual, bimodal water level

fluctuations along the Texas coast, with spring/fall maxima and winter/summer

minima. These long term fluctuations are dominated by the fall maximum and winter

minimum, with a range of about 0.3 m (Ward & Armstrong 1991). On shorter time

scales, the shallow shelf of the northwestern GOM, on which the bay sits, makes it

particularly responsive to wind stress (Ward & Armstrong 1992). Even moderate

winds can create significant effects, particularly in the upper reaches of the bay,

depressing water levels as much as im below mean low tide (USACE 1996). Guannel

(2001) showed that much of the fluctuations in the upper bay are caused by remote

effects at the open coast propagating into the bay and local wind stress effects.

Previous analysis by the authors has shown that both significant surge and drawdown

events occur about 4 times per year in Galveston Bay, concentrated during the winter

and spring months that see the most severe extratropical storms (Darnell et al. 2004).

The watershed providing freshwater inflow to the Bay covers over 85,000 km2

and includes the two largest metropolitan areas of Texas. Control structures on the

major rivers in the upper watersheds have limited the amount of freshwater inflow

coming to the bay from remote sources. Now, Galveston Bay receives the bulk of its

inflow via direct drainage from the City of Houston through Buffalo Bayou and the

HSC, as well as additional drainage from the San Jacinto River basin (Shipley &
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Kiesling 1994). Freshwater inflow does affect circulation and water levels within the

bay. However, the analysis of Guannel (2001) showed that the most of the subtidal

fluctuations can be explained by remote forcing and local wind effects. Density

driven currents are not expected to be important components of the water levels

fluctuations during storms.

Observations

The meteorological and water level observations utilized in this research were

provided by the Division of Nearshore Research at Texas A&M University Corpus

Christi through the Texas Coastal Ocean Observation Network (TCOON). TCOON

provides a variety of real-time meteorological and hydrological data from over 40

stations in the northwestern GOM and has been in operation for more than 10 years

(Michaud et al. 1994). The data are collected, archived, and are made available on the

internet in a number of formats.

Observations were gathered from 1997-200 1 at four TCOON stations in the

Galveston Bay area: Galveston Pleasure Pier (021), Port Bolivar (521), Eagle Point

(507), and Morgan's Point (503). Station 021 is located on the open coast south of the

entrance at Bolivar Roads and has the best set of hydro/met data among the available

coastal stations in the area. In addition to water levels, hourly observations of wind

speed, wind direction, and barometric pressure at Station 021 were also collected. The

other three stations are located within the bay along the HSC, with Station 521 located

nearest the mouth, Station 507 in the mid-bay, and 503 in the upper bay. Though

some meteorological data were available, water level was the primary observation of

interest for the in-bay stations. The location of these stations, denoted by station



number, is shown in Figure 3.1. Table 3.1 provides a summary of the TCOON

stations used here.

Table 3.1. TCOON observation stations, identification number, location, and distance
to the bay mouth.

Station Name ID Location Dist. to
Mouth (km)

Galveston Pleasure Pier 021 29° 17.1' N 94° 47.3' W 5.0
PortBolivar 521 29°21.8'N 94°46.7'W 7.6
Eagle Point 507 29° 29.9' N 94° 54.7' W 21.5
Morgans Point 503 29° 40.6' N 97° 59.1' W 45.0

Using an extended record of water level observations at Station 021, the authors

previously completed a return period analysis to quantify the significance of extreme

storm surge and drawdown events (Darnell et al. 2004). Informed by these results, 14

cases, each of 20-day duration, have been selected to simulate a wide range of extreme

water level events. Figure 3.2 shows the magnitude of these events and estimated

return period. Open triangles indicate events occurring during the selected 14 cases,

with the corresponding case number denoted above each. Since the duration of the

simulations was 20 days, multiple storm events often occurred during each case. Table

3.2 provides a summary of these cases that includes the year, start and end of each

case (yearday), the largest surge and drawdown at Station 021 during each case, and

corresponding return periods. The bottom two rows show cases 13 and 14, those cases

with the most extreme surge and drawdown, respectively.
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Figure 3.2. Return period and corresponding magnitude of extreme storm surge (solid
line) and drawdown (dashed line) events at Station 021.

Table 3.2. Case number, year, start and end days, magnitude and return period of
largest surge and drawdown event for each of the 14 cases simulated.

Case # Year Run Days 1lsurge Tsurge Tidrawdown Tdrawdown

(m) (yr) (m) (yr)
1 1997 40 60 0.30 0.23 0.32 0.21
2 1997 325 345 0.36 0.54 0.21 0.08
3 1998 110-130 0.34 0.35 0.21 0.08
4 1999 10 30 0.32 0.28 0.47 1.05
5 1999 90-110 0.35 0.40 0.31 0.19
6 1999 339-359 0.27 0.14 0.41 0.40
7 2000 20 - 40 0.35 0.49 0.19 0.06
8 2000 320 - 340 0.32 0.29 0.40 0.35
9 2000 340 360 0.39 0.94 0.57 1.37
10 2001 7 27 0.41 1.62 0.36 0.27
11 2001 39- 59 0.31 0.25 0.38 0.29
12 2001 59 79 0.30 0.24 0.44 0.54
13 1998 40 60 0.63 16.07 0.40 0.37
14 1999 60 80 0.37 0.66 0.69 16.07
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To illustrate some representative observations during the cases, Figure 3.3

shows (a) observed water level at Station 021 (thick solid line), corresponding

astronomical tidal prediction (dashed line), and (b) the observed wind vector,

indicating wind speed (WS) and direction for Case 5. For the days 98 to 100,

observations at Station 021 match the astronomical tidal prediction.
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Figure 3.3. Observations of(a) water level (solid line) and predicted tide (dashed) at
Station 021, (b) winds at Station 021, and comparisons between stations for (c) calm
period and (d) moderate storm event during Case 5.

Detail (c) shows that observations at the in-bay stations are also essentially periodic,

resulting from the astronomical tide. There is a clear phase lag, indicating northward

propagation of the tide from the mouth to the upper reaches of the bay. Conversely,

the storm occurring from day 104 through 108 causes a visible difference between

observed and predicted water level at Station 021. The resulting storm surge and
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subsequent drawdown dominates fluctuations at the in-bay stations (d). The figure

also suggests that local wind stress and bay geometry can amplify the remote effects

within the bay, often making the range of water level fluctuations greatest in the upper

bay at Station 503.

To quantify the observed winds, Figure 3.4 shows the wind rose at Station 021

for (a) 1997-2001 and (b) during the 14 cases selected for this work. The figure

indicates the directions towards which the wind is blowing (wind vector) and the

percentage of wind speeds that compose the directions over the record. Southeast

winds (those blowing towards the northwest) prevail for much of the year. These

onshore winds are relatively constant throughout the summer months. Comparison

between (a) and (b) indicates the wider range of wind speed and directions observed

during the 14 cases. The strong frontal passages, or 'northers', occurring during these

cases are characterized by rapid increase in wind speed and shifts in wind direction, as

illustrated by Figure 3.3.

(a) Galveston Pleasure Pier - Station 021 1997-2001
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Figure 3.4. Wind rose showing direction wind blows towards for (a) the entire 5 year
record and (b) for the 14 cases selected.



Method

ADCIRC Formulation

To account for local meteorological wind forcing and remote effects

propagating into the bay from the GOM, the 2DDI version of the hydrodynamic model

ADCIRC was utilized to simulate water levels in Galveston Bay for the 14 selected

cases. ADCIRC (ADvanced three-dimensional CIRCulation model) is a commercially

available hydrodynamic model that was developed to simulate both 2D and 3D

hydrodynamic circulation for bays, estuaries, continental shelves, and coasts with

large computational domains (Luettich et al. 1992). The 2DDI version of ADCIRC

solves the non-linear form of the two-dimensional, depth integrated, shallow-water

equations of motion over a finite element (FE) spatial domain using a three-time-level

finite difference (FD) method. To avoid spurious modes of oscillation associated with

Galerkin FE solution techniques, the generalized wave-continuity equation (GWCE)

replaces the primitive continuity equation in the solution. The GWCE is derived by

combining the time derivative of the primitive continuity equation with the spatial

derivative of the momentum equations and adding the primitive continuity equation

weighted by a numerical parameter i (Luettich et al. 1994). This parameter, called

the GWCE weighting parameter, is purely a numerical value that serves to balance the

primitive continuity portion of the GWCE to improve mass conservation. The

algorithms used in the solution make the model stable, accurate, computationally

efficient, and highly flexible. However, like most other numerical models of this

complexity and scale, the results are sensitive to spatial and temporal discretization as

well as model control parameters and boundary conditions used in forcing. Luettich et
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al. (1992; 1994) provides a detailed description of governing equations, formulation,

and solution techniques.

Developing FE Grid

ADCIRC requires a discretized unstructured grid composed of nodes forming

triangular elements that may vary widely in scale. Each node is assigned a horizontal

location, in either Cartesian or spherical coordinates (lat, ion), and a water depth. Grid

resolution depends primarily upon local bathymetry, shoreline geometry, as well as the

length and time scales of expected hydrodynamic conditions. The largest elements are

typically located in deep water and serve to increase computational efficiency. When

local shoreline geometry plays an important role in the hydrodynamics, proper grid

resolution is essential to adequately resolve flow. This is particularly true for inlets

that control exchange with the local coastal ocean (Blain et. a! 1995).

Initial testing of an existing Galveston Bay grid showed instabilities in the

model results due to inadequate resolution of the grid in the upper reaches of the bay

and within the lower portions of the San Jacinto River. As a result the original grid

was modified to resolve the instability issues and increase the accuracy of the results

along the bay shoreline and near the HSC. The final result was a grid with 10397

nodes and 18930 elements, shown in Figure 3.5. This grid corresponds to the area

shown in Figure 3.1. The individual elements range in scale from 10 m to 1 km. The

offshore boundary extends to a maximum of 20 km from the shore and covers about

100 km along the open coast. Simulated water levels were recorded at the

corresponding locations of the four TCOON stations.
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Figure 3.5. Finite element grid used in the ADCIRC simulations.

Model Control Parameters

ADCIIRC requires careful selection of the parameters that control empirical

coefficients, model physics, boundary conditions, and solution techniques. A series of

iterative test cases with simple sinusoidal forcing were used to determine many of the

final control parameters. Testing the model with the actual cases gave the final

adjusted combination of parameters, most notably the GWCE weighting parameter

and time step. In final form, the 2DDI ADCIRC model was run in spherical

coordinates with metric units, and the solution included finite amplitude terms as well

as all advective terms of the GWCE. For bottom stress parameterization, a hybrid

nonlinear bottom-friction law was adopted that results in quadratic bottom friction in

deep water and a depth dependent bottom friction in shallow water. A spatially

constant Coriolis parameter was used, and tidal potential/lode tide forcing was

ignored. For each simulation, the model was spun up over a period of one day with a

hyperbolic tangent ramp applied to all forcing. Additionally, wetting and drying of
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nodes was allowed. Of all the model control parameters, the model time step, dt, and

the GWCE weighting parameter, t0, proved most important. A range of dt between 1

and 8 seconds was investigated, with dt=3 s yielding both efficient computations and

stable model results. A value for the GWCE weighting parameter, t0 = 0.01, was

chosen for the final ADCIRC simulations, based on comparisons over a range t0 for

many cases.

Forcing

ADCIIRC can be forced with free surface boundary conditions, normal

boundary fluxes, free surface wind stress, atmospheric pressure, Coriolis force, and

tidal potential. The most commonly applied forcing is periodic forcing of the

offshore boundary using established tidal constituents. For the Gulf of Mexico, these

results show good agreement with astronomical tidal records reconstructed from

observations on the open coast (Luettich et al. 1994). However, the astronomical tides

only account for part of the water level fluctuations observed at Galveston Bay. To

simulate actual water levels within the bay, observations of the water level, wind

speed, and wind direction at TCOON Station 021 were used to force the model.

To create the offshore boundary forcing, hourly observations of the water level

at Station 021 were applied uniformly in space to each of the offshore boundary nodes.

These hourly observations were resampled at the model time step using linear

interpolation, and the results were insensitive to this interpolation. For brevity, we

will refer to fluctuations of the offshore boundary generated from hourly water level

observations at TCOON Station 021 as the remote forcing, following the

nomenclature of Garvine (1985). It is acknowledged that this method of generating



the offshore boundary forcing may introduce some error into the results from tidal

phase differences along the coast. However, subtidal storm induced fluctuations occur

on a much larger scale and are well accounted for with this method of boundary

formulation.

Wind observations from Station 021 were used to compute wind stress

following the drag coefficient parameterization of Garratt (1977) and wind stress

formulation of Westerink et al. (1992) for use in ADCIRC simulations. A spatially

constant, time variable wind stress field was then created in order to provide local

wind stress forcing for the simulations. For use in ADCIRC, the observed wind stress

was resolved into its North/South and East/West vector components. For simplicity,

wind stress forcing will be referred to as local forcing, and it was applied uniformly to

the free surface throughout the domain. Barometric pressure records were available at

select TCOON station locations for the years 1997 2001 but were not used as

forcing, due to the inability to adequately resolve spatial variation in the pressure field

over the model domain. Temporal variations of a uniform pressure field yielded

insignificant changes in model output. For all simulations, a standard atmospheric

pressure was used as input throughout the domain.

To examine model response, ADCIRC was forced in three distinct ways for

each of the 14 cases: remote forcing only (R), local forcing only (L), and coupled

remote/local forcing (RL). Additionally, the independent R and L cases were linearly

superposed to form a fourth result, denoted RLLS.



ADCIRC Simulation

Figure 3.6 shows the simulation for Case 5. The water level observations and

wind stress used to force the model are given in panels (a) and (b), respectively. The

water level response to local forcing at the three in-bay TCOON stations is shown in

(c). Panel (d) shows the simulation results at Station 503 for R (solid line), RL (dotted

line) and RLLS (dashed line) along with observed water level.
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Figure 3.6. Simulation of Case 5 showing (a) boundary forcing (b) applied wind stress
(c) local forcing results at the in-bay stations and (d) observed water level (thick
line)with R (dashed line), RL (solid line) and RLLS (dotted line) at Station 503.

The model responded well to local forcing, with the largest response at Station 503, as

demonstrated by the figure. Throughout the cases, Station 503 showed the most
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influence from local wind stress forcing, supporting the idea that local forcing

becomes more important for stations in the upper reaches of bays and estuaries, as

indicated by Garvine (1985).

As Figure 3.6 shows, remote forcing poorly predicted the surge at day 94 and

drawdown near day 106, a common result seen throughout the cases. Overall, the RLc

and RLLS results were very similar to each other. Both were high biased, tending to

substantially under predict the drawdown and only slightly over predict surge. In

general, the astronomical tides were over-damped within the upper bay, which in part

contributed to the larger model error at Stations 507 and 503. Table 3.3 provides the

average root mean square error (RMSE) over the 14 cases at the four TCOON stations

for the three estimates of the total water level (R, RL, RLLS). A representative

standard deviation, a, between the cases is included for each station.

Table 3.3. Average RMSE over the 14 cases for three estimates of the total water level
from ADCIRC results. The standard deviation between cases is included at the
bottom.

RMSE (m)
021 521 507 503

R
RL
RLLS

0.02
0.02
0.02

0.05 0.10
0.06 0.10
0.06 0.10

0.15
0.13
0.14

cr 0.00 0.01 0.02 0.03

Following NOAA standards, error was computed by subtracting the observed water

level from the model output (NOAA 1999). The table demonstrates that RMSE

increased with distance from the mouth and shows that Station 503, located furthest

from the bay mouth, recorded the largest average RMSE. At this station, the best

results came from RL estimate of total water level.
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To better quantify ADCIRC performance, a subset of NOAA (1999) standard

skill assessment variables were adopted and computed for each case. Table 3.4

provides these values at Station 503 for RL forcing. A description of each variable

can be found in the notation section. Results are given for each case, along with the

average or maximum duration observed (denoted with asterisks) over the 14 cases.

The table also provides NOAA acceptance criteria for test nowcast (forecast) systems

at the bottom in italics. The standard value of X = 0.15 m was adopted (NOAA 1999).

The average RMSE in the second colunm of Table 3.4 conesponds to that reported in

Table 3.3 for RL forcing at Station 503.

Table 3.4. Standard NOAA skill assessment variables at Station 503 for the 14 cases.

case RMSE CF(X) POF(2X) MDPO(2X) NOF(2X) MDNO(2X) WOF(2X)
(m) (%) (%) (hr) (%) (hr) (%)

1 0.10 84.3 0.0 0 0.0 0 0.0
2 0.10 84.1 0.7 3 0.0 0 0.7
3 0.13 74.8 0.2 0 0.0 0 0.2
4 0.10 91.0 2.8 9 0.0 0 0.0
5 0.13 77.4 4.6 17 0.0 0 0.5
6 0.16 67.0 7.2 11 0.0 0 2.8
7 0.16 58.9 4.8 9 0.0 0 4.4
8 0.13 74.1 1.8 5 0.0 0 0.9
9 0.15 68.8 7.9 22 0.0 0 0.7
10 0.17 64.4 10.4 14 0.0 0 5.8
11 0.10 86.6 0.2 0 0.0 0 0.0
12 0.10 88.2 0.5 2 0.2 0 0.5
13 0.14 70.0 3.9 5 0.0 0 3.2
14 0.17 80.1 8.5 35 0.7 3 0.7

AVE 0.13 76.4 3.8 0.1 1.5
GRIT none 90 1 24(3) 24(3) O.5

Review of Table 3.4 indicates that the ADCIRC simulations did not satisfy

many of the NOAA skill criteria, listed in the bottom row of the table. Most notably,
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the model results frequently contained large positive outlier errors that persisted for

extended durations, as indicated by POF and MDPO respectively. The most

significant of these errors consistently occurred during drawdown events, though a

few resulted from rapid variations in the observed water levels that were not well

resolved in the model. Case 14, which contained the most extreme drawdown event of

all the cases, shows the longest consecutive duration of positive outlier error at 35

hours. For Case 13, the extreme surge was well modeled, as was seen throughout the

cases.

It should be noted that the focus of this paper is not to criticize the performance

of ADCIRC as a tidal or storm surge model. Rather, the intent is to highlight the

limited accuracy of ADCIRC, as it was applied here to extreme meteorological events,

to account for the extreme drawdown. In the next session we present a means to

improve ADCIRC results in the context of making better water level forecasts during

extreme events.

FE/ANN

Overall, the ADCIRC simulations alone did not demonstrate adequate skill, as

judged by NOAA criteria for nowcast/forecast systems. However, the errors

throughout the cases were consistent. With many cases and a large set of observations,

these ADCIRC simulation results were well suited for inclusion as input to an ANN

that could be used to improve these model outputs and provide more accurate forecasts

of water levels. Station 503, the station with the largest error throughout the cases and

also the most responsive to wind stress, was selected for use in developing and testing
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such a hybrid FE/ANN approach. From a practical point of view, Station 503 is also

the station closest to the Port of Houston.

ANN take sets of weighted scalar input and pass them through a series of inter-

cormected processing units, called neurons. Figure 3.7 shows a schematic of a simple

neuron, where anows indicate flow of input information. Each neuron is composed of

a junction that sums a set of weighted scalar input(s), assigns some bias, and passes

this value through a transfer function, denoted asf Through training, the weights and

biases are iteratively adjusted until the ANN can successfully approximate some target

output. Essentially, the network nonlinearly maps a set of inputs to a desired output.

INPUT

Ii

12

13

NEURON OUTPUT
\ (Th

WN

O=J(WI+b)

Figure 3.7. Schematic of a neuron showing inputs, I, weights, W, bias, b, transfer
function,f, and output, 0.

Neurons can be interconnected in series and parallel to form complex networks

with many layers, each containing multiple neurons. In a simple network, the outputs

of the first layer of neurons are assigned weights and passed along to the next layer as

inputs. The process continues until reaching the output layer. This operational

scheme is called feed forward, since information flows in one direction from the input

side to the output side of the network. The layers between the initial input and output
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layer are referred to as hidden layers. The topology (or number of layers and neurons

within those layers) of a neural network with three neurons in one hidden layer and a

single neuron in the output layer can be simply denoted as [3 1].

Though weights and biases are adjusted iteratively within the ANN through

training, the user must carefully consider model input structure, network topology, and

training methods. To develop the present FE/ANN for Galveston Bay, selection and

testing of these was informed by previous work of Cox et al. (2001), Tissot et al.

(2003), and Nam (2002), who applied data driven ANN to predict the coastal water

level at Galveston and Corpus Christi Bays.

Input/Target Data Structure

While ANN techniques are powerful, the results are sensitive to the inputs and

targets selected for training. Therefore, to select the most relevant model inputs it is

beneficial to have a good understanding of the important physical processes and

systematic errors of the deterministic model (Babovic et al. 2001). The focus here was

to improve upon the ADCIRC simulated water level at Station 503, particularly during

storm events. Therefore, the target data was set as the observed hourly water level at

Station 503. A range of inputs were considered in addition to the hourly sampled

ADCIRC water level at Station 503, resulting from coupled remote/local forcing

simulations. Nam (2002) and Cox et al. (2001) demonstrated that wind stress can be

used to nowcast coastal water level using ANN. So the vector component wind stress

used to force the ADCIRC simulations was considered as input to the ANN model.

Since the ADCIRC results under predicted the tidal fluctuations within the bay, the

astronomical tidal prediction for Station 503, as provided by NOAA, was also utilized
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as input. Additionally, the nowcast ADCIRC error (defined as the difference between

ADCIRC simulated and observed water level at the present time) was included. This

input proved important because the errors in the ADCIRC simulations often persisted

for 3 to 12 hours. Therefore, knowledge of model error at the current time informed

the ANN results for forecasts out to about half the duration of a tidal cycle. Before

feeding them into the model, each set of inputs and the targets was normalized to the

interval (-11), to fall within the range of the tan-sigmoid transfer function used in the

ANN. Following training, the ANN output was denormalized.

Training the Network

Network training describes the iterative adjustment of network weights and

biases in order to minimize the error between ANN output and desired output (target).

Training is what makes ANN techniques so powerful, but this can also be a source of

considerable difficulty. Given a large number of iterations, or epochs, ANN with

sufficiently complex topology can be trained to estimate target outputs to almost

arbitrary accuracy (Babovic et al. 2001). This proves problematic because an ANN

trained perfectly on one set of data lose the ability to generalize and cannot be

accurately applied to data outside of the training set. Thus, overtraining, or over-

fitting, is a central concern of most ANN research and careful selection of input

structure, model topology, and training methodology plays an important role in the

application of ANN. Generally, training accuracy increases with number of epochs,

number hidden layers, and number of neurons in each layer. However, this comes at

the expense of model generalization and computational efficiency.
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ANN can be trained in two fundamental ways: incremental training and batch

training. For incremental training, the networks weights and biases are adjusted after

the introduction of each input. With batch training, adjustments are made after all

inputs and targets have been introduced to the model. Here, batch training was

utilized. A small number of different training algorithms were tested, but for this

work model results were not sensitive to selection of the training algorithms. For

detailed analysis and description of batch training algorithms, the reader is referenced

to Haykin (1999). Following the work of Nam (2002), the Broyden Fletcher Goldfarb

Shanno (BFGS) algorithm was selected for training the network. Like most training

algorithms, the BFGS works to minimize mean square error (MSE) through iterative

changes to the network weights and bias (The Mathworks 2001).

For this work, the weights and bias for each training session were initialized

with small random numbers. This introduced some slight randomness in the model

output, particularly for topologies and inputs structures that were not convergent or

well optimized. To account for this, each training session was run for multiple

"realizations" to check for convergence and agreement of the results between runs.

Validation

As mentioned previously, even though the ANN can be trained to satisfy some

error criteria, this does not mean that the model will be perform well when introduced

to data from outside the training set. Therefore, during training it is useful to

simultaneously monitor model performance on a different set of inputs and targets.

This validation process helps to determine if over-fitting of the training set has

occurred, and proved useful in the development of input structure, model topology,
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and training methods. Like other models, the true performance of ANN must be

assessed through validation results, not training, since an operational model must

generalize to data sets on which it has not been trained.

To improve the robustness and confidence in the FE/ANN results during

training and validation, Cases 1 through 12 were randomly separated into 4 subsets,

each made up of three cases. Six trials, denoted with Ti through T6, were created

with the four subsets. Table 3.5 provides the combinations of training and validations

subsets forming the six trials. By varying the combinations of training and validations

sets, the actual performance of the ANN could be evaluated somewhat independently

of effects of the training and validation set combinations. The two most extreme

cases, 13 and 14, were retained for testing of the FE/ANN ability to extrapolate outside

the range of the training sets.

Table 3.5. Combinations of training and validation subsets forming the six unique
trials.

Trial Training Cases Validation Cases
Ti [11,1,3] [10,6,4] [8,12,9] [2,5,7]
T2 [10,6,4] [8,12,9] [11,1,3] [2,5,7]
T3 [8, 12,9] [2,5,7] [11,1,3] [10,6,4]

T4 [2,5,7] [11,1,3] [10,6,4] [8,12,9]
T5 [11,1,3] [8,12,9] [10,6,4] [2,5,7]
T6 [10,6,4] [2,5,7] [11,1,3] [8,12,9]

Optimal FE/ANN

From the results of Nam (2002), a simple [1 1] model was expected to perform

adequately and thus focus was placed upon determination of optimum model input

structure. Initial and continuous testing showed no advantage to complex network
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tested with more complex networks. The simplest model topology performed as well

as the more complex. Thus the simple network was chosen, consisting of a single

hidden layer with 1 neuron and single output layer with only one neuron [11].

The optimum input for FE/ANN was determined through comparisons of

RMSE, central frequency (CF), and other NOAA skill assessment variables between

dozens of input structures. The complexity of these structures ranged from single input

to complex multiple input/time histories. Table 3.6 provides some representative input

structures tested for +6 hr forecasts, all of which include ADCIRC RL results. In the

table, t = 0 refers to the present time. For an operational model, -3 hr would represent

observations of the variable of interest three hours ago, whereas +3 hr represents the

three hour prediction. Here, observed winds take the place of the corresponding

forecasted winds. All inputs were treated as they would be in an operational model.

Inclusion of multiple sets of input improved ANN performance. The astronomical

tidal predictions as input significantly reduced RMSE for each case. For forecasts less

than +12 hr. the nowcast error also positively contributed to model performance.

Beyond +12 hr forecasts, however, the nowcast error did not provide significant

benefits. Compared to the work of Cox et al (2002), wind stress played a relatively

lesser role in the FE/ANN input, partly because of the adequate modeling of surge

within the ADCIRC simulations. The input structure shown at the bottom of Table 3.6

was adopted as optimal for the +6 hr forecasts. Other forecast lead times followed a

similar structure.
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Table 3.6. Representative input structures tested to optimize FE/ANN output for a +6
hr forecast.

Astronomical tx, ty Err RMSE CF
+6 +3 +0 +9 +6 +3 +0 +6 +3 +0 3 (m)

0.090
%/100
0.900*

* * 0.086 0.918
* * * * * * * * * 0.077 0.949
* * * * 0.075 0.950
* * * * * 0.062 0.979
* * * * * * 0.060 0.979
* * * * * * * * * * 0.060 0.979
* * * * * * * 0.059 0.984
* * * * * * 0.055 0.983
* * * * * * * * 0.054 0.987
* * * * * * * * 0.053 0.986
* * * * * * * * * * 0.052 0.988

To examine over fitting of the training sets and to provide adequate

convergence of the model results, the optimum number of epochs used in training was

also investigated. The validation MSE did not change or increase past 50 epochs,

indicating that overtraining did not occur. It is likely that the model was not over

trained because it lacked sufficient complexity (i.e.very limited number of weights and

biases to adjust). Still, too few epochs (Epoch <40) did not allow the training

algorithm enough opportunity to iteratively adjust the weights and bias, yielding

model results that were not repeatable from run to run. So, 100 epochs was selected as

optimum because it provided adequate stability of the FE/ANN results and allowed for

efficient training and validation.

To demonstrate the benefits of the FE/ANN model, Figure 3.8 shows the

observed water level, ADCIRC RL results, astronomical tidal prediction, and



FE/ANN output for a +6 hr forecast during Case 5, as well as the corresponding error.

The continuous FE/ANN time series was created by moving through the record,

making +6 hr forecasts at hourly intervals. The most significant improvement for this

case was the good agreement between FE/ANN and observed water level during the

drawdown event at day 106, shown in detail in Figure 3.8c. The original RMSE from

the ADCIRC simulations was reduced from 0.13 m to 0.05 m with the FE/ANN. Other

cases showed similar results, particularly for forecasts lead times less than +12 hr.
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Figure 3.8. Comparison of(a) observed water level, ADCIRC RL results,
astronomical tidal prediction, and FE/ANN output, (b) corresponding error, and (c)
detail of drawdown event for +6 hr forecast for Case 5.

As mentioned previously, Cases 13 and 14 were retained to test the FE/ANN

ability to extrapolate beyond the range of the training sets. For Case 13, Table 3.4
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shows that the ADCIRC simulations resulted in only slightly below average

performance, when compared to other cases. Similarly, validation results with the

FE/ANN for Casel3 yielded average improvements, analogous to those shown for

Case 5. However, for Case 14, which contained the largest drawdown event, the

FE/ANN performance was slightly below average for the short term forecasts. Still,

the mean duration of negative outlier error (MDNO) was reduced from 35 hours

shown in Table 3.4, to 3 hours for the +6 hr forecast for this case, a significant

improvement.

Comparison of Results

As illustrated by Figure 3.8 and the results discussed in the previous section,

the FE/ANN approach improved the ADCIRC results for short term forecasts. Some

of these improvements resulted from better prediction of the tidal fluctuations over the

entire length of the cases, therefore reducing RMSE. More significantly, the

predictions of drawdown, and to a lesser extent storm surge, were improved. This

section presents some comparisons between other methods of making short term

forecasts.

For operational water level nowcast/forecast models, NOAA requires that

performance exceed that of persistent models (NOAA 1999). Persistent models are

purely data driven and typically rely upon NOAA predicted tide and nowcast error to

predict water level at some future time. So, a simple persistent model was developed

for comparison with the FE/ANN results, and its performance rapidly degraded as the

forecast interval approached the length of a tidal cycle, since the nowcast error rarely

persisted for more than 12 hours.
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Additionally, a purely data driven ANN model was developed that did not use

the ADCJIRC results as input. Instead, this ANN utilized the same inputs used to force

the ADCIRC simulations (i.e. coastal water level and winds) and allowed for a

comparison between the hybrid FE/ANN and pure ANN models. Though it was

beyond the scope of this research to completely refine a pure ANN model for

prediction of water levels within the bay, the results are considered representative.

Since the subtidal fluctuations in the upper bay were dominated by remote forcing at

the coast, the coastal water level was lagged and used as the primary input. Additional

optimized inputs included the predicted astronomical tide at Station 503, wind stress,

and nowcast error.
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Figure 3.9. Average RMSE as a function of forecast lead time.
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Figures 3.9 and 3.10 show the average RMSE and central frequency (CF),

respectively, for Cases 1 through 12. These are plotted as a function of forecast time

for the various water level prediction methods discussed previously. The central

frequency describes the fraction of errors with magnitudes less than 15 cm. Therefore,

CF values closest to unity are desirable. In both figures the deterministic astronomical

tidal prediction does not vary with forecast time. Similarly, the ADCIRC simulation

results were constant with respect to forecast time, since observations were used in

place of forecasted coastal water level and winds to drive the simulations. For an

operational model, the error would increase with forecast time, since the input needed

to force ADCIRC would contain increasing amounts of error.

1

0.9

0.8

C
0.7

Ii-0
0.6

0.5

flA

a Persistent Model
Astronomical
ADCIRCRL

C

FE/ANN
a--- ANN

6 12 18 24 30 36
Forecast Time (hr)

Figure 3.10. Average central frequency as a function of forecast lead time.



Figures 3.9 and 3.10 show that the astronomical tidal predictions gave the

worst performance for short term forecasts, based on RMSE and CF. ADCIRC shows

significant improvements over these astronomical predictions, but was outperformed

by the persistent model for forecast times less than +8 hr. The persistent improved

short term predictions, particularly when compared to the astronomical predictions.

Past +18 hr forecast time, the persistent model performance was worse than pure

astronomical predictions, because there was no advantage to including the nowcast

error. This result was also reflected within the FE/ANN and ANN model results. For

these, however, the error began to converge as the network adjusted the weights to de-

emphasize the nowcast error input past + 12 hr. In fact, for longer forecast times than

shown in the figure, the FE/ANN and ANN models performed as well as when the

nowcast error was excluded from the inputs altogether.

Additional standard NOAA model skill variables were also computed for the

different water level prediction methods. These represented the duration and fraction

of outlier errors, defined as those errors with magnitude exceeding 30 cm. From

Figure 3.10 the large values of CF for the FE and FE/ANN models indicate that there

were few instances when the model errors grew larger than 15 cm. Exceedance of 30

cm was even less frequent, and then these errors only persisted for very short durations

(less than 2 consecutive hours). The FE/ANN model had fewer outlier errors than the

ANN and these typically existed for shorter durations. So in terms of the largest

instantaneous errors, the FE/ANN model was again advantageous. For comparison,

Table 3.7 provides the average NOAA skill assessment variables for the astronomical
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tidal prediction, ADCIRC RL, ANN, and FE/ANN results for +6 hr forecast over

Cases 1 through 12. Again, asterisks indicate the maximum, rather than the average.

Table 3.7. Average NOAA skill assessment variables for +6 hr forecast for Cases 1
through 12. Asterisks indicate maximum values, rather than average.

Model RMSE CF(X) POF(2X) MDPO(2X) NOF(2X) MDNO(2X) WOF(2X)
(m) (%) (%) (hrs) (%) (hrs) (%)

Astronomical 0.21 57.7 10.3 52* 6.6 NA
ADCIRCRLC 0.13 76.4 3.8 22* 0.1 0* 1.5
ANN 0.06 97.7 0.0 1* 0.0 2* 0.0
FE/ANN 0.05 98.8 0.0 0* 0.0 0* 0.0
CRITERIA none 90 <-1 <-24 (3) <-1 <-24 (3) <-0.5

Discussion

The results presented here are encouraging and suggest that further refinement

of hybrid modeling teclmiques could produce a fully operational forecasting system

for Galveston Bay. First, the observations of wind and water levels used to force the

hydrodynamic model simulations must be replaced with forecasted values. Available

meteorological/atmospheric model output could be used to provide short term

forecasts of wind and pressure fields (Tissot et al. 2003). These could then be

incorporated into a large regional hydrodynamic model to yield boundary conditions

for a nested local Galveston Bay grid. Alternatively, a purely data driven ANN model

based on the work of Cox et al. (2002) or Nam (2002) could be used to provide these

boundary conditions. The use of dynamic (Babovic et al. 2001) or auto-regressive

(Van den Boogaard et al. 1998) ANN, in place of basic feed forward methods, might

also prove useful for the generation of short term discrete forecast time series of water

levels within the bay.



Conclusions

The need for more accurate prediction of water levels within Galveston Bay

during frequent storms motivated the development of a hybrid FE/ANN forecasting

approach, with the following conclusions:

1. Coupled remote/local forcing resulted in the most accurate ADCIRC

simulations.

2. ADCIRC simulations consistently under predicted the amplitude of

extreme minimum water levels (drawdown) in the upper bay and did not

return acceptable predictions, as judged by NOAA standards for

nowcast/forecast models.

3. The selection of input structure controlled the accuracy of the FE/ANN

forecasts, particularly for forecast lead times less than + 12 hr.

4. The FE/ANN results were fairly insensitive to network topology and

training algorithms.

5. FE/ANN results outperformed the conventional harmonic techniques,

ADCIRC simulations, a simple persistent error model, and pure ANN for

short term forecasts.

6. While extrapolation with ANN is not recommended, this work shows that

even the relatively simple network topology provided the ability to

extrapolate for extreme drawdown events outside the range of the training

sets.
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Notation

CF Central Frequency, fraction of errors that fall within the range of± 0.15 m.

GWCE Generalized Wave Continuity Equation

L Local forcing

MDNO - Maximum Duration of Negative Outliers, longest duration of consecutive

negative outlier error.

MDPO Maximum Duration of Positive Outliers, longest duration of consecutive

positive outlier error.

MSE Mean square error.

NOF Negative Outlier Frequency, fraction of negative errors less than -0.3 m.

POF Positive Outlier Frequency, fraction of positive errors greater than 0.3 m.

R Remote Forcing

RL Coupled remote/local forcing

RLLS Linear superposition of R and L forcing

RMSE Root mean square error

WOF Worst case Outlier Frequency, fraction of error with magnitude exceeding 0.3

m, for which the pure astronomical tidal prediction provides a better estimate of the

observed water level.
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General Conclusions

The objective of this thesis was twofold: to quantify meteorologically forced

water level fluctuations in the northwestern Gulf of Mexico and to develop a hybrid

FE/ANN model to improve short term water level forecasts for Galveston Bay, Texas,

by inclusion of meteorological forcing and data assimilations techniques. Review of

the literature showed that meteorological forcing has received attention and that many

of the important mechanisms are understood. Hydrodynamic models have

demonstrated the ability to couple tidal and meteorological forcing. However, these

models alone are not perfectly suited to provide water level forecasts. Thus inverse

and data assimilative techniques have been increasingly applied within operational

forecasting systems.

Analysis of nine years of observed water levels at four stations along the

northwestern coast of the Gulf of Mexico showed that the meteorological component

of observed water levels caused by extratropical storms was nearly as large as the

astronomical tide between September and April. Significant extreme maximum

(surge) and minimum (drawdown) water levels caused by these storms occurred most

frequently along the northern coast during the winter months, with return periods

between 0.17 and 0.42 years. Galveston Bay showed the shortest return periods for

significant surge and drawdown, with each estimated to occur about four times per

year. The frequency and significance of these extreme water levels, coupled with the

need for reliable water level information to facilitate safe navigation, further

demonstrated the need to include meteorological effects in the prediction of water

levels in the region, particularly at major port locations like Galveston Bay.
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To accomplish this, a hybrid FE/ANN model was developed that incorporated

meteorological forcing and utilized data assimilation techniques. The hydrodynamic

model ADCIRC was forced with observations of water levels and winds at the open

coast for 14 cases that included multiple storm events of various magnitudes. When

compared to observed water levels, coupled remote/local forcing resulted in the most

accurate ADCIRC simulations. Throughout almost all cases the model adequately

simulated storm surge. However, the results were consistently high biased and failed

to estimate the amplitude of extreme minimum water levels (drawdown) in the upper

reaches of the bay. ADCIRC simulations alone did not return acceptable water levels

predictions, as judged by NOAA standards for nowcast/forecast models.

To increase accuracy of short term forecasts in the upper bay, a hybrid

approach was used to couple the ADCIRC output with a data assimilative ANN. The

selection of input structure controlled the accuracy of these forecasts, particularly for

forecast lead times less than 12 hours. The results were fairly insensitive to network

topology and training algorithms. Comparisons showed that the FE/ANN results

outperformed the conventional harmonic techniques, ADCIRC simulations, a simple

persistent error model, and pure ANN for short term forecasts. The hybrid approach

showed significant advantages over the traditional approaches and highlighted the

benefits of hybrid techniques applied to numerical modeling and water level

forecasting systems. With basic knowledge of the underlying processes, anticipated

model shortcomings, and available data sets for training, the data assimilation

capabilities of ANN can be effectively used in coordination with numerical models to

improve simulations and make more accurate forecasts.
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