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ABSTRACT 

 

 

 

 The declining health of estuary waters from nutrient pollution is a concern globally as 

human populations increase.  The objective of this dissertation is to understand how nutrient 

inputs to estuary waters affect the estuary ecosystem.  Field samplings (Chapter II), 

computational simulation code (Chapter III), and comprehensive model testing (Chapter IV) 

were used to accomplish the dissertation objectives. 

Inorganic nutrient concentrations were measured in Corpus Christi Bay, Texas for a 

continuous year to determine patterns of annual nutrient dynamics.  Nutrient loading from runoff 

caused by precipitation affects estuary water quality along the shoreline.  Corpus Christi Bay was 

found to have spatially dependent and seasonally driven nutrient dynamics.  

A robust computational programming toolkit was written to aid in the development and 

implementation of mathematical models.  The toolkit, called EasyModel, contains a graphical 

utility to simulate a series of differential equations.  The system is extendable for advanced users 

to calibrate mathematical models to ecological observation data. 

Five different models of nutrient dynamics were used to simulate nutrient dynamics of 

Copano Bay and San Antonio Bay, Texas.  The complexity of the model equations was not 

related to how well measurements in the study area compared to simulated results.  Including 

benthic components to the model design had the most positive affect on model performance. 

This research demonstrates that each estuary has a unique combination of 

biogeochemical characteristics that affect nutrient dynamics both spatially and temporally.  
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Estuary responses to nutrient input were found to be non-linear, but predicable with the 

appropriate modeling techniques.  Ensemble models can improve the accuracy of these 

predictions. 
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CHAPTER I 

INTRODUCTION 

1.2. The Eutrophication Problem 

Eutrophication is an increase in organic matter in estuary waters driven by excessive 

inorganic and organic nutrient loading (Nixon, 1995).  Increased nutrient loading stems from 

anthropogenic sources such as increased population and fertilizers used in agriculture (de Jonge 

et al., 2002; Vitousek et al., 1997).  Throughout the 1980s and 1990s, research into the 

eutrophication problem of coastal estuaries led to the understanding that excessive nutrient 

loading has a direct link to fish die-offs, oxygen depletion in coastal waters, harmful algal 

blooms, shifts in plankton community populations, and generally lower water quality (Cloern, 

2001; Howarth and Marino, 2006; Rabalais and Nixon, 2002).    

Controlling nutrient loading to estuaries has proved problematic, however, as some 

estuaries show no benefit to expensive reduction strategies (Nørring and Jørgensen, 2009).  

Declining primary production, known as oligotrophication, is a growing concern in marine 

environments due to aggressive nutrient reduction strategies, freshwater diversions, or 

climatological changes (Nixon, 2009).  The constituents and delivery of nutrients is itself a 

complex problem.  For example, nutrient pollution can be found in the air, groundwater, and 

surface streams from urban and agricultural uses (Howarth et al., 2002; Galloway et al., 2008).  

In the 1970s phosphorus was believed to be the principle nutrient to control primary production 

because many lakes were phosphorus limited (Schindler, D. W., 1977).  However, reducing only 

phosphorus was found to exacerbate downstream eutrophication symptoms in marine 

environments due to the unique N-P cycling of estuary systems (Conley et al., 2009; Paerl, 

http://www.sciencedirect.com/science/article/pii/S1574954109000375#bib15
http://www.sciencedirect.com/science/article/pii/S1574954109000375#bib9
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2009).  Each nutrient species, therefore, is part of a large complex biogeochemical cycle that 

contributes to the overall estuary health. 

Additionally, changes to freshwater inflow to estuaries due to anthropogenic diversions 

can alter overall nutrient inputs.  The estuaries of the Florida Everglades, for example, are 

oligotrophic P-limited systems where seasonal rainfall and canal inputs control the input of 

phosphorus to the system (Childers et al., 2006).  In the Chesapeake, agricultural and low-density 

urban catchments export a majority of total nitrogen at low flow periods, while urbanized areas 

export nitrogen during higher, less frequent flows (Shields et al., 2008).  In other systems such as 

Copano Bay, Texas, nitrogen fixation occurs during normally dry periods with lower flows, but 

infrequent storm events are the dominant source of nutrients, altering estuary biochemistry to 

become a nitrogen sink (Bruesewitz, 2013). The resultant effect of altering land use and 

freshwater inflow will similarly alter nutrient input to an estuary. 

The patterns of responses to nutrient inputs and timing into an estuary system are 

dynamic and non-linear (Duarte et al., 2009; Nixon, 2009).  As estuaries evolve with decades of 

nutrient overloading dynamics, non-reversible changes may occur to the system dynamics.  To 

comply with the conservation of matter, decades of nutrient inputs that have yet to travel out to 

sea or be processed biogeochemically must exist in an estuary as either dissolved in the water, 

deposited in sediments, or locked inside the biomass of primary producers, or secondary and 

tertiary consumers.  Changes to population numbers, species die-offs, and species additions have 

permanently changed the nutrient dynamics of the system (Duarte, 2009).  These issues make 

predicting future estuary health due to alterations of nutrient pollution difficult.    
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The objective of the proposed research is to define and solve the challenge of modeling 

macroscopic nutrient cycle dynamics in estuary systems.  Although many relationships and 

effects of eutrophication have been established, frustration still exists to model and forecast these 

changes in dynamically changing environments (Cloern, 2001; Gruber and Galloway, 2008).  A 

model designed and calibrated for one specific estuary will be difficult to calibrate to another due 

to the physical and geographic differences, population dynamics of predator-prey interactions 

between different species, differing nutrient inputs, and changes to transformation rates. The 

current challenge of estuary modeling is to create general solutions that can be applied to 

multiple data situations and disparate dynamical processes.   

1.3.  Historical NPZ Based Solutions 

One fruitful solution to modeling and forecasting the nutrient cycle in estuary waters is 

describing the relationships between the three major ecosystem components: Nutrients, 

Phytoplankton, and Zooplankton (NPZ).  NPZ models are often utilized singularly, or as the 

basis of large coupled whole ecosystem models such as NERMO (Kishi et al., 2007).  The basic 

NPZ designs that have made the greatest impact driving model design are: Steele and Henderson 

(1981), Fasham (1990), and Franks (2002).  The three models are simple designs, and have been 

used as a basis to build more complex system models (Mitra, 2009). 

Steele and Henderson (1981) published “A simple plankton model” as a means to model 

the theoretical relationship between nutrients, phytoplankton, and herbivorous zooplankton.  This 

work was created to describe the non-linear relationships observed in mesocosm experiments and 

sampling conducted in the late 1970s (Menzel and Steele, 1978) (see Fig. 1).  This modeling 

technique builds from the premise that phytoplankton and zooplankton are the primary producers 
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and consumers in any estuary systems; therefore their interplay describes the majority of the 

biological nutrient cycle. 

 

 

Fig. 1.1. Phase plane plots of two distinct enclosure experiments from Steele and 

Henderson (1981).  NO refers to NO2
-
 + NO3

-
, and Chl refers to Chlorophyll-ɑ. 
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There are several notable observations from the original Steele and Henderson (1981) 

study.  First, despite recognizing their mesocosm data encompassing “…sea water containing at 

least three trophic levels, phytoplankton, herbivorous zooplankton, and invertebrate carnivores” 

they only authored three state equations: N, P, and Z (labeled ‘H’), omitting the carnivores.  

Secondly, Steele and Henderson contended with observation data that was highly non-linear and 

mathematically difficult to model during the 1970s (Fig. 1.1).  The solution itself, as Steele and 

Henderson (1981) remark, is highly similar to an approach by Ludwig et al. (1978) to model 

forest insect attacks.   The contribution of Steele and Henderson (1981) was to create a highly 

non-linear and chaotic model that describes their observations.   

Fasham et al. (1990) published their 7-box model “A nitrogen-based model of plankton 

dynamics in the oceanic mixed layer” in aims to describe coupled basin-scale oceanic ecosystem 

processes.  This study has been cited 1036 times (Google Scholar, SEP 2014). In a departure 

from the simple Steele and Henderson (1981) design, Fasham et al. (1990) created a complex 

model that includes 27 required parameters for implementation.  Notably, the single nutrient 

state equation is split into its constituents for nitrates, ammonium, and organic nitrogen.  Also, 

detritus and bacteria are elevated to state equations within the model.  Despite the level of 

complexity of this model the design has been utilized as a basis for further designs (Mitra, 2009). 

Finally, Peter Franks (2002) three box design NPZ model is a promising simple solution 

to modeling plankton dynamics.  In an analogy to the Law of Parsimony, Franks (2002) authored 

his model as a simple NPZ solution to describe the pelagic ecosystem. The model framework is 

also intended to test alternate parameter functions, instead of the prescribed calibration 

parameters that often are included with NPZ based models.  Franks (2002) proposed that a 

simple model could be parameterized with existing data easier than a complicated model, and we 
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should not discount a simple solution until it becomes clear we can no longer describe the 

studied system. 

1.4. Study Location 

There are seven Texas estuary systems in the Northern Gulf of Mexico (Fig. 1.2). All 

seven estuaries share a similar structure and geography. A watershed drains into one or two river 

systems that fill into a drowned river valley comprised of a primary bay, secondary bay, and a 

lagoon (Longley, 1994). The secondary bay generally receives the freshwater inputs from the 

river systems while the primary bays are influenced from the marine lagoons.  Finally, barrier 

islands that run parallel to the coastline separate the lagoons from the Gulf of Mexico.  
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Fig. 1.2.  The seven estuary systems of the Texas Gulf Coast: Laguna Madre, Nueces, 

Mission-Aransas, Guadalupe, Lavaca-Colorado, Trinity-San Jacinto, and Sabine Netches.  From 

Longley (1994). 
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The Texas estuaries display a gradient of inflow and rainfall (Diener, 1975) (Table 1.1). 

The variances of rainfall and freshwater input from attached watersheds to the individual 

estuaries in turn creates differences in nutrient loading, salinity, vegetation, secondary 

consumers, and overall productivity.  However, as global climate change is expected to 

accelerate in the next 100 years changes to our historical averages may occur.  For example, the 

fourth IPCC climate change report indicates the Gulf of Mexico may have more climate change 

effects than other regions (Pachauri, 2008).  The overall rainfall to the area may decrease, while 

strong storms that create nutrient pulse events could increase in frequency.  Thus, understanding 

past historical responses in Texas bays during pulse verses base flow periods will be critical in 

defining future outlooks.  
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Table 1.1.  Climatic inflow gradient averages in Texas estuaries for the last half century.  

Adapted from multiple sources (Montagna, Gibeaut, and Tunnell, 2007). 

 

          Commercial Harvest 

Estuary 

 

Area  
 

Rainfall Inflow Salinity Finfish Shellfish 

  

  
𝑘𝑚2 

  
𝑐𝑚 𝑦−1 

  
106𝑚3𝑦−1 

  
𝑝𝑝𝑡 

  
103𝑘𝑔 𝑦−1 

  
103𝑘𝑔 𝑦−1 

Sabine-Neches 183 142 16,897 8 3 341 

Trinity-San Jacinto 1,416 112 14,000 16 176 4,352 

Lavaca-Colorado 1,158 102 3,801 18 59 2,531 

Guadalupe 551 91 2,664 16 63 1,846 

Mission-Aransas 453 81 265 15 140 1,947 

Nueces 433 76 298 23 173 840 

Laguna Madre 1,139 69 -893 36 667 163 
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Implementing any biogeochemical model requires time series data, input for boundary 

conditions, and process rates for coefficients.  Each of these data requirements places constraints 

on model design and portability.    Observations of zooplankton populations, for example, are 

sporadic and not part of normal monitoring programs in the Texas coast.   Additionally, a 

significant portion of nitrogen input to Corpus Christi Bay is non-point source such as 

atmospheric deposition and groundwater, which are not fully measured or quantified Brock 

(2001).  Finally, a major failure of modeling exercises is that often rate parameters are used in 

NPZ models from experiments decades old, and often not conducted in the ecosystem of study 

(Franks, 2009).  Lack of data, therefore, is a significant challenge facing modeling NPZ 

dynamics in the Texas Gulf Coast.  

Modeling the Coastal lagoons of the northern Gulf of Mexico also has unique challenges.     

Corpus Christi Bay, for example, is a highly non-linear system where seasonal hypoxia and HAB 

formation is present during nitrogen limitation (Montagna and Froeschke, 2009).  This is in 

direct contrast to the classical definitions of eutrophication where hypoxia is a symptom of 

excessive nitrogen in the water column (Cloern, 2001).  Also, the timing of nutrient delivery 

through river flow is highly variable in south Texas.  For example, > 90 % of the entire water 

export from the Mission River occurred during 86 days of measured storm flow (Mooney and 

McClelland, 2012).   Each estuary is inherently unique, therefore to better understand the 

estuaries of the Texas Gulf Coast the parameters, rates, and observations of each system must be 

quantified. 

1.5. Purpose and Goals 

The purpose of this dissertation is to model the dynamics of estuarine ecosystem changes 

as human activity has and continues to alter the natural system.   Increased urbanization in South 
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Texas relates positively to nutrient flux contributions to estuaries, and as land-use cover alters so 

does the constituents of nutrient flux to estuary waters (Arismendez et al., 2008; Mooney and 

McClelland, 2012). Additionally, freshwater inflow, which transports nutrients to estuary waters 

and relates positively to estuary health, will continue to decrease as population needs grow (Kim 

and Montagna, 2012).  However, the current understanding of how and why eutrophication 

linked symptoms occur in Corpus Christi Bay is unclear.  There is great importance in 

discovering what changes in estuary inputs will reverse the effects of eutrophication. Given the 

knowledge of current trends; are Texas estuaries facing more eutrophication symptoms?  Finally, 

as climate change is expected to continue and accelerate in the region, how do global changes 

alter the local nutrient dynamics of Texas estuaries? 

The Texas Gulf Coast has unique complex nutrient dynamic processes that require a 

multi-faceted approach to modeling.  A modeling design must be dynamic, portable, and robust 

to changes in nutrient inputs.  Also, appropriate observational data and parameter rates cannot be 

ignored.  A goal of this dissertation is to understand why models of nutrient dynamics have 

failed to be applied to multiple estuaries in the Texas Gulf Coast, and what steps can be taken to 

correct these shortcomings.  As such, aspects of model design, calibration, and location specific 

data needs are explored in this dissertation. 

1.6. Hypothesis 

Because robustness of a model decreases as equation complexity increases, it is 

hypothesized that a simpler model of nutrient dynamics should fit actual data better than more 

complicated models.  Although added degrees of freedom should increase the fitness in a single 

location through calibration, the robustness of the model to be portable to new locations will 
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decrease.  Thus a single model should be discovered, that simulates nutrient dynamics of coastal 

lagoon systems better than others. 
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CHAPTER II 

BASELINE NUTRIENT DYNAMICS IN SHALLOW WELL MIXED COASTAL LAGOON 

WITH SEASONAL HARMFUL ALGAL BLOOMS AND HYPOXIA FORMATION 

Abstract 

Weekly inorganic nutrient and chlorophyll-ɑ concentrations were measured to establish 

baseline conditions in Corpus Christi Bay, Texas during seasonal hypoxia and harmful algal 

bloom (HAB) formation.  Two fixed stations along the southern shoreline were sampled weekly 

for a continuous year at the same time each day.  Weekly shoreline observations were found to 

be statistically similar to quarterly observations in the bay center, but with a greater power to 

detect seasonal trends.  Dissolved inorganic Nitrogen (DIN) concentrations averaged less than 1 

µmol/L for the year.  Some nutrient pulses did coincide with localized rainfall, but was not 

sufficient to stimulate chlorophyll-α increase.  Dissolved Oxygen (DO) < 4 mg/L was measured 

in June, 2012 along the southern shoreline of Corpus Christi Bay, which places lower DO 

conditions west of previous estimates. During a bay-wide HAB event in November of 2011 no 

changes were observed in any of the nutrient or chlorophyll-ɑ observations despite fish kills 

observed at the sample locations.  This study documents a baseline of nutrients and chlorophyll-α 

in Corpus Christi Bay during a dry (average salinity > 36 PSU) year. 
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2.1. Introduction 

Studies over the previous decades have made direct linkages between human activities 

and excessive nutrient introductions into coastal waters and stimulating the production of 

increased organic matter (Nixon 1995; de Jonge et al., 2002; Vitousek et al., 1997).   Resultant 

eutrophication in coastal waters due to increased nutrient loading has been linked to oxygen 

depletion, harmful algal blooms, shifts in plankton community populations, and generally lower 

water quality (Cloern, 2001; Howarth and Marino, 2006; Rabalais and Nixon, 2002).  However, 

every estuary is unique because of the interplay among site specific biogeochemical parameters, 

geomorphology, tides, and freshwater inflow.  Coastal lagoons are a type of estuary defined as 

having either a narrow or nonexistent connection to the sea (Perlillo, 1995).   Coastal lagoons are 

often very shallow, productive, bordered by human development, and have long residence times, 

which raise the concern over future eutrophication through climate change (Lloret et al., 2008).  

Although eutrophication based impacts have been historically observed by Nixon (1995) in 

systems such as Moriches Bay in Long Island, New York, other coastal lagoons are often 

oligotrophic despite increased loadings over time (Boynton et al., 1996; Lloret et al., 2008).  

Estuaries are also prone to pulsed nutrient supply and rapidly changing nutrient dynamics that 

influences phytoplankton community biomass and structure in short timeframes (Pinckney et al., 

1999).  The frustration is in understanding the paradox of why some coastal lagoons have 

observed hypoxia and harmful algal blooms while having oligotrophic traits (Montagna and 

Froeschke, 2009).  In order to model and predict organic matter production in coastal lagoons, 

and the possible effects of excessive organic material, time series baselines of nutrient input and 

organic biomass are required. 
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Corpus Christi Bay, Texas, is a coastal lagoon where seasonal hypoxia events are 

consistently observed in the southeastern region of the bay (Kim and Montagna 2012; Montagna 

and Froeschke, 2009). Low nitrogen observations (below 1 µmol/L) coupled with high N:P ratios 

indicate the bay is nitrogen limited (Fig. 2.1) (Applebaum et al,. 2005).  Corpus Christi Bay, 

Texas is a shallow (< 4 m), windy (average 18.5 km h 
-1

) coastal lagoon with average residence 

times greater than five months, and surrounded by large urban development (Ritter and 

Montagna, 1999).   Corpus Christi Bay is the largest bay in the Nueces Estuary, which is 

connected to the Nueces Bay and fed by intermittent inflow from the Nueces River (Longley, 

1994). However, a saltwater dam separates the outflow from the Nueces River to the Nueces 

Bay, particularly during dry periods with little rainfall.  The only connection to the Gulf of 

Mexico is a narrow (250 m) ship channel through the barrier island, however large inlets exist to 

the neighboring Laguna Madre to the south and Aransas Bay to the north (Fig. 2.1). 

Corpus Christi Bay is not considered oligotrophic or eutrophic as long term chlorophyll-ɑ 

observations average above 5 µg/L, but rarely exceed 20 µg/L in a 20-year quarterly time series 

of observations (Montagna, Unpublished Data).  Chlorophyll-ɑ, inorganic nutrients, salinity, and 

benthic metrics are collected quarterly in three fixed locations in Corpus Christi Bay since the 

late 1980’s (Fig. 2.1) (Montagna and Kalke, 2992; Ritter and Montagna, 1999).  A hypothesis as 

to why low nutrients are consistently observed is because of fast denitrification rates in the area.  

Denitrification rates up to 90 µmol m
-2

 h
-1

 have been observed; however, denitrification and 

fixation vary inconsistently between seasons and spatially within the bay (Gardner et al. 2006).  

Additionally, An and Gardner (2002)  previously found dissimilatory NO3
-
 reduction to NH4

+
 

(DNRA) is a significant process and likely preserving nitrogen as NH4
+
 in sediments.  McCarthy 

et al. (2008) found a connection between hypoxia and denitrification in Corpus Christi Bay by 
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observing the denitrification rates in some locations are significantly higher during periods of 

hypoxia.  However, hypoxia still nearly always occurs seasonally in the south-eastern region of 

Corpus Christi Bay (Montagna and Froeschke, 2009).   

Quantifying the nutrient input budget to Corpus Christi Bay is complex due to the 

combination of point and non-point sources.  During periods of low flow nutrient input from the 

Nueces River can be blocked at the saltwater dam.  Only a single study exists to quantify the 

budget of nitrogen loading to the Nueces Estuary, finding N from runoff is at 363 x 10
6
gN, input 

from point sources to be 1,058 10
6
 g N, atmospheric 377 10

6
 g N, and the Nueces River 134 x 

10
6
 g N (Brock, 2001).  A principle point source besides the Nueces River is a waste water 

treatment plant (WWTP) that releases effluent into Oso Bay, which in turn feeds into Corpus 

Christi Bay through an intermittent inlet.   

The problem becomes to link brief periodic nutrient inflow to the temporal and spatial 

processes observed in Corpus Christi Bay.   Because nutrient cycling in Corpus Christi bay is 

determined by seasonality and brief nutrient inputs, a solution is to collect nutrient and 

chlorophyll-ɑ samples continuously throughout the year at higher frequency than the established 

quarterly observations.  The purpose of this study is to investigate the effectiveness of weekly 

nutrient and chlorophyll-ɑ observations as compared to the existing quarterly observations.  The 

aim of this work is to discover an optimal rate of sampling to capture most typical temporal 

nutrient cycling processes, create a baseline picture of biogeochemical indicators during a typical 

full year period, and to find possible relationships between these indicators and seasonal HAB’s 

and hypoxia formation. 
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The strategy of long-term, frequent sampling has been applied to other coastal lagoons 

with some success.  For example, Örnólfsdóttir et al. (2003) conducted seasonal phytoplankton 

biomass and community structure response assays during brief (1-2 day) nutrient pulses in 

Galveston Bay, Texas.   The finding of this experiment is that brief, pulsed Nitrogen inputs have 

a role in increasing phytoplankton biomass in Galveston Bay.  In Aracachon Bay, France a 

biweekly nutrient sampling strategy was employed for a full year to assay seasonal nutrient 

dynamic changes (Glé et al., 2007).  Glé et al. (2007) found riverine nutrient input to be a driver 

of phytoplankton primary production; however, responses are dependent on the seasonal drivers 

such as temperature and light availability.  Pulsed nutrient supply was also studied in the 

northern Hiroshima Bay, Japan (Yamamoto and Hatta, 2003).   Heterogeneous pulsed nutrient 

input was found to be a factor to promote phytoplankton species diversity in this estuary system. 

Yamamoto and Hatta, (2003) theorize that anthropogenic-based decreases of freshwater inflow 

may reduce the heterogeneity of nutrient pulses and alter species diversity.  In all these studies 

the timing and duration of nutrient input was critical to phytoplankton growth and sometimes 

diversity. 

In the current study, a year-long weekly survey in two fixed locations along the southern 

shoreline of Corpus Christi Bay is performed to examine the temporal cycling of nutrient 

dynamics.  Additionally, the shoreline makes collections possible during bad weather (i.e., high 

winds that occur frequently in the bay) that would disrupt a frequent collection regime.  This 

study will estimate the biomass of primary producers expressed as concentrations of chlorophyll-

ɑ.  This technique applies well across many coastal systems and is relatively inexpensive to 

conduct (Brush et al., 2002).  This data can later be combined with light attenuation and 
14

C 

uptake to compute primary production (Nixon, 2009). Also, chlorophyll-ɑ observations are a part 
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of the existing quarterly observation set in Corpus Christi Bay, and the more frequent sampling 

can be compared to this. 

The hypothesis is that nutrient additions in the form of significant runoff should increase 

primary production in temporally short periods (1 – 7 days) such as seen in other N-limited bays.  

Additionally, since previous studies have found vastly different rates of processes spatially in 

Corpus Christi Bay, so it is expected the nutrient dynamics along the shoreline to be different 

compared to the quarterly samples conducted in the center of the bay.  Finally, we aim to create a 

baseline of measurements during seasonal HAB formation and hypoxia. 

2.2. Methods 

The sites chosen for observation are Cole Park Pier (CP), and Oso Pier (OP) that extend 

offshore into Corpus Christi Bay (Fig. 2.1).  The sites were chosen specifically for access during 

any weather condition.    High winds occur regularly that would disrupt a typical continuous 

collection regime using small craft.  Nutrients are collected for one year on a weekly basis at 

both locations.  Multiple storm water drains are located nearby, but not adjacent (200 m to 400 

m) to sample the locations (Nicolau and Hill, 2013; Carr et al. 2000).  During periods of heavy 

rainfall and suspected nutrient inputs, samples are collected daily.  Rainfall totals from the 

nearby Naval Air Station will be used as a metric of periods of nutrient input (Fig. 2.1).  A total 

of 176 observations spanning 88 sample periods were collected from October 21, 2011 to 

September 5, 2012.  Two replicate water samples were obtained during each collection. Both 

stations are shallow and well mixed with maximum a depth of 2.4 m depending on tidal activity.  

In comparison, Montagna sampling stations C, D, and E are previously established in Corpus 
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Christi Bay for long-term quarterly observations (Fig. 2.1).   Site D is historically hypoxic during 

the late summer (Montagna and Froeschke, 2009).  

 

Fig. 2.1.  The Nueces Estuary.  Study Sites are Cole Park Pier (CP) and Oso Pier (OP).  

Both sites extend 100 m into Corpus Christi Bay.  Previously established Montagna sample 

locates are C, D, and E.   
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Water samples were collected by hand from the water surface in 500 ml nalgene brown 

bottles.  A YSI Sonde 6800 was used to measure turbidity, pH, salinity, conductivity, and 

dissolved oxygen (DO) at the surface.  Water samples were taken between the hours of 10:00 

a.m. to 12:00 pm to maintain consistency of the data and minimize the differences due to diurnal 

cycles. 

To assess the diurnal cycle of nutrients and phytoplankton three replicate water samples 

were taken at the hours of 6:00, 10:00, 15:00, and 21:00 on June 25
th

 2012 at both study sites. 

Identical sample procedures and processing were performed on these samples as the regular 

weekly observations.  The specific day of June 25
th

 was chosen for a high resolution sample 

regimen due to stable weather and inflow patterns leading up to the sample day.  Weather 

conditions for the week leading up to the sample were consistently sunny, stable temperatures, 

and no rainfall.  Additional multi-day observations were originally planned for the study, but did 

not occur. 

Water samples, 15 ml to 30 ml, were filtered in the lab using Whatman GF/F 25 mm 

filter paper.  The sample bottles were not iced prior to transportation and filtering took place no 

later than one hour after collection.  Nutrient analysis was conducted using O.I. Analytical Flow 

Solution IV® (FS IV®) autoanalyzer that combines both segmented flow analysis and flow 

injection analysis techniques with computer controlled sample selection and peak processing.  

Chlorophyll-a was extracted from the filter paper using methanol.  A Turner Design Trilogy unit 

was used to determine Chlorophyll-a concentration using a non-acidizing technique (Krauk et 

al., 2006).  Wet laboratory methods are further described by Palmer et al. (2011). 
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To measure total suspended solids (TSS), 100 ml to 300 ml water samples were filtered 

through GF/F 47 mm filter paper. The filtered sediment sample was dried overnight at 60 °C and 

weighed to determine TSS.  The particulate organic matter was determined by drying TSS 

sediment sample at 450 °C for three hours.  The particulate organic matter was determined by 

calculating the sediment weight after it had been dried at 450 °C for 3 hours (combusted organic 

matter free dry weight). 

2.3. Results 

2.3.1. Seasonal Trending of Nutrient Dynamics 

The mean phosphate PO4
3
, levels were 0.12 µmol/L.  The mean of ammonium, NH4

+
,and 

nitrate+nitrite, [NO2
-
 + NO3

-
] , are 1.07 µmol/L and 0.89 µmol/L respectively (Table 2.1).  

Conditions at Oso Pier had slightly higher observed values than Cole Park Pier, but each showed 

identical trending of salinity, SIO4, TSS, and Chlorophyll-a with ANOVA P-Values < 0.0001 

respectively.  The inorganic nutrients, PO4
3
, [NO2

-
 + NO3

-
] were strongly statistically similar 

between stations with a two-way ANOVA P-Value of .0054, and .0914.  Ammonium, NH4
+
, was 

found to be the least related between stations with an ANOVA P-Value of .9410.  Furthermore, 

variances of the means between replicates and stations were low (below .5) for all variables 

(Table 2.1). All statistical operations were performed in SAS 9.3.  
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Table 2.1.  Summary statistics of Corpus Christi Bay nearshore water quality from October 2011 

to September 2012.   

  

Variable Minimum Maximum Mean Std Error 
of Mean 

Var of 
Mean 

Std Dev 

NO2
- + NO3

- 
(µmol/L) 

0.000 7.080 0.887 0.090 0.008 14.963 

NH4
+ (µmol/L) 0.000 3.230 1.065 0.048 0.002 7.959 

PO4 (µmol/L) 0.000 1.720 0.132 0.012 0.000 1.953 

SI04 (µmol/L) 2.520 66.660 29.281 1.251 1.565 207.642 

Salinity (PSU) 27.300 41.660 36.229 0.215 0.046 37.757 

Temperature (C) 10.020 30.670 23.413 0.395 0.156 69.599 

Chlorophyll-α 
(µg/L) 

0.320 18.110 5.352 0.279 0.078 49.071 

Total Suspended 
Solids (mg/L) 

7.086 231.467 44.725 2.803 7.855 493.285 

Carbon Free TSS 
(mg/L) 

0.000 198.350 28.189 2.318 5.374 408.005 

Turbidity (NTU) 1.700 63.000 11.494 0.736 0.542 129.575 

pH 7.600 8.310 8.049 0.009 0.000 1.661 

N:P Ratio 0.000 223.000 19.530 1.880 3.563 275.621 
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Fig. 2.2.  Corpus Christi Bay seasonal nutrient dynamics from October 2011 to 

September 2012: a) dissolved inorganic nutrients, b) rainfall measured from Naval Air Station 

CC, and c) average salinity time series.  Graph lines represent the station and replicate average 

means for each time period of the sample between October2011 to October 2012. 



 
 

29 

Phosphate, PO4
3-

 , trends seasonally with maximum values during fall, and a decline in 

the winter season.  Spring and summer phosphorus averages 0.1 µmol/L.  Additionally, 

ammonium, NH4
+
, has a seasonal trend of higher fall and spring values.  Although highly 

variable, nitrite+ nitrate [NO2
-
 + NO3

-
]  is maximum during the winter season and shows a 

decline in spring.  The ratio of total nitrogen to phosphorus is above 16 to 1 for much of the year, 

but falls under the 16:1 Redfield Ratio sporadically (Fig. 2.3).  The N:P ratio has a seasonal 

trending with the winter and summer months having the highest N:P ratio, while spring is the 

lowest.  

Three significant rainfall events during the study period is reported from the Naval Air 

Station (Fig. 2.2) (NOAA National Climactic Data Center).   Two of these rainfalls (April and 

May) correspond to lowering of salinity levels, while a February storm had no change.  

However, salinity trended to its lowest point in December and January with no significant 

rainfall measured at the NAS location.   
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Fig. 2.3.  Corpus Christi Bay N:P Ratio.  The ratio is derived by DIN [NH4
+ 

+ NO2
-
 + 

NO3
-
] / PO4

3
, where PO4

3 
> the detection limit of .1 µmol/L.  The reference line represents the 

Redfield ratio N:P of 16 (Redfield, 1958).  
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Chlorophyll-a levels follow a seasonal pattern where higher chlorophyll-a (µg/L) levels 

are observed during the spring and late summer (Fig. 2.4).  As chlorophyll-a observations rose ( 

> 5 µg/L) the variation between replicates increased.  An increase of chlorophyll-a > 10 µg/L 

was measured at both stations in late August, 2012. 
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Fig. 2.4. Corpus Christi Bay chlorophyll-ɑ seasonal trends. 
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Inorganic nitrogen and phosphorus show no changes during the multi-hour observation 

collection on June 25
th

 2012.  However, DO and pH had observed temporal changes.   Low DO 

was observed 6:00 and 10:00 a.m. at both sample stations.  At sample depth of 2 M CP DO 

minimums were 3.6 mg/L at 6:00 a.m. and 4.89 mg/L at 10:00 a.m. At 15:54 the CP pH and DO 

maximums were 8.25 pH and 8.25 mg/l.  However, at 21:03 2 m depth pH and DO had 

decreased slightly to 8.22 pH and 7.25 mg/L.  At the OP sample location DO and pH follow 

similar trends as DO and pH minimums were observed at 3.88 mg/L and 8.09 pH at the water 

surface.  Observed maximums for DO and pH at the OP site were 8.02 mg/L and 8.37 pH.   

2.3.2. Present Harmful Algal Blooms 

During sampling Cole Park Pier on November 2
nd

  2011  multiple suspected red tide fish 

kills and distressed fish were observed. This timing coincides with multiple reports of fishkills 

and Karena Brevis along the Texas shoreline during the fall of 2011 (TPWD, 2014).  TPWD on 

the November 2
nd

 Red Tide status report lists dead fish being found between the two study 

locations along the shoreline and discolored water along the bayfront of Corpus Christi, Texas.   

Sporadic reports of discolored water, feeding birds, and dead fish were reported in Corpus 

Christi Bay until mid-December 2011 (TPWD, 2014).  There were no localized changes in the 

nutrient or chlorophyll-ɑ observations outside seasonal trends during November, 2011 (Fig. 2.2). 

2.4. Discussion 

2.4.1. Comparing Weekly to Quarterly Observations 

Sustained [NO2
-
 + NO3

-
] observations > 1 µmol/L were found along the shoreline 

between April to June 2012, as compared to previous studies that found an average < 1 µmol/L 

in the bay center (Fig. 2.2) (Ritter and Montagna, 1999).  However, the mean of nitriate+nitrite 
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was under 1 µmol/L for the year.  An explanation may be nutrient input in the form of runoff 

entering the bay along the shoreline that increases N in timeframes measured by weekly 

observations.   

A significantly different N:P ratio was observed along the shoreline compared to studies 

in the center of the bay that report sustained N limitation.  As defined, the typical N:P ratio of an 

aquatic system is thought to be in balance when it is near 16:1 as this is the optimal ratio for 

phytoplankton growth (Redfield, 1958; Falkowski, 2000).  The observations collected along the 

shoreline of Corpus Christi Bay have a ratio higher than 16 for much of the year indicating a 

deficit of phosphorus (Fig. 2.3).  Observations in the Nueces Estuary by the TWDB show strong 

evidence for sustained and prolonged N limitation, however (Brock, 2001).  Additionally, 

observations from previously established stations C, D, and E in Corpus Christi Bay (see Fig. 

2.1) have an average N:P ratio of 4.5 from 1987 to 2012 (Montagna unpublished data).  The 

average N:P ratio of sites C, D, and E during the study collection period (2011-2012) is 3.5.  The 

OP and CP sites, however, were found to have an average N:P ratio of 19.5 during the same 

study period.   Some of the phosphorus measurements are close to detection limits of the 

laboratory techniques, however precise replicate values < 0.2 µmol/L were measured at both 

sites simultaneously. Regardless of temporal cycling, the shoreline sampling regime found 

sustained periods of N:P > 16.  This supports the conclusion that N input is entering the bay 

through along the shoreline which is driving the higher than normal N:P ratio. 

Chlorophyll-α in Montagna stations C, D, and E during the study period were within in 

the same range of the shoreline samples ( < 2 µg/L to 14 µg/L) (Fig. 2.5).  However, the trending 

of the quarterly sample data is misleading due to the poor temporal resolution as compared to the 

weekly sampling regime (Fig. 2.2).   
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Fig. 2.5. Corpus Christi Bay Mean Chlorophyll-α in Montagna Sites C, D, and E. 
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2.4.2. Nitrogen Drawdown after Summer Runoff Event 

In highlighting the nitrogen drawdown after the May rainstorm, a smooth and slow 

drawdown of N in the water column was observed over the course of a month (Fig. 2.5).  This 

slow drawdown occurs although the bay is shallow, very well mixed, and high wind conditions 

were present throughout this period.  A simple linear relationship finds a decrease of .01 µmol/L 

of [NO2
-
 + NO3

-
] per day: 

𝑁𝑂2
− + 𝑁𝑂3

− =  −0.01𝐷𝑎𝑦𝑠 + 1.75      eq 2.1. 
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Fig. 2.6.  Nitrogen drawdown after storm runoff.  Recorded cumulative precipitation  of 

71.5 mm and 114.3 from nearby weather stations “CORPUS CHRISTI 8.0 WNW TX US” and 

“CORPUS CHRISTI NAS TX US” occurred between May 10 through 11, 2012 (NOAA 

National Climactic Data Center).  A linear regression of the [NO2
-
 + NO3

-
] drawdown is -0.01 

µmol/L until the next rainfall event. 
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The slow drawdown of Nitrogen after a brief rainstorm may indicate N recycling, 

because strong denitrification is normal for Corpus Christi Bay (Gardner et al. 2006).  Besides 

the nutrient input from runoff, sedimentary N release and fixation may be substantial sources of 

N.  McCarthy and Garnder (2008) suspected, but could not directly link, that sediments may be a 

substantial N source much of the year in Corpus Christi Bay while input from infrequent 

rainstorms are denitrified quickly.  Bruesewitz et al. (2013) also showed that significant fixation 

occurs regularly in a nearby coastal lagoon during periods of no riverine N input.  Likely a 

combination of all factors are at work simultaneously to cause this effect. 

2.4.3. Low Dissolved Oxygen 

On June 25
th

 2012 observations were taken throughout the day at hours of 6:00, 10:00, 

15:00, and 21:00 specifically to assess the diurnal changes of nutrient dynamics as a supplement 

to the weekly measurements.  The specific day of observation on June 25
th

 2012 was chosen 

because of persistent stable weather conditions of sun and no precipitation for the week prior.  

Low bottom water oxygen and hypoxia are commonly observed in the south west region of the 

bay and occur in the very early morning hours before sunrise (Nelson, 2012).  We did not expect 

to directly measure low oxygen during our observations due to the station locations and 

experimental design. 

The reading of 3.6 m/L of DO at Cole Park Pier places suspected hypoxia west of the 

previously defined hypoxia zones in Corpus Christi Bay (Montagna and Ritter, 2006; Nelson, 

2012).  According to hydrographic models water in Corpus Christi Bay flows along the eastern 

shoreline to the south-west (Furnans, 2004).   Therefore, observations of hypoxia west of the Oso 

Bay inlet would be indicative of formation at the location, or transported from the south-east of 

the bay.  More notably DO at Cole Park is often observed below 6.0 mg/L at the surface at 10:00 
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a.m. throughout the summer sampling periods, which lends evidence to the possible low oxygen 

or hypoxia occurrence in the early morning hours. At 6:35  a.m. Oso Pier station, also north of 

the Oso Bay outlet, DO was also near-hypoxic at 3.9 mg/L at surface depth, which places 

hypoxia along the western shoreline on June 25
th

 2012.  The surface of the water is well mixed at 

the site, yet near-hypoxia was present at 0.1 m depth.  Thus, the suspected seasonal hypoxia 

regions of Corpus Christi Bay may extend westward along the shoreline more often than 

previously theorized. 

2.4.4. Future Monitoring 

The Cole Park Pier location provides an attractive study location for water quality studies in 

Corpus Christi Bay.  The Texas Commission on Environmental Quality (TCEQ) maintains the 

Total Maximum Daily Load (TMDL) Project for Bacteria that samples at the Cole Park Pier site 

(Fig. 2.1) (Nicolau and Hill, 2012).  Cole Park is a historically significant location for Corpus 

Christi, Texas having been gifted to the city for use as a park in 1933 by E. Barnes Cole.  

Beyond being an iconic destination for residents and tourists, the location is well suited for 

scientific study.  The park is open year round 24 hours a day with a permanent concrete structure 

that extends 100 m into Corpus Christi Bay.  The location is also adjacent to a storm water drain 

for future denitrification studies.  Taking into account both the findings of this study and the 

physical properties of the location Cole Park Pier is an ideal location to study hypoxia and 

nutrient dynamics in Corpus Christi Bay. 

2.5. Conclusion 

This study was conducted to investigate the effectiveness of weekly nutrient observations 

along the shoreline of Corpus Christi Bay to capture seasonal trending.  The goal of the 
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experimental design was to discover the baseline of nutrient and chlorophyll-ɑ response in 

Corpus Christi Bay during a dry year with high average salinity.  During the year, minimum 

salinity was 27 PSU with a mean of 36 PSU indicating only minimal freshwater inflow to the 

bay.  Rainfalls in February, April, and May altered the nutrient N:P ratio profile, but did not 

affect chlorophyll-ɑ.  Regardless of rainfall patterns chlorophyll-ɑ concentrations mainly 

followed seasonal trends expected in temperate latitudes by increasing in spring and summer and 

decreasing in fall and winter.  The weekly shoreline samples were found to be statistically 

similar to the quarterly bay observations, but had more power to detect seasonal changes  

Observations at both shoreline locations were nearly identical except for ammonium.  The 

typical seasonal occurrences of harmful algal blooms and low oxygen were observed in 

November and June, respectively.  No significant changes in surface water inorganic nutrients, 

TSS, or chlorophyll-ɑ were observed at this point beyond the overlying seasonal trends.  This 

study led to two surprising results: 1) in spite of the subtropical climate, chlorophyll followed a 

temperate seasonal pattern, and 2) quarterly sampling reasonably represented chlorophyll-ɑ and 

nutrient dynamics as well as weekly sampling. 
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CHAPTER III 

EASYMODEL TOOLBOX: SIMULATING COUPLED ORDINARY DIFFERENTIAL 

EQUATIONS WITH PYTHON 

Abstract 

 Equations of ecological models in the form of dynamical coupled ordinary 

differential equations (ODEs) must be translated into programing code to be executed, calibrated, 

and validated by a computer.  Mathematical programming systems can be costly, have a steep 

learning curve, not open source, and often require learning a proprietary programming language.  

Additionally, calibrating and validating models to observational data is often ignored by 

programming systems.  This study introduces the EasyModel Toolbox for users with limited 

knowledge of computing languages to quickly prototype, simulate, and validate systems of 

ordinary differential equations.  EasyModel is divided into a graphical interface for rapid 

prototyping, and an extendable Python library for advanced modeling needs.  A case study is 

presented using EasyModel to hindcast a model of water quality to observational data in the 

Northern Gulf of Mexico.   The resulting toolbox is useful to modelers of varying computing 

experience without sacrificing functionality.    
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3.1 Introduction 

The eutrophication, or nutrient overloading of estuary waters, stems directly from human 

activities near the coast and upstream where excessive inorganic and organic nitrogen is 

introduced in significant quantities to the ecosystem (Nixon 1995; Cloern, 2001; de Jonge et al., 

2002; Vitousek et al., 1997).  Research has led to the understanding that nutrient loading has a 

direct link to fish and plankton die-offs, oxygen depletion in coastal waters, harmful algal 

blooms such as red and brown tide, shifts in plankton community populations, and generally 

lower water quality (Howarth and Marino, 2006; Rabalais and Nixon, 2002).   This problem 

creates new challenges for ecological modelers and environmental managers to adapt models of 

nutrient dynamics to track the fate of nutrient pollution in their local waters. 

Fortunately, multiple existing water quality models have been designed for this task.   

One of the most widely used water quality model is the Soil Water and Assessment Tool 

(SWAT) (Neitsch et al., 2005). Other large modeling system examples are the Hydrological 

Simulation Program-FORTRAN (HSPF) and the EPA created AQUATOX (Donigan et al., 

1995; Park et al., 2008).  These models contain pre-defined equations for general situations to 

model water quality questions.  A drawback of these model systems, however, is the large 

number of parameters that must be calibrated in order to apply the model to a given system.  One 

solution is to apply companion software packages such as PP-SWAT (Xuesong et al., 2013).  PP-

SWAT is a parallel Python software suite intended for cluster computing to test parameter 

coefficients for the SWAT package.  In many cases the data required to populate these models is 

lacking from the study location, and making alterations to the model equations is a difficult task 

for environmentalists without FORTRAN programming knowledge.   
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Each estuary and bay system is inherently different with its own local geography, micro 

and macro communities, and biochemical cycling.  A typical use case to model nutrient 

dynamics entails applying one or more model equation sets as coupled ordinary differential 

equations (ODE) from literature, calibrating to the study location, and validating the model 

results with observed data.  Since each estuary may have different biogeochemical parameters 

and data collection regimens, the ability to adapt models from literature and test new designs are 

essential for a good fit to the study location. 

Defining a new model from scratch can be a laborious process, however.  Most 

environmental researchers are familiar with using off-the-shelf software products such as 

MATLAB, STELLA, SAS, and Mathematica.   Most of these systems have a significant cost to 

license even for an academic setting.   And although these systems can aid in the designing and 

prototyping of models, the calibration, validation, and simulation aspects are for the most part 

outside the scope of these packages and left for the researcher to code in an alternate programing 

language.  These systems also require the user to learn a new semantical scripting language that 

is specialized to each package. 

Recently there has been significant progress in creating open-source programming 

libraries for scientific research.  Python programming has been an attractive solution for 

computing research due to available optimized scientific packages (Oliphant, 2007).  A 

comprehensive list of scientific packages written in Python is available online: 

https://wiki.python.org/moin/NumericAndScientific (Accessed September, 2014).  This 

development has aided in creating many environmental modeling libraries designed to solve 

specific needs.  A commonality among libraries is the ability to utilize the Python scientific 

packages to save programming time and add functionality to the researcher.  This result has 

https://wiki.python.org/moin/NumericAndScientific
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inspired the creation of toolboxes to solve problems while being portable, easily modified, and at 

no cost while all within a single standard popular programming language. 

A key advantage of using a standard scientific programming library is the optimization to 

hardware for computational speedup.  A recent survey of using NumPy to evaluate land use 

patterns had over a 60,000 time program speed increase over using traditional GIS 

implementations (Bryan, 2013).  As an analogy to an ecological system, each computing 

processing unit (CPU) has its own proprietary low-level instruction sets, number of computing 

registers, bus speeds, and caches.  By utilizing optimized libraries modelers leverage the work of 

other teams of computing researchers that actively increase computing speed and reliability of 

packages such as NumPy (Van Der Walt et al., 2011).   

Examples include the EcoIS Python library that creates image series from phenology 

plots in the high Artic to test for ecological indicators (Granados et al., 2014).  The PP-SWAT 

program mentioned previously is also an open source Python program leveraging NumPy and 

SciPy to aid as a wrapper to SWAT, which is itself written in Fortran-90.  The PP-SWAT system 

is designed as a multi-core scaling parallel application to solve the computationally intensive 

procedures of finding coefficients for the SWAT model.  Finally, some Python toolboxes are 

multi-purpose model drafting tools.  The PySB program is used to design and simulate a model 

using rule based semantics (Lopez et al., 2013).  As with many open source Python packages, 

these toolboxes are efficient, editable, free, and extendable for the ecological modeler. 

A new Python toolbox called EasyModel is presented to aid in ecological modelers in 

testing and simulating models.  The EasyModel Toolbox comprises a graphical user interface 

(GUI) and a series Python library functions called EMlib.   The EasyModel GUI acts as a 
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graphical interface to the SciPy ODEINT facility to quickly and easily code a series of coupled 

ODE’s without knowledge of programming languages (Oliphant and Peterson, 2001).    

Although the graphical interface is designed as a stand-alone modeling system, the main utility is 

to rapid prototype models and equation sets.    The EMlib toolkit is the underlying backbone of 

the EasyModel GUI.  EMlib is an advanced Python modeling toolbox designed for specialized 

adaptation for the calibration, validation, and execution of optimized model simulations. 

The decision to create both a GUI system and code library is based on the typical needs 

of ecological modeling.  Models are inherently created so solve a scientific problem, and no two 

situations are identical.  Creating a large scale graphical system such as Matlab or STELLA 

requires thousands of programming hours of development time for the general audience, and it 

necessitates the development of internal semantical languages such as Matlab code.  Instead, a 

simple graphical interface that aids in model design development while leaving the more 

complicated individual use cases for the extendable Python libraries.  The result is a system that 

requires no programming knowledge for testing model designs, while still being adapted to 

complex situations with only moderate Python knowledge. 

3.2 Methods 

The case study presented in this manuscript is the application of multiple nutrient 

dynamic models adapted from literature to a sample study location. This section details the use 

process for the EasyModel GUI interface to draft and test the model equations.  Finally, the 

EMlib toolkit library functions are utilized to validate a case study model to observational data. 

3.2.1. Modeling with EasyModel and EMlib 
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The EasyModel GUI and EMlib library are available online from a source repository 

(Turner, 2014).  It is advised to refer to the readme.txt file in the source download for installation 

instructions and required packages for execution.  From the source repository website it is 

possible to request bug fixes, code additions, or user help. 

3.2.2. Graphical Interface 

Launching the EasyModel GUI will present the user with the main equation editor screen 

(See Fig. 3.1).  The equation format is standard, fully expanded, mathematical text-only syntax 

similar to matlab, or most computing languages, using the symbols (,),*,/,+, and – to denote the 

basic operators.     Internal Python mathematical functions, such as pow(), are also valid.  As an 

example, eq. 1 can be entered into the EasyModel GUI as: x = ( 4* pow(x,2)  ) +  ( 2 * x ).  

𝑑𝑥

𝑑𝑡
=  4𝑥2 + 2𝑥          Eq. 3.1 
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Fig 3.1. EasyModel GUI Screenshot.  The equations shown in this screenshot is the 

Lorenz Attractor (Lorenz, 1963). 
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Each non-numerical text string must either be defined as a coefficient in the editor screen, 

or the label for another differential equation.  Valid variable and equation label names are any 

sequence of alphanumeric characters, such as “a, A, variableA, VarA1, or A1”. Special 

characters and whitespace are not allowed in the syntax.  Since these equations will be copied 

directly into Python source code, any valid Python expressions are allowed.  A description may 

be added to each equation and coefficient for clarity, but is not required for operation. 

After completing the equation set a simulation is initiated by clicking the button: 

“Simulate,” or by similarly navigating to: Model-> Simple Simulator.  A second window will 

appear and query the user for a step size and number of iterations.  Clicking “Integrate” in this 

window will initiate the model.  If the model compilation and simulation was successful a new 

window with an output graph will appear (Fig 3.2).   
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Fig. 3.2. The Lorenz Attractor simulated for 30 time steps.  This simulation is a time 

series where sigma = 10, rho = 28, and beta = 8/3.  
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3.2.3. Saving Equation Sets 

Equation sets, parameter values, and simulation runs are automatically saved to disk 

when using EasyModel.  Models can be explicitly saved and opened via the File menu in the 

EasyModel GUI.  This allows users to draft multiple equation sets and share them with 

collaborators.  The EasyModel save file is a binary file format created by the Python serialization 

process known as “pickling”.  The Python pickle() module processes object-oriented array 

structures and packages them into a single serial memory object that can be written to disk.   

EasyModel save files are backwards compatible to future planned versions of the 

software.  However, any changes to the EasyModel class structures, which are housed in the 

datalib.py library file, may break backwards compatibility.   

3.2.4. Exporting Models 

Displaying and exporting all calibration parameters, time series simulation results, and 

input files is simple through the EasyModel graphical interface.  On the main window select: 

Timeseries Data-> Display Raw Data Tables.  A new window will appear that contains all 

relevant model output, input, and parameters in tabular spreadsheet form.  These tables may be 

copied directly into most word processors and spreadsheet programs.  Alternately, by selecting:  

Timeseries Data -> Export Computing Time Series file browser window will open to save the 

full time series as a comma separated text file, or .CSV file.  

Within the EMlib library multiple functions are available to print files to disk.  The 

function EMlib.SaveSimSeries() is the non-graphical function for exporting a time series.  

Additionally, the function EMlib.SaveCoeffs() exports coefficient values and is useful for 
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employing auto-calibration strategies where multiple coefficient suits are stored with the same 

model. 

3.2.4. Converting Text Equations to Python Code 

A notable exception between EasyModel and other software programs is the equation set 

is stored and executed as a stand-alone compiled program module.  When the user saves a set of 

equations in EasyModel a standalone text file of Python code is created for the model.  This code 

is compiled seamlessly when the user selects to simulate the model.   This allows the Python 

compiler to handle equation syntax and semantic requirements, and additionally to create 

optimized binary code for user hardware.  Within the EasyModel GUI the generated Python code 

for the working model is displayed by navigating to: View -> Code View (Fig. 3.3).  This file is 

housed in the EasyModel running directory as default.py.  This file can then be repurposed 

outside the GUI EasyModel environment and use the EMlib toolbox functions.  This process is 

further described in the case study in section 3.3. 
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Fig. 3.3. EasyModel CodeView: Python source code for the Lorenz Attractor. 
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3.2.5. Validating Model Results 

Multiple “goodness-of-fit” tests are included in the EasyModel library for validating 

model results to observation data.  Goodness-of-fit is a process to quantify model fitness of 

simulated values to the observed system where multiple observations at the same timestamp 

create a sample mean.  This technique is employed successfully within hydrodynamic modeling 

to leverage the information gathered in sample variances (Legates and McCabe 1999). The 

principle function for fitness is EMlib.GFModel().  This function requires a computed 

observation time series and will return the goodness-of-fit results as scalar values.   The four 

tests are the Mean Square Error (MSE), the Weighted Mean Square Error (WMSE), the Range 

within the standard deviation (RANGE), and Mean Square Error outside the standard deviation 

(MSER) (Eqs. 3.2 through 3.5). 

The first metric is a simple test of Mean Square Error (MSE). The expected value, E, 

refers to the sample mean for each observation.   This test calculates the deviation of the model 

result from the observed means.  

Mean Square Error (MSE): 

𝑋2 =  ∑(𝐶𝑜𝑚𝑝𝑢𝑡𝑒𝑑 − 𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑)2       Eq. 3.2 

The Weighted sum of Mean Squared Errors (WMSE) will report the MSE weighted by 

the variance of the expected value.  This test is useful in situations where there is a significant 

variance in the expected values. The WMSE test will penalize models which do not match 

expected values with a low variance; likewise WMSE will be lenient in scoring model response 

during times of high variance of the observed values.  

Weighted Mean Square Error (WMSE): 
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𝑋2 =  ∑
(𝐶𝑜𝑚𝑝𝑢𝑡𝑒𝑑−𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑)2

𝜎2         Eq. 3.3 

The RANGE is a qualitative model fitness test to determine if the response falls within 

the STDEV of the observed value range in a time step (Eq. 3.4).  Each true/false result per time 

step is averaged into a percentage of the total time series.  Thus, 100% RANGE corresponds to 

the computed results matching within the observed STDEV for the entire time series.  This test is 

useful during the model calibration process where large alterations in coefficients will 

dramatically change the validation results. 

Range within the standard deviation (RANGE): 

𝑖𝑓 𝑂 < (𝐸 + 𝑆𝑇𝐷𝐸𝑉(𝐸))𝑎𝑛𝑑 𝑂 > (𝐸 − 𝑆𝑇𝐷𝐸𝑉(𝐸))     Eq. 3.4 

Finally, if the model output does not fall within the STDEV of expected values then we 

report the error distance from the outside of the region as the MSER fitness test (eq.4).  This test 

can be used in conjunction with the RANGE test in calibration. 

Mean Square Error outside STDEV (MSER): 

𝑖𝑓 𝑂 >  𝐸 + 𝑆𝑇𝐷𝐸𝑉(𝐸) 

𝑡ℎ𝑒𝑛  𝑀𝑆𝐸(𝑂, 𝐸 + 𝑆𝑇𝐷𝐸𝑉(𝐸)) 

𝑖𝑓  𝑂 < 𝐸 − 𝑆𝑇𝐷𝐸𝑉(𝐸)  

𝑡ℎ𝑒𝑛  𝑀𝑆𝐸(𝑂, 𝐸 − 𝑆𝑇𝐷𝐸𝑉(𝐸))        Eq. 3.5 

3.3. EasyModel Case Study 

A model of nutrient dynamics is applied to San Antonio Bay, Texas as a case study of 

using the EasyModel software.  The algorithm chosen is a three equation set of dynamical 

ODE’s which describe the relationships between nutrients, phytoplankton, and zooplankton 
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(NPZ) (Franks, 2002).   This model is part of a five model ensemble that previously calibrated 

for San Antonio Bay, Texas using the EasyModel Python library functions (Turner et al., 2014).   

3.3.1. Nutrient Dynamics of San Antonio Bay, Texas 

The San Antonio Bay is a coastal lagoon situated on the southern coastline of Texas, 

USA and is the primary bay system of the Guadalupe Estuary (see Fig 3.4).  The San Antonio 

and Guadalupe rivers that join together to feed into San Antonio Bay, which has a surface area of 

579 km2 (Longley, 1994).   The San Antonio Bay empties into the secondary bay systems of 

Mesquite Bay and Espiritu Santo Bay and does not have a direct connection to the Gulf of 

Mexico.  Four historical observation stations within San Antonio Bay (GEA, GEB, GEC, and 

GED) were established in 1988 for collecting quarterly water quality samples (Montagna and 

Yoon, 1991). Data collected from these sites include inorganic nutrients, salinity, temperature, 

chlorophyll-a, total suspended solids, and benthic infauna data. 
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Fig. 3.4. The San Antonio Bay in Texas, USA.  The San Antonio Bay is the primary bay 

of the Guadalupe estuary.  Each of the seven Texas estuary systems are named after the primary 

rivers that feed into the primary bay (Longley, 1994). Sample sites GEA, GEB, GEC, and GED 

are long term water quality sites for quarterly observations since 1988 (Montagna and Yoon, 

1991).  
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Nutrient flux from the San Antonio and Guadalupe rivers were used as model input in 

this case study.  The procedure for estimating river flow, determining nutrient flux totals, and 

applying flux as model input are detailed in Bruesewitz et al. (2013), Mooney and McClelland 

(2012), and Turner et al. (2014).  

3.3.2. Constructing Franks (2002) Nitrogen, Phytoplankton, and Zooplankton Model 

The Franks (2002) equation set is a simple three box model that was originally written to 

describe pelagic plankton dynamics, but has been used in the past to model water quality and 

estuary nutrient dynamics (Mitra, 2009).  The Franks (2002) equations and calibration 

parameters are adapted from a model ensemble study in San Antonio Bay (Turner et al., 2014) 

(See Table 3.1).  These equations are entered into the EasyModel GUI to construct the 

integration code module that will be adapted further.  This EasyModel savefile is included in the 

EasyModel download file as: saves/franksnpz.em.   
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Table 3.1. The Franks (2002) Nitrogen-Phytoplankton-Zooplankton (NPZ) Model 

 

     

State Equation Description 

 

 

 

 

State equation for 

Phytoplankton 

 

 

 

 

State equation for Zooplankton 
 

 

State equation for Nitrogen 

   Variable Definition Unit 

(b) 

  P Nitrogen in phytoplankton chl-a µg/L 

Z Nitrogen in zooplankton µg N/L 

N 
 

 
 

µg N/L 

i Irradiance d
-1

 

Pg Maximum phytoplankton growth rate d
-1

 

e Ingestion rate for zooplankton d
-1

 

Zm Zooplankton mortality d
-1

 

Pm Phytoplankton mortality d
-1

 

h Zooplankton grazing d
-1

 

 

  

𝑑𝑃

𝑑𝑡
= 𝑖 ∗ 𝑃𝑔 ∗ 𝑁 ∗ 𝑃 − ℎ ∗ 𝑃 ∗ 𝑍 − 𝑃𝑚 ∗ 𝑃2 

𝑑𝑍

𝑑𝑡
= ℎ ∗ 𝑒 ∗ 𝑃 ∗ 𝑍 − 𝑍𝑚 ∗ 𝑍2 

𝑑𝑁

𝑑𝑡
= −𝑖 ∗ 𝑃𝑔 ∗ 𝑁 ∗ 𝑃 +  (1 − 𝑒) ∗ ℎ ∗ 𝑃 ∗ 𝑍 + 𝑃𝑚 ∗ 𝑃2 + 𝑍𝑚 ∗ 𝑍2 

[𝑁𝑂3
− + 𝑁𝑂2

− + 𝑁𝐻4
+] 
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3.3.3. Building a Custom EMlib Program 

 The produced ODEINT module code for the Franks (2002) model is now adapted into a 

stand-alone Python program to simulate San Antonio Bay nutrient dynamics.  This involves: 1) 

creating a wrapper program for the ODEINT module, 2) importing nutrient flux data to the 

model for each time stamp, 3) comparing simulated values with historical data, and 4) graphing 

the results.  The case study Python code and relevant data files are included with the software 

download under the directory:  /examples.  The code to execute the case study is 

frankswrapper.py and franks2002.py that are included as A.3.1 and A.3.2 respectively.  During 

this process the full suite of EMlib functions are utilized.  The current listing of each function in 

the EMlib library, their purpose, and inputs are listed in Table 3.2.    
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Table 3.2.  The EMlib Functions 

    

Function Name Description 

OpenSimSeries Opens a saved simulation spreadsheet in CSV format 

  OpenObsSimple Opens a CSV file specified for observation values in Montagna format. 

  Average Inputs a 2D array of observation values and returns the mean and STDEV 

  LoadCoeffs Opens a saved coefficient table in the form of CSV. 

  SaveCoeffs Saves a set of model coefficients to the selected CSV file on disk. 

  SaveSimSeries This saves a 2D array of values into a CSV file. 

  BinSet Receives a series of [X,Y] values and bins the results from the specified 

 

binsize. Returns a subset [X,Y] series with averaged X values. 

 

Y values are unmodified, but truncated to the binsize length. 

  GFSingle This is a pattern match program which tests Goodness of Fit 

 

for a single point for models against observation results. 

  GFModel Pattern match program for Goodness of Fit for an entire model. 

  yearfrac2date Method recieves a float value of time in the format of yyyy.fractionalyear  

 

such as: 2001.2391 and converts to a datetime object.  

  mmddyyyy2date Method converts a date string mm/dd/yyyy into a datetime object. 

  OpenRiverInput Method opens a specific nutrient input file provided only for Texas Bays. 

  RankModels Ranks Goodness of Fit results from multiple models. 
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3.3.3.1. SciPy ODEINT Wrapper: frankswrapper.py 

The SciPy ODEINT module created by the EasyModel GUI is repurposed as a stand-alone 

module in lines 56 through 76 in A.3.1.  The only change to this function is the addition of a 

variable called ‘daily’ within the function input.  This value is then added to the Nutrient 

equation N_dot (line 74).  This value will be used to input a scalar value of nutrient loading 

entering the model each time step.  Without this addition the model would be static with no 

modeling currency entering the model through the simulation. 

 The principle wrapper code to execute the Scipy ODEINT function is lines 17 through 19 

of A.3.1.  These commands instruct the Scipy ODEINT module to where to locate the ODE 

function, the mathematical algorithm to use for integration and complexity, number of internal 

program steps, and initial values.   A loop function is then used to execute the differential set for 

each time step for the duration of the input file (lines 33 through 35).  A savefile is constructed 

using emlib.SaveSimSeries() to write the integration values to disk. 

3.3.3.1. Franks (2002) EMlib Program: franks2002.py 

 With the ODEINT wrapper program completed a new program is drafted to execute the 

wrapper, test the simulation results against observation data, and graph the results.  Full text of 

this code is presented as A.3.2. The program executes the ODEINT wrapper (line 14), and opens 

the results using emlib.OpenSimSeries() (line 25).  The observation file is opened (line 18) and 

the Goodness of Fit tests are performed against the simulation values (line 27).  Graphing is 

handled by the matplotlib functions (lines 30 through 55).   
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3.4. Results 

The Franks (2002) model simulated the San Antonio Bay primary production as 

estimated by chlorophyll-α within a mean square error of 43.3.  The full goodness of fit results 

are a weighted mean error of 14.3, mean square error outside the STDEV range of 15.3, and 65.7 

% of simulated values fell within the STDEV of observations (RANGE).  The simulation results 

are visualized against the STDEV and mean chlorophyll-α observations in Fig 3.5.   
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Fig 3.5. Simulated San Antonio Bay chlorophyll-α from 2004 to 2010.  The Franks 

(2002) simulation results are plotted with the mean and variance of chlorophyll-α observations in 

San Antonio Bay.  The graphic file was produced using the matplotlib Python library. 
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3.4. Discussion 

The Franks (2002) NPZ model simulated the nutrient dynamics of the San Antonio Bay, 

as measured by chloropyll-α observations, within a MSE of 14.3.  This result is a better fit than 

reported in a previous study for the Franks (2002) model in San Antonio Bay (Turner et al., 

2014).  In the Turner et al. (2014) study five models of nutrient dynamics were calibrated for two 

bays: Copano Bay and San Antonio Bay, Texas.  Therefore, calibrating for just a single location 

will result in a higher fit average for a model.   

Although the case study presented in this manuscript is an ecological model of water 

quality applied to water quality data, the EasyModel Toolbox can be used to design and compute 

any coupled system of ODE’s.  Essentially the system acts as a user interface to the Python 

SciPy ODEINT facility that will compute differential sets efficiently. 

3.4.1. Optimized Computational Code 

A possible misconception about scripting languages, such as python, is the code is not 

compiled before runtime.  However, all programming code created as readable text must be 

compiled into binary instructions in some fashion before being executed.  Python code is 

compiled automatically when executed into binary modules, or can be precompiled.  This is an 

important detail for GUI-based equation editors, such as EasyModel, for user experience.  Since 

users will edit equations and coefficients in the program, these changes need to be recompiled 

during runtime to simulate the model without having to exit and restart the program.   

Dynamically recompiling modules during runtime is not a typical requirement of programming 

languages, however, python 2.6 includes this functionality as the module: reload() (see Eq. 3.6).  
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The functionality of code to recompile itself is not possible in other languages such as C, C++, or 

FORTRAN. 

mymodule = __import__ (workingModel.pyfile) 

reload(mymodule)         Eq. 3.6 

3.4.2. EasyModel as a Teaching Tool 

Computer simulations are often used as teaching tools in the classroom to foster learning 

of ecological and mathematical concepts such as population diversity (Korfiatis et al., 2014; 

Smetana and Bell, 2012).  For example, EasyModel provided several classic model examples as 

part of the package download.  The Lotka-Volterra model of population dynamics is the default 

running model when the program stats (Lotka, 1925; Volterra, 1926).  Additionally, the Lorenz 

system, often used to demonstrate chaos theory, is provided as a download file (Lorenz, 1963).  

Due to the ability to edit and create dynamical systems without special programing knowledge, 

and being open source, EasyModel may provide functionality as a teaching aid for a variety of 

subjects. 

3.4.3. Future work 

3.4.3.1. Graphical Parameter Calibration 

The current focus in code development for EasyModel has been to create a graphical 

system to calibrate models to observational data without resorting to the Python library code 

calls.  However, this has proven difficult due to the many complicating factors of this task.  For 

example, issues such as timestamps, data imputation, and observational outputs have a 

compounding requirement for multiple screens and boxes a user must navigate before populating 

a model simulation.  The more features which are necessary for generic dynamic model 
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calibration necessitate a more complicated graphical interface to program.  The best solution in 

creating EasyModel was to leave the more complex dynamical functions as Python libraries 

instead of creating a graphical interface that would be hard to use and limited.   However, 

graphical calibration does remain a long-term goal of EasyModel in several generic situations to 

serve as a platform for better simulating simple ecological models. 

3.4.3.2. Equation functions and external library calls 

Currently secondary functions are not able to be drafted in EasyModel.  A secondary 

equation is a complex multi-parameter function that may be called multiple times inside other 

differential equations.   An example is a Michaelis–Menten (1913) kinetic function that is 

commonly used for a growth rate.  This is a timesaving facility for modelers as equations would 

not be required to be fully expanded, or written completely within differentials.    

3.4.3.3. Journal-ready equation printing through LaTex 

An advantageous component of modeling using a software system is creating journal 

ready tables and figures.  EasyModel makes creating tables of model parameters easy through a 

graphical interface, and figure printing is handled through the Python Matplotlib interface to 

produce quality high-DPI prints.  For example, the graphical figures in the reference text Turner 

et al. (2014), and Fig. 3.5 of this manuscript were produced using Matplotlib.   However, a 

helpful functionality is to print journal ready equations through EasyModel.  Some word 

processors, such as Microsoft Word, contain an internal equation printing system.  A possible 

solution is to use a stand-alone equation printing language such as LaTex.  A future addition of 

EasyModel is to convert models into LaTex code for journal printing.  
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3.4.3.4. Multidimensional scaling 

The functionality for simulations in two or three dimensions is currently lacking in 

EasyModel.  The development aim is to create the working library functions for single 

dimension before tackling the more difficult programming challenge.  The scaling of models into 

multiple dimensions, however, is the long-term goal of EasyModel.   

3.5. Conclusion 

The EasyModel Toolbox is designed as an updatable and extendable Python facility to 

quickly prototype and compute dynamic systems of differential equations.  The case study 

presented in this manuscript is applying Franks (2002) NPZ model to San Antonio Bay, Texas.  

The simple model of six coefficients (plus one input scalar coefficient) was able to simulate 

nutrient dynamics as represented by chlorophyll-α observations with a Mean Square Error of 

14.3.  The case study made use of the EasyModel GUI package to enter and prepare the ODE 

series.  The ODE module was prepared as a wrapper program, and a simulation.  The example 

case study is available for download along with the EasyModel program online (Turner, 2014).   
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CHAPTER IV 

COMPARING PERFORMANCE OF FIVE NUTRIENT PHYTOPLANKTON 

ZOOPLANKTON (NPZ) MODELS IN COASTAL LAGOONS 

Abstract 

Modeling nutrient cycle dynamics in the open ocean based on the well-known 

interactions among nitrogen, phytoplankton, and zooplankton (NPZ) is well-established.  

Difficulty arises in applying this methodology to multiple coastal systems because of differences 

among geography, water chemistry, microbial interactions, weather patterns, and sedimentary 

nutrient cycling.  Current trends in ecological modeling are toward more complex modeling 

relationships and mathematical functions. Four published NPZ models and a new model are 

compared based on their varying number of equations, mathematical complexity, and required 

parameters.  The new model adapts NPZ interactions to shallow estuary systems by adding a 

benthic consumption component as a nutrient producer consumer (NPC) system.  Each model is 

calibrated and validated for two bays in the western Gulf of Mexico: San Antonio Bay, TX, 

USA, and Copano Bay, TX, USA.  Daily riverine nutrient inputs are used as the model driver 

while historical measurements are used for calibration and validation.  The five models are 

compared for their ability to simulate the observed bay response of primary production in both 

locations.  The new model simulates primary production closer to measured observations than 

other models because of the inclusion of benthic consumption dynamics.  However, differences 

of equation complexity between NPZ models had no relationship to overall goodness of fit in 

study area.  Models produced nearly identical results regardless of different relationships and 

mathematical formulas. Although every location is unique, this study shows that adding 
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mathematical complexity may only provide marginal gains in practice while decreasing 

portability when extending NPZ models for the coastal zone. 
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4.1. Introduction 

Although many relationships and effects of eutrophication have been established, 

frustration still exists to model these changes in a dynamically changing world at the global level 

(Cloern, 2001; Gruber and Galloway, 2008).  Past ecosystem models designed and calibrated for 

a specific estuary have been difficult to adapt to new locations due to differences in physical 

properties and geography, predator-prey interactions, and differing nutrient inputs and 

concentrations.  Patterns of responses to nutrient inputs into an estuary are now agreed to be 

dynamic and non-linear (Duarte, 2009; Nixon, 2009).  One solution to modeling and forecasting 

nutrient cycling in an estuary is to describe the relationships between nutrients, phytoplankton 

and zooplankton (NPZ) components, with nitrogen used as modeling currency.  NPZ models 

were originally designed for open ocean pelagic systems but increasingly are being used for 

estuarine systems (Franks, 2002).  NPZ has also been extended to define risk assessment in 

riparian systems (Chen et al., 2011). The premise of this technique is that phytoplankton are the 

primary producers and zooplankton are the primary consumers with their interplay describing the 

bulk, but not all, of the nutrient cycle in an estuarine system.   

Ecological models in general are becoming increasingly more complicated in the number 

and types of functions used to simulate estuary dynamics (Duarte, 2009; Franks, 2002).  One 

explanation for this trend is that researchers desire to increase the accuracy of models by 

incorporating more ecological processes.  Complexity increases further as more biological 

processes are discovered and quantified.  As a consequence, implementations of NPZ dynamics 

typically contain more processes than just NPZ relationships alone, such as those related to 

benthic consumers, bacteria, and fish.  However, increasing complexity in models can also 

reduce accuracy and produce an overfit situation where noise, and not the signal, is simulated 
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(Hastie and Tibshirani, 2009).  Multiple models of NPZ dynamics have been written in the past 

several decades that contain drastically different relationships, functions, and parameters, each 

with varying levels of complexity.  NPZ models have been independently applied with a high 

degree of accuracy in multiple locations and studies (Cloern, 2007; Edwards and Brindley, 1999; 

Hurtt and Armstrong, 1996).  The purpose of the current study is to compare several popular 

NPZ models with observational data to determine the best approach for coastal lagoons.     

In this study four NPZ based models of varying complexities are applied to two disparate 

study locations in the northwestern Gulf of Mexico.  To make direct comparisons between 

models all study models are a series of coupled ordinary differential equations.  Additionally, the 

NPZ approach is extended to couple benthic nutrient cycling to the basic NPZ interactions. This 

new simple model includes the effects of the nutrient sink/source dynamics of benthic nutrient 

competition to an NPZ system.  This contrasts with the pure NPZ model approach, where 

phytoplankton populations are only limited by predation.  Simulation output is evaluated and 

ranked by multiple goodness-of-fit tests against historical chlorophyll-α measurements.  Finally, 

each model is analyzed for a theoretical nutrient load pulse. 

4.2. Methods 

4.2.1. Study Area 

The coastline of Texas, USA, contains seven major estuarine systems, which are separated 

from the Gulf of Mexico by barrier islands.  A pronounced north to south gradient exists with 

decreasing freshwater inflows as you move southward along the coastline (Montagna et al., 

2007). Two centrally located estuaries on the Texas coast were chosen for the model analysis, 
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the Guadalupe and Mission-Aransas estuaries (Fig. 4.1).  Both estuaries are shallow ( < 3 m at 

maximum depth) and well-mixed, but differ in freshwater inflow amount. 
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Fig. 4.1. The Mission-Aransas Estuary and Guadalupe Estuary along the Texas Gulf of 

Mexico Coast.  Sample sites GEA, GEB, GEC, and GED are long term water quality sites for 

quarterly observations since 1988 (Montagna and Yoon, 1991). Sites COPE and COPW are 

sampled through the National Estuarine Research Reserve program (Evans et al.,2012). 
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The Guadalupe Estuary consists of the San Antonio and Guadalupe rivers that join together 

and feed into San Antonio Bay, which has a surface area of 579 km2 (Longley, 1994).  In 1988 

four observation stations within San Antonio Bay (GEA, GEB, GEC, and GED) were established 

for quarterly water quality samples (Montagna and Yoon, 1991).  Data collected from these sites 

include inorganic nutrients, salinity, temperature, chlorophyll-a, total suspended solids, and 

benthic infaunafaunal data.   

The Mission-Aransas Estuary consists of the Mission and Aransas rivers that flow into 

Copano Bay.  The Aransas River flows directly into Copano Bay on the western side and the 

Mission River flows into the northwestern side via Mission Bay (Fig. 4.1).  Copano Bay is 

located approximately 30 km southwest of San Antonio Bay and one of several bays in the 

Mission-Aransas Estuary.  The Mission-Aransas estuary is part of a 185,708 acre National 

Estuarine Research Reserve site, which has a water quality monitoring program that began in 

2007 (Evans et al. 2012).  Data collected at the monitoring stations includes monthly inorganic 

nutrients and chlorophyll-α and continuous (15 minute interval) water quality parameters such as 

salinity, temperature, pH, turbidity and dissolved oxygen.    

Observation data from both estuaries indicate there is high intra and inter-annual variability 

with freshwater inflows, and salinities ranging from fresh to hypersaline.  Over the past 40 years 

(1976-2007), the Guadalupe estuary had an annual average salinity of 16.8 (standard deviation, 

4.9) and the Mission-Aransas Estuary had an annual average salinity of 18.4 (standard deviation,  

5.6) (Montagna et al., 2011).     

4.2.2. Riverine Nutrient Flux 
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Although the two study locations are geographically similar their observed nutrient 

dynamics are drastically different.  San Antonio Bay exhibits eutrophic conditions stemming 

from heavy nutrient loading due to human development in the San Antonio watershed 

(Arismendez et al., 2009).  In contrast, Copano Bay exhibits oligotrophic conditions during much 

of the year and receives less nutrient loading due to low populated areas within its watershed 

(Evans et al 2012).   

Nutrient flux estimates were derived using LoadRunner, a program created to automate 

the United States Geological Survey (USGS) Load Estimator (LOADEST) regression model 

program (Runkel et al., 2004, Booth et al., 2007).  Model inputs for LoadRunner were daily 

water discharge and nutrient concentrations collected at USGS streamflow gauge locations in 

addition to special monthly and daily measurements during storm events (Mooney and 

McClelland, 2012; Bruesewitz et al., 2014).  Daily nitrate + nitrite, ammonium, and dissolved 

organic nitrogen (DON) flux estimates entering Copano Bay and San Antonio Bay are presented 

in Figs. 4.2 and 4.3, respectively.  Although the amounts of nutrient flux in these systems differ, 

the patterns are similar.  The majority of the year is characterized by relatively low base flows 

interspersed by high flow events associated with heavy rainfall.  The high flow events make up 

the majority of the annual nutrient flux to the estuaries. 
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Fig. 4.2. Copano Bay daily river nutrient flux as kg N d
-1

 from July 2010 to April 2011. 

a) shows full scale, b) zoomed scale at max 1000 kg N d
-1

 to show temporal detail for daily 

average loads. 
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Fig. 4.3. San Antonio Bay daily river nutrient flux as Kg N d
-1

 from selected years 2001 

to 2004.  This graph is typical of the entire dataset.  3. a) shows full scale, b) zoomed scale at 

max 1000 kg N d
-1

 to show temporal detail for daily average loads.  
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4.2.3. Model Implementation 

Four models are chosen for application (Fig. 4.4).  One model, the Arismendez et al. (2009) 

system, was specifically written for the study location.  Three other models are classic 

mechanistic NPZ model based systems that are frequently used and cited in literature.  These 

systems are:  Fasham et al. (1990), Franks (2002), and Steele and Henderson (1992). The models 

differ in their complexity, nutrient inputs, and number of parameters required (Table 4.1).  A 

fifth model is proposed here to explicitly incorporate benthos (Fig. 4.5) because estuaries are 

shallow and the benthos regulates most physical, chemical, biological and geological processes 

in estuaries (Day et al. 1989). 
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Fig. 4.4. Schematics of NPZ dynamics for study models: a) Steele and Henderson (1992), b) 

Franks (2002), c) Fasham et al. (1992), and d) Arismendez et al. (2009) 
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 Table 4.1.  Model complexity comparison. 

Comparison of each model, their relative complexity, and the nutrient inputs. 

Parameter coefficients refer to the scalar values that must be calibrated for each 

model. Ranking the models by the number of state equations gives a simple 

metric for complexity. 

 
Model Mathematical Complexities     Nutrient Input     

  
State 
Eqs. 

Relationships 
Parameter 
Coefficientsₐ 

Complexity 
Ranking 

  
NO2 + 
NO3 

NH4 

DIN (NO2 

+ NO3 + 

NH4) 

DON 

Steele and Henderson 

(1992) 3 4 4 1 

   

X 

 
Franks (2002) 3 5 7 2 

   

X 

 Turner NPC (Present 
Study) 4 7 8 3 

   

X 

 Arismendez et al. 
(2009) 6 10 16 4 

 

X X 

 

X 

Fasham et al. (1990) 7 15 26 5   X X   X 

ₐ All scalar values used in this study for calibration and validation 
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Fig. 4.5. Schematic of the Turner NPC model.  The boxes represent the four state 

variables (phytoplankton, zooplankton, benthos, nutrients) that were explicitly modeled.  The 

arrows represent the flow of nutrient currency between each state variable and the surrounding 

environment.   
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Implementation of any model to specific data requires minor modifications to equation 

sets.  As a goal of this study we seek to faithfully reproduce each model in the spirit of the 

original author’s intent.  The author’s original labels for symbols, variable names, and 

descriptions are changed to present uniformity and clarity among each model.  An example of 

this relabeling is the terms for phytoplankton growth rate and mortality for all models are labeled 

Pg and Pm respectively.  This is to allow comparison of calibration parameters and to smooth 

implementation of the ensemble set.  The full table of model parameters, their calibration values, 

units, and descriptions are presented in Table 4.2. 
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. 

      Table 4.2.  Model parameter coefficients. 

Descriptions of all parameters and calibration coefficients used in the five models for Steele and 

Henderson (1992), Franks (2002), Fasham et al. (1990), Arismendez et al. (2009) and the Turner 

NPC model.  Terms listed by X indicate that the parameter is included in the model but is 

implemented as a function. 

Term Definition Units 

Steele and 

Henderson 
(1992) 

Franks 
(2002) 

Turner 

NPC 

(present 
study) 

Arismendez 

et al.  
(2009) 

Fasham 

et al. 
(1990) 

P Nitrogen in phytoplankton µg N/L X X X X X 

Z Nitrogen in zooplankton µg N/L X X X X X 

B  Nitrogen in benthic producers µg N/L  

  

X 

  BA Nitrogen in bacteria µg N/L 

    
X 

D Nitrogen in detritus µg N/L 

    

X 

NN NO2 + NO3 concentration  µg N/L  

   

X X 

NH NH4 concentration  µg N/L  

   

X X 

N NO2 + NO3 + NH4 concentration  µg N/L X X X 
  DON Disolved organic nitrogen µg N/L 

   

X X 

PON Particulate organic nitrogen µg N/L  

   

X 

 i Irradiance d-1 

 

0.3 1 

 

1 

Pg Maximum phytoplankton growth rate d-1 50 0.5 0.5 0.6 0.03 

Zg Maximum zooplankton growth rate d-1 

   

0.3 0.01 

G Phytoplankton growth rate function d-1 

   

X X 

Pm Phytoplankton mortality d-1 

 

0.1 0.1 0.05 0.2 

Bg Maximum benthic growth rate d-1 

  
0.1 

  Bm Benthos Mortality d-1 

  

0.1 

  BAe Ingestion rate for bacteria d-1 

    

0.01 

Kba Bacteria grazing half-saturation rate d-1 

    

0.5 

Bdone Bacteria DON ingestion rate µg N/L d-1 

    
X 

Bnhe Bacteria NH ingestion rate µg N/L  d-1 

    

X 

BAm Bacteria mortality d-1 

    

0.1 

e Ingestion rate for zooplankton  d-1 0.75 0.05 0.2 X X 

Zm Zooplankton mortality d-1 0.6 0.28 0.2 0.28 0.08 

Y Ivlevs Constant µg N/L 

   

1.5 

 Zgp Zooplankton grazing phytoplankton rate µg N/L d-1 

    

X 

Zgb Zooplankton grazing bacteria rate µg N/L d-1 

    

X 

Zgd Zooplankton grazing detritus rate µg N/L d-1 

    
X 

Zgpp Zooplankton grazing phytoplankton preference dimensionless 

    

1 

Zgpb Zooplankton grazing zooplankton preference dimensionless 

    

1 

Zgpd Zooplankton grazing detritus preference dimensionless 

    

1 

Zep Zooplankton phytoplankton grazing efficiency rate dimensionless 

    

0.5 

Zeb Zooplankton bacteria grazing efficiency rate dimensionless 

    

0.5 

Zed Zooplankton detritus grazing efficiency rate dimensionless 

    

0.5 

Ze Zooplankton egestion rate d-1 

    

0.1 

h Zooplankton grazing d-1 

 
0.05 0.13 0.12 0.5 

Ae Ammomium inhibition effect µg N/L 

   

X X 

a  Ammomium Inhibition constant µg N/L  

   

1.2 1.5 

j Nitrification rate dimensionless 

   

0.3 

 F F-ratio dimensionless 

   
X X 

k Half-saturation coefficient for nitrogen µg N/L 0.3 

    Fnn NN saturation ratio dimensionless 

   
X X 
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Fnh NH saturation ratio dimensionless 

   

X X 

Knn Half-saturation coefficient for NO2 + NO3 uptake µg N/L 

   

3 0.5 

Knh Half-saturation coefficient for NH4 uptake µg N/L 

   
0.3 0.5 

c Decomposition rate d-1 

   

0.02 0.1 

d Depth m 

   
0.5 

 Vs Sinking velocity m d-1 

   

1.5 

 s Sedimentation rate d-1 

 

.15a 0.15 2 .15a 

r Remineralization rate d-1 

   

0.1 

 

DNN 
External input from upstream boundry (daily loading 
for NO2+NO3) 

kgl N m-3 d-1 

   

X X 

DNH 
External input from upstream boundry (daily loading 
for NH4) 

kg N m-3 d-1 

   

X X 

DDIN 

External input from upstream boundry (daily loading 

for NO2 + NO3 + NH4) 

kg N m-3 d-1 X X 

X 

  

DDON 
External input from upstream boundry (daily loading 
for DON) 

kg N m-3 d-1 

      X X 
X Term used in model 

      a Term added for purposes of this study 
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For implementation the daily nutrient loads for all models are passed to each specific state 

equation if they exist.  Therefore, a nutrient addition and removal term must be implemented if 

not otherwise included in the original model.  In each case these parameters are linear scalar 

constants.  For the Arismendez et al. (2009) and Fasham et al. (1990) models, specific state 

equations for nitrate + nitrite and ammonia are predefined and integrated separately into each 

model’s respective state equation. For the Franks (2002), Steele and Henderson (1992), and 

Turner (present study) models, nitrate, nitrate, and ammonia daily loads are summed into a single 

daily nutrient flux load. For these last three models the DON daily load data was not 

implemented. 

4.2.4. Model Equation Sets 

The flow diagrams and full equation sets for the implementations of Steele and Henderson 

(1992), Franks (2002), Fasham (1990), and Arismendez et al. (2009) are presented in Fig. 4.4 

and Table 4.3 respectively.  The Turner NPC model (present study) flowchart and equations are 

listed in Fig 4.5. and Table 4.4. This section details each model and any important alterations 

required for implementation during this study.   
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 Table 4.3.  Model equations 

Equations used model performance study: a) Steele and Henderson (1992), b) Franks (2002), c) 

Arismendez et al. (2009) , d) Fasham et al. (1990) 
Author State Equation Description 

(a) 
   

1 
 

𝑑𝑃

𝑑𝑡
=  

𝑁

𝑘 + 𝑁
∗ 𝑃 (1 −  

𝑃

𝑃𝑔
) −  

𝑃2

1 + 𝑃
∗ 𝑍 

State equation for phytoplankton 

2 
𝑑𝑍

𝑑𝑡
= e ∗

𝑃2

1 +  𝑃2
z − e ∗ 𝑍𝑍𝑚 State equation for zooplankton 

3 

𝑑𝑁

𝑑𝑡
−  

𝑁

𝑘 + 𝑁
∗ 𝑃 (1 −  

𝑃

𝑃𝑔
) + (1 − e) ∗

𝑃2

1 +  𝑃2
∗ Z + 𝐷𝐷𝐼𝑁 

State equation for DIN 

   (b) 

4 
 

𝑑𝑃

𝑑𝑡
= 𝑖 ∗ 𝑃𝑔 ∗ 𝑃 − ℎ ∗ 𝑃 ∗ 𝑍 − 𝑃𝑚 ∗ 𝑃2 State equation for phytoplankton 

 

5 
 

𝑑𝑍

𝑑𝑡
= ℎ ∗ 𝑒 − ℎ ∗ 𝑃 ∗ 𝑍 − 𝑍𝑚 ∗ 𝑍2 State equation for zooplankton 

 

6 
 

𝑑𝑁

𝑑𝑡
= −𝑖 ∗ 𝑃𝑔 ∗ 𝑃 +  (1 − 𝑒) ∗ ℎ ∗ 𝑃 ∗ 𝑍 + 𝑃𝑚 ∗ 𝑃2 + 𝑍𝑚 ∗ 𝑍2 + 𝐷𝐷𝐼𝑁 − 𝑠 ∗ 𝑁 State equation for DIN 

   (c)  
  

7 

 
𝑑𝑃

𝑑𝑡
= 𝐺 ∗ 𝑃 − 𝑒 ∗ 𝑍 − 𝑃𝑚 ∗ 𝑃 State equation for phytoplankton 

8 
𝑑𝑍

𝑑𝑡
= 𝑍𝑔 ∗ 𝑒 ∗ 𝑍 − 𝑍𝑚 ∗ 𝑍 State equation for zooplankton 

9 
𝑑𝑁𝑁

𝑑𝑡
= 𝐷𝑁𝑁 − 𝐺 ∗ 𝑃 ∗ 𝐹 + 𝑗 ∗ 𝑁𝐻 State equation for NO2 + NO3 

 

10 
 

𝑑𝑁𝐻

𝑑𝑡
= 𝐷𝑁𝐻 − 𝐺 ∗ 𝑃 ∗ (1 − 𝐹) + 𝑐 ∗ 𝐷𝑂𝑁2 −  𝑗 ∗ 𝑁𝐻 State equation for NH4 



 
 

96 

 

11 
 

𝑑𝐷𝑂𝑁

𝑑𝑡
= 𝐷𝐷𝑂𝑁 + (1 − 𝑍𝑒 − 𝑍𝑔) ∗ 𝑒 ∗ 𝑍 − 𝑐 ∗ 𝐷𝑂𝑁2 + 𝑟 ∗ 𝑃𝑂𝑁   

State equation for disolved organic 
nitrogen 

 

12 
 

𝑑𝑃𝑂𝑁

𝑑𝑡
= 𝑍𝑒 ∗ 𝑖 ∗ 𝑍 + 𝑃𝑚 ∗ 𝑃 + 𝑍𝑚 ∗ 𝑍 −  𝑟 ∗ 𝑃𝑂𝑁 −

𝑉𝑠

𝑑
∗ 𝑃𝑂𝑁   

State equation for particulate organic 
nitrogen 

 

13 
 

𝐴𝑒 = 𝑒−𝑎 ∗𝑁𝐻   Ammonium inhibition effect 
 

14 
 

𝐹𝑛ℎ = (
𝑁𝐻

𝑁𝐻 + 𝐾𝑛ℎ
) NN saturation ratio 

 

15 
 

𝐹𝑛ℎ = (
𝑁𝐻

𝑁𝐻 + 𝐾𝑛ℎ
) NH saturation ratio 

16 
𝐹 = (

𝐹𝑛𝑛 ∗ 𝐴𝑒

(𝐹𝑛ℎ ∗ 𝐴𝑒) + 𝐹𝑛ℎ
) 

F-ratio 

17 𝑒 = ℎ ∗ (1 −  𝑒−𝑌𝑃) ∗ 𝑃  
Ingestion rate for zooplankton (Ivlevl's 
equation) 

 

18 
 

𝐺 = 𝑃𝑔 ∗  ((𝐹𝑛𝑛 ∗ 𝐴𝑒) + 𝐹𝑛ℎ) Phytoplankton growth rate 

   (d) 

19 
 

𝑑𝑃

𝑑𝑡
= 𝐺 ∗ 𝑃 − 𝑍𝑔𝑝 − 𝑃𝑚 ∗ 𝑃 −   𝑃𝑙 ∗ 𝐺 ∗ 𝑃 State equation for phytoplankton 

 

20 
 

𝑑𝑍

𝑑𝑡
= 𝑍𝑔𝑝 ∗ 𝑍𝑒𝑝 + 𝑍𝑔𝑏 ∗ 𝑍𝑒𝑏 + 𝑍𝑔𝑑 ∗ 𝑍𝑒𝑑 − 𝑍𝑒 ∗ 𝑍 − 𝑍𝑚 ∗ 𝑍 State equation for zooplankton 

 

21 
 

𝑑𝐵𝐴

𝑑𝑡
= 𝐵𝑑𝑜𝑛𝑒 + 𝐵𝑛ℎ𝑒 − 𝑍𝑔𝑏 − 𝐵𝐴𝑚 ∗ 𝐵𝐴 State equation for bacteria 

 

22 
 

𝑑𝑁𝑁

𝑑𝑡
= 𝐷𝑁𝑁 − 𝐺 ∗ 𝐹𝑛𝑛 ∗ 𝑃 State equation for NO2 + NO3 
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23 
 

𝑑𝑁𝐻

𝑑𝑡
= 𝐷𝑁𝐻 − 𝐺 ∗ 𝐹𝑛ℎ ∗ 𝑃 − 𝐵𝑛ℎ𝑒 + 𝐵𝐴𝑚 ∗ + (

3

4
 ∗ 𝑍𝑒 ∗ 𝑍)

+ (
2

3
 ∗ 𝑍𝑚 ∗ 𝑍) State equation for NH4 

24 
𝑑𝐷𝑂𝑁

𝑑𝑡
= 𝐷𝐷𝑂𝑁 + 𝑃𝑙 ∗ 𝐺 ∗ 𝑃 + 𝑐 ∗ 𝐷 + (1 −

3

4
) ∗ 𝑍𝑒 ∗ 𝑍 − 𝐵𝑑𝑜𝑛𝑒 − 𝑠 ∗ 𝐷𝑂𝑁  

State equation for disolved organic 
nitrogen 

25 

𝑑𝐷

𝑑𝑡
= (1 − 𝑍𝑒𝑝) ∗ 𝑍𝑔𝑝 + (1 − 𝑍𝑒𝑏) ∗ 𝑍𝑔𝑏 − 𝑍𝑔𝑑 ∗  𝑍𝑒𝑑 − 𝑐 ∗ 𝐷 + 𝑃𝑚 ∗ 𝑃

+  
1

3
∗ 𝑍𝑚 ∗ 𝑍 State equation for detritus 

26 𝐴𝑒 = 𝑒−𝑎 ∗𝑁𝐻   Ammonium inhibition effect 

 

27 
 

𝐹𝑛𝑛 = (
𝑁𝑁 ∗ 𝐴𝑒

𝑁𝑁 + 𝐾𝑛𝑛
) NN saturation ratio 

 

28 
 

𝐹𝑛ℎ = (
𝑁𝐻

𝑁𝐻 + 𝐾𝑛ℎ
) NH saturation ratio 

 

29 
 

𝑒 = 𝑍𝑔𝑝𝑝 ∗ 𝑃 + 𝑍𝑔𝑝𝑏 ∗ 𝐵𝐴 + 𝑍𝑔𝑝𝑑 ∗ 𝐷 Ingestion rate for zooplankton 

 

30 
 

𝑍𝑔𝑝 = 𝑍𝑔 ∗ 𝑍 ∗ (𝑍𝑔𝑝𝑝 ∗ 𝑃)/(ℎ + 𝑒) 

Zooplankton grazing phytoplankton 
rate 

 

31 
 

𝑍𝑔𝑏 = 𝑍𝑔 ∗ 𝑍 ∗ (𝑍𝑔𝑝𝑏 ∗ 𝐵)/(ℎ + 𝑒) Zooplankton grazing bacteria rate 

 

32 
 

𝑍𝑔𝑑 = 𝑍𝑔 ∗ 𝑍 ∗ (𝑍𝑔𝑝𝑑 ∗ 𝐷)/(ℎ + 𝑒) Zooplankton grazing detritus rate 

 

33 
 

𝐺 = 𝑃𝑔 ∗  (𝐹𝑛𝑛 + 𝐹𝑛ℎ) Phytoplankton growth rate 

 

34 
 

𝐵𝑑𝑜𝑛𝑒 =
𝐵𝐴𝑒 ∗ 𝐵𝐴 ∗ 𝐷𝑂𝑁

𝐾𝑏𝑎 + 𝐷𝑂𝑁 + 𝑁𝐻
 Bacteria NH DON rate 

 

  

𝐵𝑛ℎ𝑒 =
𝐵𝐴𝑒 ∗ 𝐵𝐴 ∗ 𝑁𝐻

𝐾𝑏𝑎 + 𝐷𝑂𝑁 + 𝑁𝐻
 Bacteria NH uptake rate 
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35 
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   Table 4.4.  Turner NPC model 

 (a) Equations used in the Turner NPC ecosystem model;  

and (b) description and units of variables and parameters used in the ecosystem model. 

Number State Equation Description 

(a) 
   

1 
 

𝑑𝑃

𝑑𝑡
= 𝑖 ∗ 𝑃𝑔 ∗ 𝑃 − ℎ ∗ 𝑃 ∗ 𝑍 − 𝑃𝑚 ∗ 𝑃2 State equation for phytoplankton 

2 
𝑑𝑍

𝑑𝑡
= ℎ ∗ 𝑒 − ℎ ∗ 𝑃 ∗ 𝑍 − 𝑍𝑚 ∗ 𝑍2 State equation for zooplankton 

3 

𝑑𝐵

𝑑𝑡
=

𝐵𝑔 ∗ 𝐵

1 + 𝐵𝑔 ∗ 𝐵
∗ 𝑁 − 𝐵𝑚 ∗ 𝐵2 

State equation for Benthos 

4 

𝑑𝑁

𝑑𝑡
= −𝑖 ∗ 𝑃𝑔 ∗ 𝑃 +  (1 − 𝑒) ∗ ℎ ∗ 𝑃 ∗ 𝑍 −

𝐵𝑔 ∗ 𝐵

1 + 𝐵𝑔 ∗ 𝐵
+ 𝐵𝑚 ∗ 𝐵2 + 𝑃𝑚 ∗ 𝑃2

+ 𝑍𝑚 ∗ 𝑍2 + 𝐷𝐷𝐼𝑁 − 𝑠 ∗ 𝑁 State equation for DIN 

   

   Variable Definition Unit 

(b) 
  P Nitrogen in phytoplankton µg N/L 

Z Nitrogen in zooplankton µg N/L 

B  Nitrogen in benthic producers µg N/L 

N NO2 + NO3 + NH4 µg N/L 

i Irradiance d-1 

Pg Maximum phytoplankton growth rate d-1 

Bg Maximum benthic growth rate d-1 

e Ingestion rate for zooplankton d-1 

Zm Zooplankton mortality d-1 

Pm Phytoplankton mortality d-1 

Bm Benthos Mortality d-1 

h Zooplankton grazing d-1 

s Sedimentation d-1 

DDIN External input from upstream boundry (daily loading for N) kg N m-3 d-1 
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4.2.4.1. Steele and Henderson (1992) 

The Steele and Henderson (1992) (Fig. 4.4a) model is a simple three box model based 

from the classic 1981 work of the same authors (Steele and Henderson, 1981).  The equation set 

was later normalized by Edwards and Yool (2000), which eliminated several mathematical errors 

that impact the stability of the system.  This study applies the Edwards and Yool (2000) edited 

equations, but for the sake of clarity will refer to Steele and Henderson (1992) as the model 

authors. 

 The Steele and Henderson (1992) model contains a simple predation relationship between 

phytoplankton, zooplankton, and unspecified nutrients (Table 4.3a).  Nutrient currency only 

leaves the model from zooplankton mortality in the zooplankton state equation: 

 Eq. 4.1 

 The only modification to this equation set is the introduction of the daily nitrogen flux 

input term DDIN into the nutrient state equation. This model set is difficult to calibrate and 

simulate because of the non-balanced nature of the equation set.  Calibration parameters chosen 

must balance the overall set and therefore unworkable solutions can present themselves easily 

depending on the values for each state equation.  This situation was described in detailed by 

Edwards and Yool (2000).    

4.2.4.2. Franks (2002) 

In a 2002 publication Peter J.S. Franks described a three box model of NPZ dynamics 

with multiple examples of parameter and relationship equations (Franks, 2002) (Fig. 4.4b.). 

𝑑𝑍

𝑑𝑡
= e ∗

𝑃2

1 +  𝑃2
z − e ∗ 𝑍𝑍𝑚 
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Franks contributes significantly to NPZ based modeling by designing a roadmap for future 

authors to edit and apply his model.   

Although the Franks (2002) model is a three box model of N + P + Z, the relationships 

and forcing equations are significantly different than the Steele and Henderson (1992) adaptation 

(Table 4.3b).  Mortality of phytoplankton and zooplankton is a fully defined relationship and 

nutrient currency is captured and stays within the model system via the nutrient state equation: 

   Eq. 4.2 

Additionally, the Franks (2002) system was described as a closed system and requires 

modification for both daily nutrient input and loss.  A linear nutrient loss term for sedimentation 

s, and the daily nutrient flux input term DDIN is introduced into the nutrient state equation (Eq. 

4.2) to complete the simulation. 

The Franks (2002) NPZ system is perhaps the most documented and adaptable of all NPZ 

systems that are presented.  As a departure from other models, Franks details the use and 

implementation of multiple functions without changing the overall relationship design.  The 

modeler is given the tools and left to decide which implementation is best for their needs.  For 

this study simple quadratic parameter relationships were chosen for the forcing equations among 

possibilities described by Franks (2002). 

4.2.4.3. Fasham et al. (1990) 

Fasham et al. (1990) present a seven box model for nutrient dynamics which was applied 

to phytoplankton data in the North Atlantic (Fasham et al., 1990).  This is the most complex 

𝑑𝑁

𝑑𝑡
= −𝑖 ∗ 𝑃𝑔 ∗ 𝑁 ∗ 𝑃 +  (1 − 𝑒) ∗ ℎ ∗ 𝑃 ∗ 𝑍 + 𝑃𝑚 ∗ 𝑃2 + 𝑍𝑚 ∗ 𝑍2 

              +𝐷𝐷𝐼𝑁 − 𝑠 ∗ 𝑁 
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model implemented in this study.  However, most of the model equations are simple linear 

relationships with only one logarithmic function used for the ammonium inhibition effect: 

          Eq. 4.3 

Ammonium inhibition, Ae, is required for the nitrate + nitrite saturation function: 

         Eq. 4.4 

The nitrate + nitrite saturation modifier Fnn is added with the ammonia saturation 

modifier Fnh and multiplied to phytoplankton growth rate Pg (Eq. 4.5).  This, in turn, controls 

overall phytoplankton growth in Eq. 4.6. 

        Eq. 4.5 

     Eq. 4.6 

Nutrient currency leaves the model, perhaps erroneously, through the DON state equation 

as sedimentation s instead of the detritus equation:  

  Eq. 4.7 

Fasham et al. (1990) originally authored the model as a one dimensional system with 

multiple levels of detritus sinking.  This effectively created a two dimensional model of nutrient 

dynamics.  Each original state equation contained a detritus sinking function.  These terms were 

removed to apply to the non-dimensional study system. 

𝐴𝑒 = 𝑒−𝑎 ∗𝑁𝐻  

𝐹𝑛𝑛 = (
𝑁𝑁 ∗ 𝐴𝑒

𝑁𝑁 + 𝐾𝑛𝑛
) 

𝐺 = 𝑃𝑔 ∗  (𝐹𝑛𝑛 + 𝐹𝑛ℎ) 

𝑑𝑃

𝑑𝑡
= 𝐺 ∗ 𝑃 − 𝑍𝑔𝑝 − 𝑃𝑚 ∗ 𝑃 −   𝑃𝑙 ∗ 𝐺 ∗ 𝑃 

𝑑𝐷𝑂𝑁

𝑑𝑡
= 𝐷𝐷𝑂𝑁 + 𝑃𝑙 ∗ 𝐺 ∗ 𝑃 + 𝑐 ∗ 𝐷 + (1 −

3

4
) ∗ 𝑍𝑒 ∗ 𝑍 − 𝐵𝑑𝑜𝑛𝑒 − 𝑠 ∗ 𝐷𝑂𝑁  
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Finally, the Fasham et al. (1990) model contains a complex relationship where bacteria 

are contained in a separate state equation.  Bacteria in the Fasham et al. (1990) compete 

independently with phytoplankton for ammonia. 

       Eq. 4.8 

4.2.4.4. Arismendez et al. (2009) 

The Arismendez et al. (2009) (Fig. 4.4d) model was selected for this study because the 

model was specifically written for the South Texas study location of the Guadalupe Estuary 

(Arismendez et al, 2009).  However, this model was never applied beyond theoretical loadings 

and calibrated to observations in the original study.  This model combines features of both the 

Fasham et al. (1990) and Franks (2002) systems.  The model is a six box system with complex 

non-linear relationships for forcing equations (Table 4.3d).   

Arismendez et al. (2009) system contains the identical ammonium inhibition and nitrogen 

saturation terms as Fasham et al. (1990) (Eqs. 4.3 – 4.5).  However, these terms are also included 

in the Arismendez et al. (2009) f-ratio function as: 

          Eq. 4.9 

The f-ratio is then applied to the ammonium state equation: 

    Eq. 4.10 

𝑑𝐵𝐴

𝑑𝑡
= 𝐵𝑑𝑜𝑛𝑒 + 𝐵𝑛ℎ𝑒 − 𝑍𝑔𝑏 − 𝐵𝐴𝑚 ∗ 𝐵𝐴 

𝐹 = (
𝐹𝑛𝑛 ∗ 𝐴𝑒

(𝐹𝑛ℎ ∗ 𝐴𝑒) + 𝐹𝑛ℎ
) 

𝑑𝑁𝐻

𝑑𝑡
= 𝐷𝑁𝐻 − 𝐺 ∗ 𝑃 ∗ (1 − 𝐹) + 𝑐 ∗ 𝐷𝑂𝑁2 −  𝑗 ∗ 𝑁𝐻 
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Finally, the original Arismendez et al. (2009) system included a complex temperature 

effect function which applied to a majority of constants.  This function was removed because 

water temperature data was unavailable for the years of interest.  Nutrient currency leaves the 

model though sedimentation as vertical sinking divided by depth.  Arismendez et al. (2009) 

defined this calibration value as 1.5 m d-1 Vs and depth 0.5 m. 

4.2.4.5. Turner NPC Model (present study)  

A new benthic coastal estuary production model, named the Turner NPC Model, is an 

extension of the Franks (2002) model (Fig. 4.5).  The term NPC refers to the interplay between 

nutrients, producers, and consumers and is analogous to NPZ. The Franks (2002) system remains 

a well-documented example of a simple model for nutrient dynamics in the pelagic zone, but 

requires the addition of coastal specific dynamics to apply in the study location.  The goal of 

creating a new model of nutrient dynamics is to create a system with the required complexity to 

describe a complex coastal estuary, yet remain portable enough to apply in new locations. 

Because a coastline ecosystem contains more dynamics than an open ocean system, a state 

equation for benthic production is introduced as: 

       Eq. 4.11 

 The benthic growth equation creates a competition relationship between phytoplankton 

and benthic producers for available nutrients.  To simulate the benthic system a simple non-

linear equation was designed using only a growth and mortality coefficient.  Growth is controlled 

by the coefficient Bg.  Nutrient currency is removed from benthos from a mortality term Bm. 

Since the goal of this model is to test the overlying relationships of benthic competition, growth 

𝑑𝐵

𝑑𝑡
=

𝐵𝑔 ∗ 𝐵

1 + 𝐵𝑔 ∗ 𝐵
∗ 𝑁 − 𝐵𝑚 ∗ 𝐵2 
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was modeled as a saturation function and mortality as nonlinear only to aid in calibration 

purposes.   

The original Franks (2002) nutrient state equation (Eq. 4.2) is modified to become: 

  Eq. 4.12 

To evaluate the addition of the benthic competition the zooplankton and phytoplankton 

equations are left unchanged from the implementation of the Franks (2002) set in this study.  The 

full equation set for the Turner NPC model is presented in Table 4.4. Nutrient input and output 

from the model are controlled by simple linear constants DDIN and s. 

4.2.5. Calibration and Execution 

The full calibrations for all models and parameter descriptions are presented in Table 4.2. 

The problem space of calibration is defined as the numerical precision of the coefficient raised to 

the total number of parameters in the model as pn.  For example, using a numerical precision of 

0.001 for each parameter the Fasham et al. (1990) model has 10x
77

 unique calibrations.  

Modeling and calibrating ecological systems can therefore be as much art as science due to the 

infeasibility of exhaustively testing all coefficients.  Additionally, each model is a non-linear 

system and multiple working calibrations can exist for each model as local maximum are 

discovered.  Therefore, it must be noted there may exist calibrations that are superior to the ones 

presented.   

The Monte Carlo method has been a popular method in calibrating NPZ models and is 

applied in this situation. The model output for simulated phytoplankton biomass was calibrated 

𝑑𝑁

𝑑𝑡
= −𝑖 ∗ 𝑃𝑔 ∗ 𝑁 ∗ 𝑃 +  (1 − 𝑒) ∗ ℎ ∗ 𝑃 ∗ 𝑍 −

𝐵𝑔 ∗ 𝐵

1 + 𝐵𝑔 ∗ 𝐵
+ 𝐵𝑚 ∗ 𝐵2 

                  + 𝑃𝑚 ∗ 𝑃2  + 𝑍𝑚 ∗ 𝑍2 + 𝐷𝐷𝐼𝑁 − 𝑠 ∗ 𝑁 
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to match chlorophyll-a measurements for the study location.  Each model was run individually in 

the Monte Carlo simulation an average of 5,000 to 10,000 times to produce the best-fit to data.  

The Monte Carlo algorithm was run on average double the time required to satisfactorily 

calibrate the model to verify the best possible fit.  Finally, coefficients were further tuned by 

hand to verify the results (Table 4.2).   

The simulations were written using the Scientific Python (SciPy) computing platform 

(Jones et al., 2001).  The integrator method chosen for all models was the variable coefficient 

integrator (VODE) with backwards differential formulas (BDF) as a stiff method (Brown et al, 

1989).  All models were executed at daily resolution with a maximum of 3,000 internal steps to 

the VODE integrator.  Raw outputs were then binned in 30 day intervals to match the resolution 

of the observation data for the Guadalupe Estuary quarterly observations.  The Copano Estuary 

simulation results were not binned due to the higher frequency observation data. 

4.2.6. Goodness of Fit 

The goodness of fit for predicted phytoplankton biomass against chlorophyll-α 

observations was tested using four basic statistical tests.  Goodness of fit is a standard technique 

in comparing model performance of hydrodynamic models (Legates and McCabe, 1999).   

Because the observed chlorophyll-α values in each bay are averaged among multiple sites and 

replicates, a disparate set of values for each time stamp comprises a full observation. Each 

observation therefore contains a unique set of values with a mean and variance.  Multiple metrics 

are used to test the ability for the models to match the overall means of sample observations and 

the trending from the observation variance.  Here expected values are sample observations that 

are to be matched by model response for statistical testing.  
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 The first metric is a simple test of mean square error (MSE). The expected value refers to 

the sample mean for each time stamp.    

𝑋2 =  ∑(𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑 − 𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑)2       Eq. 4.13 

Secondly, the weighted sum of mean squared errors (WMSE) will report the MSE 

weighted by the variance of the expected value.  The WMSE test will penalize models which do 

not match expected values with a low variance; likewise WMSE will be lenient in scoring model 

response during times of high variance of the expected values. 

𝑋2 =  ∑
(𝑂𝑏𝑠𝑒𝑟𝑣𝑒𝑑−𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑)2

𝜎2         Eq. 4.14 

The last set of tests will score models based on their ability to match overall trending.  A 

simple test of fit is to determine if the response falls within the STDEV of the expected value 

range (Eq. 4.15).  Alternately, if the model output does not fall within the STDEV of expected 

values then we report the error distance from the outside of the region (Eq. 4.16).  Here O and E 

refer to the observed and expected values. 

Output within STDE V of expected values: 

𝑖𝑓 𝑂 < (𝐸 + 𝑆𝑇𝐷𝐸𝑉(𝐸))𝑎𝑛𝑑 𝑂 > (𝐸 − 𝑆𝑇𝐷𝐸𝑉(𝐸))     Eq. 4.15 

Mean square error outside expected region: 

𝑖𝑓 𝑂 >  𝐸 + 𝑆𝑇𝐷𝐸𝑉(𝐸) 

𝑡ℎ𝑒𝑛  𝑀𝑆𝐸(𝑂, 𝐸 + 𝑆𝑇𝐷𝐸𝑉(𝐸)) 

𝑖𝑓  𝑂 < 𝐸 − 𝑆𝑇𝐷𝐸𝑉(𝐸)  

𝑡ℎ𝑒𝑛  𝑀𝑆𝐸(𝑂, 𝐸 − 𝑆𝑇𝐷𝐸𝑉(𝐸))        Eq. 4.16 
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4.3. Results 

After completion of the Monte Carlo calibration process, the model responses for 

nitrogen, phytoplankton, and zooplankton in San Antonio Bay, Texas appear to very different 

visually (Fig. 4.6).  The Arismendez et al. (2009) and the Franks (2002) models were the most 

similar (Figs. 4.6c and 4.7d).  When the model outputs for chlorophyll are overlaid, the general 

patterns are visually similar however, and generally follow the mean observation values for 

chlorophyll-a (Fig. 4.7).  The model simulation output for Copano Bay follows the same pattern 

as the San Antonio Bay simulation for phytoplankton (Fig. 4.8).   
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Fig. 4.6. Nutrient response on San Antonio Bay from years 1991 to 2010. a) Turner NPC, 

b) Steele and Henderson (1992), c) Fasham et al. (1990), d) Franks (2002), e) Arismendez et al. 

(2009).  Thirty day binned response for phytoplankton and zooplankton in µg/L are presented 

against the total nitrogen µg/L contained in the model.   
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Fig. 4.7.  Model response of chlorophyll-α San Antonio Bay, Texas. a) Horizontal grey 

bars display chlorophyll-α station observations mean and STDEV overlaid with simulations from 

the calibrated models. Model responses are binned by thirty days. b) Daily river nutrient flux in 

kg N d-1 is presented for the simulation time period for a visual reference for loading into the 

bay. 
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Fig. 4.8.  Model response of chlorophyll-α Copano Bay, Texas. a) Horizontal grey bars 

display chlorophyll-α station observations mean and STDEV overlaid with simulations from the 

calibrated models. b) Daily river nutrient flux in kg N d-1 is presented for the simulation time 

period for a visual reference for loading into the bay. 
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The models performed closely on many of the Goodness of Fit tests such as the Mean 

Square Error, but differ on the tests that take into account the Weighted Mean Square Error 

(Table 4.5).   By ranking the scores the Turner NPC model scored the highest overall at 

simulating primary producer biomass than the other models of the ensemble.  The Fasham et al. 

(1990) model ranked at second place followed by Arismendez et al. (2009), Franks (2002), and 

Steele and Henderson (1992).   

 

  



 
 

113 

              Table 4.5.  Goodness of fit results   

Model 
 

Copano Bay, Texas. 
   

San Antonio Bay, Texas. 
   

  
Model 

Complexity MSE 
Weighted 

MSE 
% in 

Range 

MSE 
outside 
Range Score   MSE 

Weighted 
MSE 

% in 
Range 

MSE 
outside 
Range Score 

Overall 
Score 

Turner (present 
study) 3 10.4 7.7 23.1% 6.7 5 

 
56.1 12.6 71.4% 16.7 8 13 

Fasham (1990) 5 10.5 9.9 53.8 8.5 7 
 

50.7 17.2 60.0% 20.2 11 18 

Steele-Henderson 
(1992) 1 18.2 13.7 15.4% 12.6 13 

 
69 25.9 40.0% 35.2 19 32 

Arismendez 
(2009) 4 19.2 12.3 23.1% 13.0 13 

 
51.7 12.8 51.4% 17.2 11 24 

Franks (2002) 2 28.1 24.5 15.4% 24.4 18   56.4 11.9 51.4% 15.9 9 27 
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To test for a theoretical nutrient response, each model was fed an initial pulse load to 

raise the nutrient state equation to an immediate concentration of µmol/L of nitrate + nitrite 

simulation currency and allowed to run for six months at a daily resolution (Fig. 4.9).  No 

additional nutrient inputs were delivered to the models after the initial starting condition.  The 

results of this show extreme differences between simulations of each model to nutrient pulse 

events.  The Turner NPC model and Fasham et al. (1990) models have a smooth drawdown of 

phytoplankton, while Fasham et al. (1990) displayed a ramp-up period, or delay, between the 

nutrient pulse and phytoplankton bloom.  The Steele and Henderson (1992) and Arismendez et 

al. (2009) models both simulated a drastic draw-down of phytoplankton with a delayed nutrient 

response.  The Franks (2002) model simulated an immediate two day pulse in phytoplankton 

response and a resultant fast drawdown this is not visible in the graphed results (Fig 4.9e.) 
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Fig. 4.9. Theoretical nutrient response of the model ensemble.  Each model was executed 

at a daily resolution.  Each model was fed an initial pulse load to raise the nutrient state equation 

to an immediate concentration of 30 µg/L of total nitrogen.  The simulations were run for four 

months at daily resolution.  The daily response for phytoplankton and zooplankton in µg/L are 

presented against the total nitrogen µg/L contained in the model.   
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4.4. Discussion 

4.4.1. Individual Model Discussion 

4.4.1.1. Steele and Henderson (1992) Analysis 

The Steele and Henderson (1992) model consistently had the lowest score on each 

statistical test.  The model output cycles between high and low phytoplankton populations and 

does not model periods of consistent inflow and production well.  In modeling the San Antonio 

Bay (Figs. 7 and 8) the Steele and Henderson (1992) model would highly over and under 

respond to input. The cycle period of high and low phytoplankton appeared to have little 

relationship to nutrient inflow and instead appears to be driven by mathematical dynamics in the 

equation sets.  Much of this odd behavior may be attributed to the main phytoplankton equation: 

      Eq. 4.17 

In eq. 17 phytoplankton growth is obtained by the function:  (1-  P/Pg). Additionally, 

mortality is obtained from:  P^2/(1+P). These are marked differences compared to all other NPZ 

models in the ensemble set. 

4.4.1.2. Franks (2002) Analysis 

The Franks (2002) model simulated the San Antonio Bay system second to the Turner 

NPC model, but failed at the Copano system using the same calibration set.  A common feature 

of the Franks (2002) system by design is that phytoplankton will quickly grow to consume free 

nutrients.  The theoretical dataset highlights this behavior as the phytoplankton bloom exists only 

for several days before declining (Fig. 4.6). Because no other nutrient consumption and 

competition exists in this model unrealistic brief phytoplankton blooms can occur as the system 

𝑑𝑃

𝑑𝑡
=  

𝑁

𝑘 + 𝑁
∗ 𝑃 (1 −  

𝑃

𝑃𝑔
) −  

𝑃2

1 + 𝑃
∗ 𝑍 
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compensates for added nutrients during riverine pulse events. A method to compensate for this 

behavior in the study location is to bin the output results by 15 to 30 days to create a more 

realistic phytoplankton simulation for coastal nutrient dynamics. 

4.4.1.3. Arismendez et al. (2009) Analysis 

An interesting observation of the Arismendez et al. (2009) model performance is how 

closely this model simulation follows the Franks (2002) system at both Copano Bay and San 

Antonio Bay (Figs. 4.7, 4.8, and 4.9).  Although the Arismendez et al. (2009) model essentially 

follows the three box NPZ design, multiple complex non-linear equations are used for 

relationships, which are very different than the implemented Franks (2002) system (Sections 

4.2.4.2 and 4.2.4.4).  Another consideration is the Arismendez et al. (2009) model was fed daily 

differentiated nitrogen species data (DDON, DNN, DNH) while Franks (2002) was only given 

daily summed nitrogen input.  Thus, additional DON data and differentiation of nitrogen species 

for these systems contributes little to the overall simulation of phytoplankton production because 

both simulations were very similar. 

The theoretical pulse test also sheds light into the behavior of the Arismendez et al. 

(2009) system (Fig. 4.6).  As with the Franks (2002) system, phytoplankton will bloom and 

dissipate within a brief period.  However, this bloom is delayed and lasts longer than in the 

Franks (2002) system.  A possible explanation for this behavior is the similar approach with the 

Franks (2002) system.  The Arismendez et al. system is inherently the Franks (2002) system with 

the added complexity of more specific nitrogen species.   
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4.4.1.4. Turner NPC and Fasham (1990) Analysis 

The Turner NPC and Fasham et al. (1990) systems displayed similar performances on 

both estuary systems.  A commonality in these simulations is phytoplankton blooms were longer 

in duration and did not rise to unrealistically high values.  In simulating the San Antonio Bay 

both models displayed similar trending throughout (Fig. 4.8). However, generally the Fasham et 

al. (1990) model overestimated values while the Turner NPC model underrepresented them.  

However, the overall response curves of both models are highly similar.   

The theoretical pulse loadings also display similar trends between these models (Fig. 

4.6).  The Fasham et al. (1990) system, however, has a longer ramp up period between nutrient 

loadings and phytoplankton values.  This may be due to the increased number of state equations 

in the Fasham et al. (1990) set.  This may delay nutrient currency from passing to all the model 

functions.  This ramp-up period may also be the cause of overestimation of simulation values in 

the study location as the best overall calibration will be implemented to match against 

observation values before, during, and after nutrient pulses.  

Overall the Turner NPC system scored higher than Fasham (1990) (Table 4.3).   The 

Turner NPC system also matched the San Antonio Bay 20 year study period within 71% of the 

STDEV range of expected values.  The Turner NPC system was highly adept at following the 

general trends of nutrient dynamics in this system. 

4.4.2. Role of Benthos in Nutrient Dynamics for South Texas Estuaries  

The aim of the Turner NPC model design is to adapt Franks (2002) simple three box 

pelagic model to a shallow estuary system using the most minimalistic design (Fig. 4.5).  

 Estuaries are inherently complex and dynamic systems with measurable contributions 
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from numerous biogeochemical processes.  In this study we tested multiple models of NPZ 

dynamics on two shallow coastal systems. The models in the testing suite that provided the best 

fit to the data was the Fasham et al. (1990) 7 box model and the Turner NPC (present study) 4 

box model.  A possible reason for the good fit for both models is phytoplankton must also 

compete for nutrients and take into account the dynamics of benthic producers and consumers.  

Because model complexity was found to have no gains on overall fitness the root model design is 

the source of the added utility.  Since South Texas estuary systems are extremely shallow (< 3 m 

depth) with often high benthic biomass it follows that a water column nutrient model must take 

into effect benthic interactions (Montagna and Yoon, 1991). 

In order to extend this model design to more coastal estuarine systems future testing is 

required.  Future works include extending the Turner NPC model in two dimensions for the San 

Antonio Bay and Copano Bay system.  Additionally, the model ensemble from this study will 

also be applied single dimensionally to estuary systems along the Gulf of Mexico coast.  Finally, 

the technique of testing multiple model ensembles on estuaries other than coastal lagoons is a 

fruitful exercise and should be explored. 

4.4.3. Concluding Remarks: Nutrient Producer Consumer Dynamics 

In the present study, we found increasing model complexity did not improve performance 

gains in simulating nutrient dynamics in two estuaries of south Texas because goodness-of-fit 

values did not increase with increasing complexity.   All estuaries are inherently different.  The 

interactions of local climate, geology, and tidal regimes in estuaries combine in multiple ways to 

create a unique signature that distinguishes all estuaries from others (Montagna, et al. 2013).   

Finding the same result in two different coastal lagoons implies simple models may work well in 
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all coastal lagoons.  However, it is not known if this is also true for a wider range of estuaries, or 

all estuaries in general. 

For ecological models complexity is often at odds with model design.  The availability of 

powerful computing resources is now commonplace, so ecological models have likewise 

increased in complexity.  Ecologists wish to model the natural world with increasingly complex 

systems that include known processes, while mathematicians argue the benefits of a simple 

design. The classic response to increasing model complexity will inherently increase bias of fit 

(Hastie and Tibshirani, 2009).  However, the complexity of model design was found to have no 

impact on the overall stability of a system (Dambacher, et al., 2003).  In testing multiple 

theoretical model designs using the Clark Jeffries (1974) visual method Dambacher et al. (2003) 

found that even very complicated model designs can be created in equilibrium.  The bias of fit 

occurs when the model is calibrated and validated to a data set.   

Finally, we observe that models using NPZ dynamics often contain more interactions 

than just nitrogen, phytoplankton, and zooplankton.    Although the main relationship contained 

in these models is the food web interactions between primary producers and primary consumers, 

the interactions of multiple consumers should not be overlooked.  Estuary systems contain higher 

level consumers, multiple producer species, and multiple first level consumers that contribute 

significantly to the overall system.  Therefore, a better description of these models could be 

nutrient-producer-consumer (NPC), not nutrient-phytoplankton-zooplankton (NPZ).  The NPC 

label not only appropriately describes models with NPZ reactions, but also NP (nutrient-

phytoplankton with no zooplankton), NPZB (nutrient-phytoplankton-zooplankton-benthos), and 

NPZF (nutrient-phytoplankton-zooplankton-fish) interactions.   
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CHAPTER V 

CONCLUSION 

5.1. Predicting Estuary Nutrient Dynamics with Ensembles of Models 

Historically, the method of simulating whole scale estuary dynamics has been to design 

and apply a single model to observational data.  Studies in the 1990’s and 2000’s aimed to 

‘discover’ the underlying relationships in nutrient dynamics and design a single model that can 

be adapted in any location (Cloern, 2001; Duarte, 2009).  This push moved the contained model 

designs like those of Franks (2002) and Fasham (1990) to be adapted into larger systems such as 

the EPA’s Aquatox and the now standard SWAT model (Neitsch et al., 2005; Park et al., 2008).  

The Soil and Water Assessment Tool (SWAT) has been a preferred model since 2012 because its 

ability to be calibrated and validated to new areas (Arnold et al, 2012; Bryan, 2013).  According 

to Google Scholar (Accessed Oct, 2014) a validation study of SWAT is currently cited 576 times 

in literature (Santhi et al., 2001).  Thus, from measuring the number of applications SWAT is the 

current model of choice for simulating nutrient dynamics in estuaries. 

The premise of Chapter IV of this dissertation was to test the designs of differing nutrient 

dynamic models in a single Estuary (Turner et al., 2014).  A general method of ecological 

modeling is to apply a single model to a dataset at a time is partially due to the difficulty in 

coding and applying models.   Although the equations of models used in studies are published, 

there is a non-trivial development time associated with creating simulation programs.  This is 

one reason why fully complete large model systems, such as SWAT, are attractive because they 

are already completed and only require a calibration step for study application.  Conducting 

Chapter IV necessitated creating new programming tools to cut the development time from 
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converting literature equations to computer simulations.  The EasyModel Toolbox, detailed in 

Chapter III, is one such system that has utility beyond estuary nutrient modeling.  

The Chapter IV work is novel in that multiple models are actually tested side by side on 

the same data to discover which relationships match better to the study location.  The result of 

this study is one model design will fit a study location better than other designs, regardless of the 

best calibration and complexity of the equation sets.  Additionally, although a model may 

successfully calibrate to an area there is always room for improvement and testing of new 

designs.  Therefore, testing differing model designs in each estuary has merit.    

The novel approach of this dissertation is predicting nutrient dynamics using ensembles 

of models.  Ensemble modeling is a concept first derived from weather forecasting where 

multiple disparate simulations are used to predict outcomes (Toth and Kalnay, 1993).  The 

advantage of using an ensemble is individual models will handle data situations differently.  For 

example, in Chapter IV each model responded differently to a pulse load of nitrogen (Fig 4.9).  

Some models in the ensemble generally under simulate chlorophyll-α, while others over simulate 

(Fig 4.7).  The result is a better understanding of the study system with the ensemble than a 

single model.  This dissertation work is currently the only study where an ensemble of models is 

used to simulate estuary nutrient dynamics. 

5.2. Non-Linear Estuary Response to Nutrient Input 

Estuary responses to nutrient input are non-linear (Duarte, 2009).  This behavior is 

demonstrated when an increase in nutrient input does not necessitate an increase in biomass as 

estimated by chlorophyll-α.  This phenomenon was observed in Corpus Christi Bay and detailed 

in Chapter II.  It was found runoff was sufficient to alter the free dissolved nutrient profile, but 
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not chlorophyll-α.  Chapter II details the yearlong tends of weekly dissolved nutrient and 

chlorophyll-α observations along the shoreline of Corpus Christi Bay.  The findings of this study 

are nutrient dynamics Corpus Christi Bay are seasonal and influenced by process which act in 

time frames not captured by existing quarterly samples.   

   The system behavior of Corpus Christi Bay also differs greatly from the study locations 

in nearby estuaries used in Chapter IV.  Nutrient dynamics San Antonio Bay, in contrast to 

Corpus Christi Bay, is dominated more by riverine nutrient flux that was captured at a higher 

daily resolution in Chapter IV (Arismendez et al., 2009).  Copano Bay, however, switches 

between periods of nitrogen fixation in dry times, to denitrification when storm flow is present 

(Bruesewitz et al., 2013; Mooney and McClelland, 2012). 

Despite the non-linearity of nutrient response, nutrient dynamics in estuary waters are 

predicable by current techniques when the variability of the system is sufficiently captured in 

appropriate time series observations and input data.  Chapter IV of this dissertation details the 

process of using coupled differential equations to simulate estuary nutrient dynamics while using 

a quarterly time scale for calibration.  The nutrient input data however, in the form of riverine N 

flux, was in a daily time scale. Models in Chapter IV were able to match more than 70% of 

observations in part because a full twenty years of data was used to calibrate against the coarse 

grain quarterly bay observation data. 

 

5.3 Afterward 

The original premise of this dissertation was a more simplistic model design would 

simulate process of nutrient dynamics better than a more complicated model.  However, Chapter 
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IV found that the internal complexity of a model had no bearing on the fit to the study location.  

In retrospective, each model has merits that give it advantages above others.  Although one 

model can fit better than others, the act of using groups of models was found to have the most 

merit. 
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APPENDICIES 

 

A.3.1. frankswrapper.py: Franks 2002 model Python code wrapper 

1 import emlib 

 2 import math 

 3 from scipy.integrate import odeint 

4 import scipy 

 5 from  time import clock 

6 

   7 def FranksRun(directory, coeffsfile, loadfile, outfile): 

8     itime, iNox,iDON,iNh4 = emlib.OpenRiverInput(directory,loadfile) 

9     franksorder, frankscoeffs = emlib.LoadCoeffs(directory,coeffsfile) 

10     print "Running Franks Model" 

11     P = [] 

  12     Z = [] 

  13     TN = [] 

 14     NN = [] 

 15     inputLOAD = [] 

 16     initial = [.1, .1, .1] 

17     myodesolve = scipy.integrate.ode(ode_franksmodel, jac=None) 

18     myodesolve.set_integrator('vode', method='bdf', order=15,nsteps=3000) 

19     myodesolve.set_initial_value(initial,0) 

20      

  21     count = len(itime) 

 22     tcount = 0 

 23     t0 = clock() 

 24     dt = 1 

  25     for k in range(count): 

26 

   27         if ((tcount % 100) == 0): 

28             print "Integration days:",tcount," of ", count, " days. Remaining: ", (count - tcount) 

29          

  30         tcount+=1 

 31         daily = ((float(iNox[k])+float(iNh4[k]) )* .00005 * frankscoeffs[6])  

32         inputLOAD.append(daily) 

33         myodesolve.set_f_params(daily,frankscoeffs) 

34         myodesolve.integrate(myodesolve.t + dt) 

35         myodesolve.set_initial_value(myodesolve.y,myodesolve.t) 

36         fin = myodesolve.y 

37         NN.append(fin[2]) 
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38         P.append(fin[0]) 

39         Z.append(fin[1]) 

40     

  41     print "Integration complete in seconds: ",clock()-t0 

42     '''starting our printing graph section'''    

43 

   44     mycount = 0 

 45     t = scipy.arange(0,count,1) 

46     newt = [] 

 47     startyear = float(itime[0].year) 

48     for i in t: 

 49         TN.append(NN[mycount]+P[mycount]+Z[mycount]) 

50         newt.append(startyear + float(i)/365.0) 

51         mycount+=1    

 

52 
    emlib.SaveSimSeries('',"output-franks.csv",newt,['date', 

'NN','P','Z','TN','IN'],[NN,P,Z,TN, inputLOAD]) 

53     return 

  54 

   55 

   56 def ode_franksmodel(t,initial,daily,coeffs): 

57 

   58 

 

#initial conditions 

59 

 

P = initial[0] #: 1.0  

60 

 

Z = initial[1] #: 1.0  

61 

 

N = initial[2] #: 2.0  

62 

   63 

 

#coefficients 

64 

 

Pg = coeffs[0] #growth rate 

65 

 

h = coeffs[1] 

66 

 

i = coeffs[2] #irradiance 

67 

 

Zm = coeffs[3] 

68 

 

Pm = coeffs[4] #Phyto Mortality 

69 

 

e = coeffs[5] #ingestion for zooplankton 

70 

   71 

 

#state equations 

72 
 

P_dot = (i * Pg * N * P) - ( h  * P *  Z) - ( Pm * P * P) 

73 

 

Z_dot = (h * e * P * Z) - ( Zm * Z* Z) 

74 

 

N_dot = daily - ( i * Pg * N * P) - (( 1 - e) * h * P * Z) + (Pm * P * P) +(Zm * Z * Z) 

75 

   76   return [P_dot,Z_dot,N_dot] 
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A.3.2 franks2002.py Python code 

1 import matplotlib.pyplot as plt 

2 import os 

 3 import sys 

4 sys.path.append("../") 

5 import emlib 

6 from  franksmodel import FranksRun 

7 import numpy as np 

8 import datetime 

9 from matplotlib.dates import MONDAY, SATURDAY 

10 
from matplotlib.dates import MonthLocator , WeekdayLocator ,DateFormatter, 

YearLocator, num2date, date2num 

11 

  12 mydir = '' 

 13 '''This function will run the Franks module using the river input file''' 

14 FranksRun(mydir,"c-franks.csv","sabay-simple.csv","output-franks.csv") 

15 obsX = [] 

16 obsT = [] 

 17 

  18 obsX,obsT = emlib.OpenObsSimple(mydir,"GE-trans.csv","Chl") 

19 

  20 obsXM = [] 

21 obsXE = [] 

22 for i in obsX: 

23     obsXM.append(np.mean(i))  #mean value table 

24     obsXE.append(np.std(i))   #stdev values 

25 fsimpb, fsimtb = emlib.OpenSimSeries(mydir,"output-franks.csv",value="P",binsize=30) 

26 

  

27 
matches,MSE,WMSE,RANGE,MSER = 

emlib.GFModel(obsT,obsXM,obsXE,fsimtb,fsimpb) 

28 
print "Franks error:", "obs:", matches, "WMSE:", WMSE, "MSE:", MSE, "In STDEV%:", 

RANGE, "MSER:", MSER 

29 

  30 startdate = datetime.date(2004,1,1) 

31 enddate = datetime.date(2010,1,1) 

32 mondays = WeekdayLocator(MONDAY) 

33 months = MonthLocator() 

34 years = YearLocator() 

35 monthsFmt = DateFormatter('%d %b %y') 

36 fig = plt.figure() 

37 ax = fig.add_subplot(111) 
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38 ax.xaxis.set_major_locator(years) 

39 ax.xaxis.set_major_formatter(monthsFmt) 

40 ax.xaxis.set_minor_locator(months) 

41 ax.plot(fsimtb,fsimpb, color='red', linewidth=2.0) 

42 ax.plot(obsT,obsXM, 'ro', color='grey') 

43 ax.errorbar(obsT,obsXM, yerr=obsXE, color='grey',fmt='o', linewidth=1.4) 

44 ax.set_ylim(0,40) 

45 ax.set_xlim(date2num(startdate),date2num(enddate)) 

46 ax.legend(("Franks (2002)", "Mean Chl-a")) 

47 labels = ax.get_xticklabels() 

48 plt.setp(labels, 'rotation', 45, fontsize = 10) 

49 ax.set_title('San Antonio Bay Primary Producer Biomass') 

50 ax.set_ylabel('Primary Producer Biomass (ug L -1)') 

51 DPI = fig.get_dpi() 

52 DefaultSize = fig.get_size_inches() 

53 fig.set_size_inches( (DefaultSize[0]*2, DefaultSize[1]*1) ) 

54 fig.savefig("Franks2002.png", dpi = (500)) 

55 plt.show() 

 

 


