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Abstract 

During the 1970s, harmful algal blooms (HABs) were common occurrences in western Lake Erie. 

Remediation strategies reduced total P loads and bloom frequency; however, HABs have reoccurred since 

the mid-1990s under increased system stress from climate change. Given these concurrent changes in 

nutrient loading and climate forcing, there is a need to develop management tools to investigate historical 

changes in the lake and predict future water quality. Herein, we applied coupled one-dimensional (1D, 

AED-GLM) and three-dimensional (3D, AEM3D) hydrodynamic and biogeochemical models to reproduce 

water quality conditions of western Lake Erie from 1979-2015 and 2002-2014, respectively. For the 1D 

model, the root-mean-square errors (RMSE) between simulations and observations for water levels (0.36 

m), surface water temperature (2.5 ℃), and concentrations of total phosphorus (0.01 mg L-1), phosphate 

(0.01 mg L-1), ammonium (0.03 mg L-1), nitrate (0.68 mg L-1), total chlorophyll-a (18.74 µg L-1), 

chlorophytes (3.94 µg L-1), cyanobacteria (12.44 µg L-1), diatoms (3.17 µg L-1), and cryptophytes (3.18 µg 

L-1) were minimized using model-independent parameter estimation. A sensitivity analysis shows that 40% 

reductions of total P and dissolved reactive P loads would have been necessary to bring blooms under the 

mild threshold (9600 MTA cyanobacteria biomass) during recent years (2005-2015), consistent with the 

Annex 4 recommendation. The 3D model was calibrated/validated in 2008/2009 using temperature, 

phosphate, total phosphorus, and chlorophyll-a data, with RMSE of 2.77/1.97 ℃, 1.78/5.65, 3.18/9.30, and 

1.75/2.84 µg L-1. In addition, the model was calibrated/validated against phytoplankton succession data 

over 2008-09/2002-14 with RMSE of 2.79-2.67/4.80-4.89 µg L-1 for early diatoms, 0.46-1.67/0.88-2.81 µg 

L-1 for late diatoms, 0.59-0.83/0.47-0.78 µg L-1 for cryptophytes, 0.59-0.73/0.64-0.84 µg L-1 for 

chlorophytes, and 4.15-10.90/2.62-12.89 µg L-1 for cyanobacteria; depending on the biomass to 

chlorophyll-a conversion method. The RMSE were comparable to those from seasonal simulations, 

indicating that this model can be calibrated using a single parameter set for decade long simulations and 

that model drift was minimal. Finally, because 3D and 1D models require different computational power 
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and have different agreement with observations, we cross-compared simulations from these two models 

against observations of water temperature, total phosphorus, phosphate, nitrate, total chlorophyll-a and 

cyanobacteria at three stations along a transect from near the Maumee River mouth to mid-basin (average 

RMSE of 1.18/3.28 ℃, 0.04/0.05 mg L-1, 0.01/0.05 mg L-1, 0.71/0.93 mg L-1, 21.99/19.50 µg L-1, and 

5.76/14.74 µg L-1 for AEM3D-iWQ/AED-GLM, respectively). The results show that 1D AED-GLM 

performed better in capturing the cyanobacteria bloom years, as this horizontally-averaged model was 

automatically calibrated to basin-average values, while 3D AEM3D performed better in reproducing 

seasonal and spatial variations of nutrients and phytoplankton at discrete stations, especially the algal plume 

near the Maumee River mouth.  
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Chapter 1 

Introduction 

1.1 Background and Motivation 

The Laurentian Great Lakes, economically and ecologically important freshwater systems, cover 

an area of 245,000 km2 and about 23,000 km3 of water containing approximately 18% of the 

world’s surface fresh water. They provide drinking water and valuable ecosystem services to both 

Canada and the United States (Assel et al., 2003). Lake Erie is the southernmost, shallowest, and 

most biologically productive (i.e., eutrophic lake (https://edis.ifas.ufl.edu/pdf/FA/FA07800.pdf)) 

part of the Laurentian Great Lakes system, with three distinctive basins. It provides drinking water 

to more than 11 million consumers and creates more than $50 billion annual income from tourism, 

recreation, and other industries (Watson et al., 2016). However, these ecosystem services are 

threatened by eutrophication, indicated by the occurrence, magnitude, and frequency of algal 

blooms, especially in the western basin (Higgins et al., 2008; Michalak et al., 2013; Steffen et al., 

2014). Algal blooms not only have economic impacts (Ackerman et al., 2001; Hoagland et al., 

2002) but also risk human health (O’neil et al., 2012; Paerl, 2014; Taranu et al., 2012), for example, 

in the summer of 2014, algal blooms have in a three-day tap water ban for the city of Toledo 

(Wilson, 2014). 

   Algal blooms are primarily driven by excess nutrient loads, particularly phosphorus (P), from 

agriculture, domestic wastewater, and industrialization (Sweeney, 1993). In the 1960s, the total 

phosphorus (TP) load into Lake Erie was near 25,000 MTA (metric tonnes per annum), resulting 

in water quality degradation and hypoxia (Scavia et al., 2014). To control algal blooms, point-

source phosphorus remedial actions were implemented in terms of the target TP load of 11,000 

MTA in the Great Lakes Water Quality Agreement (GLWQA) in 1978 (Dolan, 1993), resulting in 

the reductions of TP concentrations (Neilson, 1995) and phytoplankton biomass (Makarewicz, 
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1993) from the early 1980s to the early 1990s. However, algal blooms reoccurred in the mid-1990s 

(Millie et al., 2009). In the USEPA report, the total phosphorus (TP) and dissolved reactive 

phosphorus (DRP) spring loads from the Maumee River were set to 860 and 186 MTA to achieve 

a bloom no larger than the observations in 2004 or 2012, which was approximately 40% reduction 

of the spring loads in 2008. Many previous studies applied agricultural best management practices 

(BMPs) to reduce the non-point-source P loading from the Maumee River watershed to western 

Lake Erie (Bosch et al., 2013; Makarewicz, 2009). However, exploring the direct impacts of P 

loading reduction scenarios on water quality in western Lake Erie remains uninvestigated.  

The biogeochemical processes (e.g., algal blooms in western Lake Erie) are driven by lake 

hydrodynamics (e.g., internal waves (Bouffard et al., 2014; Valipour et al., 2015) and sediment 

resuspension (Valipour et al., 2017)), so it is necessary to link the lake physics and biogeochemistry 

to investigate the water quality conditions of lakes, making numerical models useful tools for 

modelling lakes. For example, Obenour et al. (2014) applied a 0D Bayesian model to relate the late 

summer blooms to spring P loads in western Lake Erie; Rucinski et al. (2014) developed a 1D 

eutrophication model to investigate the relationship between external P loads and hypoxia in central 

Lake Erie; Boegman et al. (2008b) applied 2D CE-QUAL-W2 model to assess the impacts of 

dreissenids and P loads on algal biomass in Lake Erie; Leon et al. (2011) applied 3D AEM3D-iWQ 

to investigate the variations of nutrients and chlorophyll-a in Lake Erie; however, seasonal 

phytoplankton succession has not been validated against observations over multiple years in the 

3D models. Furthermore, model applications have been limited to a single year (Leon et al., 2011), 

which is less than the residence time of Lake Erie (~ 2 years), making it difficult to explore the 

long-term impacts of agricultural practices and climate change on the interactions between nutrients 

and blooms in Lake Erie. The recent parallelization 3D AEM3D-iWQ has reduced runtimes from 

3 weeks to 12 hours for a 1-year simulation (Boegman et al., 2019; Lin et al., 2021a), so validating 

3D AEM3D-iWQ against long-term datasets is now possible and necessary. 
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1D and 3D models have different simplification levels of hydrodynamic processes, resulting in 

different computational power requirement and different agreement with observations. Given the 

spatial variations of algal blooms, for example, the area near the Maumee River mouth tends to 

develop an algal plume (Michalak et al., 2013), 3D models with finer resolution have an advantage 

over 1D models, while 3D model performance is hard to evaluate when the time scale exceeds one 

year due to long runtimes. Further, due to the differences in 3D model calibrations in different 

studies, the models typically do not do well in different years (Elbagoury, 2017; Leon et al., 2011; 

Nakhaei, 2017), so the model needs to be recalibrated for different years and at different sites. 

Given the faster runtimes and fewer parameters, relative to 3D models, 1D models are able to be 

calibrated automatically (Gaudard et al., 2019; Wang and Boegman, 2021). Given the Both 1D 

AED-GLM and 3D AEM3D-iWQ can model the water quality with different 

advantages/disadvantages between 1D and 3D models as tools for lake management goals, it is 

necessary to cross-compare the ability of 1D AED-GLM and 3D AEM3D-iWQ to reproduce spatio-

temporal variations of physical and biogeochemical indicators, as well as algal bloom years in 

western Lake Erie. While it is not the objective of the present work, both the 1D and 3D models 

reproduce the observed effects of climate variability through their applied meteorological forcing 

data. Further investigation of climate stressors on the lake could be the focus of future work. 

The main objectives of this thesis are: 

1. To calibrate 1D AED-GLM and apply it to reproduce the long-term inter-annual variations in 

algal blooms in western Lake Erie from 1979 to 2015 as well as explore the impacts of long-term 

phosphorus load reductions and best management practices (BMPs) on reducing algal blooms. 

2. To calibrate and validate 3D AEM3D-iWQ with an extensive dataset in 2008 and 2009 from 

Bouffard et al. (2013) to evaluate the accuracy of the prior 2002 model calibration by Leon et al. 

(2011). Evaluate the long-term simulation performance of the model by comparing the simulations 

against the GLENDA (Great Lakes Environmental Database) dataset from 2002 to 2014 to assess 
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model drift, and also calibrate the model against GLENDA seasonal phytoplankton succession 

observations. 

3. To cross-compare the abilities of 1D AED-GLM and 3D AEM3D-iWQ for capturing spatial 

and seasonal variations of nutrients and phytoplankton biomass, and in reproducing algal bloom 

years by comparing the simulations from two models against the observations at stations MB18, 

8M, and GR1 in western Lake Erie from near the Maumee River mouth to the open water area in 

2008 and from 2011-14.  

1.2 Layout of the thesis 

In Chapter 2, the coupled 1D hydrodynamic and biogeochemical model AED-GLM (Aquatic 

EcoDynamics Dynamics - General Lake Model) has been calibrated for hydrodynamic (water 

temperature and water level), chemical (phosphate (PO4), nitrate (NO3), total phosphorus (TP)), 

and biological (total chlorophyll-a (Chl-a), diatoms (DIAT), cryptophytes (CRYPT), chlorophytes 

(CHLOR), and cyanobacteria (CYANO)) indicators along with Model-Independent Parameter 

Estimation and Uncertainty Analysis (PEST). The long-term (1979 - 2015) inter-annual variations 

in algal blooms and the impacts of phosphorus load reduction scenarios and BMPs on reducing 

algal blooms in western Lake Erie were modelled with the application of AED-GLM. In Chapter 

3, the coupled 3D hydrodynamic and biogeochemical model AEM3D-iWQ has been calibrated and 

validated for hydrodynamic (water temperature), chemical (PO4, PP, NH4, TP), and biological (Chl-

a) indicators with extensive dataset in 2008 and 2009 from Bouffard et al. (2013) to assess the prior 

2002 model calibration by Leon et al. (2011). The long-term (2002 - 2014) simulation performance 

of AEM3D-iWQ was also evaluated by comparing against GLENDA observations including NO3, 

TP, Chl-a, early diatoms (E.DIAT), late diatoms (L.DIAT), CRYPT, CHLOR, and CYANO as 

well as the observed seasonal phytoplankton succession. Using the same hydrodynamic and 

biogeochemical calibrations from Chapter 2 and 3, in Chapter 4, the ability of 1D AED-GLM and 

3D AEM3D-iWQ in capturing spatio-temporal variations of nutrients and phytoplankton biomass, 
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and algal bloom years were cross-compared through comparing the simulations against the 

observations at stations MB18, 8M, and GR1 in western Lake Erie. A summary and conclusions 

follow in Chapter 5. 
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Chapter 2 

Multi-Year simulation of Western Lake Erie hydrodynamics and 

biogeochemistry to evaluate nutrient management scenarios 

2.1 Introduction 

Lake Erie, the shallowest and most productive Laurentian Great Lake, has been suffering from 

eutrophication for the past half century, particularly in the shallow western basin (Scavia et al., 

2014). Eutrophication is primarily driven by excess nutrient loads, particularly phosphorus (P), 

from agriculture, domestic wastewater, and industrialization (Sweeney, 1993). Observations of P 

limitation in the lower Great Lakes (including western Lake Erie) have resulted in P control policies 

designed to reverse eutrophication (De Pinto et al., 1986). 

    From the early 1980s to the early 1990s, point-source P abatement programs were implemented 

as part of the Great Lakes Water Quality Agreement (GLWQA) of 1972 (Dolan, 1993). The 1978 

Amendment to the GLWQA set a Lake Erie target total phosphorus (TP) load of 11,000 MTA. As 

a response, the external P loading entering into the western basin declined, leading to reduced total 

P concentrations in the water column (Scavia et al., 2014), a decline in phytoplankton biomass 

(Makarewicz, 1993; Makarewicz and Bertram, 1991), and improved water quality in the western 

basin. However, beginning in the mid-1990s, the algal blooms returned (Millie et al., 2009; Rinta-

Kanto et al., 2005), their recurrence linked to increased spring precipitation flushing increased 

soluble P from the Maumee River watershed into Lake Erie (Kane et al., 2014; Zhang et al., 2016). 

These changes in nutrient loads are consistent with long-term and predicted future trends in 

agricultural practices and climate-driven meteorological forcing, which favor bloom development 

with significant inter-annual variation in severity (Michalak et al., 2013), suggesting algae blooms 

will continue and potentially worsen in the future. 
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    The USEPA (2015) report recommended a total P (TP) spring load of 860 metric tons and a 

dissolved reactive phosphorus (DRP) load of 186 metric tons from the Maumee River to achieve a 

western-basin bloom (90% of the time) no greater than that observed in 2004 or 2012. The 860 

metric ton target is approximately a 40% reduction of the 2008 spring load, as determined from 

modeling studies. The DRP reduction addressed the shift from point-source to agriculturally 

derived non-point-source P loading. To assess the ability of this reduction to be realized in the Lake 

Erie watershed, Makarewicz (2009) and Bosch et al. (2013) modelled implementation of 

agricultural best management practices (BMPs; e.g., reduced tillage, cover crops, and filter strips) 

to control P loads within the Maumee River. However, the direct impacts of BMPs on water quality 

and nuisance bloom formation within western Lake Erie remain uninvestigated. 

    The more recent 2016 GLWQA Annex 4, proposed by the U.S. Environmental Protection 

Agency, Environment and Climate Change Canada and other partners, aims to provide load-

response relationships for Eutrophication Response Indicators of concern through application of an 

ensemble of models approach. In Annex 4, a suite of models to were applied to relate P loads to 

overall phytoplankton biomass, occurrence of cyanobacteria blooms, degree of hypoxia, and 

presence of Cladophora. Focusing again on 2008, a 50% reduction in maximum western basin 

chlorophyll-a (Chl-a) concentration was achieved by reducing TP loads from the Maumee River 

(in particular, P from March to July storm events). Particulate P was a significant fraction of the 

bioavailable P pool (Obenour et al., 2014), and so reducing the Maumee DRP load alone would be 

insufficient to prevent bloom development. A sensitivity analysis confirmed that P from the Detroit 

River was not a driver of cyanobacteria blooms. Overall, a mean annual western basin P load of 

2193 MTA was recommended using a combination of 2D (EcoLE, (Zhang et al., 2016)), 3D 

(ELCOM–CAEDYM, (Bocaniov et al., 2014), WLEEM, (Verhamme et al., 2016)), and 

semiempirical mass balance models (Chapra and Dolan, 2012). WLEEM investigated the 

relationship between P loads and cyanobacteria response over March through November of 2008 

and 2011 to 2014. They modelled that 890 metric tons of total P from the Maumee River over 
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March to July produced a ‘mild’ cyanobacterial bloom in western Lake Erie (Verhamme et al., 

2016). 

    However, these models had several limitations that make it difficult to delineate the impacts of 

long-term trends in climate-driven meteorological forcing from agricultural practices on the 

relationships between nutrients and nuisance blooms in western Lake Erie. The models were 

reinitialized annually each spring, making it (1) impossible to capture the cumulative effects of 

changes in nutrient loads over years or decades, and (2) difficult to account for changes in nutrient 

loads on model initialization. Typically, the initial nutrient concentrations are not changed within 

model specified initial conditions, causing the lake to respond slowly to load reductions over the 

residence time (~2 months for the western basin), which overlaps the spring bloom. Moreover, (3) 

nutrient loads are simply scaled (e.g.,(Bocaniov et al., 2014; Verhamme et al., 2016; Zhang et al., 

2016)), and so the effectiveness of BMPs has not been directly tested. 

    To address these issues related to seasonal simulations with static initial conditions, there is a 

need to run long-term models (much longer than the residence time and sufficient to resolve decadal 

changes in agricultural practices and climate forcing). However, 3D hydrodynamic-

biogeochemical lake models are often under-calibrated due to the long run-times (e.g., ~3 weeks 

for a 6 month simulation of Lake Erie with ELCOM-CAEDYM; Leon et al. (2011)). These 

uncertainties in model parameters and initial conditions are the primary model input errors 

(Arhonditsis et al., 2019), which can result in poor representation of processes, such as seasonal 

phytoplankton succession (e.g., (Elbagoury, 2017; Nakhaei, 2017)). In the present study, the one-

dimensional vertical coupled hydrodynamic biogeochemical Aquatic Ecosystem Dynamics-

General Lake Model (AED-GLM; Hipsey et al. (2019)) has been applied to simulate western Lake 

Erie from 1979 through 2015, forced with both historical observed and modelled BMP tributary 

loads. AED-GLM runs significantly faster (~1 min for 36 years) compared to 3D models, allowing 

for long-term simulations, in-depth sensitivity analysis, and the utilization of an automated 

calibration procedure to optimize parameter settings (e.g., Gaudard et al. (2019)). 
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    The objectives of the present study were to: (1) calibrate AED-GLM using model-independent 

parameter estimation; (2) apply the model to simulate the inter-annual variation in the development 

of nuisance algae blooms in Lake Erie since 1979; (3) evaluate the long-term effectiveness of 

nutrient load reductions and BMPs on reducing bloom severity. This work is novel, in that it is the 

longest coupled hydrodynamic and biogeochemical simulation of Lake Erie and the first to employ 

an automated calibration approach.  

2.2 Methods 

2.2.1 Study site and field data 

Lake Erie is the southernmost, shallowest, and smallest by volume of the Great Lakes, and has 

distinct western, central, and eastern basins. The present study area is the western basin (Figure 

2.1), which has a surface area of 4837 km2, a volume of ~20 km3, and an average depth of 7.4 m. 

It has two major tributaries, the Detroit River (Figure 2.1a point A), accounting for approximately 

90% of the total annual inflow (Tyson et al., 2001), and the Maumee River (Figure 2.1a point B), 

accounting for approximately 47% of the TP (total phosphorus) loads into Lake Erie during 2011-

2013 (USEPA, 2015). The TP concentration is 25 times larger in the Maumee River compared to 

the Detroit River (USEPA, 2015); hence, the Maumee River is the main P source for western Lake 

Erie. The theoretical hydraulic residence time is ~51 days (Matisoff et al., 2016), with outflow to 

the central basin through a rocky chain of islands from Point Pelee, Ontario, to Marblehead, Ohio. 
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Figure 2.1 (a) Map of Lake Erie and data sites. Detail of western basin shoreline showing the 

Detroit River (A), Maumee River (B), NDBC station (45005) (magenta dot), ECCC and NOAA 

surface temperature measurements (red dots), W1 and W2 stations (blue dots) (Ackerman et al., 

2001), ECCC station 357 (blue star), ECCC water quality stations (green dots), EMRB (black 

asterisks), OCWA (cyan dots), Ludsin et al. (2001) (magenta stars), Thomas et al. (2014) (black 

circles), Verhamme et al. (2016) (yellow dots), GLENDA (black dots). For further information on 

the datasets, see Table 2.1. (b) Lake Erie hypsometric depth vs. area profile used in the 1D model. 

Table 2.1 Sources of measured data used in calibration (see also Figure 2.1). Shaded datasets had 

the most comprehensive spatial and temporal coverage and so were used for calibration with PEST. 

Character Location Source 
Identifier in 

Figure 2.1 
Sample Date 

Water 

temperature 

Western basin surface  

 and Sta. 45005 
ECCC and NOAA & NDBC  

Red and 

magenta dots 

1979–2015 and 

2005–2015 

Sta. W1, W2 and Sta. 357 Ackerman et al. (2001) 
Blue circles and 

star 
1994 and 2008 

Nutrients 

(phosphorus and 

nitrogen) 

Western basin Ludsin et al. (2001) Magenta stars 1980–1992 

Western basin Thomas et al. (2014) Black circles 
1999–2015 (May–

Sep.)  

1–11 m ECCC Green dots 1994–2015 

0–18.8 m OCWA Cyan dots 2001–2014 

1 m above bottom EMRB Black asterisks 1986–2015 

Chl-a 

1–11m depth ECCC Green dots 1994–2015 

MB18 (integrated sample) 

Verhamme et al. (2016) Yellow dots 2008–2014 8M (integrated sample) 

GR1 (integrated sample) 

ER58 (integrated sample) 

GLENDA Black dots 2001–2015 ER59 (integrated sample) 

ER60 (integrated sample) 

https://www.youdao.com/w/identifier/#keyfrom=E2Ctranslation
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ER61 (integrated sample) 

ER91 (integrated sample) 

ER92 (integrated sample) 

Phytoplankton 

groups 

ER58 (integrated sample) 

GLENDA Black dots 2001–2015 

ER59 (integrated sample) 

ER60 (integrated sample) 

ER61 (integrated sample) 

ER91 (integrated sample) 

ER92 (integrated sample) 

Integrated sample in spring represents the average sample at the surface, 5 m, 10 m, and 20 m; in 

summer the sample represents the average sample over 2 to 4 m depths in the epilimnion.    

Observational data for model forcing and calibration (Figure 2.1) have been compiled from the 

Great Lakes Environmental Research Laboratory (GLERL), the National Oceanic and Atmospheric 

Administration (NOAA), Environment and Climate Change Canada (ECCC), the Environmental 

Monitoring and Reporting Branch (EMRB), the Ontario Clean Water Agency (OCWA), and 

published scientific literature (Appendix A, Table A1, A2). 

    To compare the modelled phytoplankton concentrations to observations, the observed GLENDA 

biovolumes (µm3 L−1) were converted to Chl-a biomass (µg L−1) using two conversions: (1) we 

applied the formula log10(biovolume) = 𝑎 + 𝑏 log10(chlorophyll-𝑎) with species-specific values 

of 𝑎 and 𝑏 (Reavie et al., 2016), and (2) the biovolumes were multiplied by density (1g cm−3) and 

7.5% of the phytoplankton biomass used to estimate Phyto C, followed by a Phyto C: Chl-a = 50:1 

(µg L−1) ratio being applied (Elbagoury, 2017). 

2.2.2 Model description 

The 1D hydrodynamic model General Lake Model (GLM v. 3.0.5), coupled with the Aquatic 

Ecosystem Dynamics module library (AED), was applied in this study (Hipsey et al., 2019). These 

open-source models have an active development community through the Global Lakes Ecological 

Observatory Network (GLEON; Hipsey et al. (2019)), and are updated versions of the well-tested 

and commonly used DYRESM–CAEDYM (Hamilton and Schladow, 1997). AED-GLM has been 

applied to a wide range of water bodies, including simulation of algae/nutrient/oxygen dynamics 
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in temperate lakes (Snortheim et al., 2017) and reservoirs (Weber et al., 2017). The low 

computational requirements for a single run allow for extensive calibration and sensitivity analysis. 

    GLM is a mixed layer model that solves a turbulent kinetic energy balance to simulate the surface 

heat and momentum budgets and the resultant development of thermal stratification and mixing, 

including ice and snow cover. The model assumes there is no horizontal variability (horizontally 

averaged) and adopts a flexible Lagrangian structure, adjusting the vertical layer thicknesses 

dynamically to resolve the water column structure. AED is a biogeochemical 

nutrient/plankton/oxygen model that dynamically couples to GLM. 

    In the present AED setup, 11 state variables were employed to predict seasonal succession of 

phytoplankton biomass (chlorophyte (CHLOR), diatoms (DIAT), cryptophytes (CRYPT), and 

cyanobacteria (CYANO)). These included dissolved oxygen (DO), four dissolved inorganic groups 

(dissolved reactive phosphorus (PO4), nitrate (NO3), ammonium (NH4), and reactive silica (SiO2)), 

three dissolved organic groups (dissolved organic nitrogen (DON), dissolved organic phosphorus 

(DOP), and dissolved organic carbon (DOC)), and three particulate detrital organic groups 

(particulate organic nitrogen (PON), particulate organic phosphorus (POP), and particulate organic 

carbon (POC)). The phytoplankton growth rates were modelled as a function of the user specified 

maximum growth rate, photorespiratory loss, ambient temperature, metabolic stress, and the 

minimum light, N, P, and Si limitation functions (Hipsey et al., 2019). The associated dynamic 

functions representing algae growth rates (photosynthesis), respiration, excretion, and mortality 

losses can be found in Hipsey et al. (2019). 

    Photosynthesis is parameterized as the uptake of carbon, and it is determined by a maximum 

potential growth rate at 20 °C modified by photorespiratory loss, a temperature response function, 

metabolic stress, and the minimum value of the expressions for limitation by light, P, N, and Si. 

Maximum productivity, representing the amount of organic material produced per unit area per unit 

time, occurs at the optimum growth temperature (𝑇𝑂𝑃𝑇), zero growth above the maximum growth 

temperature (𝑇𝑀𝐴𝑋) , and below standard growth temperature (𝑇𝑆𝑇𝐷); the productivity follows 
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Arrhenius scaling. P and N uptake are regulated by external and internal nutrient concentrations. 

Loss terms, including respiration, natural mortality, and excretion, are modelled with respiration 

rate coefficients, and the loss rate is divided into two parts: a pure respiratory fraction 𝑓𝑟𝑒𝑠, as well 

as mortality and excretion. The constant fraction 𝑓𝐷𝑂𝑀  of mortality and excretion goes to the 

dissolved organic pool (excretion), and the remainder to the particulate organic pool (detritus). 

Settling of particles (-0.06 m day-1) and mineralization of dissolved organics were modelled as 

migration with photoinhibition (Rdoc_minerl = 0.001 day-1; Rdon_minerl = 0.005 day-1; 

Rdop_minerl = 0.001 day-1). Given the difficulty in modelling changes in the associated population 

dynamics over decadal timescales, we neglect simulation of dreissenid mussels and zooplankton. 

Following Snortheim et al. (2017), we have subsumed the associated mortality and nutrient cycling 

into the respiration parameter, allowing for regulation without enabling a zooplankton and mussel 

functional group (Hipsey et al., 2013). This is justified by the efficient internal recycling of 

nutrients modelled to occur in Lake Erie through predation/excretion (Boegman et al., 2008b). The 

inclusion of these processes could be the subject of future work. 

2.2.3 Initial and boundary conditions 

The bathymetric profile (area vs. depth; Figure 2.1b) was manually computed from a 2 km × 2 km 

× 1 m Lake Erie grid (https://www.ngdc.noaa.gov/mgg/greatlakes/erie.html (last accessed on 2 July 

2021)). The model was initialized on 1 May 1979, using available water quality data from the 

Maumee River, as there were no data available for western Lake Erie (Table 2.2), and advanced 

using an hourly timestep. Mean daily meteorological forcing data included air temperature, wind 

speed, relative humidity, precipitation, shortwave solar radiation, and cloud cover. Daily solar 

radiation data were disaggregated into sub-daily (rad mode = 0), with longwave radiation computed 

from cloud cover (lw_type = ‘LW_CC’; cloud mode = 1). Mean daily boundary conditions were 

specified for the Detroit River and Maumee River (flow, temperature, and the water quality state 

variables; Appendix A, Tables A1 and A2). Exchange to the central basin was specified as an 
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outflow, based on a water balance computed from the Detroit and Maumee River flows, 

precipitation, evaporation, and observed water levels (Gibson et al., 2006; Kebede et al., 2006). 

Default parameters were used for ice and snow (snow_albedo_factor = 1.0; snow_rho_max = 300; 

snow_rho_min = 50). 

Table 2.2 Initial biogeochemical conditions specified in the model for 1 May 1979. For data 

sources see Appendix A, Table A2. 

DO  

(mmol 

O2/m3) 

SiO2 

(mmol 

Si/m3) 

NH4 

(mmol 

N/m3) 

NO3 

(mmol 

N/m3) 

PO4 

(mmol 

P/m3) 

PON 

(mmol 

N/m3) 

DON 

(mmol 

N/m3) 

POP 

(mmol 

P/m3) 

376.76 114.29 9.66 47.42 2.97 30.18 80.88 3.48 

DOP 

(mmol 

P/m3) 

POC 

(mmol 

C/m3) 

DOC 

(mmol 

C/m3) 

CHLOR 

(mmol 

C/m3) 

DIAT 

(mmol 

C/m3) 

CYANO 

(mmol 

C/m3) 

CRYPT 

(mmol C/m3) 
 

2.32 41.67 250 1.59 1.81 0 0.03  

 

2.2.4 Model calibration 

To minimize uncertainty in parameter estimation and avoid user bias in model calibration 

(Arhonditsis et al., 2019), AED-GLM was calibrated using model-independent parameter 

estimation and uncertainty analysis (PEST; http://www.pesthomepage.org/ (last accessed on 2 July 

2021)). This approach is similar to previous studies that have applied autocalibration methods 

(Monte Carlo and PEST, respectively) to calibrate the 1D models DYRESM-CAEDYM (Luo et 

al., 2018) and Simstrat (Gaudard et al., 2019). To apply PEST to all ~60 model parameters would 

take 1023 years, and so a sensitivity analysis was employed to determine which parameters required 

calibration, and the associated calibration ranges. Sensitivity of modelled water temperature, TP, 

PO4, total Chl-a, and the four phytoplankton groups to changes in parameter values were evaluated 

according to relative sensitivity (RS; (Hipsey et al., 2019; Zhang and Rao, 2012)):    

𝑅𝑆 =  

∆𝐶𝑖
𝐶𝑖𝑠
⁄

∆𝛽𝑗
𝛽𝑗𝑠
⁄

 

Eq. (2.1) 
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where 𝑖 is the modelled value (output), 𝑗 is the calibrated parameter value (input), ∆𝐶𝑖 is the change 

in the modelled value, 𝐶𝑖𝑠 is the initial modelled value, ∆𝛽𝑗 is the change in the parameter, and 𝛽𝑗𝑠 

is the initial parameter value. In this study, to cross-compare RS values, absolute relative sensitivity 

(ARS) was used, which is the absolute value of RS. If ARS = 0.5, a 10% increase or decrease in 

the model parameter will cause a 5% change in the modelled state variable. The model parameters 

with ARS values (Table 2.3) were calibrated with PEST over parameter ranges based on literature 

values (Appendix A, Tables A3-A5). 

    PEST optimizes the goodness-of-fit (minimizes root-mean-square error, RMSE) between model 

output and observation. Datasets for calibration were chosen that most comprehensively covered 

the entire western basin based on Table 2.1, Figure 2.1. In practice, PEST was first applied to 

calibrate temperature, using GLM, to achieve the smallest RMSE between simulations and 

observations. Subsequently, PEST was applied to AED-GLM to calibrate nutrients (TP and PO4). 

Finally, total Chl-a and the four phytoplankton groups were calibrated to ensure the model can 

reproduce seasonal succession. This iterative approach was favored over attempts to use normalized 

RMSE, which can give misleading results when RMSE is small (Nakhaei, 2017). 

Table 2.3 Summary of absolute relative sensitivity (ARS) values from the sensitivity analysis. The 

model parameters with the 6 largest ARS values (shaded) were calibrated with PEST (Zhang and 

Rao, 2012). The ‘--’ indicates no sensitivity. 

Model Parameter 
ARS of Modelled State Variable 

Water Temperature PO4 TP Chl-a CHLOR CYANO DIAT CRYPT 

𝐾𝑤 0.02 0.37 0.09 0.86 4.89 3.19 0.58 4.6 

𝑊𝑖𝑛𝑑_𝑓𝑎𝑐𝑡𝑜𝑟 0.06 0.28 0.07 0.35 0.66 0.93 0.66 0.22 

𝐿𝑤_𝑓𝑎𝑐𝑡𝑜𝑟 0.66 0.32 0.24 0.78 2.62 5.50 2.58 12.88 

𝐶𝑒 0.01 -- -- -- -- -- -- -- 

𝐶ℎ 0.01 -- -- -- -- -- -- -- 

𝐶𝑑 0.01 -- -- -- -- -- -- -- 

𝑇ℎ𝑒𝑡𝑎_𝑠𝑒𝑑_𝑓𝑟𝑝 -- 0.65 0.07 -- -- -- -- -- 

𝐹𝑠𝑒𝑑_𝑓𝑟𝑝 -- 0.29 0.15 0.31 1.25 2.20 0.02 1.06 

𝐾𝑠𝑒𝑑_𝑓𝑟𝑝 -- 0.25 0.13 0.26 1.06 1.87 0.03 0.91 

𝑃𝑚𝑎𝑥,𝐺𝑅𝐸𝐸𝑁 -- 0.24 0.06 0.75 20.70 7.69 2.49 8.29 

𝑉𝑇,𝐺𝑅𝐸𝐸𝑁 -- 0.03 0.03 0.30 9.80 4.98 0.06 8.44 

𝑇𝑠𝑡𝑑,𝐺𝑅𝐸𝐸𝑁 -- 0.08  0.05 0.60 14.44 7.94 0.29 7.31 

𝑇𝑜𝑝𝑡,𝐺𝑅𝐸𝐸𝑁 -- 0.05 0.04 0.45 11.89 6.58 0.21 6.40 

𝑇𝑚𝑎𝑥,𝐺𝑅𝐸𝐸𝑁 -- 0.01 0.01 0.16 9.67 2.58 0.04 2.90 

 𝐾𝑟,𝐺𝑅𝐸𝐸𝑁 -- 0.02 0.03 0.30 9.50 4.80 0.03 8.19 
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𝑃𝑚𝑎𝑥,𝐶𝑌𝐴𝑁𝑂 -- 0.23 0.04 0.72 9.39 12.94 2.48 8.60 

𝑉𝑇,𝐶𝑌𝐴𝑁𝑂 -- 0.03 0.04 0.52 8.31 9.53 0.05 15.98 

𝑇𝑠𝑡𝑑,𝐶𝑌𝐴𝑁𝑂 -- 0.004 0.03 0.35 8.18 8.49 0.02 6.89 

𝑇𝑜𝑝𝑡,𝐶𝑌𝐴𝑁𝑂 -- 0.004 0.03 0.30 6.53 8.89 0.03 5.39 

𝑇𝑚𝑎𝑥,𝐶𝑌𝐴𝑁𝑂 -- 0.001 0.01 0.07 1.36 8.26 0.02 1.36 

 𝐾𝑟,𝐶𝑌𝐴𝑁𝑂 -- 0.002 0.04 0.45 7.87 8.96 0.13 15.10 

𝑃𝑚𝑎𝑥,𝐷𝐼𝐴𝑇 -- 0.13 0.02 0.65 0.27 0.88 3.50 0.24 

𝑉𝑇,𝐷𝐼𝐴𝑇 -- 0.001 0.06 0.05 1.76 2.69 9.93 0.96 

𝑇𝑠𝑡𝑑,𝐷𝐼𝐴𝑇 -- 0.01 0.002 0.05 0.15 0.01 3.32 0.12 

𝑇𝑜𝑝𝑡,𝐷𝐼𝐴𝑇 -- 0.02 0.003 0.12 0.47 0.11 3.82 0.40 

𝑇𝑚𝑎𝑥,𝐷𝐼𝐴𝑇 -- 0.10 0.01 0.38 1.93 0.57 2.94 1.84 

 𝐾𝑟,𝐷𝐼𝐴𝑇 -- 0.11 0.03 0.60 0.77 0.55 3.48 0.56 

𝑃𝑚𝑎𝑥,𝐶𝑅𝑌𝑃𝑇 ---- 0.24 0.07 0.73 9.24 7.63 2.48 83.71 

𝑉𝑇,𝐶𝑅𝑌𝑃𝑇 -- 0.01 0.01 0.06 1.44 1.09 0.03 16.65 

𝑇𝑠𝑡𝑑,𝐶𝑅𝑌𝑃𝑇 -- 0.07 0.05 0.58 8.67 7.72 0.28 64.43 

𝑇𝑜𝑝𝑡,𝐶𝑅𝑌𝑃𝑇 -- 0.05 0.04 0.47 8.21 6.72 0.21 57.72 

𝑇𝑚𝑎𝑥,𝐶𝑅𝑌𝑃𝑇 -- 0.008 0.01 0.12 2.92 1.91 0.03 17.90 

 𝐾𝑟,𝐶𝑅𝑌𝑃𝑇  -- 0.004 0.01 0.07 1.38 1.01 0.001 16.98 

Notes:  𝐾𝑟—phytoplankton respiration/metabolic loss rate of 20 ℃ (d-1); 𝑃𝑚𝑎𝑥—maximum phytoplankton growth rate of 

20 ℃ (d-1); 𝑇𝑠𝑡𝑑—standard temperature for algal growth (℃); 𝑇𝑜𝑝𝑡—optimum temperature for algal growth (℃); 𝑇𝑚𝑎𝑥—

maximum temperature for algal growth (℃); 𝑉𝑇—Arrhenius temp scaling coefficient for growth; 𝐾𝑊—extinction 

coefficient for PAR radiation (m−1); 𝑊𝑖𝑛𝑑_𝑓𝑎𝑐𝑡𝑜𝑟—wind factor; 𝐿𝑤_𝑓𝑎𝑐𝑡𝑜𝑟—longwave factor; 𝐶𝑒—bulk aerodynamic 

coefficient for latent heat transfer; 𝐶ℎ—bulk aerodynamic coefficient for sensible heat transfer; 𝐶𝑑—bulk aerodynamic 

coefficient for transfer of momentum; 𝑇ℎ𝑒𝑡𝑎_𝑠𝑒𝑑_𝑓𝑟𝑝—temperature multiplier for temperature dependence of sediment 

phosphate flux; 𝐹𝑠𝑒𝑑_𝑓𝑟𝑝—maximum flux of oxygen across the sediment water interface into the sediment (mmol P m-

2 d-1); 𝐾𝑠𝑒𝑑_𝑓𝑟𝑝—half saturation constant for oxygen dependence of sediment phosphate flux (mmol O2 m-3); 

Water temp—water temperature (°C); TP—total phosphorus concentration (mmol m−3); 𝑃𝑂4—phosphate concentration 

(mmol m−3); Chl-a—total chlorophyll-a (mmol m−3); CHLOR—chlorophyte (mmol m−3); CYANO—cyanobacteria 

(mmol m−3); DIAT—diatoms (mmol m−3); CRYPT—cryptophytes (mmol m−3); 

2.2.5 Phosphorus loading reduction scenarios 

The Maumee River delivers significant P to the western basin and has an agricultural watershed 

that has been the study of the effectiveness of BMPs on nutrient load reductions (e.g., (Bosch et al., 

2013; Bosch et al., 2014)). Therefore, to explore the impacts of phosphorus loading reduction 

scenarios on water quality changes, the nutrient loads from the Maumee River were varied in two 

management scenarios. In the first scenario, the observed flow rates and nutrient concentrations 

were scaled according to load reductions realized by implementing BMPs in a published application 

of the SWAT model to the Maumee River watersheds over 1998-2005 (Bosch et al., 2013); their 

BMPs were at a moderate level considered feasible by agricultural specialists. In the second 

scenario, observed nutrient loads were reduced by 20, 40, and 60% to test if these reductions will 
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achieve the target of limiting PO4 and TP loads from the Maumee River to 186 MTA and 860 MTA 

during March to July, and limiting the maximum 30-day average cyanobacteria biomass to 9600 

MTA (Scavia et al., 2016b). 

2.3 Results 

2.3.1 Temperature, water levels, and ice cover 

Accurate modelling of phosphorus loads and algae growth requires simulation of the water balance 

(Chapra, 1977) and water temperature/ice cover (Wetzel, 2001), respectively. The time-series of 

surface water temperature indicated that the model reproduced the annual variations of water 

temperature, which varied between ~0 °C (in winter) and ~25 °C (in summer) (Figure 2.2). The 

model also reproduced the seasonal stratification profile, including ephemeral weak stratification 

(Figure 2.3). The surface RMSE was 2.95 °C (1979 to 2015), and vertically averaged RMSE were 

1.39 °C in 1994 and 1.70 °C in 2008 (Appendix B, Figure B1). These RMSE were consistent with 

those from both 1D (1-6 °C; (Boegman and Sleep, 2012)) and 3D (1-3 °C; (Liu et al., 2014)) models 

applied to Lake Erie, and Bruce et al. (2018) who applied GLM to 32 lakes (RMSE of 1.62 to 1.31 

°C through the water column). 

    Simulated water levels had an RMSE of 0.36 m, in comparison to observations (average of four 

western basin gauge stations: Buffalo, Cleveland, Port Stanley, and Toledo). These data were daily 

averages to remove the effects of the 14-hr surface seiche, which was not resolved by the 

horizontally averaged model. Given that the outflow was determined from a water balance, which 

included the observed levels, the RMSE was directly attributable to differences between the 

evaporation and precipitation models employed in the water balance versus GLM. The simulated 

ice thickness (not shown) had an RMSE of 0.13 m, compared with observations (Collier, 2016) in 

Sandusky Bay, which is just outside the model domain. 
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Figure 2.2 The simulated and observed surface water temperature comparison at Sta. 45005 (ECCC 

and NOAA) for 1979-2015. 

 

Figure 2.3 Contours of simulated and observed water temperature profile at Sta. W1 and W2 for 

1994 (a, b) and Sta. 357 for 2008 (c, d). 

2.3.2 Nutrients 

Simulated TP was visually consistent with annually and seasonally averaged observations from 

four published studies over 1979 through 2015 (Figure 2.4). From the early 1980s to the early 

1990s, both simulated and observed TP concentrations showed a decreasing trend, coincident with 

the implementation of point-source P abatement programs (Figure 2.4a). Moreover, from the mid-

1990s, from May to September, TP concentrations (Figure 2.4b) increased in accordance with P 

Observation 
Simulation 
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from the Maumee River watersheds being flushed by increased spring precipitation. Peaks in 

observed TP concentration occurred in April, consistent with the spring P loads from the Maumee 

River, and were the major P source for western Lake Erie; the simulations did not capture all peaks, 

potentially because loads are instantaneously distributed throughout the basin in the horizontally 

averaged model (Figure 2.4c, d). The average TP RMSE was 0.01 mg L−1, comparable to 0.01-

0.074 mg L−1 for a 1D model of Lake Ravn (Trolle et al., 2008), and 0.03 mg L−1 for a 3D model 

of Lake Erie (Bocaniov and Scavia, 2016). 

 

 

Figure 2.4 Comparison of simulated and observed TP concentrations. (a) Annual averages 

(±max/min) of daily depth-averaged model output vs. observations (annual TP concentrations 

throughout the western basin (Ludsin et al., 2001) for 1980-1992), (b) averages of daily depth-

averaged output (±max/min) during May through September and observations are seasonal (May-

September) mean TP concentrations at stations (Thomas et al., 2014) (black circles in Figure 2.1) for 

1999-2015, (c) simulations and observations of daily depth-averaged TP comparisons at ECCC 

stations (green dots in Figure 2.1) for 1994-2015, (d) simulations and observations of daily 1 m above 

the bed TP concentrations at EMRB stations (black asterisks in Figure 2.1) for 1986-2015. Data 

sources: Table 2.1. 

    Depth-averaged PO4 concentrations were both simulated and observed to be ~0.02 mg L−1 during 

2000 through 2014 (Figure 2.5a). However, the simulations were, at times, smaller than the 
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observations at the stations located 1 m above the lake bed (Figure 2.5b), suggesting mineralization 

of PO4, which has been shown to vary spatially by an order of magnitude in western Lake Erie 

(Matisoff et al., 2016), was not always accurately reproduced with the static release model in AED. 

Sediment mineralization of PO4 was the only phosphorus boundary condition that was not directly 

measured. The parameters regulating sediment mineralization (𝑇ℎ𝑒𝑡𝑎_𝑠𝑒𝑑_𝑓𝑟𝑝, 𝐹𝑠𝑒𝑑_𝑓𝑟𝑝, and 

𝐾𝑠𝑒𝑑_𝑓𝑟𝑝; Table 2.3) were automatically calibrated; therefore, simulation of less PO4 from the 

sediments suggests that PEST may be compensating for excessive PO4 loads, either from the 

tributaries or internal cycling. 

During the late 1980s through 2010, the PO4 concentration increased, with increases in soluble 

P from the Maumee River watershed (Ohio Lake Erie Phosphorus Task Force II, 2013), which is 

in agreement with the simulations, showing PO4 to be maximal during 2010 through 2014. The 

average RMSE of PO4 was 0.01 mg L−1, comparable to 0.007-0.061 mg L−1 for simulations of Lake 

Raven (Trolle et al., 2008) using 1D DYRESM-CAEDYM. 

 

 

Figure 2.5 Comparison of simulated and observed PO4 concentrations. (a) Daily depth-averaged 

at OCWA stations (cyan dots in Figure 2.1) for 2001-2014, (b) daily 1 m above the bed at EMRB 

stations (black asterisks in Figure 2.1) for 1986-2015. Data sources: Table 2.1. 
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    The annual and seasonal variations in simulated and sampled NO3 and NH4 were small (Figures 

2.6 and 2.7). During early summer, the predominant algae were non-N-fixing, and in late summer—

if required—they were able to fix nitrogen directly from the atmosphere (Chaffin et al., 2013). The 

average RMSE for NO3 and NH4 was 0.68 and 0.03 mg L−1, respectively, comparable to 0.036 mg 

L−1 for NO3 from 3D simulations of Lake Erie (Bocaniov and Scavia, 2016). 

 

 

Figure 2.6 Comparison of simulated and observed NO3 concentrations. (a) Daily depth-averaged 

at OCWA stations (cyan dots in Figure 2.1) for 2001-2014, (b) daily depth-averaged at ECCC 

stations (green dots in Figure 2.1) for 1994-2015, (c) daily 1 m above the bed at EMRB stations 

(black asterisks in Figure 2.1) for 1986-2015. Data sources: Table 2.1. 
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Figure 2.7 Comparison of simulated and observed NH4 concentrations. (a) Daily depth-averaged 

at OCWA stations (cyan dots in Figure 2.1) for 2001-2014, (b) daily 1 m above the bed at EMRB 

stations (black asterisks in Figure 2.1) for 1986-2015. Data sources: Table 2.1. 

2.3.3 Phytoplankton 

The model reproduced an increase in total Chl-a from 1994 through 2015 (Figure 2.8). The Chl-a 

RMSE between simulations and ECCC observations (17.85 𝜇g L−1) was smaller than that between 

simulations and GLENDA observations (19.21 𝜇g L-1 based on Reavie et al. (2016), and 6.25 𝜇g 

L−1 based on Elbagoury (2017)) (Figure 2.8). The error was comparable to 10.4 and 12.76 𝜇g L−1 

in Lake Ravn in Denmark using 1D DYRESM-CAEDYM (Trolle et al., 2008). The ECCC data 

were sampled through the water column across the whole western basin and the vertically averaged 

simulations from the horizontally averaged model capture these variations. GLENDA samples were 

measured through the water column during spring and in the epilimnion (from 2 to 4 m depths) 

during summer at only six stations (ER58, 59, 60, 61, 91, and 92; Figure 2.1). Particularly, ER59 

was located near the Maumee River mouth, along the southwest border in the western basin, 
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resulting in the observations at ER59 during summer being larger than the simulations near the 

Maumee River plume (Wynne and Stumpf, 2015). 

 

Figure 2.8 Comparison between depth-averaged simulations and observed total Chl-a from 

integrated sampling at ECCC stations (green dots in Figure 2.1) for 1994-2015; GLENDA stations 

(black dots in Figure 2.1) for 2001-2015 (ER58, 59, 60, 61, 91, 92); (4) Verhamme et al. (2016) 

(yellow dots in Figure 2.1) for 2008, and 2011-2014 (Sta. MB18, 8MGR1). MB18 is closest to the 

Maumee River mouth. The GLENDA data have been converted from biovolume to biomass using 

the conversions in both Reavie et al. (2016) and Elbagoury (2017). Data sources: Table 2.1. 

    However, being spatially averaged, gradients in Chl-a from near the Maumee River mouth to 

offshore were observed, with higher observed concentrations at MB18 and 8M, and lower 

concentrations at GR1 (Figure 2.8, transect running from Sta. MB18 to 8M and GR1) were not 

reproduced due to horizontal averaging in the 1D AED-GLM model framework. The model 

reproduced the observed variation at GR1 (RMSE = 17.24 µg L−1) near the mid-basin, while it 

underestimated the Chl-a concentration at MB18 (RMSE = 31.30 𝜇g L−1) and 8M (RMSE = 20.57 

𝜇g L−1). 

Peaks in both simulated and observed total Chl-a occurred in 2008 and 2011, with high 

cyanobacteria (Figure 2.9), and the lowest Chl-a appeared in 2009 and 2012, with low 

cyanobacteria. This is consistent with higher TP concentrations in 2008 and 2011, and lower values 

in 2009 and 2012 (Figure 2.4b, c). Both simulated and observed diatoms in this study represent 
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early diatoms (optimum temperature of 9.8 °C), with high Si requirements and rapid sinking rates. 

Like cyanobacteria, the peak of observed diatoms also occurred in 2008 and 2011, which was not 

reproduced by the model. Peaks in both simulated and observed cyanobacteria were in 2008 and 

2011, corresponding to the lowest concentrations of chlorophytes and cryptophytes, suggesting the 

cyanobacteria are out-competing other groups in these years. In general, chlorophytes and diatoms 

are the preferred food for grazers (zooplankton and fish), with cyanobacteria being less grazed 

upon. 

 

Figure 2.9 Phytoplankton group comparisons between the simulated daily depth-averaged 

concentrations and integrated samples from GLENDA (black dots in Figure 2.1) expressed as Chl-

a for 2001-2015. (a) Diatoms; (b) chlorophytes; (c) cryptophytes; and (d) cyanobacteria. The 

GLENDA data have been converted from biovolume to biomass using the conversions in both 

Reavie et al. (2016) and Elbagoury (2017). Data sources: Table 2.1. 

    In addition to the GLENDA cyanobacteria observations, the modelled maximum rolling 30-day 

average of cyanobacteria concentration was compared to the NOAA bloom severity index 

(cyanobacteria index, CI; Figure 2.10). The CI was determined over 10-day intervals from remote 

sensing, taking the highest cyanobacterial chlorophyll-related index at each pixel available from 

any of the daily images within a 10-day period. The algal bloom severity was determined from the 

annual CI (Stumpf et al., 2012; Wynne et al., 2008; Wynne et al., 2010), which was the average of 

the 10-day intervals around the maximum severity of the bloom (Scavia et al., 2016a). Intense algal 
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blooms typically lasted 30-40 days (Stumpf et al., 2012). When the index was in the range of 2-4, 

blooms were regarded as mild, with severe blooms above 4. Both the highest severity index and 

simulated maximum 30-day average cyanobacteria concentration occurred in 2011 and 2015, 

indicating these two years were with the most severe blooms. Overall, the simulations reproduced 

the increasing trend of blooms from 2002 to 2015 (Figure 2.10), as well as the maximum peaks in 

2011 and 2015. 

 

Figure 2.10 Observed western Lake Erie bloom severity index (Stumpf et al., 2012) compared to 

simulated maximum 30-day average cyanobacteria concentration. 

2.4 Discussion 

The physical and biogeochemical state variables were simulated with similar RMSE to those from 

shorter-term simulations as reported in the literature. This provides confidence in model-output 

over the entire 1980 to 2015 simulation (Figure 2.11) and in the ability of the model to evaluate 

nutrient reduction management scenarios. Model results show inter-annual variation in simulated 

water temperature, but a long-term trend in temperature was not evident. Both PO4 and TP have 

spikes in concentration that are visually more evident during the early 1980s and after 2000 (Figure 

2.11). Similarly, total Chl-a and cyanobacteria concentrations were elevated during these times; 

however, cyanobacteria were also simulated to increase during the late 1980s to early 1990s. The 
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simulated long-term TP concentrations were typically lower than 0.02 mg L−1, as expected for the 

target TP load of 11,000 MTA established by GLWQA in 1978 (Baker et al., 2019). 

 

Figure 2.11 Long-term simulations of daily depth-averaged water temperature, PO4, TP, total Chl-

a, and cyanobacteria concentrations in the western basin. 
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    The Maumee River is the major phosphorus source for the western basin (Ohio, 2010; Scavia et 

al., 2014). For example, during 2007 (1 October 2006-30 September 2007), the Maumee River 

delivered the largest phosphorus and nitrogen loads to the western basin in 33 years of monitoring 

(Richards et al., 2010). Increases in TP and cyanobacteria were strongly related to the increased 

PO4 loads from the Maumee River during 1996-2006 (Kane et al., 2014). However, modelling 

results show that elevated PO4 does not occur in the lake during bloom years (2008, 2011, 2013, 

2014, and 2015; Figure 2.11). We believe this is because all available PO4 goes to phytoplankton 

uptake, causing low water-column PO4 concentrations within the blooms. This inverse relationship 

has also been modelled in Lake Erie (Leon et al., 2011), where the lakewide highest Chl-a (~50 mg 

m−3) was associated with the lowest PO4 (~5 mg m−3). Hence, to give insight into the correlation 

between algal blooms and nutrients in the western basin, researchers must consider influent PO4 

loads, as opposed to in situ concentrations. 

    Maumee River PO4 loads were primarily delivered through spring runoff. Due to the discrete 

nature of storm events, both discharge and PO4 load were integrated (Figure 2.12a, b), following 

Richards et al. (2010). The cumulative discharge and PO4 load were largest in 2015 and 2011, 

which correspond to the bloom years with the highest simulated cyanobacteria concentration 

(Figure 2.11). High discharge leads to high loads, consistent with Baker et al. (2014), and the 2015 

discharge was nearly two times higher than the 35-year average. The hydrological water year begins 

in March, whereas, in Richards et al. (2010), the water year began in October, resulting in the 

largest flow, TP, and PO4 loads in 2007, which was not a bloom year (Figure 2.10), thereby 

suggesting PO4 loads in spring are more impactful on summer bloom severity, compared to those 

during the preceding fall and winter. 
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Figure 2.12 Hydrological water year (a) cumulative discharge and (b) PO4 load for the Maumee 

River from 1980 to 2015 (grey lines show discharge and PO4 load for the other 34 simulated years), 

(c) air temperature comparisons among monthly climate normal and algal bloom years, and (d) 

daily water temperature versus simulated daily depth-averaged cyanobacteria concentration. The 

optimal growth temperature for cyanobacteria is indicated. 

    In terms of algal biovolume, bloom area, and duration, the bloom area in 2011 (Stumpf et al., 

2012) was more than two times higher than that in 2008, and about four times greater than that 

from 2002-2010 (Bridgeman et al., 2013; Michalak et al., 2013). The blooms in 2011 and 2015 

were similar, while the PO4 loads in 2011 were much lower than in 2015, suggesting other factors, 

such as air temperature, also played an important role in bloom development (Moore et al., 2008; 

Paerl and Huisman, 2008). 

    We compared the monthly average air temperature in 2011 and 2015 to the 1981-2010 climate 

normal (Figure 2.12c). During summer (Jul.-Sep.), when cyanobacteria growth was rapid, the air 

temperature in 2011 was 1.2 °C higher than the 1981-2010 climate normal, and, in July and August 

2011, the air was close to the optimal growth temperature for cyanobacteria (24 °C) leading to a 

strong bloom. The average air temperature in late summer (Jul.-Sep.) of 2015 was 21.8 °C, lower 

than that in 2011 (22.4 °C) but higher than 1981-2010 (21.2 °C). Since the PO4 loads in 2015 were 

much higher than in 2011, the blooms in 2015 were still high, similar to 2011. The interplay 
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between loads and temperature (Figure 2.12d) showed modelled cyanobacteria to peak in years 

when both air temperature and nutrient loads (Figure 2.12b) were high (2011 and 2015). Warm 

air/water or high loads, in isolation, were insufficient (e.g., 2010 or 2012). 

2.4.1 Nutrient-reduction scenarios 

An abundance of literature has recommended that P mitigation can control eutrophication in 

western Lake Erie (Bosch et al., 2013; Schindler et al., 2008; Verhamme et al., 2016). The (USEPA, 

2015) established the target of limiting March-July dissolved reactive phosphorus loading from the 

Maumee River to 186 metric tonnes and total phosphorus loading to 860 metric tonnes, an 

approximately 40% reduction from 2008 loads (closest to the original 1978 Annex 3 target of 

11,000 MT), in order to reach ‘mild bloom’ threshold of 9600 MTA (Scavia et al., 2016b). Nutrient 

loads may be controlled by BMPs (best management practices) in the Maumee River watershed to 

reduce the P loads entering into the western basin (Bosch et al., 2013; Bosch et al., 2014). However, 

the direct effect of the loads recommended in the Annex 4 targets, as well as the direct effect of 

achievable loads from the implementation of BMPs, has not been simulated over decadal 

timescales. 

The 17,030 km2 Maumee River watershed receives 934 mm yr−1 precipitation and is comprised 

of 76% row-crop, 11% urban, 8% forested, and 5% hay (Bosch et al., 2013). We parameterized the 

effects of reducing tillage, planting cover crops, and the addition of edge-of-field filter strips (Table 

2.4) by scaling our Maumee River loads to match the changes given in the Bosch et al. (2013) 

reduction scenarios. This was preferable to directly applying the Bosch et al. (2013) modelled loads, 

as they differed from observed loads by 3–4%. When BMPs were considered, the simulated 

maximum 30-day average cyanobacteria concentrations and PO4 loads were smaller than those 

under current conditions, causing the western Lake Erie cyanobacteria to be lowest under the 

source-combined scenario (Figure 2.13a, c, e). For the different BMP scenarios, the cyanobacteria 

biomass was reduced by 1.98-12.21%. No-till was the least effective among individual BMPs 
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(Table 2.5), potentially facilitating fertilizer accumulation in the surface soil layer, which is then 

flushed into the lake by runoff (Daloglu et al., 2012). The source-combined BMP scenario reduced 

TP, PO4, TN, NO3, Chl-a, and CYANO average annual concentrations by 3.6%, 1.7%, 2.0%, 2.0%, 

0.68%, and 12.2%, respectively (Table 2.5). The relatively small change in nutrients arose because 

the source-combined scenario only reduced PO4 and TP loads by 7% and 8%, respectively. 

Implementing BMPs to 100% of all row-crop land in the Maumee watershed above the moderate 

BMP level considered feasible gave a reduction in P yield of 30% (Bosch et al., 2013). Therefore, 

a 10-20% BMP reduction in P yield seems reasonably achievable but is considerably less than the 

Annex 4 recommended P reduction of 40%. 

    To test the effect of 20%, 40%, and 60% P load reduction scenarios, the TP, PO4, DOP, and POP 

concentrations in the Maumee River were all reduced accordingly (Figure 2.13b, d, f). The resultant 

simulated maximum 30-day average cyanobacteria biomass indicated that significant P reductions 

in the Maumee River can lead to decreases in cyanobacteria biomass by limiting growth through P 

limitation (Hipsey et al., 2013). When the TP and PO4 spring loads were reduced by 40% (849 and 

181 MTA in 2008, respectively), the maximum 30-day average cyanobacteria biomass was below 

the ‘mild bloom’ threshold of 9600 MTA during most years (from 2005 to 2015) (Figure 2.13b, d, 

f). The 20% reduction scenario, which approximates the presently feasible maximum BMP impact, 

shows the maximum 30-day average cyanobacteria biomass was to be above 9600 MTA 

continuously from 2008 through the end of the simulation, having an insufficient effect on severity 

of the blooms during this time (Figure 2.10). 

Table 2.4  Scenario descriptions for the BMPs applied to the Maumee River watershed. Our load 

reductions were obtained by scaling Maumee River P concentrations to match those achieved in 

Bosch et al. (2013). 

Scenario Name Scenario Description 
Change in TP 

Load (%) 

Change PO4 Load 

(%) 

No-till No-till corn and soybean implemented in random 25% of row-crop agricultural land +2.46  −1.54 

Cover 
Rye cover crop planted between soybean and corn crop in random 25% of row-crop 

agricultural land 
−2.37 −1.66 
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Filter 
Filter strip (10 m with 25% trapping efficiency) in random 20% of row-crop 

agricultural land 
−2.97 −3.08 

Random 

combined 

Combination of three BMPs on same 25% of Maumee row-crop agricultural land; 

randomly distributed among sub-watersheds 
−0.88 −4.41 

Source combined 
Combination of three BMPs on same 25% of Maumee row-crop agricultural land; 

distributed in high source sub-watersheds 
−6.92 −8.04 

Mouth combined 
Combination of three BMPs on same 25% of Maumee row-crop agricultural land; 

distributed in sub-watersheds near river mouth 
−0.86 −0.18 

 

 

Figure 2.13 Maximum 30-day average cyanobacteria (a, b), average annual (Mar.-Jul.) DRP and 

TP loads (c-f) from Maumee River under BMPs (a, c, e) and simple percentage P reduction 

scenarios (20%, 40%, and 60% P load reductions) (b, d, f).   

Table 2.5 Average annual TP, PO4, TN, NO3, Chl-a, and CYANO concentrations in western Lake 

Erie for various BMP implementation conditions from May 1979 to December 2015. 

BMP Scenarios 
TP  

(mmol m−3) 

PO4  

(mmol m−3) 

TN  

(mmol m−3) 

NO3 

 (mmol m−3) 

Chl-a  

(𝝁g L−1) 

CYANO  

(𝝁g L−1) 

Baseline 0.56 0.07 63.54 32.84 17.58 10.17 

No-till 0.57 0.07 63.70 32.98 17.56 9.96 

Cover 0.55 0.07 62.84 32.43 17.55 9.76 

Filter 0.55 0.07 63.15 32.65 17.54 9.80 

Random combined 0.56 0.07 62.74 32.38 17.51 9.42 

Source combined 0.54 0.07 62.28 32.17 17.46 8.93 

Mouth combined 0.55 0.07 62.90 32.54 17.56 9.87 

     

    These simulated results are consistent with the Great Lakes Water Quality Agreement Annex 4 

recommendation that a mild bloom can be achieved by limiting DRP and TP loads from the 

Maumee River during March and July to 186 and 860 MTA, respectively, which was approximately 

a 40% reduction from 2008 values (Scavia et al., 2016b). Zhang et al. (2016) explored the impacts 
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of reducing TP and PO4 loads (by reducing concentrations) from the Maumee River by 20%, 40%, 

60%, and 80% on the changes in P pools and fluxes, as well as algal biomass in western Lake Erie. 

The 80% P load reduction gave 65 and 88% decreases in total algal biomass in late June of 1997 

and from June to October in 1998. Similar work by Verhamme et al. (2016) found that lower 

Maumee River March-July TP loads of approximately 400 MTA were necessary to achieve a bloom 

with a maximum 30-day average biomass equivalent to the bloom in 2012. 

    Our 1D model indeed shows P to be the limiting nutrient from May through December, which is 

in agreement with observations of P limitation in the north of the western basin (Pigeon Bay; Hartig 

and Wallen (1984)). Our 1D model was, however, unable to capture spatial gradients in nutrient 

limitation. For example, near the mouth of the Maumee River, phytoplankton growth has been 

observed to be P-replete during wet years, but with low or no correspondence between nitrogen 

limitation and size of the cyanobacterial bloom (Chaffin et al., 2014). 

    Similar to our findings, application of the 3D model ELCOM-CAEDYM to Edmonton (Canada) 

stormwater ponds (Nakhaei, 2017) simulated that a reduction of influent P and N fractions by at 

least 50% was required to improve the trophic state of each pond from mesotrophic/eutrophic to 

oligotrophic/mesotrophic. Simulation of Lake Raven (Denmark; Trolle et al. (2008)) with 1D 

DYRESM-CAEDYM also predicted that a substantial (40–50%) reduction in external TP loading 

would be required to meet phytoplankton biomass requirements. 

    However, some model applications have suggested N control may also be necessary. Application 

of 0D WASP to Lake Winnipeg (Canada; Zhang and Rao (2012)) showed that a 10% reduction in 

P loads decreased cyanobacteria and peak chlorophyll-a concentrations but promoted growth of 

non-N-fixing cyanobacteria. They modelled that increasing N:P loading ratio (P reduction > 12% 

and N reduction < 7%) would be effective for improving water quality in the lake. Modelling of 

Lake Okaro (New Zealand; Özkundakci et al. (2011)) suggested that N loading reduction may be 

more successful than reducing P loading alone, because N was modelled to be a major limiting 

factor for cyanobacteria growth. Given the observations of N limitation near the Maumee River 
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(Chaffin et al., 2014), future modelling exercises should assess combined N and P reduction 

scenarios. 

2.5 Conclusions 

AED-GLM reproduced the long-term temperature and water quality in western Lake Erie without 

model drift, yielding RMSE that was comparable to single year simulation studies in the literature. 

The algal blooms in the early 1990s and recent years (2005-2015) were simulated, without a need 

to reinitialize or recalibrate in individual years. In agreement with Annex 4, a 40% reduction in P 

loads from the Maumee River was necessary to achieve a ‘mild bloom’ during most years. 

However, by scaling Maumee River concentrations to account for the documented effect of BMPs, 

the achievable reductions of 10–20% in PO4 and TP loads would not be sufficient to achieve the 

bloom reduction goal in Annex 4 for western Lake Erie. We recommend future modelling efforts 

link long-term simulations directly to output from watershed models and consider combined N and 

P reduction scenarios. 
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Chapter 3 

Long-term three-dimensional simulation of Lake Erie phytoplankton 

3.1 Introduction 

Lake Erie is a multi-basin lake with distinct water quality issues in each of its three basins. The ~10 

m deep western basin has suffered from harmful algal blooms (HABs) during the past ~50 years 

(Beeton, 1969; Davis, 1969; Rinta-Kanto et al., 2005); the ~20 m deep central basin has recurrent 

deep-water hypoxia over as much as 10,000 km2 (Ludsin et al., 2001; Scavia et al., 2014; Smith et 

al., 2005); and the ~60 m deep eastern basin has altered nutrient flux paths resulting from invasive 

species (Hecky et al., 2004; Higgins et al., 2008). These biogeochemical processes are impacted by 

lake hydrodynamics, such as internal waves (Bouffard et al., 2014; Valipour et al., 2015), sediment 

resuspension (Valipour et al., 2017), and linked through the interbasin exchange (Budd et al., 2001; 

Millie et al., 2002) and benthic-pelagic coupling (e.g.,(Ackerman et al., 2001; Boegman et al., 

2008b; Loewen et al., 2007)). For example, nutrient rich hypoxic water from the central basin can 

intrude into the western basin and negatively impact the aquatic environment (Jabbari et al., 2019, 

2021), horizontal exchange of water from the eastern basin can renew the water in the central basin 

(Chiocchio, 1981) and nutrient supply from upwelling of hypolimnetic water is of ecological 

significance for nuisance Cladophora growth (Valipour et al., 2016).  

    Three-dimensional (3D) coupled hydrodynamic-biogeochemical models can reproduce this 

coupling between lake physics and biogeochemistry in Lake Erie (León et al., 2005; Leon et al., 

2011) and are, therefore, a useful management tool. For example, models have been applied to 

investigate the impacts of nutrient load reductions on HABs and hypoxia (Bocaniov et al., 2016; 

Boegman et al., 2008b; Verhamme et al., 2016; Zhang et al., 2015). However, multi-dimensional 

models have been limited to single-year spring-through-autumn applications because of long run 

times and/or a lack of ice cover algorithms (Leon et al., 2011). This makes it difficult to investigate 
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the impacts of long-term trends in climate-driven meteorological forcing and/or agricultural 

practices on the relationships between nutrients, nuisance blooms, hypoxia, and invasive species in 

Lake Erie (e.g., (Wang and Boegman, 2021)). Typically, models are initialized annually each 

spring, making it (1) impossible to include cumulative effects of changes in nutrient loads over 

multiple years, and (2) difficult to account for changes in nutrient loads on model initialization. If 

initial nutrient conditions are not scaled, the lake will respond slowly to load reduction scenarios 

over the residence time (~2 years; e.g., (Bocaniov and Scavia, 2016; Verhamme et al., 2016; Zhang 

et al., 2016)) and so the effectiveness of management plans has not been adequately tested.  

    ELCOM-CAEDYM is a commonly used coupled hydrodynamic biogeochemical model. It has 

been applied for < 1-year simulations, for example to capture the time-space variability of 

chlorophyll-a and nutrients, primarily in eastern Lake Erie (Leon et al., 2011). However, seasonal 

phytoplankton succession has not been validated against observations. The model has been applied 

to reproduce the dominant physical processes occurring in the Lake Erie offshore and nearshore 

waters, including surface seiches, near-inertial waves, and upwelling events (León et al., 2005; 

Valipour et al., 2019). ELCOM-CAEDYM has also been applied to investigate oxygen depletion, 

Lake Erie response to nutrient load reductions (Bocaniov et al., 2016; Bocaniov and Scavia, 2016), 

as well as the response of the thermal structure to air temperature and wind speed changes (Liu et 

al., 2014). The inclusion of ice cover algorithms (Oveisy et al., 2012) has allowed for simulation 

of Lake Erie over winter (Oveisy et al., 2014) and parallelization of the code (as AEM3D-iWQ) 

has significantly reduced runtimes; from ~ 1-month runtime for ~ 1-year simulation of Lake Erie 

(Leon et al., 2011) to ~ 12 h for ~ 1 year (Boegman et al., 2019; Lin et al., 2021a). Given that the 

previous ~ 6-month to ~1-year simulations have been less than the ~ 2-year Lake Erie residence 

time, there is a need to validate AEM3D-iWQ against long-term datasets. Over decades, small 

errors in rate coefficients and/or external loads may lead to spurious accumulation or diminishing 

of nutrients (Boegman et al., 2019).  
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    The objectives of the present study are to (1) assess a prior 2002 calibration of the model (Leon 

et al., 2011) in application to the western and west-central basins of Lake Erie, using an extensive 

biogeochemical dataset from 2008 (Bouffard et al., 2013; Valipour et al., 2017); (2) validate the 

model through comparison to observations in 2009; (3) evaluate the long-term model performance 

against 2002 - 2014 Great Lakes Environmental Database (GLENDA) observations; and (4) 

compare, for the first time, simulations of seasonal phytoplankton succession against long-term 

phytoplankton records from GLENDA. In future work, the model will be applied to investigate the 

relationships between nutrients, climate HABs and hypoxia. 

3.2 Materials and methods 

3.2.1 Study area 

Lake Erie (Figure 3.1) is the southernmost, smallest, and most productive of the Laurentian Great 

Lakes (Barbiero and Tuchman, 2001). There are five major inflows, including the Detroit River, 

Maumee River, Sandusky River, Cuyahoga River and Grand River, as well as one major outflow 

through the Niagara River. The Detroit River accounts for approximately 90% of the total annual 

inflow (Tyson et al., 2001), whereas the Maumee River is the main phosphorus source for Lake 

Erie, accounting for approximately 47% of the total TP load during 2011 - 2013, with a 

concentration 25 times larger than that in the Detroit River (USEPA, 2015). 
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Figure 3.1 Lake Erie plan view (a): Hourly meteorological measurements at ECCC & NDBC buoys 

and land stations from 2002 to 2014 (blue dots) (b): Pumped samples at discrete locations from the 

surface to the lake bed in 2008 (calibration) and 2009 (validation) (black circles; Bouffard et al. 

(2013)); Depth-averaged samples at GLENDA stations from 2002 to 2014 (red stars). 

3.2.2 Model structure 

We apply the 3D coupled hydrodynamic - Aquatic Ecosystem Model (AEM3D; 

www.hydronumerics.com.au) with the iWater Quality (iWQ) biogeochemical module, which is a 

new parallel version of ELCOM-CAEDYM; the most widely applied biogeochemical lake model 

(Trolle et al., 2012). AEM3D solves the unsteady viscous Reynolds-averaged Navier-Stokes 

equations for conservation of momentum with a mixed-layer approach, based on conservation of 

turbulent kinetic energy, for turbulence closure (Hodges et al., 2000) a semi-implicit method with 

quadratic Euler-Lagrange discretization of momentum advection (Casulli and Cheng, 1992) and a 

conservative ULTIMATE QUICKEST approach for scalar transport (Leonard, 1991). Simulated 

hydrodynamic processes include surface wind stress and heat budget, barotropic/baroclinic effects, 

the Coriolis force, inflows, and outflows (Hodges and Dallimore, 2007). The biogeochemistry 

module is setup for nutrient, oxygen, and phytoplankton processes (Hipsey et al., 2006).  

    The present study focuses on the long-term simulation of Lake Erie nutrient and phytoplankton 

dynamics, not on simulation of hydrodynamics. ELCOM has been shown to be calibration-free for 

Lake Erie, reproducing hydrodynamics, including simulation of thermal structure and currents 

(León et al., 2005; Liu et al., 2014), internal waves (Valipour et al., 2015), ice cover (Oveisy et al., 

2014), sediment transport (Lin et al., 2021b), upwelling events (Lin et al., 2021a) and nearshore-

offshore exchange (Valipour et al., 2016). Recent simulations (Boegman et al., 2019) show 

AEM3D to be free of excessive numerical diffusion (Dupont et al., 2012; Laval et al., 2003) over 

2002 - 2014, with the simulation of the thermocline being reset during the fall and spring turnover 

events.     

3.2.3 Nutrient and phytoplankton description 

http://www.hydronumerics.com.au/
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In this study, fourteen state variables were simulated, including phosphate (PO4), particulate 

organic phosphorus (POP), dissolved organic phosphorus (DOP), phytoplankton internal 

phosphorus (PIP), nitrate (NO3), ammonium (NH4), dissolved organic nitrogen (DON), particulate 

organic nitrogen (PON), dissolved organic carbon (DOC), particulate organic carbon (POC), 

reactive silica (SiO2), two inorganic suspended solids size classes, and dissolved oxygen (DO). Five 

phytoplankton groups were simulated including early diatoms (E.DIAT), late diatoms (L.DIAT), 

cryptophytes (CRYPT), chlorophytes (CHLOR), and cyanobacteria (CYANO), which are the main 

functional phytoplankton groups in Lake Erie (Barbiero and Tuchman, 2001; Leon et al., 2011). 

Considering the difficulty in modelling changes in population dynamics over decadal timescales, 

this study neglects the effects of dreissenid mussels and zooplankton, subsuming the associated 

mortality and nutrient cycling into the respiration parameter (Hipsey et al., 2013). Investigation of 

these processes could be the subject of future work. 

For primary production, the shortwave radiation (280 - 2800 nm) intensity at the surface is 

converted to photosynthetically active radiation (PAR) under the assumption that 45% of the 

incident spectrum lies between 400 and 700 nm (Jellison and Melack, 1993). PAR is modelled to 

penetrate the water column according to the Beer-Lambert Law with a dynamic light extinction 

coefficient (Appendix C, Table C1). The rate of change of phytoplankton concentration (
𝜕𝐴𝑖

𝜕𝑡
) is 

determined by the potential growth rate (𝜇𝑖), respiration (𝑅𝑖), mortality (𝑀𝑖) and excretion (𝐸𝑖), 

settling rate (𝑓𝐴𝑖
𝑆𝐸𝑇) and resuspension rate (𝑓𝐴𝑖

𝑆𝐸𝑇) 

𝜕𝐴𝑖
𝜕𝑡

= 𝜇𝑖(𝐴𝑖)⏟  
𝑝ℎ𝑜𝑡𝑜𝑠𝑦𝑛𝑡ℎ𝑒𝑠𝑖𝑠

− 𝑅𝑖(𝐴𝑖)⏟  
𝑟𝑒𝑠𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛

− 𝐸𝑖(𝐴𝑖) − 𝑀𝑖(𝐴𝑖)⏟          
𝑒𝑥𝑐𝑟𝑒𝑡𝑖𝑜𝑛 & 𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

− 𝑓𝐴𝑖
𝑆𝐸𝑇(𝐴𝑖)⏟      
𝑠𝑒𝑡𝑡𝑙𝑖𝑛𝑔

+ 𝑓𝐴𝑖
𝑆𝐸𝑇(𝜏, 𝐴𝑖)⏟      

𝑟𝑒𝑠𝑢𝑠𝑝𝑒𝑛𝑠𝑖𝑜𝑛

 
Eq. (3.1) 

Where, 𝐴𝑖 (i = 1 to 5) represent the phytoplankton group concentrations and 𝜏 is the bed shear stress 

(Lin et al., 2021b). The phytoplankton growth rate 𝜇𝑖 is determined by the maximum potential rate 

at 20 ℃, the temperature response function (maximum productivity at the optimal growth 

temperature 𝑇𝑂𝑃𝑇, no growth at a higher temperature than 𝑇𝑀𝐴𝑋, and photosynthetic productivity 
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follows the same form as algal loss rates at the temperature below the standard growth temperature 

𝑇𝑆𝑇𝐷), and the minimum value among light, P, N, and Si limitation functions with photoinhibition 

(Appendix C, Table C2). Total losses (𝑅𝑖), due to respiration (𝑓𝑟𝑒𝑠), excretion (𝑓𝑑𝑜𝑚), and mortality 

(𝑓𝑝𝑜𝑚) are determined by the respiration rate coefficient and temperature multiplier for respiration 

(Appendix C, Table C2).  

    The phytoplankton group observations (GLENDA, Table 3.1) are expressed in units of 

biovolume (µm³ mL-1), whereas the phytoplankton currency in the model is Chl-a; µg L-1); two 

conversion methods were applied. In the first method, the observed biovolumes were multiplied by 

phytoplankton density (1 g cm-3; Harrison et al. (2016)) and 7.5% of phytoplankton biomass was 

used to estimate phytoplankton carbon (µg L-1) = biovolume (µm³ mL-1) × 1 g cm-3 × 7.5%. A ratio 

of phytoplankton C:Chl-a = 50:1 (µg L-1) was then applied Elbagoury (2017). In the second method, 

we applied the formula in Reavie et al. (2016) log10(biovolume) = a + b × log10(chlorophyll-a), 

where the values of a and b were species-specific.  

Table 3.1 Station locations for water quality measurements used in this study.  Stations 357, 1227, 

1228 341 1231 1229 1230 84 and 452 are indicated with black circles in Figure 3.1 and the 

associated data collection methods are given in Bouffard et al. (2013). Stations ER58, ER59, ER60, 

ER61, ER91 and ER92 are indicated with red asterisks in Figure 3.1 and the data are retrieved from 

the Great Lakes Environmental Database (GLENDA). 

Station Sample depths Parameters sampled Years sampled 

357 10.5 m  

 

 

Temperature, PO4, TP, PP 

(2009 only), NH4 (2009 

only), Chl-a 

 

 

 

 

 

2008 (model calibration)  

 

2009 (model validation) 

1227 11.4 m 

1228 14.4 m 

341 17.5 m 

1231 19.8 m 

1229 16.3 m 

1230 17.1 m 

84 24.8 m 

452 54.4 m 

ER58 Integrated samples     
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ER59 Spring integrated = 

surface, 5 m, 10m, 

20m; 

Summer integrated = 2 

to 4 m depths in the 

epilimnion; 

NO3, TP, Chl-a, CHLOR, 

CRYPT, CYANO, 

E.DIAT, L.DIAT 

 

2002 - 2014 

 

(model calibration and 

validation) 

ER60 

ER61 

ER91 

ER92 

     

    The iWQ module has the ability to simulate sediment diagenesis; however, due to the complexity 

of this module, the lack of knowledge surrounding appropriate parameters and the lack of the 

requisite sediment observations (Oldham et al., 2009), we have followed the standard CAEDYM 

practice of applying static mineralization for DOP (0.026 day-1) and DON (0.006 day-1), nutrient 

release rates for PO4 (0.0026 g m-2 day-1), DOP (0.00001 g m-2 day-1), NH4 (0.019 g m-2 day-1), NO3 

(0.01 g m-2 day-1), and DON (0.00001 g m-2 day-1). The half-saturation constants for dissolved 

oxygen sediment flux for PO4, DOP, NH4, NO3, and DON were all 0.5 mg L-1 based on the 

calibration in Leon et al. (2011).    

3.2.4 Model setup and boundary conditions 

Model forcing and calibration/validation data come from various sources (Figure 3.1). The model 

was forced with hourly uniform incident shortwave solar radiation, net longwave radiation, air 

temperature, relative humidity, and wind speed/direction from six zones (western, north-east 

central, north-west central, south-east central, south-west central, and eastern basins) over the lake 

surface during 2002 to 2014. The forcing data were compiled from various sources including 

Environment and Climate Change Canada (ECCC) lake buoys (Port Stanley (CB) 45132 and Port 

Colborne (EB) 45142) and land stations; US National Data Buoy Center (NDBC) lake buoys and 

land stations; as well as climate model output (CRCM5 and GEMS) (Figure 3.1, blue dots). 

Nutrient and phytoplankton data for model initialization, calibration, and validation (Figure 3.1) 

were also from multiple sources, including (1) Canadian Coast Guard ship Limnos and Ontario 

Ministry of National Resources and Forestry ship Keenosay cruises at nine stations in western and 
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central Lake Erie during the summers of 2008-09 (Bouffard et al., 2013; Valipour et al., 2017); and 

(2) GLENDA from 2002 to 2014 (Table 3.1).  

    The boundary flows included five inflows (Detroit, Maumee, Sandusky, Grand, and Cuyahoga 

Rivers) as well as one outflow (Niagara River). Data included flow rate, two inorganic suspended 

solids size classes, PO4, POP, DOP, PIP, NO3, NH4, DON, PON, DOC, POC, and Si as reported 

from the National Oceanic and Atmospheric Administration (NOAA), ECCC, and Heidelberg 

College Water Quality Laboratory. The sampling intervals were daily for flow rate and water 

quality, except the water quality data in the Detroit River were monthly. River water temperatures 

were taken as a 3-day running average of the air temperature and river DO was assumed to be at 

saturation. The phytoplankton group concentrations in inflows were computed as in Leon et al. 

(2011) and the details are shown in Appendix C (Table C3). 

    The Lake Erie bathymetry was discretized into a 2 km × 2 km horizontal grid (87×193 cells) 

with variable vertical resolution (45 layers) from 0.5 m (near the surface) to 5 m (near the lake bed 

in the eastern basin) matching that employed by León et al. (2005) and Liu et al. (2014). The model 

was integrated with a 5 min time step to satisfy the Courant-Friedrichs-Lewy condition. The 

initialization of biogeochemical parameters for short-term (2008 - 2009) and long-term (2002 - 

2014) runs were from observed data as shown in Appendix C (Table C4 and C5). 

3.2.5 Calibration and validation 

The model was calibrated for 2008 and validated for 2009 against temperature, phosphorus (PO4 

and TP) and chlorophyll-a observations from Bouffard et al. (2013), based on a short-term model 

run (10 April 2008 until 31 December 2009). NH4 and PP data were only available for the 2009 

validation. Phytoplankton group succession was calibrated against GLENDA observations in 2008-

09 (two years were used for calibration because there were only two samples per year). The model 

was then further validated (NO3, TP, chlorophyll-a and phytoplankton groups) against GLENDA 

observations based on a long-term run (11 April 2002 until 14 December 2014).  
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    Model performance was assessed using the the root-mean-square error (RMSE; Table 3.3 - 3.4) 

between model and observation (e.g., (Bocaniov and Scavia, 2018; Lin et al., 2021a; Lin et al., 

2021b; Luo et al., 2018)). To compare years with differing concentrations (e.g., Chl-a in bloom vs. 

non-bloom years) the normalized RMSE (NRMSE) was employed, where the RMSE was divided 

by the mean observed concentration over the RMSE interval (Nakhaei et al., 2021).  

    The starting point for model calibration was the parameter set given in the Leon et al. (2011) 

ELCOM-CAEDYM simulation of 2002. However, because Leon et al. (2011) focused on 

calibration against data from the eastern basin, where modelled cyanobacteria concentrations were 

negligible, and they did not have observed phytoplankton succession data for model 

calibration/validation, the phytoplankton parameters were systematically calibrated to minimize 

RMSE in comparison to the 2008-09 GLENDA observations. In particular, following Nakhaei et 

al. (2021) we focused on the standard (𝑇𝑆𝑇𝐷) , optimum (𝑇𝑂𝑃𝑇) , and maximum (𝑇𝑀𝐴𝑋) 

temperature, maximum growth rate (𝜇𝑖) , maximum phosphorus uptake rate (𝑈𝑃𝑀𝐴𝑋) , and 

respiration loss rate (𝑅𝑖) (Table 3.2). 

Table 3.2 Phytoplankton group parameter adjustments in AEM3D-iWQ (starting values are from 

Leon et al. (2011)).   

Paramet

er 

CYANO CHLOR CRYPTO E.DIAT L.DIAT 

Starti

ng 

value 

Fin

al 

valu

e 

Adjust

ed 

range 

Starti

ng 

value 

Fin

al 

valu

e 

Adjust

ed 

range 

Starti

ng 

value 

Fin

al 

valu

e 

Adjust

ed 

range 

Starti

ng 

value 

Fin

al 

valu

e 

Adjust

ed 

range 

Starti

ng 

value 

Fin

al 

valu

e 

Adjust

ed 

range 

𝜇𝑖 0.8 1.7 0.8 – 

2.0 

0.8 0.8 -- 1.0 1.0 -- 1.7 1.5 1.5 - 

1.7 

1.9 1.0 1.0 - 

1.9 

𝑅𝑖 0.17 0.17 -- 0.11 0.11 -- 0.20 0.16 0.16 – 

0.20 

0.13 0.13 -- 0.15 0.15 -- 

UPMAX 1.0 1.0 -- 0.2 2.0 0.2 – 

2.0 

0.7 0.2 0.2 – 

0.7 

0.4 0.08 0.08 – 

0.4 

1.0 0.1 0.1 – 

1.0 

𝑇𝑆𝑇𝐷 

 

24 24 -- 24 24 -- 19 19 -- 7.0 7.0 -- 19.0 19.0 -- 

𝑇𝑂𝑃𝑇 

 

30.0 30.0 -- 29.0 29.0 -- 21.0 24.0 21 - 24 9.8 9.8 -- 23.0 23.0 -- 

𝑇𝑀𝐴𝑋 

 

39.0 39.0 -- 35.0 35.0 -- 27.5 31 27.5 – 

31.5 

18.5 18.5 -- 31.0 31.0 -- 
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    The model was deemed to be calibrated when the chlorophyll-a RMSE was minimized and lower 

than when using the calibration set from Leon et al. (2011) in comparison to the west-central Lake 

Erie observations. We further expected the RMSE to be within established ranges in the literature, 

both for the calibration and validation runs. We also compared the measurement error, quantified 

by the difference between replicate observations in Bouffard et al. (2013), to the model error 

(difference between the simulation and the mean of the replicate observations) to assess whether 

the simulations were within the measurement error. 

3.3 Results 

3.3.1 Short-term calibration (2008) and validation (2009) of temperature, nutrients, and 

chlorophyll-a 

The model reproduces the first-order thermal stratification in all three basins (Appendix D). For 

example, during 2008 (Figure 3.2) the fully mixed western basin watercolumn was reproduced, as 

was the development deepening and erosion of seasonal summer stratification in the central and 

eastern basins. The average RMSE for water temperature were 2.77 and 1.97 ℃ during calibration 

(2008) and validation (2009) (Table 3.3). These were 5-10% of the maximum summer water 

temperature and are comparable to 1-3 ℃ RMSE at the same field stations in 2008 using the 

identical hydrodynamic setup with ELCOM (Liu et al., 2014). Further details on the ability of 

AEM3D (ELCOM) to capture the physical properties of Lake Erie are given in (Baker et al., 2014; 

León et al., 2005; Leon et al., 2011; Lin et al., 2021a; Lin et al., 2021b; Valipour et al., 2017). 
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Figure 3.2 The observed and modelled water temperature profiles at Sta. 357, 84, and 452 in Lake 

Erie in 2008. 

Table 3.3 Summary of RMSE/NRMSE between the simulations based on short-term (2008-09) 

simulation and the observations from Bouffard et al. (2013). The RMSE in the parentheses are 

based on the calibration set in Leon et al. (2011). 

Calibration/Validation 

(year) 

 

 Temp (℃) NH4 (µg L-1) PO4 (µg L-1) PP (µg L-1) TP (µg L-1) Chl-a (µg L-1) 

 

 

 

2008 calibration 

Bouffard et al. (2013) 

 

357 0.45/0.02(0.44)  4.43/6.13(0.58)  1.95/0.17(2.01) 1.54/1.16(11.82) 

1227 2.61/0.13(2.60) -- 1.25/0.67(2.20) -- 2.86/0.35(4.11) 2.70/1.69(14.16) 

1228 4.31/0.24(4.28) -- 0.80/0.68(1.05) -- 3.33/0.37(2.80) 1.95/0.83(7.77) 

1229 -- -- 1.42/2.30(1.02) -- 2.43/0.25(1.66) 1.75/0.82(8.28) 

1230 -- -- 1.15/1.73(0.89) -- 3.35/0.37(2.56) 1.70/0.65(7.52) 

1231 3.65/0.21(3.58) -- 1.82/1.29(1.80) -- 4.05/0.45(3.65) 1.91/0.84(6.77) 

84 2.58/0.18(2.55) -- 1.76/0.94(1.81) -- 3.78/0.39(4.30) 1.14/0.68(4.17) 

341 3.41/0.22(3.38) -- 1.31/0.97(1.27) -- 3.23/0.38(2.67) 2.24/0.89(7.09) 

452 2.37/0.19(2.40) -- 2.03/1.32(1.04) -- 3.69/0.53(4.42) 0.80/0.99(2.22) 

Avg. 2.77/0.17(2.74) -- 1.78/1.78(1.30) -- 3.18/0.36(3.13) 1.75/0.95(7.76) 

 

 

 

2009 validation  

Bouffard et al. (2013) 

 

357 0.94/0.05(0.93) 58.07/8.14(40.22) 6.63/3.54(1.72) 1.45/0.33(1.35) 10.11/1.18(8.94) 2.77/2.61(15.56) 

1227 1.53/0.08(1.52) 29.23/0.93(30.99) 6.38/3.66(1.57) 11.65/3.90(11.24) 9.85/0.67(7.34) 3.30/0.63(7.47) 

1228 2.22/0.13(2.22) 42.44/0.80(43.29) 6.68/1.10(4.67) -- 9.23/0.48(7.09) 2.94/0.74(4.37) 

1229 -- -- -- -- -- -- 

1230 -- -- -- -- -- -- 

1231 1.88/0.41(1.87) 14.89/0.80(15.21) 5.69/2.23(2.98) -- 9.20/0.70(6.75) 2.39/0.76(3.96) 

84 2.23/0.15(2.29) 6.04/0.92(5.66) 5.54/5.70(1.05) 5.96/0.91(6.14) 9.54/0.86(8.64) 2.15/1.00(2.08) 

341 -- 16.68/0.82(16.36) 6.32/2.43(2.90) 11.88/2.12(11.87) 15.16/1.14(11.39) 3.50/0.85(4.56) 

452 3.04/0.22(3.05) 28.02/1.23(28.09) 2.32/1.27(0.91) 2.13/0.84(2.11) 2.04/0.29(4.64) 2.78/1.02(2.93) 

Avg. 1.97/0.17(1.98) 27.91/1.95(25.69) 5.65/2.85(3.04) 6.61/1.62(6.54) 9.30/0.76(7.83) 2.84/1.09(5.85) 

 

    The iWQ model is a re-write/reorganization of CAEDYM and so we provide more 

comprehensive calibration/validation of biogeochemistry, relative to hydrodynamics. For example, 
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simulated and observed nutrients (PO4, TP, PP, NH4) and Chl-a profiles are shown at station 341 

in west-central Lake Erie (Figure 3.3) and RMSE are given at all stations (Figure 3.1 and Table 

3.3). In the short-term calibration/validation, both simulated and observed PO4 concentrations 

(Figure 3.3a, b) were elevated near the lakebed, characteristic of the mineralization of dissolved 

organic phosphorus and sediment flux. The model reproduced higher observed near-bed PO4 in 

2009 (~10 µg L-1), relative to 2008 (~3 µg L-1), with lower concentrations through the water column 

(≤ 2 µg L-1). Similarly, modelled and most observed TP concentrations were elevated near the 

lakebed (~10 - 50 µg L-1, Figure 3.3c, d) while on some days the observations near the lakebed 

were lower than mid-water column (e.g., 5 Aug. 2008, 31 Jul. 2008, and 8 Jul. 2009), consistent 

with the PO4 and PP profiles (Figure 3.3h). NH4 was uniform through the upper watercolumn 

(Figure 3.3g), with both simulations and observations showing larger concentrations near the 

lakebed consistent with DON mineralization and sediment flux. Concentrations of Chl-a (Figure 

3.3e, f) were (≤ 10 µg L-1) and were lower near the lakebed, than near the water surface, due to 

light limitation. In the observations, the maximum Chl-a concentrations occurred at 2 - 6 m depth 

from photoinhibition.  

    The simulations/observations showed varied lake behaviour between stations (Figure 3.4). For 

example, Sta. 357 is located in the shallow western basin, which fully mixes, causing little 

difference in PO4, NH4, and TP concentrations through the watercolumn. In the central (Sta. 84) 

and eastern (Sta. 452) basin stations, thermal stratification occurred at about 15 m and 25 m depths, 

respectively, significantly inhibiting vertical mixing, leading to higher PO4 and TP concentrations 

in the hypolimnion, compared to the epilimnion, where nutrient concentrations were reduced by 

phytoplankton uptake. The simulations were in better agreement with the measurements near the 

surface; it was challenging for the model to capture elevated concentrations near the bottom. The 

simulated NH4 concentrations near the bottom were underestimated by ~ 23.43±2.71 mg L-1 at most 

stations (i.e., Sta. 1227, 1228, 1231, 341, and 452) and the mean value overestimated ~ 50 mg L-1 

at Sta. 357 (Appendix E). The observed Chl-a concentration peak occurred below the surface (4 - 
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6 m depth in the central basin, and ~10 m depth in the eastern basin), which resulted from 

photoinhibition (Figure 3.4).  

    The average RMSE for PO4 were 1.78 and 5.65 µg L-1 respectively during the calibration (2008) 

and validation (2009) runs from the short-term simulation. The RMSE between simulated and 

observed PO4 concentrations at the stations in the central and eastern basins were in the range of 

0.80 - 2.03 µg L-1 and were overestimated (RMSE = 4.43 µg L-1) at Sta. 357 in the western basin 

in 2008. The PO4 concentrations were also overestimated at all stations in 2009 (2.32 < RMSE < 

6.68 µg L-1). The average RMSE for TP were 3.18 and 9.30 µg L-1 during the calibration (2008) 

and validation (2009) from the short-term simulation, respectively. The calibration (2008) and 

validation (2009) NRMSE for PO4 were 1.78 and 2.85 and, were 0.36 and 0.76 for TP, respectively, 

showing that the modelled P was validated.   

    NH4 was not available in the calibration year (2008), and so these coefficients were not adjusted 

relative to Leon et al. (2011). In the validation year (2009), the average RMSE for NH4 was 27.91 

µg L-1. NO3 was not available in the Bouffard et al. (2013) data, and so the model was validated 

against the GLENDA observations in 2008-09, with an average RMSE of 297.59 µg L-1 (NRMSE 

= 0.57).  

    The average RMSE for Chl-a were 1.75 µg L-1 during calibration (2008) and 2.84 µg L-1 during 

validation (2009). The mean RMSE was 6.23 - 12.37 µg L-1 in comparison to GLENDA data in the 

2008-09 run. These errors were less than the RMSE of 7.76 µg L-1 (2008), 5.85 µg L-1 (2009) and 

14.22 - 14.66 µg L-1 (2008-09) when we used the calibration set from Leon et al. (2011); (Table 3.3 

- 3.4); satisfying our criteria for model calibration. The average NRMSE for Chl-a were 0.95 (2008) 

and 1.09 (2009) and 0.75-3.92 (2008-09) indicating that the model is validated for Chl-a.   

    The simulated concentrations did not always fall within the range covered by replicate 

observations. For example, the simulated near-bed PO4 and TP were higher than both replicates in 

the summer of 2008 (Figure 3.3a, c), when the simulated near-bed Chl-a was lower than the 

replicates (Figure 3.3e). In general, the differences between the prediction and the mean of the 
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replicate observations were 2.0 (PO4), 1.1 (TP), and 8.0 (Chl-a) times larger than the differences 

between the observed replicates for these variables in 2008, and 14.3 (PO4), 15.4 (NH4), 32.7 (TP) 

and 30.5 (Chl-a) times larger in 2009, showing model error to be considerably larger than 

measurement error.  

 

Figure 3.3 Comparisons between simulations and observations at Station 341 for PO4 (a), TP (c), 

and Chl-a (e) in 2008 during calibration; for PO4 (b), TP (d), Chl-a (f), NH4 (g), and PP (h) in 2009 

during validation. 
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Figure 3.4 The observed and modelled PO4 (a - c) TP (d - f), and Chl-a (g - i) profiles at Sta. 357 

(a, d, g), 84 (b, e, h), and 452 (c, f, i) in Lake Erie in 2008 during calibration. 

3.3.2 Short-term calibration (2008-09) of phytoplankton succession 

The model was calibrated against phytoplankton succession data from six GLENDA stations in the 

western basin (Figure 3.1; Table 3.4; Figure 3.5; Appendix F). As phytoplankton blooms typically 

occur along the southwest margin of the western basin, near the Maumee River mouth (Bridgeman 

et al., 2012), we show calibration comparisons for Sta. ER59 and ER61 (Figure 3.5). In both 2008 

and 2009, the simulated and observed group succession was from early diatoms (E.DIAT in April 

- May) to a mixture of late diatoms, chlorophytes, and cryptophytes (L.DIAT, CHLOR, CRYPT in 

June - July), with cryptophytes being predominant, and finally to cyanobacteria (CYANO in August 

- September). The predicted timing of E.DIAT and CYANO group peaks were delayed in 2008, 

relative to 2009 and the RMSE were 2.67 - 2.79 and 4.15 - 10.90 µg L-1 (Table 3.4). The RMSE 

for L.DIAT, CHLOR, and CRYPT were 0.46 - 1.67, 0.59 - 0.73, and 0.59 - 0.83 µg L-1 (Table 3.4). 

The pronounced short-term variations in phytoplankton concentrations (e.g., CYANO in 

September of 2008) have been attributed to advection of phytoplankton patches (Leon et al., 2011).  
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Figure 3.5 Integrated observations, based on Elbagoury (2017) (circles) and Reavie et al. (2016) 

(squares) conversion methods, and vertically-averaged simulations of seasonal phytoplankton 

succession (expressed as Chl-a) from April 2008 to August 2009 at Sta. ER59 (a) and ER61 (b) in 

the western basin. 

3.3.3 Long-term validation (2002-2014) 

For the long-term simulation, nutrient and phytoplankton group concentrations were compared to 

observations at the six western basin GLENDA stations. There was a simulated and observed 

gradient in TP (Figure 3.6) and NO3 (Appendix G) from the southwest (St. ER58 and ER59) to the 

northeast (St. ER91 and 92), consistent with higher nutrients from the Maumee River and Detroit 

River (St. ER60 and ER61) (Bridgeman et al., 2012; Chaffin et al., 2021). However, the model did 

not reproduce some observed peaks in 2009 at Sta. ER59 and ER60 (Figure 3.6). The highest TP 

concentrations (e.g., 223 and 144 µg L-1 at Sta. ER59 and ER 60, respectively) were typically during 

the spring freshet (Michalak et al., 2013).  

    The model (Figure 3.7) reproduced the seasonal variation in the observed Chl-a concentrations 

computed following Elbagoury (2017). However, the observed concentrations following Reavie et 

al. (2016) were - at times - up to 100 µg L-1 higher (e.g., 46 µg L-1 at Sta. ER58; 79 - 140 µg L-1 at 

Sta. ER59; 51 - 102 µg L-1 at Sta. ER60; 66 µg L-1 at Sta. ER91). Early diatoms were typically the 

predominant group during winter (~ 5 µg L-1) and spring (modelled ~ 5-15 µg L-1; observed ~ 5-20 
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µg L-1), followed by cryptophytes peaking in early summer (modelled ~ 3-10 µg L-1; observed ~ 3-

10 µg L-1). Cyanobacteria (modelled < 10 µg L-1; observed < 100 µg L-1) and chlorophytes 

(modelled and observed < 5 µg L-1) peaked during late summer. Late diatom concentrations were 

both modelled and observed to be lower than the other groups (modelled < 2 µg L-1; observed < 5-

15 µg L-1) (Appendix G).    

    The predicted long-term cyanobacteria concentrations increased from 2002 to 2014. The 

variations in different years at each station were not significant, while the differences among the 

six stations were obvious with higher values (~ 0.002-12.84 µg L-1) at stations (Sta. ER58 and 59) 

near the south-west margin of the western basin than the station (~ 0.000032-7.73 µg L-1 at Sta. 

ER91) in the center of the western basin. The high peaks in the observed cyanobacteria 

concentration (e.g., 29 µg L-1 at Sta. ER58; 59 µg L-1 at Sta. ER59; 98-50 µg L-1 at Sta. ER60; 51 

µg L-1 at Sta. ER91) in 2011 and 2013, which were the largest bloom years on record between 

2002-14 (Stumpf et al., 2016), were not captured by the model (Figure 3.8). These peaks are likely 

the result of elevated cyanobacteria in patches that are smaller than the 2 km × 2 km model grid 

cells, over which they would be spatially averaged, leading to a reduction in peak concentrations 

(Stumpf et al., 2012), but the model captured the years with low cyanobacteria concentrations (e.g., 

2007 with 0.57 - 6.24 µg L-1 in August). It is also unlikely that our model reproduces pronounced 

short-term variations in phytoplankton concentrations from advection of phytoplankton patches 

(Leon et al., 2011). As with nutrients, cyanobacteria have decreasing concentrations at the 

GLENDA stations from the Maumee River plume, to the Detroit River plume, to the northeastern 

portion of the western basin, which is consistent with high concentration of dissolved nutrients 

especially P and high turbidity favouring the growth of buoyant cyanobacteria (Chaffin et al., 

2011), whereas the other groups were more spatially uniform (Appendix G, Table G2 – G5). These 

spatial gradients in nutrients and cyanobacteria are consistent with recent observations (Chaffin et 

al., 2021) and the Maumee River being the primary source of nutrients to the basin. 
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    The mean RMSE for the long-term (2002-14) of 6.00 µg L-1 (Elbagoury, 2017) to 17.01 µg L-1 

(Reavie et al., 2016) was smaller, using our calibration set, than the mean value of 11.77 µg L-1 to 

17.24 µg L-1  using the parameter set in Leon et al. (2011). Overall, there was no visual long-term 

accumulation or loss of nutrients over the 12 years of simulation (Figures 3.6 - 3.8), in comparison 

to the GLENDA data. The associated NRMSE for TP, NO3, Chl-a were 0.76, 0.57, and 0.75-3.92 

for the 2008-09 run and 0.89, 0.80, and 1.30-2.62 for the 2002-14 run; confirming that the 

normalized error for the long-term and short-term runs are of the same order of magnitude and the 

model is adequately capturing long-term trends in nutrients/phytoplankton concentrations without 

model drift.   

 

Figure 3.6 Comparisons between vertical-average simulations and integrated observations from 

GLENDA for TP at Sta. ER58 (a), ER59 (b), ER60 (c), ER61 (d), ER91 (e), and ER92 (f) from 

2002 to 2014, unit: µg L-1. 
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Figure 3.7 Comparisons between vertical-average simulations and integrated observations from 

GLENDA for Chl-a at Sta. ER58 (a), ER59 (b), ER60 (c), ER61 (d), ER91 (e), and ER92 (f) from 

2002 to 2014, unit: µg L-1. Note the gray area between two lines in the figures are unnecessary 

blank space (e.g., in Figure 3.7(a), the blank space represents the range from 65 to 95). The 

observed data (blue and red circles) are the same observations using two different biovolume to 

Chl-a conversion methods (see text). 

 

Figure 3.8 Comparisons between vertical-average simulations and integrated observations from 

GLENDA for CYANO at Sta. ER58 (a), ER59 (b), ER60 (c), ER61 (d), ER91 (e), and ER92 (f) 

from 2002 to 2014, unit: µg L-1. Note the gray area between two lines in the figures are unnecessary 

blank space (e.g., in Figure 3.8(a), the blank space represents the range from 45 to 85). The 

observed data (blue and red circles) are the same observations using two different biovolume to 

Chl-a conversion methods (see text). 
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Table 3.4 Summary of RMSE/NRMSE between the simulations and the observations from 

GLENDA, unit: µg L-1. The RMSE in the parentheses are based on Leon et al. (2011). The 2008-

09 and 2002-14 RMSE/NRMSE are calculated based on short-term (2008-09) and long-term (2002-

14) simulations. 

Calibration/Validation (year) 

 

 NO3 TP Chl-a CHLOR CRYPT CYANO E.DIAT L.DIAT 

 

 

 

 

2008-2009 (for phytoplankton 

groups calibration in 2008-09; 

for NO3, TP, Chl-a validation in 

2008-09) 

GLENDA 

 

ER58 

Elbagoury (2017) 

 

383.18/0.50 

(369.94) 

 

37.49/0.74 

(37.55) 

6.46/5.02(15.9

9) 

 

 

0.63/2.23(0.25) 0.61/1.33(0.69) 4.40/14.17(0.6

2) 

2.96/12.51(5.2

3) 

0.48/10.94 

(16.48) 

ER58 

Reavie et al. 

(2016) 

2.21/0.31(9.90) 

 

0.89/1.09(2.00) 1.53/1.16(1.71) 1.07/0.37(5.80) 1.77/0.83(3.68) 0.97/1.38 

(16.46) 

ER59 

Elbagoury (2017) 

 

429.18/0.69 

(411.25) 

 

86.13/1.30 

(86.11) 

6.70/3.65(16.7

3) 

0.72/13.41(0.0

1) 

0.45/1.01(0.53) 4.87/6.28(1.24) 2.78/4.91(4.99) 0.53/8.84 

(17.68) 

ER59 

Reavie et al. 

(2016) 

5.56/0.47(7.06) 

 

0.68/2.84(0.08) 0.80/0.57(1.45) 4.91/0.72(10.5

1) 

2.19/0.65(2.89) 1.05/1.31 

(17.63) 

ER60 

Elbagoury (2017) 

 

347.48/0.74 

(352.58) 

 

55.86/1.13 

(55.67) 

10.54/2.10(18.

90) 

 

0.50/4.08(0.25) 0.44/3.17(0.40) 7.96/1.80(8.76) 2.81/8.41(4.85) 0.38/9.14 

(2.18) 

ER60 

Reavie et al. 

(2016) 

48.56/1.73(47.

71) 

 

0.48/1.01(0.24) 0.24/0.46(0.33) 48.31/1.92(49.

10) 

1.09/0.60(2.69) 0.96/1.30 

(2.31) 

ER61 

Elbagoury (2017) 

 

218.11/0.46 

(220.26) 

 

9.55/0.46 

(9.08) 

4.82/8.98(9.56) 

 

0.18/17.64(0.0

2) 

0.70/7.74(0.36) 2.18/16.83(0.1

6) 

2.94/9.58(5.81) 0.48/6.23 

(6.92) 

ER61 

Reavie et al. 

(2016) 

1.90/0.40(6.01) 

 

0.14/3.98(0.01) 0.60/1.39(0.29) 1.06/0.64(2.33) 1.59/0.60(3.91) 1.26/1.30 

(6.97) 

ER91 

Elbagoury (2017) 

 

172.94/0.37 

(159.65) 

 

10.51/0.46 

(10.54) 

4.56/2.21(11.62

) 

 

0.46/1.34(0.31) 0.66/1.91(0.56) 2.84/3.47(1.63) 2.85/5.09(5.41) 0.40/0.72 

(12.15) 

ER91 

Reavie et al. 

(2016) 

9.67/0.83(7.25) 

 

1.37/1.38(2.59) 1.10/1.00(1.38) 8.26/1.30(12.6

9) 

2.83/0.88(4.27) 3.70/1.15 

(11.94) 

ER92 

Elbagoury (2017) 

 

234.64/0.64 

(192.36) 

 

4.95/0.44 

(5.08) 

4.29/1.57(12.5

1) 

 

1.04/8.33(0.01) 0.71/2.53(0.59) 2.63/40.04(0.1

0) 

2.40/1.06(5.26) 0.46/1.03 

(12.35) 

ER92 

Reavie et al. 

(2016) 

6.32/0.75(10.0

5) 

 

0.84/1.80(0.20) 0.69/0.76(1.08) 1.78/1.87(1.35) 6.56/1.07(7.54) 2.11/1.08 

(11.72) 

Avg. 

Elbagoury (2017) 

 

297.59/0.57 

(284.34) 

 

34.08/0.76 

(34.00) 

6.23/3.92(14.2

2) 

 

0.59/7.84(0.14) 0.59/2.95(0.52) 4.15/13.76(2.0

8) 

2.79/6.93(5.26) 0.46/6.15 

(11.29) 

Avg. 

Reavie et al. 

(2016) 

12.37/0.75(14.

66) 

 

0.73/2.02(0.85) 0.83/0.89(1.04) 10.90/1.14(13.

63) 

2.67/0.77(4.17) 1.67/1.25 

(11.17) 

 

 

 

 

2002-2014 validation 

GLENDA 

 

ER58 

Elbagoury (2017) 

 

584.88/0.93 

(584.88) 

 

34.90/0.87 

(34.74) 

6.71/3.26(14.11

) 

0.85/2.71(0.51) 0.41/1.51(0.43) 3.35/6.18(1.23) 5.16/8.27(9.48) 0.63/2.00(11.44

) 

ER58 

Reavie et al. 

(2016) 

12.26/1.13(13.

94) 

1.51/1.59(1.56) 0.88/1.03(1.12) 8.77/1.95(9.65) 4.43/1.64(8.39) 2.27/1.27(10.9

8) 

ER59 

Elbagoury (2017) 

 

797.81/1.11 

(800.32) 

 

51.38/1.15 

(51.34) 

6.67/2.04(13.4

6) 

0.71/5.57(0.09) 0.42/1.56(0.41) 3.13/2.45(2.76) 5.56/5.75(9.37) 1.19/1.92(11.97

) 

ER59 

Reavie et al. 

(2016) 

21.34/1.30(19.

92) 

0.48/1.21(0.42) 0.69/0.78(1.04) 15.68/1.64(18.

50) 

6.42/1.93(9.30) 3.58/1.62(11.73

) 

ER60 

Elbagoury (2017) 

 

193.53/0.52 

(192.48) 

 

25.34/1.01 

(25.39) 

6.35/1.87(9.10) 0.26/1.76(0.20) 0.79/6.91(0.35) 4.74/2.22(5.09) 3.67/4.33(5.83) 0.44/2.79(6.23) 

ER60 

Reavie et al. 

(2016) 

30.97/1.71(30.

39) 

0.58/1.24(0.68) 0.69/1.65(0.34) 29.31/2.15(30.

09) 

4.34/1.74(5.77) 1.65/1.51(6.28) 

ER61 

Elbagoury (2017) 

 

489.58/0.81 

(506.78) 

 

20.83/0.99 

(20.93) 

5.53/4.38(10.4

5) 

0.58/8.60(0.12) 0.55/11.02(0.34

) 

1.30/4.53(0.57) 4.94/6.80(8.88) 0.44/3.33(5.76) 

ER61 

Reavie et al. 

(2016) 

7.52/1.08(9.43) 0.56/2.67(0.32) 0.46/1.88(0.27) 4.35/1.53(5.32) 6.07/2.43(9.16) 1.78/1.58(5.97) 
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ER91 

Elbagoury (2017) 

 

430.76/0.81 

(439.08) 

 

11.87/0.60 

(11.60) 

5.44/2.49(11.17

) 

0.49/2.45(0.30) 0.40/1.61(0.38) 1.69/2.87(1.76) 4.96/6.12(9.51) 0.42/1.24(7.38) 

ER91 

Reavie et al. 

(2016) 

16.77/1.52(16.

77) 

1.03/1.76(1.03) 1.11/1.36(1.11) 12.09/2.66(12.

09) 

4.33/1.36(4.33) 

 

2.17/1.16(2.17) 

ER92 

Elbagoury (2017) 

 

260.37/0.63 

(199.73) 

 

11.15/0.69 

(9.73) 

5.29/1.67(12.3

3) 

0.95/5.03(0.30) 0.24/0.99(0.36) 1.50/3.37(0.91) 4.49/3.70(9.96) 2.14/2.00(8.79) 

ER92 

Reavie et al. 

(2016) 

13.16/1.05(13.

02) 

0.84/1.47(0.91) 0.82/1.00(1.03) 7.12/1.76(7.74) 3.72/1.00(7.77) 5.42/1.59(9.46) 

Avg. 

Elbagoury (2017) 

 

459.49/0.80 

(453.88) 

 

25.91/0.89 

(25.62) 

6.00/2.62(11.77

) 

0.64/4.35(0.25) 0.47/3.93(0.38) 2.62/3.60(2.05) 4.80/5.83(8.84) 0.88/2.21(8.59) 

Avg. 

Reavie et al. 

(2016) 

17.01/1.30(17.

24) 

0.84/1.66(0.82) 0.78/1.28(0.82) 12.89/1.95(13.

90) 

4.89/1.68(7.46) 2.81/1.46(7.76) 

 

3.4 Discussion 

3.4.1 Model calibration and validation metrics 

Calibration vs. validation: We have applied AEM3D-iWQ to simulate the hydrodynamics and 

biogeochemistry in Lake Erie over 2002-14. The model was calibrated for 2008 by reducing the 

Chl-a RMSE by 77% relative to using the Lake Erie calibration set form Leon et al. (2011). The 

resulting Chl-a RMSE reductions in other years were 51% (2009), 16-56% (2008-09) and 1-49% 

(2002-14), where ranges are given to account for the two methods of Chl-a to biomass conversion. 

The model was validated with NRMSE for PO4 (1.78 vs. 2.85), TP (0.36 vs. 0.76) and Chl-a (0.95 

vs. 1.09) for 2009 (validation) and 2008 (calibration). In the literature, Trolle et al. (2008) reported 

that TP and PO4 RMSE in the hypolimnion during validation were 17% and 110% larger than those 

during calibration, and Chl-a RMSE in the epilimnion were 19% smaller during validation than 

during calibration for a 12-year simulation of Lake Ravn. Nakhaei et al. (2021) found that the near 

surface PO4 was the same order (2 to 4 µg L-1) during 2014 calibration and 2015 validation of an 

ELCOM-CAEDYM application to an Edmonton stormwater pond, but that the Chl-a RMSE was 

0-45% larger during 2015 validation. Zhang and Rao (2012) reported both PO4 and TP RMSE to 

be 1.7 and 1.2 times larger during validation for the south basin of Lake Winnipeg and PO4 and 

Chl-a RMSE being 2.5 and 1.3 times larger during validation for the north basin of Lake Winnipeg. 

    Our model was shown to be free of long-term drift, with NRMSE for the 2002-14 run (TP = 

0.89, NO3 = 0.80 Chl-a = 1.30-2.62) and the 2008-09 run (TP = 0.76, NO3 = 0.57, Chl-a = 0.75-
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3.92). However, model errors were still considerably larger than observational errors (2-16 for PO4, 

1-33 for TP, 14 for NH4 and 8-31 for Chl-a times larger than the differences between the observed 

replicates).  

Temperature: Our 2008 water temperature RMSE was 2.77 ℃ with a 2 km × 2 km horizontal grid 

in our model, which is comparable to the Liu et al. (2014) simulations of Lake Erie using ELCOM. 

Lin et al. (2021a) applied AEM3D with a 500 m × 500 m horizontal grid and achieved RMSE < 2 

℃, indicating our results may be improved with horizontal resolution; as this will resolve the 

Rossby Radius (~5 km; Valipour et al. (2015)). Our RMSE was also comparable to other 

ELCOM/AEM3D applications in the for single-year simulations. For example, Paturi et al. (2012) 

reported temperature RMSE ~ 1-3 ℃ for the Kingston Basin of Lake Ontario on a 300 m × 300 m 

grid; simulated Lake Constance over three years with RMSE < ~2 ℃ on a 100 m × 100 m grid; 

Ghane and Boegman (2021) reported temperature RMSE of  < ~ 3 ℃ for Eagle Lake on a 30 m × 

30 m grid; and Nakhaei et al. (2019) reported RMSE < ~ 3 ℃ for Edmonton stormwater ponds on 

4 m × 4 m and 2 m × 2 m grids.  

Phosphorus:  Our 2008 RMSE (PO4 = 1.78 µg L-1, TP = 3.18 µg L-1) are comparable to the error 

ranges in single-year simulations using 3D models. For example, Bocaniov and Scavia (2018) 

reported TP RMSE of 13.9 µg L-1 applying CAEDYM to Lake St. Clair in 2009. Similarly, our 

2002-14 validation run TP RMSE of 25.91 µg L-1 is comparable to Trolle et al. (2008) who obtained 

PO4 and TP RMSE ranging from 7 - 61 and 10 - 74 µg L-1 applying 1D DYRESM-CAEDYM to 

Lake Ravn in Denmark for 12 years. Lindenschmidt et al. (2019) reported TP RMSE of 670 µg L-

1 applying 2D CEQUAL-W2 to Lake Diefenbaker for 3 years. Lam et al. (1987) have reported 5.4 

- 16.4% and 14.3 - 53.4% errors in TP and PO4 simulations, respectively, applying the National 

Water Research Institute (NWRI) nine-box water quality model in Lake Erie for 15 years.  

Nitrogen: NH4 was not available in the 2008 calibration year, the 2009 validation average RMSE 

was 27.91 µg L-1 and comparable to literature values. For example, Bocaniov and Scavia (2018) 

reported NH4 RMSE of 13 µg L-1 applying CAEDYM to Lake St. Clair in 2010. NO3 was not 
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available in the 2008 calibration or the 2009 validation year data. The RMSE against the 2008-09 

and 2002-12 GLENDA data were 298 and 459 µg L-1, respectively. These values are comparable 

to Nakhaei (2017), who obtained NO3 RMSE up to 800 µg L-1 for an Edmonton stormwater pond 

in 2014-15 using ELCOM-CAEDYM.  

Chlorophyll-a: The average RMSE for Chl-a was 1.75 µg L-1 during the 2008 calibration year, 2.84 

µg L-1 during the 2009 validation year, and 6.00 to 17.01 µg L-1 during the 2002-14 run, depending 

on the biomass to Chl-a conversion method employed. These errors are comparable to previous 

studies, e.g., Silva et al. (2014) underestimated Chl-a by 110 µg L-1 applying ELCOM-CAEDYM 

to Rio dela Plata; Nakhaei et al. (2021) obtained Chl-a RMSE within the range of 2.7 and 8.02 µg 

L-1 applying ELCOM-CAEDYM to Edmonton stormwater ponds in 2014-15; Trolle et al. (2008) 

reported RMSE between 10.4 and 12.76 µg L-1 using DYRESM-CAEDYM to simulate Lake Raven 

for 12 years. The summary of the comparisons of RMSE between our study and other studies are 

shown in table 3.5. 

Table 3.5 Summary of the comparisons of RMSE between AEM3D-iWQ and other literature. The 

2008-09 and 2002-14 RMSE are calculated based on short-term (2008-09) and long-term (2002-

14) simulations. 

 2008 calibration 

Bouffard et al. 

(2013) 

2009 validation 

Bouffard et al. 

(2013) 

2008-09 

validation 

GLENDA 

2002-14 

validation 

GLENDA  

Other literature 

 

 

Temp (℃) 

 

 

2.77 

 

 

1.97 

 

 

-- 

 

 

-- 

< 2 ℃  

1-3 ℃ Paturi et al. (2012) 

< ~2 ℃ Caramatti et al. (2020) 

 

< ~ 3 ℃ 

Ghane and Boegman 

(2021) 

Nakhaei et al. (2019) 

 

 

 

 

Phosphorus  

(µg L-1) 

 

PO4 

 

1.78 

 

5.65 

 

-- 

 

-- 

7-61 Trolle et al. (2008) 

14.3 - 53.4% error Lam et al. (1987) 

 

 

 

TP 

 

 

 

3.18 

 

 

 

9.30 

 

 

 

34.08 

 

 

 

25.91 

13.9 Bocaniov and Scavia 

(2018) 

10-74 Trolle et al. (2008) 

670 Lindenschmidt et al. 

(2019) 

5.4 - 16.4% error Lam et al. (1987) 

Nitrogen 

(µg L-1) 

NH4                         27.91   13 Bocaniov and Scavia 

(2018) 
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NO3                         -- 297.59 459.49 800 Nakhaei (2017) 

 

 

Chl-a (µg L-1) 

 

 

1.75 

 

 

2.84 

 

 

6.23-12.37 

 

 

6-17.01 

Underestimate by 

110 

Silva et al. (2014) 

2.7-8.02 Nakhaei et al. (2021) 

10.4-12.76 Trolle et al. (2008) 

 

3.4.2 Seasonal phytoplankton succession 

Leon et al. (2011) simulated seasonal phytoplankton succession in Lake Erie but were unable to 

calibrate/validate their model against observations. Moreover, their predicted cyanobacteria 

biomass was too low - in comparison to the other groups - to show in figures (< 0.5 µg Chl-a L-1); 

suggesting their setup may not reproduce observed changes in cyanobacteria in the western basin. 

Here, we predicted seasonal phytoplankton succession at GLENDA stations ER58, 59, 60, 61, 91, 

and 92 in the western basin. We showed comparison figures from the calibration at Sta. ER59 and 

ER61 to illustrate seasonal phytoplankton succession (Figure 3.5; also see Appendix F). Over a 

longer-time period (April 2007-10), we investigated whether the model was able to reproduce inter-

annual variation in phytoplankton succession and in particular cyanobacteria biomass.  

    E.DIAT were simulated and observed to be the dominant Chl-a group in spring (Figure 3.9; 

(Barbiero and Tuchman, 2001; Smith et al., 2007). At this time, the growth rates of all 

phytoplankton groups except E.DIAT were limited by the low temperature (Figure 3.10) and light 

availability. In our model, the light extinction coefficients for UVA, UVB, and PAR 

(photosynthetically active radiation) were 1.8, 2.5, and 0.25 m-1, which are comparable to literature 

values. For example, Ulańczyk et al. (2018) reported light extinction coefficients for UVA and 

PAR between 1 - 1.8 and 0.2 - 0.4 m-1 in the Goczalkowice Reservoir. 

    During the late spring and early summer, E.DIAT declined as temperatures rose and they became 

Si-limited (Figure 3.10), since soluble reactive Si is depleted rapidly (Guildford et al., 2005). The 

L.DIAT group had optimal growth at higher temperatures (Table 3.2), lower Si requirements and 

sinking rates, compared to E.DIAT group, and so they peaked later in the seasonal succession 

(Figure 3.9).  
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    Diatoms are less competitive since their higher settling velocity (1.00×10-6 m s-1), compared to 

CHLOR (0.23×10-6 m s-1) for example, makes them settle more rapidly from the photic zone, where 

they become more vulnerable to dreissenid filtration, which we do not model. Therefore, diatoms 

become high in early spring but very low afterward (Jiang et al., 2015). CRYPT and CHLOR 

groups prefer warm and bright conditions with optimum growth temperatures lower than those for 

CYANO (Table 3.2), so their growth peaks occur after the E.DIAT and L.DIAT groups but before 

CYANO (Figures 3.9 and 3.10). Cyanobacteria peak, during late summer as they have the highest 

optimum growth temperature among these phytoplankton groups, and then become P-limited 

(Figure 3.9). This P-limiting mechanism is consistent with the historical responses of Lake Erie to 

P loading rate variations (Elliott, 2010; Lürling et al., 2013; Matisoff and Ciborowski, 2005).  

    Both the simulated and observed cyanobacteria had higher blooms in 2009 and 2010, compared 

to 2007 and 2008 (Figure 3.9a). This was consistent with lower P concentrations in bloom years 

(Figure 3.9) resulting from stronger uptake (Leon et al., 2011). The model suggests that the higher 

blooms are triggered from a combination of optimal growth temperature and nutrient limitation. 

The temperature dependent growth multiplier is largest for CYANO, followed closely by CHLOR 

(Figure 3.10a).  However, CHLOR has greater P limitation, compared to CYANO (Figure 3.10c), 

particularly in 2009 and 2010.  This resulted in CYANO having an advantage over other the groups. 

The P limitation in 2009 and 2011 for CYANO is smaller than that in 2007 and 2008, consistent 

with both larger simulated and observed CYANO in 2009 and 2010 than in other years (Figure 

3.9a). 

    The simulated and observed CYANO concentrations at St. ER59 were higher than those at St. 

ER61 (Figure 3.5), which is due to St. ER61 being located near the Detroit River, while St. ER59 

is located near the Maumee River (Kane et al., 2014) and it is, therefore, expected to have higher 

TP and cyanobacteria concentrations, consistent with the observations by Chaffin et al. (2021).  

They reported higher TN:TP ratios in the northern half (150 - 520) of the western basin, compared 

to the southern half (50 - 125), due to lower TP concentrations. The highest Chl-a concentrations 
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were observed in Maumee Bay, near the Maumee River mouth (> 150 µg L-1) and decreased with 

increasing distance from the bay.  

    The difference between simulated and observed CYANO concentrations in August 2009 at the 

GLENDA stations, particularly at Sta. ER60, was larger than for other phytoplankton groups (Table 

3.4). This may partially because we do not simulate phytoplankton resuspension, which has been 

hypothesized to trigger cyanobacteria blooms in the western basin in late summer by providing 

ideal incubation, seeding, and growth conditions for bloom development (Michalak et al., 2013). 

Similarly, Ji et al. (2021) reported resuspension induced by wind events, in spring, that can result 

in seeding dormant cyanobacteria from the sediments into the overlying water in Lake Taihu. While 

we do not presently model phytoplankton resuspension, our model has been shown to accurately 

reproduce sediment resuspension in western Lake Erie Lin et al. (2021b), which primarily results 

from wind-driven surface wave orbital currents impinging upon the shallow lake bed.   

 

Figure 3.9 Integrated observations and vertical-averaged simulations of seasonal phytoplankton 

succession (expressed as Chl-a) (a); vertically averaged simulations of TP (b); PO4 (c); and 

temperature (d); from 2007 to 2010 at Sta. ER59 in western Lake Erie. Note the higher CYANO 

concentrations in 2009 and 2010. 
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Figure 3.10 Vertically averaged growth limiting factors for the different phytoplankton taxa (Eq. 

(3.1)) for temperature (a), light (b), phosphorus (c), and silicon (d) from 2007 to 2010 at Sta. ER59 

in western Lake Erie. Higher values of the limitation functions result in less limitation for algal 

growth. 

3.4.3 Phosphorous cycling 

Matisoff et al. (2016) estimated the PO4 flux from the sediments in western Lake Erie ranged from 

0.16 to 27.26 mg m-2 day-1. The measured PO4 flux is greater in the deeper central basin, where 

seasonal hypoxia is more severe. For example, Anderson et al. (2021) measured from 25.67 ± 5.5 

mg m-2 day-1 to 11.42 ± 2.6 mg m-2 day-1. Our model was calibrated to minimize the RMSE between 

observed and modelled P fractions, giving a maximum PO4 release rate of 2.6 g m-2 day-1 in our 

model. This value was at the lower end of the Matisoff et al. (2016) observations.   

    The lake-modelled P is mainly in bioavailable and organic forms, i.e., PO4 (~42%), labile POP 

(~36%) and DOP (~9%), and PIP (~13%), while in the Niagara River downstream of Lake Erie, 

less than 50% of suspended particles are bioavailable and over 25% of the total particulate P is 

mineral, indicating the P load in the outflow is not highly bioavailable and a considerable amount 

of mineral P deposits during the seasonally stratified period (Leon et al., 2011; Mayer et al., 1991).  

    We do not model zooplankton nor dreissenid mussels, which are known to engineer nutrient 

cycles in Lake Erie (e.g., Hecky et al. (2004)). Boegman et al. (2008b) modelled filter feeding by 

dreissenid mussels to decrease algal biomass by 25–30%, but simultaneously stimulated increased 
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net algae growth by reducing competition and recycling phosphorus via excretion. They modelled 

zooplankton and dreissenid mussel P excretion to support 26 and 16% of algal P uptake. Similarly,  

zooplankton excretion has been observed to support ~58% of the primary producer P demand 

(Vanni et al., 2006). This effective P recycling implies that algae stocks are ultimately regulated by 

external phosphorus loads (Boegman et al., 2008b) and we are justified in subsuming 

phytoplankton mortality and nutrient cycling from grazing into the respiration parameter (Hipsey 

et al., 2013). 

3.5 Conclusions 

The parallel hydrodynamic-biogeochemical model AEM3D-iWQ was calibrated and validated in 

multi-year simulations of Lake Erie hydrodynamics and biogeochemistry. The model reproduced 

phosphorus (PO4, PP, and TP), nitrogen (NH4 and NO3), Chl-a, and phytoplankton group 

concentrations within error ranges comparable to prior single-year runs. The model was able to 

simulate intra-annual phytoplankton succession resulting from variation in temperature, light and 

nutrient limitation, as well as inter-annual variability in cyanobacteria concentration in response to 

changes in temperature and nutrient limitation functions. The average RMSE in long-term (2002-

14) and short-term (2008-09) runs were in the same range, indicating the nutrient budgets and rate 

equations are applicable over decadal timescales, and the model can be calibrated using a single 

parameter set for multiple years with minimal drift.   

    Given that the model no longer requires re-initialization each year, future work should extend 

these simulations to investigate the long-term response of the lake to long-term nutrient load control 

policies, colonisations by invasive species, dynamic changes in sediment processes and climate 

change.   
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Chapter 4 

Comparison between 1D and 3D simulation of phytoplankton in 

western Lake Erie 

4.1 Introduction 

Western Lake Erie has been suffering from re-eutrophication since the mid-1990s (Bridgeman et 

al., 2013; Kane et al., 2014; Makarewicz, 2009; Michalak et al., 2013; Wynne and Stumpf, 2015), 

causing excessive growth of cyanobacteria (Rinta-Kanto et al., 2009). The harmful algal blooms 

(HABs) in 2011 were the largest record blooms based on algal biovolume, areal coverage, and 

duration (Michalak et al., 2013; Stumpf et al., 2012). The HABs threaten human health and affect 

recreation (Backer, 2002; Davenport and Drake, 2011). For example, HABs in western Lake Erie 

resulted in municipal water supply shut downs in Carrol Township, Ohio in 2013 (Henry, 2013) 

and Toledo, Ohio in 2014 (Fitzsimmons, 2014).  

    To manage algal blooms, understanding the bloom drivers such as excess phosphorus (P) loads 

(Schindler et al., 2016) and waterbody dynamics, including physical mixing (Paerl et al., 2001) is 

essential. Computer models are useful tools to gain insight on these coupled physical and 

biogeochemical processes. For example, a zero-dimensional (0D) Bayesian model was applied to 

investigate the relationship between the size of the cyanobacteria bloom and the spring bioavailable 

P loads in western Lake Erie (Obenour et al., 2014); one-dimensional (1D) models have been used 

to develop load-response curves relating chlorophyll-a (Chl-a) concentrations and hypoxia to P 

loads in western and central Lake Erie (Rucinski et al., 2014) and show that 40% reductions of P 

loads would bring blooms to the recommended mild threshold but these would not likely be 

achieved by applying best management practices in the watershed (Wang and Boegman, 2021); 

two-dimensional (2D) models have been applied to evaluate the influence of dreissenids and P load 

reductions on phytoplankton in Lake Erie (Boegman et al., 2008a; 2008b; Zhang et al., 2008); and 
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three-dimensional (3D) models have been applied to develop relationships between P loads and 

cyanobacteria biomass to determine the maximum TP loads to produce a mild bloom in western 

Lake Erie (Verhamme et al., 2016) and investigate the impacts of nutrients and mussel grazing on 

hypoxia and phytoplankton biomass (Bocaniov et al., 2014; Leon et al., 2011).  

    Algal blooms typically have spatial variation, for example, the Maumee River mouth area is 

prone to an algal plume (Michalak et al., 2013) and mid-basin patchiness can have scales as small 

as a boat wake (~400 m; Stumpf et al. (2012)), making 3D models more appropriate than 0D, 1D 

or 2D models in simulating spatial distributions of algal blooms, since they can provide detail of 

gradients in multiple coordinate directions (Leon et al., 2011). However, 3D models have much 

longer runtimes (~3 weeks CPU time for 6-months simulation time; Leon et al. (2011)), which 

hinders calibration and the ability to evaluate the performance of the models over timescales 

exceeding one year. As a result, models may be under-calibrated, for example, the ELCOM-

CAEDYM calibration for eastern Lake Erie (Leon et al., 2011) does not reproduce phytoplankton 

conditions in western Lake Erie (Chapter 3), Nottawasaga Bay (Elbagoury, 2017), nor in Edmonton 

stormwater ponds (Nakhaei et al., 2021). This suggests that biogeochemical models should be re-

calibrated for different years and/or different field sites. However, model calibration is difficult and 

time-consuming given the numerous parameters and long runtimes (e.g., 1000 hrs of CPU time; 

Nakhaei et al. (2021)). 

    The 1D models have significantly faster runtimes (seconds of CPU time per year of simulation 

time) and therefore, are more suited for rapid or automated calibration of hydrodynamics (Gaudard 

et al., 2019) and water quality (Wang and Boegman, 2021). These models can also be efficiently 

run over longer timescales ranging from decades (Ladwig et al., 2021; Wang and Boegman, 2021) 

to centuries (Bolkhari et al., 2021; Yao et al., 2014). However, decreasing model dimensionality 

(from 3D to 2D to 1D) decreases the quality of the simulations in terms of error, correlation, and 

variance (Ishikawa et al., 2021) .   
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    Given the advantages and disadvantages of 1D vs. 3D model setups, the objective of the present 

study is to assess whether a more thoroughly calibrated 1D model or a finer resolution 3D model 

is better able to provide simulations to support lake management. In the present study, we cross-

compare the ability of the 1D Aquatic Ecosystem Dynamics – General Lake Model (AED-GLM) 

and the 3D Aquatic Ecosystem Model - iWaterQuality (AEM3D-iWQ) to reproduce spatial and 

seasonal variations of physical and biogeochemical parameters in western Lake Erie in 2008 and 

from 2011-14. 

4.2 Methods 

4.2.1 Study site and field data 

Lake Erie has three distinct basins (Figure 4.1). The western basin is the shallowest with an average 

depth of 7.4 m (Stewart and Lowe, 2008). The water discharges eastward to the central basin, which 

is separated from the western basin by a line of islands from Point Pelee (Ontario) to the 

Marblehead Peninsula (Ohio). Major tributaries of western Lake Erie include the Detroit River, 

accounting for ~90% of the total annual inflow (Tyson et al., 2001) and the Maumee River 

accounting for ~47% of the total phosphorus load (from 2011 to 2013 and 25 times larger than that 

from the Detroit River; USEPA (2015)). The residence time in the western basin is about 51 days 

(Matisoff et al., 2016).  

    Field observations were obtained from published studies and online sources. This included 

University of Toledo station data (Sta. MB18, 8M, and GR1; Figure 4.1), which provided water 

temperature, nutrients including total phosphorus (TP), phosphate (PO4), nitrate (NO3), 

chlorophyll-a (Chl-a), and cyanobacteria (CYANO) (Bridgeman et al., 2013; Verhamme et al., 

2016). The locations of MB18 (depth of 2.5 m) to 8M (depth of 5 - 6 m) and GR1 (depth of 8.5 m) 

capture a gradient moving from the Maumee River mouth to the open waters of western Lake Erie 

(Figure 4.1) and are thus ideal to test the abilities of 1D versus 3D models. Depth-integrated 

CYANO biomass (mg m-2) observations were converted into a volumetric concentration (mg m-3) 
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through dividing by the station depth. A fraction (7.5%) was then apportioned to estimate 

phytoplankton carbon from phytoplankton biomass. Finally, a carbon to chlorophyll-a ratio 

(phytoplankton C: Chl-a = 50:1) was applied to obtain CYANO concentrations in units of µg Chl-

a L-1 that match the phytoplankton currency in the computational models (Elbagoury, 2017). 

Data was also retrieved from the Great Lakes Environmental Database (GLENDA) including 

NO3, TP, Chl-a, early diatoms (E.DIAT), late diatoms (L.DIAT), cryptophytes (CRYPT), 

chlorophytes (CHLOR), and cyanobacteria (CYANO). 

 

Figure 4.1 Lake Erie bathymetric plan view showing western basin area (black rectangle area); 

depth-integrated samples at Sta. MB18, 8M, and GR1 in 2008 and 2011-14 (Bridgeman et al., 2013; 

Verhamme et al., 2016) (blue stars) and depth-averaged samples at GLENDA stations from 2002 

to 2014 (red stars). 

4.2.2 Model Description 

The 3D AEM3D-iWQ model is a parallel version 3 of the ELCOM-CAEDYM (Estuary and Lake 

Computer Model - Computational Aquatic Ecosystem Dynamics Model), which is a process-based, 

coupled hydrodynamic aquatic ecosystem model (Hodges and Dallimore, 2016). It solves the 

unsteady Reynolds-averaged Navier-Stokes equations using a semi-implicit method (Casulli and 

Cheng, 1992) and a conservative approach for scalar transport (Leonard, 1991). The model employs 
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the hydrostatic approximation (Hodges et al., 2000). The recent inclusion of ice cover algorithms 

makes AEM3D-iWQ capable of simulations during winter (Oveisy et al., 2012). 

    The 1D AED-GLM (Aquatic Ecosystem Dynamics - General Lake Model) is a rewrite and 

advancement of the 1D DYRESM-CAEDYM model (Hipsey et al., 2013; Hipsey et al., 2019). The 

model assumes there is no horizontal variability and adopts a flexible Lagrangian structure, 

adjusting the vertical layer thicknesses dynamically to resolve the water column structure.  

    The 1D and 3D models adopted in this study are conceptually similar. The surface momentum 

and thermodynamic transfers that control vertical turbulent mixing, in both AEM3D and GLM, are 

based on bulk formula (Fischer et al., 1979), with a mixed layer approach to conservation of 

turbulent kinetic energy following what was originally developed for the 1D DYRESM model 

(Imberger and Patterson, 1981). Similarly, the nutrient/plankton/oxygen framework in both iWQ 

and AED are based on CAEDYM, which is the most published and cited biogeochemical lake 

model (Trolle et al., 2012).  

    In these models, phytoplankton concentrations are determined by potential growth rates, 

respiration, excretion, and mortality losses, settling and resuspension rates. Phytoplankton growth 

rates are computed based on the maximum potential growth rate at 20 ℃ modified by a temperature 

response function, and the minimum value among light and nutrient limitation functions. The 

temperature response function is applied to produce maximum productivity at the optimal 

temperature and stop growing when the temperature is higher than the maximum growth 

temperature, and the productivity follows an exponential relation when the temperature is below 

the standard growth temperature. The nutrient limitation functions are simulated as dynamic 

intracellular stores to regular the growth of phytoplankton groups. Algal metabolic losses include 

respiration, excretion, and mortality, which are determined by the respiration rate coefficients and 

temperature multipliers for respiration. Further details on the model setups can be found in (Wang 

and Boegman, 2021), Chapters 2 and 3. 
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4.2.3 Model setup and boundary conditions 

In 3D AEM3D-iWQ, the bathymetry of Lake Erie was discretized into a 2 km x 2 km grids with 

the vertical layer thicknesses varying from 0.5 m at the water surface to 5 m at the bottom with 45 

layers (León et al., 2005). The model was initialized on 11 April 2002 near spring turnover, 

resulting in vertical homogeneity, and ran until 14 December 2014 with a 5 min time step. The 

boundary flows included five inflows (Detroit, Maumee, Sandusky, Grand and Cuyahoga Rivers) 

and one outflow (Niagara River). The meteorological forcing data include hourly wind speed and 

direction, air temperature, relative humidity, solar radiation, and longwave radiation measured at 5 

buoy stations, which were supplemented with land station data during winter (Chapter 3). The iWQ 

biogeochemical module included 14 state variables (two inorganic suspended solids size classes, 

dissolved oxygen (DO), dissolved reactive phosphorus (PO4), nitrate (NO3), ammonium (NH4), 

dissolved organic nitrogen (DON), dissolved organic phosphorus (DOP), and dissolved organic 

carbon (DOC), particulate organic nitrogen (PON), particulate organic phosphorus (POP), and 

particulate organic carbon (POC), reactive silica (Hodges and Dallimore, 2016), particulate 

inorganic phosphorus (PIP)) were used to simulate five phytoplankton groups including early 

diatoms (E.DIAT), late diatoms (L.DIAT), cryptophytes (CRYPT), chlorophytes (CHLOR), and 

cyanobacteria (CYANO), consistent with the phytoplankton groups in Leon et al. (2011).  

    In the 1D AED-GLM, the simulated domain was the western basin. The model was initialized 

on 1 May 1979 and ran until 31 December 2015 using an hourly time step. The boundary inflows 

included the Detroit and Maumee Rivers, with the outflow to the central basin computed from a 

mass balance using the observed water level. The mean daily meteorological forcing data were the 

same as for AEM3D, except for a single station in the west-central basin (Wang and Boegman, 

2021). The AED setup included 11 state variables: DO, PO4, NO3, NH4, RSi, DON, DOP, DOC, 

PON, POP, POC and four phytoplankton groups including DIAT (early diatoms), CRYPT, 

CHLOR, and CYANO, known as the major groups in Lake Erie (Bridoux et al., 2010; 

Sobiechowska et al., 2010). In both models, zooplankton and dreissenid mussels were not 
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simulated; rather the related mortality and nutrient cycling were subsumed into the respiration 

parameters of phytoplankton groups. 

    Here, the two models were re-calibrated for 2008 and 2011-14 against observed water 

temperature, TP, PO4, NO3, Chl-a, and CYANO at stations MB18, 8M, and GR1 in western Lake 

Erie. More detail on the calibration of these two models can be found in Chapters 2 and 3. AED-

GLM was automatically calibrated using Model-Independent Parameter Estimation and 

Uncertainty Analysis (PEST) (Wang and Boegman, 2021). PEST was first applied to calibrate the 

GLM simulated temperature to achieve the smallest RMSE between simulations and observations. 

Subsequently, PEST was applied to AED-GLM to calibrate nutrients (TP and PO4). Finally, total 

Chl-a and the four phytoplankton groups were calibrated to ensure the model can reproduce 

seasonal succession. In this step, the modelled CYANO concentrations were also qualitatively 

(visually) calibrated against the bloom Severity Index (SI) (National Oceanic and Atmospheric 

Administration) from 2002 to 2014 (https://www.noaa.gov/media-release/noaa-partners-predict-

large-summer-harmful-algal-bloom-for-western-lake-erie). Overall, the iterative approach by 

PEST (~106 runs over ~60 days CPU time) was computationally feasible for a 1D model.   

The longer run-times associated with AEM3D-iWQ prevented automatic ‘brute force’ 

calibration and so it was not practical to calibrate this model with PEST. Rather these models were 

calibrated manually (~40 calibration runs × ~10 years per run × ~0.5 days CPU time per year 

simulation time = ~200 days CPU time) starting from the ELCOM-CAEDYM parameter set given 

for Lake Erie in Leon et al. (2011). However, because they focused on calibration against data from 

the eastern basin, where modelled and observed cyanobacteria concentrations were near zero, and 

they did not have observed phytoplankton succession data for model calibration/validation, in the 

present study the phytoplankton parameters were systematically calibrated to minimize RMSE in 

comparison to the 2008-09 GLENDA observations.  

4.2.4 Limitation function 

https://www.noaa.gov/media-release/noaa-partners-predict-large-summer-harmful-algal-bloom-for-western-lake-erie
https://www.noaa.gov/media-release/noaa-partners-predict-large-summer-harmful-algal-bloom-for-western-lake-erie
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In the models, the algal growth rate (𝜇𝑖) is determined by a maximum potential rate at 20 ℃ (𝜇𝑀𝐴𝑋𝑖) 

as modified by a temperature response function (𝑓𝑖
𝑇1) (maximum productivity at the optimum 

growth temperature (𝑇𝑂𝑃𝑇), zero growth above the maximum growth temperature (𝑇𝑀𝐴𝑋) and 

below standard growth temperature (𝑇𝑆𝑇𝐷), and the productivity follows Arrhenius scaling) and the 

minimum value of expressions for limitation by light (𝑓𝑖(𝐼)), P (𝑓𝑖(𝑃)), N (𝑓𝑖(𝑁)), Si (𝑓𝑖(𝑆𝑖)), and 

C (𝑓𝑖(𝐶)) (Eq. (4.1)). In particular, following Nakhaei et al. (2021) we focused on the standard 

(𝑇𝑆𝑇𝐷) , optimum (𝑇𝑂𝑃𝑇) , and maximum (𝑇𝑀𝐴𝑋)  temperature, maximum growth rate (𝜇𝑀𝐴𝑋𝑖) 

maximum phosphorus uptake rate (𝑈𝑃𝑀𝐴𝑋), and respiration loss rate (𝑅𝑖). 

𝜇𝑖 = 𝜇𝑀𝐴𝑋𝑖(𝑇)min [𝑓𝑖(𝐼), 𝑓𝑖(𝑃), 𝑓𝑖(𝑁), 𝑓𝑖(𝑆𝑖), 𝑓𝑖(𝐶)]𝑓𝑖
𝑇1 Eq. (4.1) 

where 𝑖 is the phytoplankton group. The limitation functions:  

𝑓𝑖
𝑇1(𝑇) = 𝜗𝑖

𝑇−20 + 𝜗𝑖
𝐶1(𝑇−𝐶2) + 𝐶3 Eq. (4.2) 

𝑓𝑖(𝑆𝑖) =
𝑅𝑆𝑖

𝑅𝑆𝑖 + 𝐾𝑆𝑖𝑖
 

Eq. (4.3) 

𝑓𝑖(𝑋) =
𝐼𝑋𝑖

𝐼𝑋max 𝑖 − 𝐼𝑋min 𝑖
(1 −

𝐼𝑋min 𝑖
𝐼𝑋𝑖

) 
Eq. (4.4) 

 

𝑓𝑖(𝐼) =
𝐼

𝐼𝑠
exp (1 −

𝐼

𝐼𝑠
) 

Eq. (4.5) 

Where T and 𝜗 represent the water temperature and temperature multiplier, respectively, C1, C2, 

and C3 are constants; 𝑅𝑆𝑖 represents dissolved reactive silica, 𝐾𝑆𝑖𝑖 represents the half-saturation 

constant for silica; X represents N or P, 𝐼𝑋𝑚𝑎𝑥𝑖 and 𝐼𝑋𝑚𝑖𝑛𝑖 are user-defined limits of internal N or 

P concentrations, and 𝐼𝑋𝑖  is the internal N or P concentration at a given time step, 𝑖  is the 

phytoplankton group; 𝐼𝑠  represents the light saturation value at which primary production is 

maximal, and 𝐼 represents the incident irradiance. Lower values of the limitation function result in 

more limitation of algal growth.  
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4.3 Results 

4.3.1 Comparisons between 1D and 3D models 

The following figures show the comparisons between simulations from 3D AEM3D-iWQ and 1D 

AED-GLM against observations sampled at three stations (Sta. MB18, 8M, and GR1) in western 

Lake Erie in 2008 and 2011-14. We compare water temperature, PO4, TP, NO3, Chl-a, and 

CYANO. The RMSE for 2008 and 2011-14 are summarized in table 4.1.  

    Figure 4.2 shows the evolution of water temperature from spring (28 May) to summer (25 

September) in 2008. Both simulations and observations show the seasonal temperature increase in 

spring and early summer, peak in August, and decrease in September. AEM3D reproduced the 

gradient of decreasing temperature south to north, consistent with the observations at St. MB18, 

8M, and GR1 running from near the Maumee River mouth to the open water area (Figure 4.2). The 

average RMSE in AEM3D was 1.19 ℃ with a slight decrease from Sta. MB18 (RMSE = 1.43 ℃) 

to 8M (RMSE = 1.12 ℃) and GR1 (RMSE = 1.02 ℃); whereas the average RMSE in GLM, which 

is horizontally averaged, was 3.3℃.  

Table 4.1 Summary of RMSE for water temperature, TP, PO4, NO3, Chl-a, and CYANO at Sta. 

MB18, 8M, and GR1 in 2008 and 2011-14 for 3D AEM3D-iWQ and 1D AED-GLM. 

 3D AEM3D-iWQ 1D AED-GLM 

2008 2011 2012 2013 2014 Average 2008 2011 2012 2013 2014 Average 

 

Temperature (℃) 

MB18 1.626 1.164 1.006 2.011 1.320 1.425 3.551 4.510 3.569 3.901 4.419 3.990 

8M 1.118 1.382 0.942 1.279 0.882 1.120 3.002 3.942 2.551 3.409 3.398 3.260 

GR1 0.786 1.458 0.745 1.093 0.993 1.015 2.392 2.852 1.797 3.011 2.955 2.601 

Average 1.177 1.335 0.898 1.461 1.065 1.187 2.982 3.768 2.639 3.440 3.591 3.284 

 

TP (mg L-1) 

MB18 0.053 0.065 0.063 0.077 0.041 0.062 0.059 0.109 0.068 0.130 0.077 0.089 

8M 0.051 0.059 0.039 0.075 0.039 0.054 0.047 0.058 0.035 0.083 0.039 0.052 

GR1 0.016 0.012 0.012 0.010 0.022 0.015 0.011 0.012 0.009 0.010 0.020 0.012 

Average 0.040 0.045 0.038 0.054 0.034 0.042 0.039 0.060 0.037 0.074 0.045 0.051 

 

PO4 (mg L-1) 

MB18 0.021 0.030 0.015 0.013 0.008 0.017 0.012 0.131 0.079 0.127 0.090 0.088 

8M 0.011 0.025 0.009 0.028 0.007 0.016 0.011 0.081 0.047 0.069 0.052 0.052 

GR1 0.004 0.005 0.002 0.012 0.004 0.005 0.003 0.020 0.018 0.017 0.031 0.018 

Average 0.012 0.020 0.009 0.018 0.006 0.013 0.009 0.078 0.048 0.071 0.058 0.053 

 

NO3 (mg L-1) 

MB18 0.763 1.076 0.320 2.054 0.877 1.018 1.003 1.365 0.228 3.514 2.133 1.649 

8M 0.243 1.427 0.160 2.100 0.429 0.872 0.275 1.076 0.183 2.199 0.337 0.814 

GR1 0.287 0.208 0.174 0.247 0.248 0.233 0.514 0.315 0.278 0.190 0.308 0.321 

Average 0.431 0.904 0.218 1.467 0.518 0.708 0.597 0.919 0.230 1.968 0.926 0.928 

 

Chl-a (µg L-1) 

MB18 15.006 27.890 24.722 65.133 30.170 32.584 14.065 26.409 22.859 49.084 25.791 27.642 

8M 20.409 33.200 11.550 26.584 9.920 20.333 14.829 31.258 8.089 19.181 11.099 16.891 

GR1 20.941 14.058 8.847 12.877 8.505 13.046 18.315 15.135 10.544 13.680 12.178 13.970 

Average 18.785 25.049 15.040 34.865 16.198 21.987 15.736 24.267 13.831 27.315 16.356 19.501 
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CYANO (µg L-1) 

MB18 6.346 18.632 12.411 1.847 4.988 8.845 11.487 11.498 14.951 17.803 11.722 13.492 

8M 2.708 15.957 7.501 1.078 3.981 6.245 12.181 14.390 15.795 19.414 13.956 15.147 

GR1 0.575 5.723 1.873 0.699 2.119 2.198 12.613 15.443 15.797 19.087 14.975 15.583 

Average 3.210 13.437 7.262 1.208 3.696 5.763 12.094 13.777 15.514 18.768 13.551 14.741 

 

Figure 4.2 Vertically averaged water temperature predictions from AEM3D-iWQ, AED-GLM 

(inset), and observations at Sta. MB18, 8M, and GR1 for 28 May (a), 29 May (b), 9 June (c), 10 

June (d), 11 June (e), 22 June (f), 23 June (g), 24 June (h), 9 July (i), 10 July (j), 15 July (k), 16 

July (l), 17 July (m), 18 July (n), 23 July (o), 24 July (p), 5 August (q), 6 August (r), 7 August (s), 

11 August (t), 12 August (u), 13 August (v), 20 August (w), 31 August (x), 1 September (y), 23 

September (z) and 25 September (aa) in 2008. 

    The comparisons between simulated and observed nutrients in 2008 (Figures 4.3 – 4.5) show 

that TP, PO4, and NO3 concentrations were higher in spring (e.g., 28 May) than in summer (e.g., 6 

August). Due to the short retention time of the western basin, tributaries can strongly impact the 

nutrient distribution in western Lake Erie (Michalak et al., 2013), showing a decreasing gradient 

from Sta. MB18 to GR1, as the nutrient concentrations become diluted with distance from the 

Maumee River mouth (e.g., Figure 4.3a-f ). However, during late summer (e.g., 20 August - 25 

September), the simulations from two models were both much smaller than the observations, which 

may be due to wind-driven resuspension events elevating the nutrients concentrations near the 

Maumee River mouth (USEPA, 2015; Verhamme et al., 2016); a process that was not included in 

the models.  
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    The horizontal variation in nutrients was reproduced by AEM3D-iWQ with average RMSE for 

PO4 = 0.01 mg L-1, TP = 0.04 mg L-1, and NO3 = 0.71 mg L-1 at the three stations during 2008 and 

2011-14. The average RMSE for AED-GLM were 1 - 5 times higher with PO4 = 0.05 mg L-1, TP 

= 0.05 mg L-1, and NO3 = 0.93 mg L-1, respectively (Table 4.1). Due to horizontal homogeneity, 

the 1D model simulations should be close to the average of the 3D simulations, but the average 1D 

model simulations (~0.002, 0.025, and 0.692 mg L-1 for PO4, TP, and NO3) were smaller than both 

the average of 3D model simulations (~0.007, 0.039, and 0.824 mg L-1) and the average of the 

observations (~0.010, 0.052, and 0.718 mg L-1). 

 

Figure 4.3 Vertically averaged TP (mg L-1) predictions from AEM3D-iWQ, AED-GLM (inset), 

and observations for TP at Sta. MB18, 8M, and GR1 for 28 May (a), 11 June (b), 23 June (c), 9 

July (d), 23 July (e), 6 August (f), 20 August (g), 1 September (h), and 25 September (i) in 2008. 
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Figure 4.4 Vertically averaged PO4 (mg L-1) predictions from AEM3D-iWQ, AED-GLM (inset), 

and observations at Sta. MB18, 8M, and GR1 for 28 May (a), 11 June (b), 23 June (c), 9 July (d), 

23 July (e), 6 August (f), 20 August (g), 1 September (h), and 25 September (i) in 2008. 

 

 

Figure 4.5 Vertically averaged NO3 (mg L-1) predictions from AEM3D-iWQ, AED-GLM (inset), 

and observations at Sta. MB18, 8M, and GR1 for 28 May (a), 11 June (b), 23 June (c), 9 July (d), 

23 July (e), 6 August (f), 20 August (g), 1 September (h), and 25 September (i) in 2008. 

    Higher AEM3D-iWQ Chl-a and CYANO were simulated in September (Figures 4.6f-g, 4.7f-g) 

relative to the other months, and higher observations occurred in May, July (Figure 4.6a, d) and 

September (Figures 4.6f-g, 4.7f-g). From Sta. MB18 to Sta. 8M and GR1, Chl-a, and CYANO 
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decreased moving from the Maumee River mouth to the open water in the western basin. The 

AEM3D-iWQ average Chl-a and CYANO RMSE were 21.99 and 5.76 µg L-1.  

    In AED-GLM, high simulated Chl-a occurred in May - July (Figures 4.6a-d), and September 

(Figure 4.6g). and high simulated CYANO occurred in May - June (Figure 4.7a-c) and September 

(Figure 4.7f-g). The average RMSE for Chl-a and CYANO were 19.50 and 14.74 µg L-1, 

respectively.  

    The average Chl-a from AED-GLM (30.95 µg L-1) were higher than the observations (23.72 µg 

L-1) and AEM3D-iWQ (21.75 µg L-1), and the average CYANO from both AED-GLM (12.56 µg 

L-1) and AEM3D-iWQ (16.93 µg L-1) were much higher than the observations (1.06 µg L-1).  

 
  

Figure 4.6 Vertically averaged Chl-a (µg L-1) predictions from AEM3D-iWQ, AED-GLM (inset), 

and observations at Sta. MB18, 8M, and GR1 for 28 May (a), 10 June (b), 23 June (c), 9 July (d), 

20 August (e), 1 September (f), and 25 September (g) in 2008. 
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Figure 4.7 Vertically averaged CYANO (µg L-1) predictions from AEM3D-iWQ, AED-GLM 

(inset), and observations at Sta. MB18, 8M, and GR1 for 9 July (a), 23 July (b), 6 August (c), 12 

August (d), 20 August (e), 1 September (f), and 25 September (g) in 2008. 

4.3.2 Model ability to predict cyanobacteria bloom years 

To test the ability of the models to reproduce harmful cyanobacteria blooms in western Lake Erie, 

we compared the model output to the bloom Severity Index (SI) (National Oceanic and 

Atmospheric Administration) during 2002-14 (https://www.noaa.gov/media-release/noaa-

partners-predict-large-summer-harmful-algal-bloom-for-western-lake-erie). The criteria for the 

occurrence of a potentially harmful bloom is an index value larger than 5 (NOAA, 2017) and the 

most-severe-bloom year was 2011 with an index value of 10. The index values are computed based 

on the biomass over the peak 30 days of the bloom. These were compared to the simulated basin-

wide depth-averaged maximum 30-day average CYANO concentrations from both AEM3D-iWQ 

(red line in Figure 4.8) and AED-GLM (blue line in Figure 4.8). The results show the simulations 

from the 1D AED-GLM capture blooms in 2011 and other years (e.g., 2003, 2008 and 2013) with 

CYANO concentrations approaching 30 𝜇gL-1, which is above the bloom threshold of 25 𝜇gL-1 

(Jankowiak et al., 2019). Conversely, the 3D AEM3D-iWQ simulated much lower concentrations 

<~5 𝜇gL-1 that varied little between years.   

https://www.noaa.gov/media-release/noaa-partners-predict-large-summer-harmful-algal-bloom-for-western-lake-erie
https://www.noaa.gov/media-release/noaa-partners-predict-large-summer-harmful-algal-bloom-for-western-lake-erie
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The superior performance of the 1D model may result from AED-GLM being visually calibrated 

to the SI data (NOAA bloom) from 2002 to 2014 in Chapter 2, with AED-GLM reproducing the 

increasing trend of blooms during 2002-14, as well as the maximum peak in 2011. Moreover, the 

laterally averaged AED-GLM simulations represent an integral of the entire western, much like the 

satellite derived SI metric, whereas AEM3D-iWQ was calibrated to reproduce phytoplankton state 

variables at discrete stations. In Figure 4.8, the simulated max 30-day average CYANO in 2008 in 

3D AEM3D-iWQ (2.62 µg L-1) was much smaller than that in 1D AED-GLM (22.58 µg L-1), 

showing low severity in 2008 by 3D AEM3D-iWQ, consistent with Figure 4.7. 

 

Figure 4.8 Basin-wide depth-averaged maximum 30-day average CYANO simulations from 3D 

AEM3D-iWQ and 1D AED-GLM from 2002 to 2014. 

4.3.3 Seasonal analysis with 3D AEM3D-iWQ and 1D AED-GLM 

To analyze the relative performance of the 3D and 1D models in capturing algal bloom years, we 

show timeseries of temperature, TP, PO4, NO3, Chl-a, and CYANO at stations MB18, 8M, and 

GR1 (Figures 4.9 - 4.13). The simulated water temperature in AED-GLM was lower than AEM3D-

iWQ during 2008 and 2011-14, and 3D AEM3D-iWQ performed better in capturing variations with 

timescales of ~1 week to ~1 month, likely resulting from patchiness (Figures 4.9a - 4.13a) or 

synoptic scale meteorology (Boegman et al., 2008a). The AEM3D-iWQ simulated CYANO was 

smaller at the three stations, compared to AED-GLM (Figure 4.9f), consistent with AEM3D-iWQ 
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predicting a less severe algal bloom than AED-GLM in 2008 (Figure 4.8). This corresponded to 

higher simulated phosphorus in AEM3D-iWQ than in AED-GLM, potentially due to less 

phosphorus uptake used for CYANO growth (Leon et al., 2011). AEM3D-iWQ performed better 

in capturing the CYANO seasonal variations with smaller RMSE for Sta. MB18, 8M, and GR1 

(8.85, 6.25 and 2.20 µg L-1) compared to 13.49, 15.15, and 15.58 µg L-1 for AED-GLM. The 

declining trend with increasing distance from the Maumee River mouth (from Sta. MB18 to 8M 

and GR1) in simulated nutrients, Chl-a, and CYANO in AEM3D-iWQ was also evident in the 

timeseries figures (Figures 4.9b-f - 4.13b-f).  

    Overall, AEM3D-iWQ performed better in reproducing the seasonal and spatial variations in 

physical and biogeochemical metrics at different stations compared to AED-GLM. However, the 

AED-GLM Chl-a was visually consistent with the average of the Chl-a observations (Figures 4.9 

- 4.13, panel (e)). This suggests that, while the 3D model can be more accurately calibrated to 

discrete stations, it has no knowledge of the rest of the lake and so can do poorly overall, despite 

having lower RMSE at station locations. For example, the calibration set in Leon et al. (2011) 

reproduced low CYANO concentrations in the eastern basin but was unable to capture blooms in 

the western basin (Chapter 3). When calibrated to basin-integrated observations (e.g., the bloom 

severity index, SI) and using model independent parameter estimation (PEST) AED-GLM can 

more accurately reproduce basin-average values.  
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Figure 4.9 Seasonal vertical-averaged water temperature (a), NO3 (b), PO4 (c), TP (d), Chl-a (e), 

and CYANO (f) for 2008. Green dashed lines are 1D AED-GLM simulations; blue, red, and black 

solid lines are 3D AEM3D-iWQ simulations; blue, red, and black dots are observations at Sta. 

MB18, 8M, and GR1. 

 

Figure 4.10 Seasonal vertical-averaged water temperature (a), NO3 (b), PO4 (c), TP (d), Chl-a (e), 

and CYANO (f) for 2011. Green dashed lines are 1D AED-GLM simulations; blue, red, and black 

solid lines are 3D AEM3D-iWQ simulations; blue, red, and black dots are observations at Sta. 

MB18, 8M, and GR1. 
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Figure 4.11 Seasonal vertical-averaged water temperature (a), NO3 (b), PO4 (c), TP (d), Chl-a (e), 

and CYANO (f) for 2012. Green dashed lines are 1D AED-GLM simulations; blue, red, and black 

solid lines are 3D AEM3D-iWQ simulations; blue, red, and black dots are observations at Sta. 

MB18, 8M, and GR1. 

 

Figure 4.12 Seasonal vertical-averaged water temperature (a), NO3 (b), PO4 (c), TP (d), Chl-a (e), 

and CYANO (f) for 2013. Green dashed lines are 1D AED-GLM simulations; blue, red, and black 

solid lines are 3D AEM3D-iWQ simulations; blue, red, and black dots are observations at Sta. 

MB18, 8M, and GR1. 
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Figure 4.13 Seasonal vertical-averaged water temperature (a), NO3 (b), PO4 (c), TP (d), Chl-a (e), 

and CYANO (f) for 2014. Green dashed lines are 1D AED-GLM simulations; blue, red, and black 

solid lines are 3D AEM3D-iWQ simulations; blue, red, and black dots are observations at Sta. 

MB18, 8M, and GR1. 

4.3.4 Limitation function analysis with 3D AEM3D-iWQ and 1D AED-GLM 

The factors controlling CYANO growth include the maximum potential growth rate at 20 ℃, 

modified by temperature response function and the minimum limitation value of light and nutrients 

(Eq. (4.1) - (4.5)). Here, the temperature, light and nutrient limitation functions are explored to 

investigate the relative performance of the 1D and 3D models in reproducing variations in CYANO, 

with particular emphasis on the algal bloom years (Figure 4.8).   

    From June to September, temperature limitation in the 1D and 3D models was ≥ 1, while from 

November to March, there was increased temperature limitation, consistent with intra-annual 

variation in shortwave radiation and air temperature (Figure 4.14 a-d, Figure 4.15a). Temperature 

limitation in 1D AED-GLM was higher in bloom year (2013) in late summer (Figure 4.15a); this 

was not expected (Wang and Boegman, 2021). From Sta. MB18 (depth < 2.5 m) to GR1 (depth ~ 

8.5 m), for AEM3D-iWQ light limitation was increasing in the surface layer (Figure 4.14e-h) with 

distance from the Maumee River. This was unexpected, given the high turbidity of Maumee River 

water (Carreon-Martinez et al., 2015).    
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    During summer, the growth of CYANO in both models was P limited. In 3D AEM3D-iWQ, 

phosphorus limitation at Sta. GR1 (mid-basin) was less severe than Sta. MB18 and 8M (Figure 

4.14i-l), which is consistent with more algae uptake at Sta. MB18 and 8M, near the Maumee River 

mouth; while there were no significant differences for nitrogen limitation at the three stations 

(Figure 4.14m-p). Due to horizontal averaging, nutrient limitation in 1D AED-GLM has no spatial 

difference (Figure 4.15c, d).  

    Differences in limit functions between bloom (2011 and 2013) and non-bloom (2002 and 2005) 

were subtle in 1D AED-GLM. In the spring of bloom years (March – April) phosphorus limitation 

was less severe (average values of 0.82 in 2011 and 0.71 in 2013; Figure 4.15c, gray shading), 

compared to non-bloom years (average values of 0.44 in 2002 and 0.60 in 2005; Figure 4.15c, gray 

shading) – in particular phosphorus limitation was less in April for 2011 and 2013 (end of the first 

shaded period in Figure 4.15c). These coincided with higher (2011 and 2013) versus lower 

phosphorus (2002 and 2005) loads from spring runoff flushing phosphorus into the Maumee River 

watershed and western Lake Erie (Wang and Boegman, 2021). During summer (July – September), 

the phosphorus limitation was the most severe, but similar in bloom and non-bloom years (average 

values of 0.28 in 2002, 0.23 in 2005, 0.22 in 2011 and 0.20 in 2013 1D AED-GLM (Figure 4.15c; 

gray shading). This indicates that rapid CYANO growth consumes bio-available phosphorus, 

leading to phosphorus limitation, consistent with the historical response of Lake Erie to phosphorus 

loading rate variations (Elliott, 2010; Lürling et al., 2013; Matisoff and Ciborowski, 2005) and 

ELCOM-CAEDYM simulations of phosphorus-algae dynamics in Lake Erie (Leon et al., 2011).   

    The 3D AEM3D-iWQ spring phosphorus limiting values were consistently large in all years 

(~0.99 in 2002, 2005, 2011 and 2013; Figure 4.14i-l; gray shading), showing the consistent lack in 

variation of CYANO growth (Figure 4.8) to be consistent with lack of variation in phosphorus 

limitation. The summer phosphorus limiting values (0.84 in 2002, 0.85 in 2005, 0.93 in 2011 and 

0.95 in 2013; Figure 4.14i-l; gray shading) also indicates small inter-annual differences and also 

small differences between spring and summer, suggesting a lack of plankton growth and 
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corresponding lack of uptake and summer phosphorus limitation. Overall, the lack of inter-annual 

variation in phosphorus limitation in the 3D model, results in poor performance in capturing the 

inter-annual bloom severity trends in Figure 4.8. 

 

Figure 4.14 Depth-integrated (0-1 m for Sta. MB18, 0-2 m for Sta. 8M, and 0-4 m for Sta. GR1 

for f (I) to avoid photoinhibition) limitation functions f(T) (a-d), f(I) (e-h), f(P) (i-l), and f(N) (m-

p) for cyanobacteria in non-bloom years (2002 (a, e, i, m) and 2005 (b, f, j, n)) and bloom years 

(2011 (c, g, k, o) and 2013 (d, h, l, p)) in 3D AEM3D-iWQ (blue, red, and black solid lines for Sta. 

MB18, 8M and GR1). f(T), f(I), f(P), and f(N) represent temperature, light, phosphorus, and 

nitrogen limitation. Note the gray shading areas are two periods of March – April and July – 

September. 
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Figure 4.15 Depth-integrated (surface layer for f(I)) limitation functions f(T) (a), f(I) (b), f(P) (c), 

and f(N) (d) for cyanobacteria in non-bloom years (2002 (blue solid lines) and 2005 (red solid 

lines)) and bloom years (2011 (black solid lines) and 2013 (green solid lines)) in 1D AED-GLM. 

f(T), f(I), f(P), and f(N) represent temperature, light, phosphorus, and nitrogen limitation. Note the 

gray shading areas are two periods of March – April and July – September. 

4.4 Discussion 

4.4.1 Temperature, nutrients, Chl-a, and CYANO 

The model-simulated temperatures are comparable and have the same order of magnitude RMSE 

(1.19 and 3.28 ℃ for AEM3D-iWQ and AED-GLM, respectively) as literature values. For 

example, RMSE of 2.8 and 2 ℃ were simulated for Daecheong Reservoir and eastern Lake Ontario 

with 3D ELCOM, respectively (Lee et al., 2013; Paturi et al., 2012).  

   The average TP, PO4, NO3, Chl-a, and CYANO RMSE of 0.04/0.05, 0.01/0.05, 0.71/0.93, 

21.99/19.50, 5.76/14.74 for AEM3D-iWQ/AED-GLM were also comparable to literature values. 

For example, Trolle et al. (2008) simulated PO4 and TP RMSE ranging from 0.007 - 0.061 mg L-1 

and 0.01 - 0.074 mg L-1 applying 1D DYRESM-CAEDYM to Lake Ravn in Denmark over 12 

years; Bocaniov and Scavia (2018) obtained RMSE of 13.9 µg L-1 and 35.5 µg L-1 for TP and NO3, 

respectively, applying 3D ELCOM-CAEDYM to Lake Erie in 2009; Lindenschmidt et al. (2019) 

simulated total nitrogen (TN) and TP RMSE of 0.38 and 0.67 mg L-1 applying 2D CE-QUAL-W2 

to Lake Diefenbaker over three years; and Silva et al. (2014) underestimated Chl-a by 110 µg L-1 

applying 3D ELCOM-CAEDYM to Río de la Plata.  

4.4.2 Calibration of 1D vs 3D models 

The seasonal variations of observed temperature were reproduced by both the 1D and 3D models. 

Although the RMSE in the two models was comparable, AEM3D-iWQ agreed better with observed 

temperature distributions compared to AED-GLM (Figures 4.9 - 4.13), consistent with Ishikawa et 

al. (2021), reporting mean value and standard deviation for temperature from 3D Delft3D was 

closer to the observations than 1D GLM. AEM3D-iWQ had smaller RMSE for state variables than 
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AED-GLM (Table 4.1) and it performed better in capturing space-time variation, consistent with 

the Romero et al. (2004) comparison of 1D DYRESM-CAEDYM and 3D ELCOM-CAEDYM in 

application to two reservoirs. Similarly, Missaghi and Hondzo (2010) reported that, compared to 

the 3D model, a 1D model cannot capture short-term variations in temperature, leading to ~20% 

variation in the simulation of coolwater fish habitat. 

    We speculate that, despite these deficiencies in reproducing the distributions of physical-

biogeochemical state variables and poorer performance metrics (RMSE) gradients, the 1D AED-

GLM had better performance in capturing algal bloom versus non-bloom years, because this basin-

average model was qualitatively (visually) calibrated to the basin-average SI data (Figure 4.8) over 

~106 calibration iterations. It was challenging for 3D AEM3D-iWQ to reproduce the basin-average 

response (~40 calibration iterations). Attempts to use the AED-GLM calibration for AEM3D-iWQ 

gave resulted in poor RMSE. Our results support the arguments by Hipsey et al. (2020) that to 

capture basin-scale processes (e.g., blooms), models should be assessed not only for state variable 

prediction (state validation, e.g., compared to grab samples), but also system-scale dynamics 

(system validation, e.g., Severity Index) and process behaviour (process validation, e.g., 

relationships between nutrient loading and Chl-a response, nutrient cycling and community 

dynamics). 

4.5 Conclusions 

This study compared simulations of western Lake Erie hydrodynamics, nutrients and 

phytoplankton from the 3D AEM3D-iWQ and 1D AED-GLM models against observations. The 

3D model showed better quantitative and qualitative performance in capturing spatial and seasonal 

variations at discrete sampling locations with average temperature, TP, PO4, NO3, Chl-a, and 

CYANO RMSE of 1.19 ℃, 0.04 mg L-1, 0.01 mg L-1, 0.71 mg L-1, 21.99 µg L-1, and 5.77 µg L-1, 

compared to 3.28 ℃, 0.05 mg L-1, 0.05 mg L-1, 0.93 mg L-1, 19.50 µg L-1, 14.74 µg L-1 for the 1D 

model. However, the 1D model had better performance in capturing the bloom years, in comparison 
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to the NOAA bloom Severity Index. We speculate that this is because AED-GLM is a basin-

averaged model and it was calibrated against a system-scale metric through 106 iterations, whereas 

computational limitations restricted AEM3D-iWQ to 40 calibration runs. The 1D AED-GLM 

captured variation in phosphorus limitation between bloom and non-bloom years, with less spring 

limitation in bloom years, consistent with higher Maumee River spring phosphorus loads. AED-

GLM also showed strong phosphorus limitation during summer, when uptake reduces the ambient 

concentrations. The 3D AEM3D-iWQ had little intra- and inter-annual variation in phosphorus 

limitation, consistent with the lack of variation in simulated cyanobacteria biomass compared to 

the bloom severity index. We conclude that models to predict system-scale responses, such as algae 

blooms, must not only be subject to state validation (e.g., grab samples), but also system validation 

(e.g., basin-averaged indices) and process validation (e.g., nutrient limitation). 
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Chapter 5 

Conclusions and recommendations for future research 

This thesis focused on investigating algal blooms and informing water resources management in 

western Lake Erie. The 1D AED-GLM has been applied to reproduce the long-term (1979 - 2015) 

water quality conditions in western Lake Erie and investigate the necessity of a 40% reduction of 

phosphorus loads from the Maumee River to achieve a ‘mild bloom’ (9600 MTA cyanobacteria 

biomass) in western Lake Erie during 2005 – 2015. The 3D AEM3D-iWQ has been applied to 

further explore long-term (12 years) temporal and spatial distributions of nutrients and 

phytoplankton of Lake Erie using a single parameter set for multiple years with minimal model 

drift. Different dimensional models require different computational power and have different 

agreement with observations, to inform appropriate water resources management tools for Lake 

Erie, 1D AED-GLM and 3D AEM3D-iWQ have been cross-compared to the physical and 

biogeochemical observations in 2008 and 2011-14 in western Lake Erie. Although the 3D model 

performs better in reproducing the spatial and temporal distributions of nutrients and phytoplankton 

with smaller errors than 1D model, it cannot capture the bloom years as well as the automatically 

calibrated 1D model, indicating system and process validation may be necessary. The main 

conclusions of this study are summarized below: 

    1. In Chapter 2, 1D AED-GLM has been applied to reproduce the long-term water quality of 

western Lake Erie from 1979 to 2015 with the errors in temperature (RMSE < 3℃), nutrient 

components (0.01 ≤ average TP, PO4, NO3, NH4 RMSE ≤ 0.68 mg L-1), Chl-a (RMSE = 18.74 µg 

L-1) and phytoplankton groups (3.17 ≤ RMSE ≤ 12.44 µg L-1) comparable to previous studies. This 

chapter has shown that scaling the nutrient concentrations in the Maumee River based on BMPs in 

Bosch et al. (2013) was not sufficient to achieve a ‘mild bloom’ (9600 MTA cyanobacteria 

biomass) in western Lake Erie, and 40% phosphorus loads reduction from the Maumee River was 

necessary, consistent with Annex 4.  
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2. Chapter 3 calibrated and validated AEM3D-iWQ against 2008 (average RMSE for 

temperature, PO4, TP, and Chl-a of 2.77 ℃, 1.78, 3.18, and 1.75 µg L-1) and 2009 observations 

(average RMSE for temperature, NH4, PO4, PP, TP, and Chl-a of 1.97 ℃, 27.91, 5.65, 6.61, 9.30, 

and 2.84 µg L-1) from Bouffard et al. (2013), respectively, and also calibrated/validated against 

GLENDA phytoplankton succession data over 2008-09/2002-14 with RMSE of 2.79-2.67/4.80-

4.89 µg L-1 for early diatoms, 0.46-1.67/0.88-2.81 µg L-1 for late diatoms, 0.59-0.83/0.47-0.78 µg 

L-1 for cryptophytes, 0.59-0.73/0.64-0.84 µg L-1 for chlorophytes and 4.15-10.90/2.62-12.89 µg L-

1 for cyanobacteria with two biomass to Chl-a conversion methods. The average RMSE in short-

term (2008-09) and long-term (2002-14) runs are comparable to previous single-year runs, and are 

in the same order of magnitude, indicating that one set of calibration coefficients and parameters 

in the model can be used to simulate the biogeochemical processes of Lake Erie over a long-term 

interval with minimal drift.  

    3. In Chapter 4, since 3D and 1D models require different computational power requirements 

and different agreement with the observations, 3D AEM3D-iWQ and 1D AED-GLM were 

compared against the observed water temperature, TP, PO4, NO3, Chl-a, and CYANO in 2008 and 

2011-14 at three stations located from near the Maumee River mouth to the open water area in the 

western basin with the average RMSE of 1.18/3.28 ℃, 0.04/0.05 mg L-1, 0.01/0.05 mg L-1, 

0.71/0.93 mg L-1, 21.99/19.50 µg L-1, and 5.76/14.74 µg L-1 for AEM3D-iWQ/AED-GLM, 

respectively, showing that 3D AEM3D-iWQ with finer resolution performs better in capturing the 

spatial and seasonal variations in nutrients and phytoplankton biomass. The 1D AED-GLM, with 

automatic calibration against the basin-averaged bloom index from NOAA performs better in 

reproducing bloom years with more variation in phosphorus limitation between bloom and non-

bloom years than the 3D AEM3D-iWQ; although the errors in the 3D model are smaller than the 

1D model, indicating system validation (e.g., basin-averaged indices) and process validation (e.g., 

nutrient limitation) for the 3D model may be necessary.  
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Both 1D and 3D model can be used to understand the hydrodynamic processes in Lake Erie, 

such as the temperature and water level variations, which influence changes in water quality. For 

example, thermodynamic stratification due to warm water temperatures can inhibit vertical mixing, 

influencing nutrients and algae biomass distributions. The 1D AED-GLM can be used to explore 

the necessary P load reductions for achieving ‘mild bloom’ and performs better than 3D model in 

capturing basin-wide observations of bloom years, so it can be a reference for future Lake Erie 

water quality management, for example, our model can predict the nutrient load reduction and 

future bloom years in Lake Erie with the implementation of different agricultural management 

practices in the Maumee River watershed over long-term time periods. Also, with changing the 

meteorological forcing data, the model can be used to explore the impacts of future climate change 

on water quality in Lake Erie.  

From the long-term simulations, there is no need for re-initialization of 3D AEM3D-iWQ, 

accounting for its better performance in capturing spatial and temporal variations of nutrients and 

phytoplankton groups, it can be a useful tool for giving insights into algae plume near the Maumee 

River mouth for Lake Erie management. Also, it can be further used to investigate the development 

of algae plumes in Lake Erie under various agricultural management practices in the Maumee River 

watershed and future climate change.  

Hence, for different management and research purposes in Lake Erie (e.g., 1D model performs 

better in reproducing algal bloom years while 3D model performs better in capturing spatial and 

temporal variation in nutrients and phytoplankton), the different dimensional models can be chosen 

by different stakeholders. 
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Appendix A Data Sources and parameter adjustments for AED-GLM 

Table A1 Summary of Water Quality Data Sources of Detroit River. 

Parameter Estimated Method 

Flow Daily data obtained from Nanette Noorbakhsh (U.S. Army Corps of Engineers) (emails) 

Temperature Average of previous three-day air temperature 

DO 100% Sat. O2 Conc. = 14.59 - 0.3955 T + 0.0072 T2 - 0.0000619 T3 

Si Linear interpolated  based on the data obtained from Environmental Monitoring and Reporting 

Branch_Drinking Water Surveillance Program (emails) 

NH4 Linear interpolated  based on the data obtained from  U.S EPA STORET & Environmental 

Monitoring and Reporting Branch_Drinking Water Surveillance Program (emails) 

NO2 & NO3 Linear interpolated  based on the data obtained from  U.S EPA STORET & Environmental 

Monitoring and Reporting Branch_Drinking Water Surveillance Program (emails) 

PO4 PO4 = percentage of PO4 (estimated based on Scavia_2014)*TP (TP loading=1080 MTA/year 

based on Dolan_2005) 

PON Linear interpolated  based on the data obtained from  U.S EPA STORET & Environmental 

Monitoring and Reporting Branch_Drinking Water Surveillance Program (emails) 

DON Linear interpolated  based on the data obtained from  U.S EPA STORET & Environmental 

Monitoring and Reporting Branch_Drinking Water Surveillance Program (emails) 

POP POP = 0.6(TP-PO4)  

DOP DOP = 0.4(TP-PO4)  

POC 0.2 mg L-1 based on 2008 data from Dr. Leon Boegman 

DOC Linear interpolated  based on the data obtained from  Environmental Monitoring and Reporting 

Branch_Drinking Water Surveillance Program (emails) 

Chlorophyte Multiplying the ratio of chlorophyte to TP concentration (Winter_2014) by TP concentration 

(dividing TP loads by flow rates) 

Diatom Multiplying the ratio of diatom to TP concentration (Winter_2014) by TP concentration (dividing 

TP loads by flow rates) 

Cyanobacteria Multiplying the ratio of cyanobacteria to TP concentration (Winter_2014) by TP concentration 

(dividing TP loads by flow rates) 

Cryptophyte Multiplying the ratio of cryptophyte to TP concentration (Winter_2014) by TP concentration 

(dividing TP loads by flow rates) 

 

Table A2 Summary of Water Quality Data Sources of Maumee River. 

Parameter Estimated Method 

Flow Downloaded from Heidelberg college 

Temperature Average of previous three-day air temperature 

DO 100% Sat. O2 Conc. = 14.59 - 0.3955 T + 0.0072 T2 - 0.0000619 T3 

Si SiO2 = 3.2 mg L-1 = 114 mmol/m3 based on 2008 data from Dr. Boegman 
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NH4 NH4 = 0.08*TKN (0.08 is obtained based on 2008 data from Dr. Boegman) 

NO2 & NO3 Downloaded from Heidelberg college 

PO4 Downloaded from Heidelberg college 

PON PON = 0.25*TKN (0.25 is obtained based on 2008 data from Dr. Boegman) 

DON PON = 0.25*TKN (0.25 is obtained based on 2008 data from Dr. Boegman) 

POP POP = 0.6(TP-PO4) [TP & PO4 both downloaded from Heidelberg college ] 

DOP DOP = 0.4(TP-PO4) [TP & PO4 both downloaded from Heidelberg college ] 

POC POC = 0.5 mg L-1 based on 2008 data from Dr. Boegman 

DOC DOC = 3 mg L-1 based on 2008 data from Dr. Boegman 

Chlorophyte Multiplying the ratios of chlorophyte to TP concentration (different ratio values for different 

months displayed in Bridgeman_2012) by TP concentration (Heidelberg college) 

Diatom Multiplying the ratios of daitom to TP concentration (different ratio values for different months 

displayed in Bridgeman_2012) by TP concentration (Heidelberg college) 

Cyanobacteria Multiplying the ratios of cyanobacteria to TP concentration (different ratio values for different 

months displayed in Bridgeman_2012) by TP concentration (Heidelberg college) 

Cryptophyte Multiplying the ratios of cryptophyte to TP concentration (different ratio values for different 

months displayed in Bridgeman_2012) by TP concentration (Heidelberg college) 

 

Table A3 Description, default and assigned values of the parameters in GLM. 

Parameter Description Units Default 

Value 

Assigned 

Value 

Calibration 

range 

Kw Extinction coefficient for PAR radiation /m 0.9 0.76 0.6 – 1.0 

Ch Bulk aerodynamic coefficient for 

sensible heat transfer 

– 0.0013 0.0013 0.00125 - 

0.00135 

Ce Bulk aerodynamic coefficient for latent 

heat transfer 

– 0.0013 0.0013 0.00125 - 

0.00135 

Cd Bulk aerodynamic coefficient for 

momentum transfer 

– 0.0013 0.0013 0.00125 - 

0.00135 

Cc Mixing efficiency - convective overturn – 0.125 0.125 - 

Cw Mixing efficiency - wind stirring – 0.23 0.23 - 

Cs Mixing efficiency - shear production – 0.2 0.2 - 

Ct Mixing efficiency - unsteady turbulence 

(acceleration) 

– 0.51 0.51 - 

CKH Mixing efficiency - Kelvin-Helmholtz 

turbulent billows 

– 0.3 0.3 - 

Chyp Mixing efficiency - hypolimnetic 

turbulence 

– 0.5 0.5 - 

wind_factor Scaling factor that is used to multiply the 

wind speed data that is read in 

– 1.0 0.9 1.0 – 0.8 

lw_factor Scaling factor that is used to multiply the 

longwave data that is read in 

mmol/m3 1.0 0.8 1.0 – 0.8 
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cloud_mode Switch to configure the atmospheric 

longwave emissivity sub-model 

mmol/m2/day 4 1 - 

 

Table A4 Description, default and assigned values of the parameters in AED. 

Parameter Description Units Default 

Value 

Assigned Value Calibration 

range 

theta_sed_oxy Temperature multiplier for 

temperature dependence of 

sediment oxygen flux 

– 1.08 1.08 - 

Ksed_oxy Half saturation constant for 

oxygen dependence of 

sediment oxygen flux 

mmol/m^3 50 50 - 

Fsed_oxy Maximum flux of oxygen 

across the sediment water 

interface into the sediment 

mmol/m2/day -20 -20 - 

theta_sed_frp Temperature multiplier for 

temperature dependence of 

sediment phosphate flux 

– 1.08 1.1 1.05 – 1.1 

Ksed_frp Half saturation constant for 

oxygen dependence of 

sediment phosphate flux 

mmol/m^3 50 50 40 - 60 

Fsed_frp Maximum flux of oxygen 

across the sediment water 

interface into the sediment 

mmol/m^2/day 0.08 0.2 0.05 – 0.25 

theta_sed_nit Temperature multiplier for 

temperature dependence of 

sediment nitrate flux 

– 1.08 1.08 - 

Ksed_nit Half saturation constant for 

oxygen dependence of 

sediment nitrate flux 

mmol/m^3 100 100 - 

Fsed_nit Maximum flux of nitrate 

across the sediment water 

interface into the sediment 

mmol/m^2/day -0.5 -0.5 - 

Rdenit Maximum rate of 

denitrification 

/day 0.26 0.26 - 

Kdenit Half saturation constant for 

oxygen dependence of 

denitrification 

mmol/m^3 2 2 - 

theta_sed_doc Temperature multiplier for 

temperature dependence of 

sediment DOC flux 

– 1.08 1.08 - 

theta_doc_miner Temperature multiplier for 

temperature dependence of 

DOC mineralization rate 

– 1.08 1.08 - 
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Ksed_doc Half saturation constant for 

oxygen dependence of 

sediment DOC flux 

mmol/m^3 4.5 4.5 - 

Rdoc_miner Maximum rate of 

mineralization of DOC 

/day 0.001 0.001 - 

Fsed_doc Maximum flux of DOC across 

the sediment water interface 

into the sediment 

 mmol/m^2/day 10 10 - 

theta_sed_amm Temperature multiplier for 

temperature dependence of 

sediment ammonium flux 

– 1.08 1.08 - 

Ksed_amm Half saturation constant for 

oxygen dependence of 

sediment ammonium flux 

mmol/m^3 25 25 - 

Fsed_amm Maximum flux of ammonium 

across the sediment water 

interface into the sediment 

mmol/m^2/day 3.5 3.5 - 

 

Table A5 Description, default and assigned values of phytoplankton parameters in AED.  

Para

mete

r 

Description 

U

ni

ts 

CHLOR DIAT CYANO CRYPT 

   

Defau

lt 

Value 

Assign

ed 

Value 

Cali

brati

on 

rang

e 

Defau

lt 

Value 

Assign

ed 

Value 

Cali

brati

on 

rang

e 

Defau

lt 

Value 

Assign

ed 

Value 

Cali

brati

on 

rang

e 

Defau

lt 

Value 

Assign

ed 

Value 

Cali

brati

on 

rang

e 

Pmax 
Maximum phytoplankton 

growth rate of 20 ◦C 

1/

d 
1.1 1.394 

1.0–

2.0 
1.1 2.38 

1.0–

2.5 
1.1 1.8 

1.0–

2.0 
1.1 1.386 

1.0–

2.0 

vT 
Arrhenius temp scaling 

coefficient for growth 
- 1.05 1.05 

1.0-

1.2 
1.05 1.04 

1.0-

1.2 
1.05 1.048 

1.0-

1.2 
1.05 1.05 

1.0-

1.2 

Tstd Standard temperature ℃ 15 20 
15-

22 
15 7 5-9 15 21 

19-

22 
15 18 

15-

20 

Topt Optimum temperature ℃ 24 24 
22-

27 
24 9.8 9-15 24 25 

23-

30 
24 21 

21-

23 

Tmax Maximum temperature ℃ 35 35 
29-

37 
35 18.5 

17-

19 
35 37 

35-

40 
35 29 

28-

33 

kr 

Phytoplankton 

respiration/metabolic loss 

rate of 20 ◦C 

1/

d 
0.07 0.031 

0.02-

0.08 
0.07 0.035 

0.02-

0.08 
0.07 0.04 

0.02-

0.08 
0.07 0.0285 

0.02-

0.08 

vr 

Arrhenius temperature 

scaling for phytoplankton 

respiration 

- 1.06 1.06 
1.03-

1.09 
1.06 1.06 

1.03-

1.09 
1.06 1.06 

1.03-

1.09 
1.06 1.06 

1.03-

1.09 
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Appendix B Water temperature RMSE for AED-GLM 

 
 

 

Figure B1 Calculated RMSE temperature at Sta. W1,2 for 1994 (a) and STN357 for 2008 (b), from 

time series shown in Figure 2.3. 
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Appendix C Equations, boundary and initial conditions, and parameter 

adjustments for AEM3D-iWQ 

Table C1 Mass balance equations associated with major AEM3D- iWQ state variables (Leon et al., 

2011). 

Light (I, µmmol photons m-2s-1) 

𝐼𝑏𝑧 = 𝑓𝑏𝐼0𝑒
𝜂𝑏𝑧;  𝜂(𝑃𝐴𝑅) = 𝜂𝑤 +∑𝐾𝑒

𝐴𝑎𝐴𝑎

𝑁𝐴

𝑎

+∑𝐾𝑒
𝐷𝑂𝐶𝑑𝐷𝑂𝐶𝑑

𝑁𝐷

𝑑

+∑𝐾𝑒
𝑃𝑂𝐶𝑑𝑃𝑂𝐶𝑑

𝑁𝐷

𝑑

+∑𝐾𝑒
𝑆𝑆𝑠𝑆𝑆𝑠

𝑁𝑠

𝑆

 

 

Inorganic Particles (3 sizes, SS1, SS2 and SS3, 1, 3 and 10 µm diameter respectively, g m-3) 

𝜕𝑆𝑆𝑠
𝜕𝑡

=
𝑣𝑠
∆𝑧
𝑆𝑆𝑠⏟  

𝑠𝑒𝑡𝑡𝑙𝑖𝑛𝑔

+ 𝛼𝑆𝑠
𝜏 − 𝜏𝐶𝑠
𝜏𝑟𝑒𝑓

𝑆𝑆𝑠−𝑠𝑒𝑑
𝐾𝑆𝑆𝑠 + 𝑆𝑆𝑠−𝑠𝑒𝑑

1

Δ𝑧𝑏𝑜𝑡⏟                    
𝑟𝑒𝑠𝑢𝑠𝑝𝑒𝑛𝑠𝑖𝑜𝑛

 

 

Dissolved Oxygen (DO, g O m-3) 

𝜕𝐷𝑂

𝜕𝑡
= 𝑓𝑂2

𝐴𝑇𝑀(𝐷𝑂)⏟      
𝑎𝑡𝑚𝑜𝑠𝑝ℎ𝑒𝑟𝑖𝑐 𝑓𝑙𝑢𝑥

+ [𝑓𝐶𝑂2
𝐵𝑈𝑃(𝐴, 𝐷𝐼𝐶) − 𝑓𝐶𝑂2

𝐵𝑅𝐸(𝐴)]𝑌𝑂2:𝐶⏟                    
𝑎𝑙𝑔𝑎𝑙 𝑝ℎ𝑜𝑡𝑜𝑠𝑦𝑛𝑡ℎ𝑒𝑠𝑖𝑠 & 𝑟𝑒𝑠𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛

− 𝜇𝑁𝐼𝑇𝑓𝑁𝐼𝑇
𝑇2 (𝑇)𝑓𝑁𝐼𝑇

𝐷𝑂1(𝐷𝑂)𝑁𝐻4𝑌𝑂2:𝑁⏟                    
𝑛𝑖𝑡𝑟𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛

− 𝑘𝑆𝑂𝐷𝑓𝑆𝑂𝐷
𝑇2 (𝑇)𝑓𝑆𝑂𝐷

𝐷𝑂1(𝐷𝑂)
1

∆𝑧𝑏𝑜𝑡⏟                  
𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑜𝑥𝑦𝑔𝑒𝑛 𝑑𝑒𝑚𝑎𝑛𝑑

 

 

Phytoplankton (Ai, g Chl a m-3; i = 1 to 5 and denotes group) 

𝜕𝐴𝑖
𝜕𝑡

= 𝜇𝑖(𝐴𝑖)⏟  
𝑝ℎ𝑜𝑡𝑜𝑠𝑦𝑛𝑡ℎ𝑒𝑠𝑖𝑠

− 𝑅𝑖(𝐴𝑖)⏟  
𝑟𝑒𝑠𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛

− 𝐸𝑖(𝐴𝑖) − 𝑀𝑖(𝐴𝑖)⏟          
𝑒𝑥𝑐𝑒𝑡𝑖𝑜𝑛 & 𝑚𝑜𝑟𝑡𝑎𝑙𝑖𝑡𝑦

− 𝑓𝐴𝑖
𝑆𝐸𝑇(𝐴𝑖)⏟      
𝑠𝑒𝑡𝑡𝑙𝑖𝑛𝑔

+ 𝑓𝐴𝑖
𝑆𝐸𝑇(𝜏, 𝐴𝑖)⏟      

𝑟𝑒𝑠𝑢𝑠𝑝𝑒𝑛𝑠𝑖𝑜𝑛

 

 

Carbon (inorganic, DIC; dissolved organic, DOC; detritus, POC; algal internal, ICi; g C m-3) 

𝜕𝐷𝐼𝐶

𝜕𝑡
= 𝑓𝑝𝐶𝑂2

𝐴𝑇𝑀(𝑝𝐶𝑂2)⏟        
𝑎𝑡𝑚𝑜𝑠𝑝ℎ𝑒𝑟𝑖𝑐 𝑓𝑙𝑢𝑥

+ 𝑓𝐶𝑂2
𝐵𝑅𝐸(𝐴)⏟    

𝑟𝑒𝑠𝑝𝑖𝑟𝑎𝑡𝑖𝑜𝑛

− 𝑓𝐶𝑂2
𝐵𝑈𝑃(𝐴, 𝐶𝑂2)⏟        
𝑝ℎ𝑜𝑡𝑜𝑠𝑦𝑛𝑡ℎ𝑒𝑠𝑖𝑠

+ 𝑓𝐷𝐼𝐶
𝐷𝑆𝐹(𝑇, 𝐷𝑂)⏟        
𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑓𝑙𝑢𝑥

 

 

Phosphorus (phosphate, FRP; dissolved organic, DOP; detritus, POP; algal internal, IPi; g P m-3) 

𝜕𝐹𝑅𝑃

𝜕𝑡
= 𝑓𝐷𝑂𝑃

𝐷𝐸𝐶(𝑇, 𝐷𝑂, 𝐷𝑂𝑃)⏟            
𝑚𝑖𝑛𝑒𝑟𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛

− 𝑓𝐹𝑅𝑃
𝐵𝑈𝑃(𝐴, 𝐹𝑅𝑃)⏟        
𝑎𝑙𝑔𝑎𝑙 𝑢𝑝𝑡𝑎𝑘𝑒

+ 𝑓𝐹𝑅𝑃
𝐷𝑆𝐹(𝑇, 𝐷𝑂)⏟        
𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑓𝑙𝑢𝑥

 

 

Nitrogen (Ammonium, NH4; nitrate, NO3; dissolved organic, DON; detritus, PON; algal internal, AN; g 

N m-3) 
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𝜕𝑁𝐻4
𝜕𝑡

= 𝑓𝐷𝑂𝑁
𝐷𝐸𝐶(𝑇, 𝐷𝑂, 𝐷𝑂𝑁)⏟            
𝑚𝑖𝑛𝑒𝑟𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛

− 𝑓𝑁𝐻4
𝐵𝑈𝑃(𝐴, 𝑁𝐻4)⏟        
𝑎𝑙𝑔𝑎𝑙 𝑢𝑝𝑡𝑎𝑘𝑒

+ 𝑓𝑁𝐻4
𝐷𝑆𝐹(𝑇, 𝐷𝑂)⏟        
𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑓𝑙𝑢𝑥

− 𝜇𝑁𝐼𝑇𝑓𝑁𝐼𝑇
𝑇2 (𝑇)𝑓𝑁𝐼𝑇

𝐷𝑂1(𝐷𝑂)𝑁𝐻4⏟                
𝑛𝑖𝑡𝑟𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛

 

𝜕𝑁𝑂3
𝜕𝑡

= −𝑓𝑁𝑂3
𝐵𝑈𝑃(𝐴, 𝑁𝑂3)⏟        
𝑎𝑙𝑔𝑎𝑙 𝑢𝑝𝑡𝑎𝑘𝑒

+ 𝑓𝑁𝑂3
𝐷𝑆𝐹(𝑇, 𝐷𝑂)⏟        
𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑓𝑙𝑢𝑥

+ 𝜇𝑁𝐼𝑇𝑓𝑁𝐼𝑇
𝑇2 (𝑇)𝑓𝑁𝐼𝑇

𝐷𝑂1(𝐷𝑂)𝑁𝐻4⏟                
𝑛𝑖𝑡𝑟𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛

− 𝜇𝐷𝐸𝑁𝑓𝐷𝐸𝑁
𝑇2 (𝑇)𝑓𝐷𝐸𝑁

𝐷𝑂2(𝐷𝑂)𝑁𝑂3⏟                  
𝑑𝑒𝑛𝑖𝑡𝑟𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛

 

 

Silicon (Algal, ASi; soluble reactive, RSi; g Si m-3): 

𝜕𝑅𝑆𝑖

𝜕𝑡
= 𝑓𝑅𝑆𝑖

𝐵𝑈𝑃(𝐴, 𝑅𝑆𝑖)⏟        
𝑎𝑙𝑔𝑎𝑙 𝑢𝑝𝑡𝑎𝑘𝑒

+ 𝑓𝑅𝑆𝑖
𝐷𝑆𝐹(𝑇, 𝐷𝑂)⏟        

𝑑𝑖𝑠𝑠𝑜𝑙𝑣𝑒𝑑 𝑠𝑒𝑑𝑖𝑚𝑒𝑛𝑡 𝑓𝑙𝑢𝑥

 

 

 

Table C2 Algal processes in AEM3D- iWQ (Leon et al., 2011). 

Algal growth rate: 

𝜇𝑖 = 𝜇𝑚𝑎𝑥𝑖(𝑇)min [𝑓𝑖(𝐼), 𝑓𝑖(𝑃), 𝑓𝑖(𝑁), 𝑓𝑖(𝑆𝑖), 𝑓𝑖(𝐶)]𝑓𝑖
𝑇1 

 

N and P limitation functions: 

𝑓𝑖(𝑋) =
𝐼𝑋𝑖

𝐼𝑋max 𝑖 − 𝐼𝑋min 𝑖
(1 −

𝐼𝑋min 𝑖
𝐼𝑋𝑖

) 

 

Silica limitation functions: 

𝑓𝑖(𝑆𝑖) =
𝑅𝑆𝑖

𝑅𝑆𝑖 + 𝐾𝑆𝑖𝑖
 

 

Light limitation function: 

𝑓𝑖(𝐼) = 1 − 𝑒
(
𝐼
𝐼𝑘
)
 

 

Phosphorus uptake: 

𝑈𝐹𝑅𝑃(𝐴𝑖) = 𝑈𝑃𝑀𝐴𝑋𝑖𝑓𝐴𝑖
𝑇1(𝑇)[

𝐼𝑃𝑀𝐴𝑋𝑖 − 𝐼𝑃𝑖

𝐼𝑃𝑀𝐴𝑋𝑖 − 𝐼𝑃𝑀𝐼𝑁𝑖

𝐹𝑅𝑃

𝐹𝑅𝑃 + 𝐾𝑃𝑖
]𝐴𝑖 

 

NH4 uptake: 

𝑈𝑁𝐻4(𝐴𝑖) = 𝑃𝑁𝑖𝑈𝑁𝑀𝐴𝑋𝑖𝑓𝐴𝑖
𝑇1(𝑇)[

𝐼𝑁𝑀𝐴𝑋𝑖 − 𝐼𝑁𝑖

𝐼𝑁𝑀𝐴𝑋𝑖 − 𝐼𝑁𝑀𝐼𝑁𝑖

𝑁𝐻4 + 𝑁𝑂3
𝑁𝐻4 + 𝑁𝑂3 + 𝐾𝑁𝑖

]𝐴𝑖 

 

NO3 uptake: 

𝑈𝑁𝑂3(𝐴𝑖) = (1 − 𝑃𝑁𝑖)𝑈𝑁𝑀𝐴𝑋𝑖𝑓𝐴𝑖
𝑇1(𝑇)[

𝐼𝑁𝑀𝐴𝑋𝑖 − 𝐼𝑁𝑖

𝐼𝑁𝑀𝐴𝑋𝑖 − 𝐼𝑁𝑀𝐼𝑁𝑖

𝑁𝐻4 + 𝑁𝑂3
𝑁𝐻4 + 𝑁𝑂3 + 𝐾𝑁𝑖

]𝐴𝑖 
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Ammonium Preference: 

𝑃𝑁𝑖 = [
𝑁𝐻4 ∙ 𝑁𝑂3

(𝑁𝐻4 + 𝐾𝑁𝑖)(𝑁𝑂3 + 𝐾𝑁𝑖)
][

𝑁𝐻4 ∙ 𝐾𝑁𝑖
(𝑁𝐻4 + 𝑁𝑂3)(𝑁𝑂3 + 𝐾𝑁𝑖)

] 

 

Algal losses (respiration, excretion, mortality): 

𝑅𝑖 = 𝑘𝑅𝑖𝜗𝑅𝑖
𝑇−20 

 

Intracellular N and P: 

𝜕𝐼𝑋𝑖
𝜕𝑡

=
𝑈𝑋𝑖 − 𝑅𝑖(1 − 𝑓𝑟𝑒𝑠𝑝)𝐼𝑋𝑖𝐴𝑖

𝐴𝑖
− 𝑓𝐴𝑖

𝑆𝐸𝑇(𝐴𝑖)𝐼𝑋𝑖 + 𝑓𝐴𝑖
𝑅𝐸𝑆(𝜏, 𝐴𝑖)𝐼𝑋𝑖 

 

Temperature dependence: 

𝑓𝑖
𝑇1(𝑇) = 𝜗𝑖

𝑇−20 + 𝜗
𝑖

𝐶1𝑗(𝑇−𝐶2𝑗)
+ 𝐶3𝑖 

where C1, C2 and C3 are constants 

 

Settling: 

𝑓𝑖
𝑆𝐸𝑇 =

𝑉𝑆𝑖
∆𝑧

 

 

Resuspension: 

𝑓𝑖
𝑅𝐸𝑆(𝜏, 𝑖) = 𝛼𝑖(

𝜏 − 𝜏𝑐𝑖
𝜏𝑟𝑒𝑓

)(
𝑗𝑆𝐸𝐷

𝐾𝑇𝑖 + 𝑗
𝑆𝐸𝐷
)
1

Δ𝑧𝑏𝑜𝑡
 

 

 

Table C3 Summary of Boundary conditions. 

Flow Name Parameter Source Frequency 

 

 

 

 

 

Inflow 

Detroit 

River 

Flow rate and water temperature  

Great Lakes Research 

(NOAA) or Water Survey of 

Canada (Environment 

Canada) 

Daily 

Two inorganic suspended solids size 

classes, PO4, POP, DOP, PIP, NO3, NH4, 

DON, PON, DOC, POC, and RSi 

 

Monthly 

Maumee 

River 

 

 

 

Flow rate, water temperature, two inorganic 

suspended solids size classes, PO4, POP, 

Heidelberg College Water 

Quality Laboratory 

 

 

 

 

Daily 

 

Sandusky 

River 

Heidelberg College Water 

Quality Laboratory 

Grand 

River 

Great Lakes Research 

(NOAA) or Water Survey of 
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DOP, PIP, NO3, NH4, DON, PON, DOC, 

POC, and RSi 

Canada (Environment 

Canada) 

Cuyahoga 

River 

Heidelberg College Water 

Quality Laboratory 

Outflow Niagara 

River 

Flow rate and water temperature Great Lakes Research 

(NOAA) or Water Survey of 

Canada (Environment 

Canada) 

 

Table C4 The initializations of chemical and biological parameters on 10 April 2008 for short-term 

simulation (2008-09) (Leon et al., 2011). 

Basin Station Depth 

(m) 

PO4 

(mgP m-3) 

POP 

(mgP m-3) 

NH4 

(mgN m-3) 

NO3 

(mgN m-3) 

SiO2 

(mgSi m-3) 

CHLOR 

(ug L-1) 

L. DIAT 

(ug L-1) 

CYANO 

(ug L-1) 

CRYPT 

(ug L-1) 

E. DIAT 

(ug L-1) 

East ER09 0, 5, 10, 20, 30, 40 5.56 0.00 14.46 241.00 425.00 0.02 0.08 0.02 0.11 0.56 

ER10 0, 5, 10, 20, 30 4.27 0.55 14.03 233.75 366.00 0.07 0.24 0.07 0.33 1.66 

ER15 0, 5, 10, 20, 30, 40, 50, 60 4.82 0.00 14.48 241.25 376.10 0.06 0.21 0.06 0.29 1.43 

ER63 0, 5, 10, 20, 30, 40 3.99 0.79 14.18 236.25 359.00 0.05 0.17 0.05 0.24 1.21 

Central ER30 0, 5, 10, 20 0.79 0.00 8.28 138.00 3.60 0.25 0.83 0.25 1.16 5.82 

ER31 0, 5, 10, 20 0.82 0.00 8.12 135.33 21.70 0.32 1.08 0.32 1.51 7.53 

ER32 0, 5, 10, 20 2.05 1.52 14.50 241.67 13.70 0.42 1.40 0.42 1.96 9.79 

ER36 0, 5, 10, 20 2.61 1.98 12.04 200.67 91.30 0.43 1.44 0.43 2.02 10.10 

ER37 0, 5, 12, 23 3.58 2.07 9.88 164.67 270.30 0.33 1.11 0.33 1.55 7.75 

ER38 0, 5, 10, 20 1.38 1.33 8.84 147.33 10.30 0.06 0.20 0.06 0.28 1.41 

ER42 0, 5, 10, 20 1.55 1.61 8.38 139.67 21.70 0.31 1.03 0.31 1.44 7.19 

ER43 0, 5, 10, 20 2.00 1.21 16.38 273.00 9.40 0.45 1.51 0.45 2.12 10.58 

ER73 0, 5, 10, 20 3.74 1.75 10.12 168.67 262.70 0.38 1.27 0.38 1.78 8.91 

ER78 0, 5, 10, 20 2.73 2.57 8.87 147.75 129.30 0.21 0.71 0.21 0.99 4.95 

West ER58 0, 3, 5 25.45 13.64 88.46 1474.33 1587.70 0.07 0.25 0.07 0.34 1.72 

ER59 0, 3, 5 4.10 2.78 41.40 690.00 908.00 0.11 0.35 0.11 0.49 2.47 

ER60 0, 3, 5 2.31 4.20 32.94 549.00 854.70 0.07 0.23 0.07 0.32 1.58 

ER61 0, 5, 7 3.63 7.08 51.28 854.67 938.70 0.13 0.44 0.13 0.62 3.10 

ER91 0, 5, 9 1.96 2.17 45.28 754.67 609.30 0.16 0.55 0.16 0.76 3.81 

ER92 0, 5, 8 1.24 1.09 28.02 467.00 7.60 0.31 1.03 0.31 1.44 7.20 

 

Table C5 The initializations of chemical and biological parameters on 11 April 2002 for long-term 

simulation (2002-14) (Leon et al., 2011). 

Basin Station Depth 

(m) 

PO4 

(mgP m-3) 

POP 

(mgP m-3) 

NH4 

(mgN m-3) 

NO3 

(mgN m-3) 

SiO2 

(mgSi m-3) 

CHLOR 

(ug L-1) 

L. DIAT 

(ug L-1) 

CYANO 

(ug L-1) 

CRYPT 

(ug L-1) 

E. DIAT 

(ug L-1) 

East 879 0, 5,10, 20, 30, 40, 60 8.30 1.78 22 300 870 0.00 0.01 0.00 0.01 0.07 

886 0, 5,10, 20, 40 8.54 1.83 16 284 870 0.01 0.03 0.01 0.04 0.22 

934 0, 5,10, 15, 30 8.09 1.73 19 305 960 0.01 0.07 0.01 0.10 0.50 

940 0, 5,10, 20, 40 8.86 1.90 19 307 940 0.00 0.01 0.00 0.01 0.07 

Central 945 0, 5,10, 20 9.59 2.06 16 197 820 0.01 0.03 0.01 0.04 0.22 

946 0, 5,10, 20 8.09 1.73 11 257 900 0.00 0.02 0.00 0.03 0.14 

949 0, 5,10, 20 10.92 2.34 19 221 890 0.00 0.01 0.00 0.01 0.07 

952 0, 5,10, 20 10.57 2.27 10 188 1200 0.01 0.04 0.01 0.06 0.29 

953 0, 5,10, 20 10.89 2.33 9 248 920 0.01 0.04 0.01 0.06 0.29 

954 0, 5,10, 20 12.08 2.59 8 225 1200 0.01 0.04 0.01 0.06 0.29 

961 0, 5,10, 20 8.58 1.84 2 100 570 0.04 0.22 0.04 0.31 1.58 

962 0, 5,10, 20 15.26 3.27 35 1080 2240 0.01 0.07 0.01 0.10 0.50 

West 965 0, 5,10 14.35 3.08 31 1110 2120 0.02 0.08 0.02 0.11 0.58 

966 0, 5,10 5.10 7.90 50 906 1630 0.05 0.15 0.05 0.21 1.05 

968 0, 5,10 6.00 9.40 38 1066 1790 0.04 0.12 0.04 0.17 0.84 

969 0, 5,10 6.90 10.90 90 1720 2300 0.01 0.04 0.01 0.06 0.28 

970 0, 5,10 5.10 7.90 13 906 1090 0.03 0.09 0.03 0.13 0.63 

971 0, 5,10 5.10 7.90 10 906 1700 0.01 0.04 0.01 0.06 0.28 

973 0, 5,10 7.80 12.50 90 1390 2600 0.02 0.08 0.02 0.11 0.56 

974 0, 5,10 5.10 7.90 90 906 1440 0.02 0.08 0.02 0.11 0.56 
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Table C6 Adjusted parameter values for phytoplankton groups in AEM3D- iWQ.  

Paramete

r 

CYANO CHLOR CRYPTO E.DIAT L.DIAT 

Startin

g value 

Final 

valu

e 

Adjuste

d range 

Startin

g value 

Final 

valu

e 

Adjuste

d range 

Startin

g value 

Final 

valu

e 

Adjuste

d range 

Startin

g value 

Final 

valu

e 

Adjuste

d range 

Startin

g value 

Final 

valu

e 

Adjuste

d range 

YC:Chla 50 50 -- 40 40 -- 180 180 -- 50 50 -- 50 50 -- 

𝜇𝑖 0.8 1.7 0.8 – 2.0 0.8 0.8 -- 1.0 1.0 -- 1.7 1.5 1.5 - 1.7 1.9 1.0 1.0 - 1.9 

𝜗  1.09 1.09 -- 1.06 1.06 -- 1.06 1.06 -- 1.048 1.04

8 

-- 1.075 1.07

5 

-- 

𝑅𝑖 0.17 0.17 -- 0.11 0.11 -- 0.20 0.16 0.16 – 

0.20 

0.13 0.13 -- 0.15 0.15 -- 

𝜗𝑅𝑖 1.06 1.06 -- 1.08 1.08 -- 1.08 1.08 -- 1.09 1.09 -- 1.035 1.03

5 

-- 

fdom 0.7 0.7 -- 0.2 0.2 -- 0.4 0.4 -- 0.4 0.4 -- 0.4 0.4 -- 

fresp 0.5 0.5 -- 0.2 0.2 -- 0.2 0.2 -- 0.3 0.3 -- 0.3 0.3 -- 

UPMAX 1.0 1.0 -- 0.2 2.0 0.2 – 2.0 0.7 0.2 0.2 – 0.7 0.4 0.08 0.08 – 

0.4 

1.0 0.1 0.1 – 1.0 

KP 0.009 0.00

9 

-- 0.003 0.00

3 

-- 0.003 0.00

3 

-- 0.009 0.00

9 

-- 0.006 0.00

6 

-- 

IPMAX 1.0 1.0 -- 2.0 2.0 -- 1.0 1.0 -- 1.8 1.8 -- 1.3 1.3 -- 

IPMIN 0.1 0.1 -- 0.3 0.3 -- 0.1 0.1 -- 0.18 0.18 -- 0.13 0.13 -- 

UNMAX 1.5 1.5 -- 1.5 1.5 -- 1.5 1.5 -- 1.5 1.5 -- 1.5 1.5 -- 

KN 0.045 0.04

5 

-- 0.06 0.06 -- 0.045 0.04

5 

-- 0.045 0.04

5 

-- 0.045 0.04

5 

-- 

INMAX 4.0 4.0 -- 9.0 9.0 -- 4.0 4.0 -- 4.0 4.0 -- 4.0 4.0 -- 

INMIN 2.0 2.0 -- 3.0 3.0 -- 2.0 2.0 -- 2.0 2.0 -- 2.0 2.0 -- 

Ik 130 130 -- 100 100 -- 40 40 -- 60 60 -- 60 60 -- 

ηA 0.02 0.02 -- 0.014 0.01

4 

-- 0.014 0.01

4 

-- 0.02 0.02 -- 0.02 0.02 -- 

𝑇𝑆𝑇𝐷  

 

24 24 -- 24 24 -- 19 19 -- 7.0 7.0 -- 19.0 19.0 -- 

𝑇𝑂𝑃𝑇  

 

30.0 30.0 -- 29.0 29.0 -- 21.0 24.0 21 - 24 9.8 9.8 -- 23.0 23.0 -- 

𝑇𝑀𝐴𝑋 

 

39.0 39.0 -- 35.0 35.0 -- 27.5 31 27.5 – 

31.5 

18.5 18.5 -- 31.0 31.0 -- 

Note:  

i = 1 to 5 represent the phytoplankton group  

YC:Chla --- Ratio of C to Chl-a (mg C (mg Chl-a)-1) 

𝜇𝑖--- Maximum growth rates of algae (d-1) 

𝜗--- Temperature multiplier for growth (-) 

𝑅𝑖--- Algal respiration, mortality, and excretion (d-1) 

𝜗𝑅𝑖--- Temperature multiplier for respiration (-) 

fdom--- Fraction of mortality & excretion that is DOM (remainder is POM) 
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fresp--- Fraction of algal losses that is respiration (remainder is mortality and excretion) 

UPMAX--- Maximum phosphorus uptake rate (mg P (mg Chl-a)-1 d-1) 

KP--- Half saturation constant for phosphorus uptake (mg P L-1) 

IPMAX--- Maximum internal phosphorus concentration (mg P (mg Chl-a)-1) 

IPMIN--- Minimum internal phosphorus concentration (mg P (mg Ch-la)-1) 

UNMAX--- Maximum nitrogen uptake rate (mg N (mg Chl-a)-1 d-1) 

KN--- Half saturation constant for nitrogen uptake (mg N L-1) 

INMAX--- Maximum internal nitrogen concentration (mg N (mg Chl-a)-1) 

INMIN--- Minimum internal nitrogen concentration (mg N (mg Chl-a)-1) 

Ik--- Onset of light saturation of photosynthesis (μE m-2 s -1) 

ηA--- Algal effect on the extinction coefficient ((g Chl-a m-3)-1 m-1) 

𝑇𝑆𝑇𝐷--- Standard temperature for algal growth (°C) where fT1 = 1.0 

𝑇𝑂𝑃𝑇--- Optimum temperature for algal growth (°C) where fT1 = maximum 

𝑇𝑀𝐴𝑋--- Maximum temperature for algal growth (°C) where fT1 = 0 
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Appendix D Water temperature comparison for AEM3D-iWQ 

 

 

 



 

 

110 

 

 

 

Figure D1 The observed and modelled water temperature profiles at stations 1227, 1228, 1231, 

341, central basin in 2008 for calibration.  
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Figure D2 The observed and modelled water temperature profiles at stations 1227, 1228, 1231, 

and 84, central basin in 2009 for validation.  
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Figure D3 The observed and modelled water temperature profiles at station 452, eastern basin in 

2009 for validation.  

 

Figure D4 The observed andmodelled water temperature profiles at station 357, western basin in 

2009 for validation.  
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Appendix E Nutrients and Chl-a comparison for AEM3D-iWQ 
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Figure E1 PO4, TP, and Chl-a profiles at stations 1227, 1228, 1229, 1230, and 1231, central basin 

in 2008 for calibration. 
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Figure E2 NH4, PO4, PP, TP, and Chl-a profiles at stations across western (357), central (1227, 

1228, 1231, and 84), and eastern (452) basins in 2009 for validation. 
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Appendix F Seasonal phytoplankton succession comparison for 

AEM3D-iWQ 

 

Figure F1 Integrated observations, based on Elgaboury (2017) (circles) and Reavie et al. (2016) 

(squares) conversion methods, and vertically-averaged simulations of seasonal phytoplankton 

succession (expressed as Chl-a) from April 2008 to August 2009 at Sta. ER58 (a), ER60 (b), ER91 

(c), and ER92 (d) in the western basin. 
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Appendix G Long-term nutrient and phytoplankton groups comparison 

for AEM3D-iWQ 

 

 

Figure G1 Comparisons between vertical-average simulations and integrated observations from 

GLENDA for NO3 at Sta. ER58 (a), ER59 (b), ER60 (c), ER61 (d), ER91 (e), and ER92 (f) from 

2002 to 2014, unit: µg L-1. 

 

Figure G2 Comparisons between vertical-average simulations and integrated observations from 

GLENDA for E.DIAT at Sta. ER58 (a), ER59 (b), ER60 (c), ER61 (d), ER91 (e), and ER92 (f) 

from 2002 to 2014, unit: µg L-1. 
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Figure G3 Comparisons between vertical-average simulations and integrated observations from 

GLENDA for L.DIAT at Sta. ER58 (a), ER59 (b), ER60 (c), ER61 (d), ER91 (e), and ER92 (f) 

from 2002 to 2014, unit: µg L-1. 

 

Figure G4 Comparisons between vertical-average simulations and integrated observations from 

GLENDA for CRYPT at Sta. ER58 (a), ER59 (b), ER60 (c), ER61 (d), ER91 (e), and ER92 (f) 

from 2002 to 2014, unit: µg L-1. 
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Figure G5 Comparisons between vertical-average simulations and integrated observations from 

GLENDA for CHLOR at Sta. ER58 (a), ER59 (b), ER60 (c), ER61 (d), ER91 (e), and ER92 (f) 

from 2002 to 2014, unit: µg L-1. 


