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Abstract: Lake Minnetonka (44◦54N; 93◦41W; MN, USA) has been a major regional water resource 
since 1800s.  Its hotels and resorts were replaced by large homes and estates by 1860s and its 175km 
shoreline well developed by 1930s.  The lake has a complex morphometry with 26 bays and coves that has 
created a varying water quality regions and bottom sediment types.  The lake and its catchment have been 
well studied; however, a lake water quality model had been lacking due to the lake’s complex morphology.  
The goals of this project, Lake Minnetonka 3D water quality modeling, were to apply a model robust enough 
to capture the system’s large water quality heterogeneity, conduct sensitivity analysis to increase confidence 
in the model results, and provide engineering application of the model to aid in management of the lake.  We 
have successfully applied a coupled 3D hydrodynamic (ELCOM) and ecological (CAEDYM) model to a 
number of bays of Lake Minnetonka, including: 
 
• parameter calibration and model confirmation (validation), 
• model simulations and the insights gained about the biogeochemical processes,  
• the sensitivity and uncertainty analyses by two methods and the model parameter ranking, and  
• examples of ecological application of the model in Lake Minnetonka. 

 
The results reflect a lake system with significant spatial and temporal water quality changes that requires the 
use of a 3D model.  Spatial and temporal dynamics were well simulated and model output results of water 
temperature (T), dissolved oxygen (DO), total phosphorus (TP) and one group of algae (Cyanobacteria) as 
represented as chlorophyll a (Chla) compared well with an extensive field data in the bays under two very 
meteorologically different growing seasons.  The model was able to capture water quality variations 
including significant sudden (days) water quality changes caused by stream inflow events that would not 
have been otherwise detected by typical summer monitoring.  Model simulations indicate that total 
phosphorus variations in deeper water columns were more likely the consequences of physical perturbations 
caused by storm events flows.  The model captured the heterogeneity of the lake and showed that the use of 
3D model along with an accurate bathymetry, and a systematic calibration and confirmation process can help 
to analyze the hydrodynamics of a morphologically complex lake. 

Much effort was made in setting up and configuring the model, carrying out calibration, and confirmation.  
Two sensitivity and uncertainty methods were used to improve understanding of the model, identify 
influential model parameters, explore spatial and temporal variabilities of model prediction, and to rank 40 of 
the model parameters.  70% of model output uncertainty was explained by 7 parameters or less.  T, DO, TP, 
and Chla model outputs contributed 3, 13, 26, and 58% to total model variance respectively.  Results 
identified the need for a better understanding of biological model parameters and the need to include bacteria 
and zooplankton simulations in future work.  The spatial and temporal variations of model outputs were 
found to be sensitive to the hydrodynamics of physical perturbations such as those caused by stream inflows 
generated from storm events.  3D sensitivity-uncertainty analyses must include periods of physical 
perturbations.  

The model has been used to examine and compare the coolwater fish habitat analysis in 3D and under a 
scenario where spatial heterogeneity has been eliminated by horizontally averaging T and DO.  The model is 
currently used to investigate the relationship between climate change, shoreline plant survival, lake 
hydrodynamics, lake water level changes, sediment nutrient flux, and water quality. 
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Figure 1.  Map of Lake Minnetonka and the study 
area (circled), showing the water quality 
heterogeneity of the lake by the ten year (1999-
2009) average quality indicators (pie charts: white is 
clear and gray is poor water quality. 

1. INTRODUCTION  

Water quality models are essential tools that enable the water resource managers to study and extend 
understanding of physical, chemical, and biological processes of the ecological systems (Li and Wu, 2006; 
Gal et al, 2009).  These models give meaning to our observations, enhance the interpretation of available data 
and allow evaluation of potential impacts of various proposed alternatives (Louks and Beek, 2005).  Water 
quality models are increasingly playing a larger role in water resources management (Erturk, 2010) and are 
becoming the cornerstone of water resources planning.  The results of such models are commonly integrated 
into a decision support system to meet regulatory requirements (Lung, 2001; Romero et al., 2006; Trolle et 
al., 2008), form environmental policies, and create consensus in water resources management. 

Along with the traditional anthropogenic impacts, the new water resources management paradigm also 
includes both the climate change and the social economical factors in its evaluation of water resources.  This 
new approach of water resources management or paradigm has created a need for an adaptive, flexible, and 
integrated water resources management (Pahl-Wostl et al., 2011) which requires a vast amount and diverse 
set of data (Argent and Houghto, 2001).  Any water resources management scheme must also adjust 
simultaneously to these various factors or drivers of ecosystem in temporal and spatial scales that are useful 
to resource managers (Power et al., 2005).  Models can be used to synthesize and integrate the information 
needed (Milly et al., 2008).   

Additionally, the interaction and interactive feedbacks among the drivers of ecosystem is increased in 
morphologically complex lake systems where water quality is subjected to greater temporal and spatial 
variabilities.  The increased water quality heterogeneity requires an accurate three-dimensional (3D) 
representation of physical, chemical, and biological processes.  3D models can also provide resolutions that 
capture individual morphological features such as bays and intra-lake circulations in of lakes with complex 
morphometry (Hodges et al., 2000).  Aquatic systems reflect the effect of 3D hydrodynamics and ecological 
processes and therefore a 3D model is needed to capture these interactions.   

Numerous 3D water quality models have been developed (Gaber, 2009) and applied (Hodges et al., 2000; 
Chen et al., 2002; Komatsu et al., 2006; Leon et al., 2011) throughout the world, many of them for the first 
time.  To integrate the model results into a decision process, models need to be calibrated, confirmed 
(validated), and supported by sensitivity and uncertainty analyses (Arhonditsis and Brett, 2004; Saltelli et al., 
2006; Salacinska et al., 2009).  Climate change, in particular, has increased uncertainty in water resources 
management by altering the frame of references (boundary conditions) used to evaluate and manage risks to 
the water resources (Milly et al., 2008). 

A series of recent research investigations has led to a successful application of a coupled 3D hydrodynamic 
and ecological model to number of bays of a morphologically complex lake.  The investigations have 
included:  parameter calibration and confirmation, model simulations, sensitivity, and uncertainty analyses by 
two methods, ranking of model parameters, and two examples of ecological applications of the model.  

2. THE STUDY AREA   

Lake Minnetonka (60 km2; 44◦54’ N; 93◦41’ W) has 
23 bays, 200 km of shoreline, 24 km2 of littoral area, 
and a maximum depth of 34 m (MNDNR, 2007).  
The lake’s watershed (319 km2) has an average 
precipitation rate of 750 mm delivering 10.8 tons 
(2006) of total phosphorus (TP) into the lake through 
five creeks (MCWD, 2008).  The lake water quality 
heterogeneity lake is evident by the ten year (1999-
2009) averages of water quality grades (Fig. 1). 

3. THE 3D WATER QULITY MODELING  

3.1. Model Description Setup and Configuration 

The 3D hydrodynamic Estuary and Lake Computer 
Model (ELCOM) coupled with the ecological 
Computational Aquatic Ecosystem Dynamics Model 
(CAEDYM) are developed and maintained by the 
Centre for Water Research of the University of Western Australia.  Model overviews are well described by 
Gal et al. (2009) and Leon et al. (2011).  The model was configured to model T, velocities, TP, total nitrogen 
(TN), pH, dissolved oxygen (DO), organic carbon, and one algal group (Cyanobacteria).  The study area 
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(8.01km2) was discretized into 200m 
surface grids with uniform 0.5m vertical 
grids with a model simulation time step of 
120 s.  Calibration and confirmation 
periods were 205 days (Mar. 29-Oct. 20, 
2000) and 168 days (Apr. 25-Oct. 10, 
2005) respectively.  Figure 2, illustrates a 
simplified conceptual diagram of the major 
processes modeled and configured. 

3.2. Model Parameter Estimation, 
Calibration, and Confirmation 

Published values of eighty model 
parameters along with their minimum, 
maximum, mean (reasonable values), 
number of samples (n), and standard 
deviation (σ) were compiled.  The 
weighted square sum (WSS) parameter 
estimation procedure, described by Omlin 
et al. (2001), was used to assign an optimal (best fit) estimate of the model parameters: 

(ߠ)ܹܵܵ = 	∑ ∑ ∑ ൭௬ೌೞ.ೖ,			୨,			୧	–	௬ೖ൬௧ೕ,			ೖ ,			ఏ൰ఙೌೞ.ೖೖୀଵ௧ୀଵ୷ୀଵ ൱ଶ	 	 	 (1)		
where the index ݅ represents the spatial 
(vertical) locations from 1 to the total number ൫ܼ௬ೖ൯	of depth field sampling locations for 
model predicted variables (ݕ)where ݇ 
represents T, DO, TP, and Chla model outputs.  
Index ݆ is time (ݐ) from 1 to the total number of 
dates (ݐ) where measured profiles were used.  
Model predicted variables calculated with the 
parameter value (ߠ) are represented by ݕ(ܼ௬ೖ , ,ݐ  and corresponds to the same (ߠ

location and time of the measured data 
,௦.ݕ) j, i	). 
The calibration process proved to be an iterative 
process that provides a great depth of 
understanding of the system (Hipsey et al., 
2006).  Coefficient of determination (R2) of 
measured and simulated data (T, DO, TP, and 
Chla) were used to measure the model goodness 
of fit (Fig. 3).  Not all of a system’s ecological 
nuances could be captured by a quantitative 
calibration.  Therefore, much insight was gained 
by examining and evaluating the profiles of 
each model output against meteorological data 
and stream inflows into the lake.  The profiles 
were qualitatively examined for patterns and 
times of maximum and minimum which is 
valuable in evaluating the simulated algal 
growth (Bruce et al., 2006; Hipsey et al., 2006).  

3.3. Results and Discussion 

Review of the measured stream flows revealed 
inaccuracies that were corrected to better reflect 
the actual field conditions and precipitation 

 Figure 2.  A conceptual diagram of major processes 
simulated in the coupled ELCOM-CAEDYM model. 
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 Figure 3.  Comparison of measured data from 3 bays of 
West Upper Bay (WU), Cooks Bay (CB) and Halsted 
Bay (HB)) of Lake Minnetonka with the modeled (a) T, 
(b) DO, (c) TP, and (d) Chla and their respective R2 for 
the years 2000 (calibration) and 2005 (confirmation). 
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rates.  The calibration (2000) and confirmation (2005) periods were hydrologically distinct seasons and the 
model accurately simulated the lake water levels for both periods (mean difference = 0.05 m), reflecting a 
well balanced water budget. 

Temperature predictions were excellent (R2 =0.98).  DO profiles agreed well at all the three measuring 
locations (0.67–0.92) but missed gentle metalimnic oxygen peaks. TP (0.44–0.92) and Chla (0.3–0.48) 
agreed reasonably well (Fig. 3).  Measured and modeled TP values showed that the each bay has distinct 
localized TP concentrations making the selection of sediment phosphorus release rate model parameter 
(SmpPO4) a balance between capturing the short term TP variations in as many locations as possible, 
capturing the general TP seasonal variations, and keeping SmpPO4 within the known regional values.  
Modeling biological biomass concentrations (Chla) are inherently difficult because of their lateral patchiness, 
vertical distributions, temporal variations (blooming) and the still evolving understanding of algae biological 
dynamics (Hipsey et al., 2006; Reynolds, 2006). 

3.4. Sensitivity and Uncertainty Analysis 

Sensitivity and Uncertainty Analyses 
Sensitivity and uncertainty analyses quantify how sensitive the prediction variables (model outputs) are to 
changes in corresponding calibration parameters and how uncertain the model prediction is due to the 
variability of the calibration parameters (Melching and Bauwens, 2001; Cacuci, 2003; Arhonditsis and Brett, 
2004; Saltelli et al., 2006; Manache and Melching, 2008).  These analyses increase model reliability and can 
identify influential model parameters (Saltelli et al., 2000; Saloranta and Anderson, 2007; Zhang and 
Arhonditsis, 2009) and their results help to gain insight about the key processes of the system under study 
(Makler-Pick et al., 2011).   

Sensitivity and Uncertainty Methods 
Two different local sensitivity and uncertainty methods Mean Value First-Order Reliability (MFOR) and The 
Mean Square Root (MSQR) methods were used to evaluate 40 model parameters.  The MFOR method 
(Melching and Bauwens, 2001) estimates the variance of the model output (ߪ௬ೖଶ) as: 

(ݕ)	ݎܽݒ = ௬ೖଶߪ	 ≈ ∑ ቆቀడ(ఏഈ)డఏഈ ቁఏ ఐቇଶఐୀଵߪ                                      (2) 

Where model sensitivity, evaluated about the best fit values of model parameters (ߠ), is represented by డ(ఏഈ)డఏഈ  with g(∙) as the function representing the model prediction variables.  ߪ௬ೖ is the standard deviation of ݕ, and ߪఐ is that of model parameters ߠఐ (derived from literature values).   
The MSQR method (Omlin et al., 2001) allows a measure of sensitivity of ݕ	௦ as influenced by 	ߠఐ, by 
averaging the squares of the dimensionless error contributions of all corresponding model state and measured 
variables for all points in time and all sampling locations: 

(ߠ)ఏഈ௦ߜ = 	ඩ1݊൭σߠఐ
σݕ ఐߠ߲(ఐߠ)߲݃ ቀݐ, ܼ௬ೖ , ቁ൱ଶೖߠ

ୀଵ
௧

ୀଵ
௬

ୀଵ           (3) 

In both cases, the dimensionless 
fraction of variance (FOV) was used to 
evaluate the influence of each parameter 
 within each of the four model (ఐߠ)
outputs	(ݕ) of T, DO, TP, and Chla, 
and ranking the influence of model 
parameters on model predictions.  The 
MSQR method was also used to 
calculate the FOV contributed by each 
model output (ݕ) to the total model 
variance which was further confirmed 
by the sensitivity index ( ܵௗ௫)	 of 
parameters (Chen et al., 2002; Bruce et 
al., 2006).    Figure 4.  Model parameter ranking measured by the fraction 

of variance (FOV) contribution by each parameter.  
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Forty of the best fit model parameters were included in the sensitivity and uncertainty analyses using the two 
methods of MFOR and MSQR.  Their results agreed very well and the top influential model parameters were: 
the maximum mineralization of dissolved organic carbon to dissolved inorganic carbon (DOC1max), 
sediment phosphorus release rate model parameter (SmpPO4), minimum internal phosphorus concentration 
(IPmin), respiration mortality and excretion (kr), half saturation constant for phosphorus (KP), density of 
particulate organic matter particles (POMDensity), and temperature multiplier function for phytoplankton 
(θTb).  The three model parameters of IPmin, KP, and DOC1max explained 75% of model predicted T variance.  
DOC1max, KP, and POMDensity parameters contributed 65% of the variance observed in DO model output with 
DOC1max as the most prominent parameter.  SmpPO4 was the most influential model parameter in the TP 
output and along POMDensity, and DOC1max explained 85% of the variance of model predicted TP variable.   

The three model parameters—kr, DOC1max, and θTb—contributed 55% of the observed variance in the model 
predicted Chla variable.  The loss term kr had the greatest influence on Chla output, indicating the need for 
including zooplankton in simulations.  Algal growth depends on availability and rate of mineralization 
(DOC1max) and its magnitude is determined by θTb.  The Chla output sensitivity was spread over a larger 
number of parameters, with almost 40% of the variance depending on all other lower ranking parameters.  
The analysis highlighted the need for a greater understanding and field measurement of biological model 
parameters.  The biological parameter identifiability can further be complicated by feedback and 
interdependence among the model biological parameters (Beck, 1987; Mieleitner and Reichert, 2008). 

The model outputs of T, DO, TP, and Chla contributed 3, 13, 26, and 58% to total model variance, 
respectively.  This corresponded with the model performance where T had the best fit and the biological 
component of the model had the least fit between the measured data and model output.  Findings were 
supported by ܵௗ௫ which measured the parameters to which the model output is most sensitive.   

3.5. Model Application for Lake Minnetonka 

Lake Minnetonka Coolwater Fish Habitat Analysis 
The 3D ELCOM–CAEDYM model was robust enough to capture the system’s physical, chemical and 
biological seasonal as well as the short term duration (intra-seasonal) of spatial and temporal variations.  The 
model results were used to analyze the coolwater fish habitat, fish typical of Lake Minnetonka, under two 
(2000 and 2005) climatologically different seasons.  All control volumes with suitable fish habitat parameters 
(T and DO) were indentified and tracked through the full simulation periods.  The analysis showed a 62% 
increase in the undesirable coolwater fish habitat from year 2000 to 2005.  These changes were supported by 
a seasonal average of 2 ◦C warmer water temperatures and 1mg L−1 lower DO levels of measured data in 
2005.  This is important as climate change now poses the greatest threat in altering water temperatures for the 
fish communities (Fairbairn, 2011). 

Impacts of Climate Change on Water Quality and Shoreline Vegetation of Lake Minnetonka 
Hydromodification, including water level fluctuations, alters lake’s hydrodynamics and water quality (Brown 
and Caldwell, 2010; Coops et al., 2003; Harrison, 1989; EPA 2009) and directly influences the littoral plant 
communities (Keddy and Reznicek, 1986;; Nilsson and Svedmark, 2002; Kirkman and Sharitz, 1992).  
Hydromodification is identified as the stressor for over 20% of the water quality impaired lakes in the United 
States and climate change is expected to exasperate the issue in Midwest USA (Fairbairn, 2011).  Moreover, 
much effort is focused on safeguarding and restoring lake shorelines which might prove ineffective without 
choosing plants to match prevailing water level conditions (Vanderbosch and Galatowitsch; 2010).  The 
effects of potential climate change on fluctuating lake water levels must be taken into consideration in 
designing and installing engineered shoreline restoration and preservation projects.  

The 3D ELCOM-CAEDYM model of Lake Minnetonka is simulated under four different seasons to 
investigate the potential climate change impacts on the lake’s water level and water quality.  Three of the 
climatically different seasons are based on the fifth (dry), 95th (wet), and the 50th percentile (normal) of 
historical annual precipitations with the fourth season based on the predicted mid-21st century climate change 
scenario.  Comparisons of historical dry (2000) and wet (2005) seasons show that the lake hydrodynamic and 
ecological processes are sensitive to mixing due to seasonal instream flows and wind variabilities.  The 
predicted climate trends for the study area are amplified variations in precipitations, lake levels, instream 
flows, and soil moistures (Fairbairn, 2011).  The 3D lake model will aid in developing lake management 
plans to adapt to the predicted climatic changes. 

An experiment was conducted (2010-2011) to evaluate the potential impacts of the four climatic scenarios on 
typical plants used in shoreline restorations.  Four outdoor mesocosom (4.5 x 4.5 x 1 m) were constructed at 
University of Minnesota St. Anthony Falls Laboratory (44°58'N, 93°15'W).  Two sets of four plants 
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designated as “drier” and “wetter” were 
planted (0.3 m apart) in the basin.  Each 
basin was subjected to a water level regime 
representative of one of the four climatic 
scenarios.  Meteorological, water, soils, 
and plant growth data were monitored and 
recorded throughout the seasons.  The 
“wetter” plants outperformed the “drier” 
plants under all four different water level 
regimes as measured by the above ground 
biomass and plant heights.  However, the 
plant performance within each type was 
different in each basin (Fig. 5).  The 
findings will aid in developing a set of 
recommendations in selecting shoreline 
restoration plants most adaptive to climate 
change.  

3.6. Conclusion 

A 3D coupled hydrodynamic and 
ecological model was applied in a shallow lake with complex morphology and spatially distributed inflows 
and outflows.  The results show that the lake hydrodynamic and ecological processes are sensitive to mixing 
due to inflow and wind variabilities over the seasonal stratification.  Two sensitivity and uncertainty methods 
were applied to the model to improve understanding of the model, increase confidence in the model 
predictions, identify influential model parameters, and quantify the uncertainty of model prediction.  The 
results suggest that spatial and temporal variations of model outputs are sensitive to the hydrodynamics of 
physical perturbations such as those caused by stream inflows generated from storm events.  Two successful 
examples of the 3D model applications for Lake Minnetonka have been conducted.  The findings will aid in 
developing effective management plans including climate change adaptation strategies.   
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