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The study purpose was to develop modeling tools to investigate how raises in 

canal stage proposed under the C-111 spreader canal project could impact groundwater 

and soil water content in the C-111 basin.  The objectives were to: 1) evaluate the 

impact of surface water management on soil and limestone water content using 

Dynamic Factor Analysis (DFA), 2) estimate hydraulic parameters governing canal-

aquifer interaction using analytical modeling, 3) simulate water table response to the 

proposed incremental raises in canal stage and 4) simulate soil and bedrock water 

content dynamics in response to proposed changes in canal stage. 

Canal stage significantly (t > 2) drives temporal variation in soil and bedrock 

water contents, followed by net surface recharge. The effect of water table evaporation 

was not significant at all sites. DFA Model performance was better at sites with smaller 

depths to water table (< 1 m) highlighting the effect of micro-topography on water 

content dynamics. The following hydraulic parameters were estimated: specific yield 

(0.07 to 0.14), horizontal hydraulic conductivity (11,000 to 14,300 m/day), aquifer 
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thickness (13.4 to 18.3 m), and canal leakance (99.8 to 279 m). The estimated values 

were within the range of values estimated using more complex methods at nearby sites. 

The developed MODFLOW based model was able to reproduce measured water 

table elevation, with average Nash-Sutcliffe (NSE) > 0.9 and Root Mean Square Error 

(RMSE) <0.05 m. Model predicted that incremental raises in canal stage resulted in 

significant differences (p<0.05) in water table elevation. Increases in canal stage of 9 

and 12 cm resulted in occasional root zone saturation of low elevation sites and 

shortening of growing season. The model also predicted that lowering canal stage prior 

to large storms reduced water table intrusion into the root zone. Considering 

measurement uncertainty in the WAVE based models resulted in NSE values less than 

zero to 0.89 and RMSE values between 0.22 and 1.61 m m-3. Soil water content before 

and after the incremental raises in canal stage were predicted to be significantly 

different (p<0.001), sites that had surface elevation less than 2.0 m NGVD29 were 

predicted to experience root zone saturation.  
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CHAPTER 1 
BACKGROUND 

Rationale 

In an attempt to correct some of the undesired consequences of south Florida’s 

extensive drainage canal network on the region’s ecosystem, an environmental 

restoration project named the Comprehensive Everglades Restoration Plan (CERP) 

was formulated. CERP was approved by the United States Congress under the Water 

Resources Development Act (2000). One of the 68 components that comprise CERP is 

the C-111 spreader canal project whose goal is to reduce the negative impacts of canal 

C-111 (i.e., by reducing groundwater seepage into C-111) on Everglades National Park 

(ENP) and Taylor Slough (Figure 1-1) which is a natural drainage feature that conveys 

fresh water to Florida Bay while maintaining existing levels of flood protection in the 

adjacent agricultural and urban areas (U.S. Army Corps of Engineers [USACE] and 

South Florida Water Management District [SFWMD], 2011). As part of the C-111 

spreader canal project, structural modifications and operational adjustments involving 

incremental raises in canal stage are planned along canal C-111 separating ENP and 

agricultural production areas to the east of the canal.  

The intention of raising canal stage is to create a hydraulic ridge along the 

eastern boundary of ENP which will cause water to flow west towards ENP and 

southwest towards Florida Bay. The increase in canal stage will occur by changing 

surface water management at the gated spillway located at structure named S18C 

(Figure 1-1) in the form of incremental raises in the “open” and “close” triggers of up to 

12 cm (USACE and SFAWMD, 2011).  
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It is anticipated that the planned rise in C-111 canal stage will affect water table 

levels in the adjacent agricultural areas. Earlier research indicated that there is 

substantial interaction between the highly permeable Biscayne aquifer and water level 

in canals (Bolster et al., 2001; Genereux and Slater, 1999; Ritter and Muñoz-Carpena, 

2006). The hydraulic connection between Biscayne aquifer and canal C-111 causes the 

shallow water table system to fluctuate with respect to changes in canal stage. Using 

the drain to equilibrium assumption, Barquin et al. (2011) also showed that water table 

elevation in the Biscayne aquifer significantly influenced soil and limestone water 

contents in a fruit orchard with soil and bedrock formations that are very similar to those 

in the farmlands east of C-111. Therefore, raising canal stage in C-111 could result in 

increased water table elevation and increased soil and bedrock water contents or even 

saturation of the root zone which could affect the production of winter vegetables 

predominately grown in farmlands east of C-111. Saturation of the root zone could 

impact yield potential by impairing root growth due to anoxia, reducing stomatal 

conductance, and reducing net CO2 assimilation (Schaffer, 1998). In addition to 

physiological stress, having the soils saturated for long periods could also impact 

growing season and market dates. 

Vegetable production in Miami-Dade County, a substantial proportion of which is 

located along the extensive eastern boundary of ENP, is a significant contributor to both 

the local and state economies. In 2011 vegetable produces in Florida harvested 

vegetables from 185,000 acres that were worth over 1.5 billion dollars (DACS, 2012). 

Green beans, sweet corn, squash, tomatoes and sweet potato are the dominant 

vegetables grown in the area east of C-111. There is need to quantify the impacts of 
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hydrological modifications and surface water management changes proposed under the 

C-111 spreader canal project on agricultural land use at field scale because large 

regional hydrology models have discretization that might not be suitable for resolving 

small scale micro-topographic differences within the landscape. However to date, no 

comprehensive data set considering the response of water table and soil water to 

changes in canal stage has been collected and synthesized to simulate this 

phenomenon in the farmlands east of canal C-111.   

The study goal was to use monitoring and modeling to investigate how the 

proposed raises in canal stage along C-111 could impact agricultural production through 

raised water table elevation and saturated root zone in farmlands east of the canal. The 

following studies were conducted: 1) the impact of surface water management on soil 

and bedrock water content in the lowland agricultural areas located within the C-111 

basin was evaluated using Dynamic Factor Analysis (DFA), 2) hydraulic parameters 

governing canal-aquifer interaction were estimated using an approximate analytical 

model of groundwater flow and sensitivity analysis and parameter estimation 

techniques, 3) water table response to the proposed incremental raises in canal stage 

as well as other large storm events was simulated using the groundwater flow model 

MODFLOW, and 4) soil and limestone water content dynamics were mechanistically 

simulated in response to proposed changes in canal stage using the vadose zone 

model Water and Agrochemicals in the soil, crop and Vadose Environment (WAVE). In 

chapters 2 to 5 each study is presented in detail as an independent study. 
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Literature Review 

Hydrological Monitoring of Water Table and Soil Water  

Water table elevation is monitored using groundwater observation wells. Multi 

parameter pressure transducers (e.g., Levelogger, Gold Solinst Canada Ltd., 35 Todd 

Rd, Georgetown, Ontario, Canada) are commonly used to measure groundwater level 

at various intervals e.g., 15, 30, or 60 minutes. Atmospheric corrections are needed to 

remove the errors introduced by atmospheric pressure. Groundwater level data could 

be manually downloaded from the level logger or where possible telemetry can be used 

to access measured data. 

Soil water content in the field can be measured directly or indirectly using a 

surrogate. Direct measurement of soil water content involves taking a physical sample 

of soil and weighing it before and after oven drying. The mass of water lost on drying is 

a direct measure of soil water content (IAEA, 2008). When weight is normalized by 

dividing with oven dry mass, the technique is called thermo-gravimetric (or simply 

gravimetric) and the soil water content has units of M M-1, alternatively the mass of 

water lost can be converted to volume by dividing with the density of water, followed by 

dividing the volume of water with the volume of the soil sample in this case the 

technique is called thermo-volumetric (or simply volumetric) and the soil water content 

has units of L3 L-3. Although accurate (±0.00028 L-3), direct measurement of soil water 

content is destructive, labor intensive, slow, and does not allow for repetitive 

measurement of soil water at the same point (Muñoz-Carpena, 2004). Alternatively, 

several methods (e.g., neutron moisture meters, thermal sensors, time domain 

reflectometer, capacitances sensors, conductivity sensors, and tensiometers) have 

been developed for measuring soil water content under field conditions. 
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Unfortunately, none of the alternative methods measures soil water content 

directly. They instead measure a surrogate (e.g., count of slow neutron around a source 

of fast neutrons in the case of a neutron probe or frequency of an oscillating circuit in 

case of capacitance probes) which changes when soil water changes. A calibration 

relationship between the volumetric soil water content and surrogate value must be 

established. The main advantage of indirect methods is they permit continuous logging 

of soil water data at the same point and they are nondestructive. The main 

disadvantage of the indirect methods is that if they are not well calibrated they can 

produce erroneous data (Gabriel et al., 2010). Previous research has shown that 

neutron moisture meters are probably the most accurate indirect methods for measuring 

volumetric water content but their wide spread use is limited due to regulations and 

potential health risks (Evett et al., 2006; IAEA, 2008). An alternative to the neutron 

probe for volumetric water content measurement are methods based on 

electromagnetic properties. The most widely used of the electromagnetic based 

methods are those based on soil dielectric constant (e.g., capacitance probes).  

Capacitance probes consist of an electronic circuit called an oscillator and 

capacitors made up of two hollow metal cylindrical electrodes arranged coaxially 

separated by a few millimeters using insulating plastic (IAEA, 2008). The electronic 

oscillator produces alternating current whose frequency is influenced by the circuit 

components. There are several commercial brands of capacitance probes; an example 

is shown in Figure 1-2. The capacitor(s) form part of the oscillating circuit and 

electrodes are placed close to the internal walls of the access tube in order to ensure 

that the fringing electric field of the capacitor(s) would be influenced by the soil bulk 
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dielectric permittivity (i.e., a measure of how much an electric field affects and is 

affected by the bulk soil medium), which is in turn influenced by the water content of the 

soil (Dean et al., 1987). The frequency of oscillation of the alternating current decreases 

as the soil water increases. The change in frequency is used as a surrogate for soil 

water content measurement. One of the drawbacks of capacitance probes is that the 

volume sensed is very small compared to that of other measurement techniques such 

as neutron moisture probes. Another potential source of error is the air gaps between 

the capacitance probes and the soil usually created during installation. The problem of 

air pockets is minimized or completely eliminated by ensuring that the holes drilled for 

the access are vertical and by using a soil or cement slurry between the access tube 

and the soil. There also are slight variations in the oscillation frequencies of each 

sensor. However, this can be overcome through normalization of the measured 

frequency using frequency readings when the sensor in the access tube is surrounded 

by water and air.  

 Earlier investigations (Evett et al., 2006; Gabriel et al., 2010) have shown that 

factory calibrations are not accurate for all soils therefore soil specific calibration is 

necessary. Soil specific calibration of capacitance probes may be conducted under field 

or laboratory conditions. Soil specific calibration equations are typically obtained by 

fitting statistical equations between scaled frequency readings from the capacitance 

probe and measured volumetric soil content. The volumetric soil water content maybe 

measured directly using gravimetric methods or by use of a surrogate such as soil 

suction readings from tensiometers. Gabriel et al. (2010) in their study on comparison of 

laboratory and field methods for calibrating capacitance probes in Xerochrept soils in 
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Madrid, Spain observed that manufacturer calibration equation overestimated 

volumetric soil water compared to the locally developed calibration equation. However, 

they noted that despite the overestimation of volumetric soil water content, the 

manufacturer’s equation was able to reproduce soil water dynamics. Therefore, if the 

goal is to measure relative differences in soil water content the manufacturer’s default is 

sufficient 

Dynamic factor Analysis 

 DFA is a dimension reduction multivariate time series analysis technique that is 

used to estimate underlying common patterns (common trends) in short time series as 

well as the effect of explanatory variables on response variables. The advantage of DFA 

over other traditional dimensional reduction techniques (e.g., Factor Analysis or 

Principal Component Analysis) is that DFA accounts for the time component. This 

allows the underlying hidden effects driving the temporal variation in the observed time 

series data to be detected (Zuur et al., 2003). DFA does not require observed time 

series to be long and stationary. Although non-stationarity could be handled through de-

trending, trends in the times series could hold necessary information required to explain 

the temporal dynamics in the observed variable (Ritter et al., 2009). In addition, DFA 

can handle missing values in the time series (i.e., DFA does not require data sets to be 

regularly spaced). Missing values are not uncommon especially when time series data 

are obtained from unattended automatic data logging field instruments (e.g., multi-

sensor capacitance probes for soil water monitoring).  

Dynamic Factor Model 

DFA uses a dynamic factor model (Equation 1-1) to describe a set of N observed 

time series (Lütkepohl, 1991; Zuur et al., 2003; Ritter and Muñoz-Carpena, 2006).  
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noiseriablesvaplanatoryexKparameterleveltrendscommonMseriestimeN   (1-1) 

The goal in DFA is to keep M as small as possible while still obtaining a good 

model fit. Including relevant explanatory variables helps to reduce some of the 

unexplained variability in the observed time series. Equation 1-1 is expressed 

mathematically as: 
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where )(tsn  is a vector containing the set of N time series being modeled (response 

variables), )(tm is a vector containing the common trends (same units as the response 

variables), 
nm ,

 are factor loadings or weighting coefficients that indicate the importance 

of each of the common trends to each response variable (unit less), n is a constant 

level parameter for shifting time series up or down, )(tk is a vector containing 

explanatory variables, and nk , are weighting coefficients for the explanatory variables 

(regression parameters) which indicate the relative importance of explanatory variables 

to each response variable (inverse units to convert )(tk into response variable units), 

and )(tn and )(tm   are independent, Gaussian distributed noise with zero mean and 

unknown diagonal covariance matrix. The elements in the covariance matrix represent 

information that cannot be explained by the common trends or the explanatory 

variables. The unknown parameters 
nm ,

 and n are estimated using the Expectation 

Maximization (EM) algorithm that is described in Dempster et al. (1977) and Shumway 
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and Stoffer (1982). The common trends in (Equation 1-3) are modeled as a random 

walk (Harvey, 1989) and were predicted using the Kalman filter and EM algorithms. The 

regression parameters in Equation 1-2 are estimated using the same procedure as used 

in linear regression (Zuur et al., 2003).  

Interpretation of DFA results 

The results from the DFA are interpreted in terms of the canonical correlations 

( nm, ), factor loading (
nm ,

 ), regression parameters ( nk , ) and agreement between 

modeled and observed time series of the response variable. The goodness-of-fit 

between modeled and observed values of the response variable are quantified using 

statistical indicators such as the Nash-Sutcliffe coefficient of efficiency (NSE  Nash and 

Sutcliffe,     ), the Akaike’s Information Criteria  AIC  Akaike,     ) and the  ayesian 

information criterion  (BIC). NSE provides an estimate of how well a model predicts an 

observed data set, while AIC and BIC are relative measures of the goodness-of-fit of a 

statistical model. A model with the NSE closest to 1 and lowest AIC and BIC is the 

preferred DFA model. Cross correlations between the response time series and 

common trends were measured using nm, . Values of nm, close to unity imply that the 

common trend is highly associated with response time series. Typically canonical 

correlations are classified as follows: | nm, |>0.75, 0.5-0.75, and 0.3-0.5 as high, 

moderate, and weak correlations, respectively. The influence of the explanatory 

variables on response time series is quantified using the magnitude of the 

nk , coefficients and their associated standard errors which are used with a t-test to 

assess whether the response variable and explanatory variables are significantly 

related.  



 

27 

Groundwater Flow Modeling 

Groundwater flow is an example of fluid flow in porous media and can be 

described using the physical laws governing fluid mechanics such as conservation of 

mass and conservation of momentum (Delleur, 1999). The diffusion or groundwater 

equation (Equation 1-4) is the fundamental mathematical expression used to model 

groundwater flow and is derived for a representative elementary volume (REV) i.e., the 

smallest volume over which a measurement can be made that will yield a value 

representative of the whole medium. By performing a mass balance on fluxes flowing in 

and out of the REV, followed by converting the mass fluxes into volume fluxes using 

Darcy’s law, the groundwater flow equation is derived. Under steady state, the 

groundwater equation transforms into the Laplace equation (Equation 1-5). Detailed 

information on the derivation of the diffusion equation can be found in Delleur (1999). 

Some assumptions are made in the derivation of Equation 1-4, for example in the REV 

concept (Bear, 1972), it is assumed that the average properties of the aquifer are 

independent of the volume of the REV, while Darcy’s law assumes that flow is slow 

which is a realistic assumption in groundwater flow since the flow is normally slow with 

Reynolds number less than unity i.e., laminar flow. Another assumption is that water is 

incompressible i.e., the density of water does not vary with change in pressure. Despite 

the many assumptions, the diffusion equation has been shown to accurately model 

groundwater flow and is widely used in hydrology models to describe groundwater flow 

e.g., it is used in MODFLOW, a widely used groundwater flow model developed by the 

USGS (Harbaugh et al., 2000).  
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where h(x, y, z, t) is the spatially distributed hydraulic head [L], Ss specific storage (i.e., 

the amount of water a portion of the aquifer would release from storage per unit mass 

per unit drop in hydraulic head while remaining fully saturated), Kx, Ky, and Kz [L T-1] are 

components of the hydraulic conductivity tensor and x, y, and z are rectangular 

Cartesian coordinates. The solution to the diffusion equation could be simplified by 

assuming a homogenous isotopic aquifer. Equation 1-4 is normally solved numerically 

considering three types of boundary conditions: a) Dirichlet boundary condition (i.e., 

specified head at a boundary and is normally used when groundwater is in contact with 

a surface water body), b) Neumann boundary condition (i.e., specifies water flux at a 

boundary typical examples include wells and infiltration basins) and c) Cauchy boundary 

condition (combination of the above two boundary conditions, relates hydraulic head to 

water flux e.g., a canal in contact with groundwater but the interaction between the two 

being restricted by a layer of sediment). For transient flow, an initial condition h (x, y, z, 

0) describing the hydraulic head within the domain of interest prior to start of simulation 

is required and is either obtained from observation well data of from a steady solution of 

the system. 

Unconfined Aquifer Groundwater Flow Equation 

For unconfined aquifers, the solution to the 3D diffusion equation is complicated 

by the presence of a free surface water table boundary condition whose location is also 

unknown. To describe transient groundwater flow in unconfined aquifers requires an 

alternative formulation of the fundamental groundwater flow equation. The schematic in 

Figure 1-3 of Biscayne aquifer interacting with canal C-111 is used to aid discussion of 
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derivation of the unconfined groundwater flow equation. The governing equation for 

groundwater flow in unconfined aquifers was first derived by Boussinesq (1877). By 

examining the water balance of an unconfined aquifer Representative Elementary 

Volume  REV) using Darcy’s law and the continuity equation and by invoking the 

Dupuit–Forchheimer approximations (i.e., no flow in the vertical direction, water table is 

only slightly inclined, length of aquifer is long compared to saturated thickness [Figure. 

1-3 is not to scale as length of the aquifer is much longer than the saturated thickness]), 

Boussinesq (1877) was able to formulate a general equation for unconfined 

groundwater flow (Equation1-6); derivation provided in Delleur (1999).  
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where h(x, y, t) is the hydraulic head at the surface of the water table [L], Sy is the 

specific yield/drainable porosity, R is recharge [L T-1], and b is the head [L] at the base 

of the aquifer, Kx, and Ky [L T-1] are components of the hydraulic conductivity tensor, 

and x and y are rectangular Cartesian coordinates.  

Assuming the hydraulic head at the base of the aquifer is zero and the aquifer is 

homogeneous and isotropic (i.e., hydraulic conductivity does not vary with location and 

direction) and interacts with the canal through a semipervious sediment layer, in 

addition ignoring recharge Equation 1-6 reduces to Equation 1-7: 
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Initial condition 

0)0,,( hyxh   (1-8) 
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Boundary conditions: 
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xx lxhtyxhlx  0),,(, 0  (1-10) 

ylytHtxhy  0)(),0,(,0 1  (1-11) 

yy lytHtyxhly  0)(),,(, 2  (1-12) 

where lx and ly are the dimensions of the flow domain, ho is the initial condition [L], and a 

[L] is a retardation coefficient proposed by Hantush (1965). The boundary conditions 

along y=0 and y=ly (Figure 1-3) are defined using Dirichlet boundary conditions while 

the boundary condition at x=0 is defined as a head dependent boundary flux. 

The advantage of Equation 1-7 is that it has no terms in the Z (i.e., vertical) 

dimension; however, the equation is still nonlinear in h and calculus cannot be easily 

applied to generate general exact solutions although approximate analytical solutions 

are possible. Therefore, to generate analytical solutions to Equation 1-7, assumptions 

such as a homogeneous and isotropic aquifer with small changes in water table 

elevation compared to the saturated thickness of the aquifer (i.e., transmissivity is 

approximated as the product of the average saturated thickness of the aquifer and the 

hydraulic conductivity) are made. Notice also that the terms in the parentheses in 

Equation 1-7 can be modified using this relationship ( xhhxh  /2/2

) which produces 

a linearized form of the Boussinesq equation (Wang and Anderson, 1982).  
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This form of the equation is commonly applied to conditions similar to those in 

south Florida (i.e., shallow unconfined aquifer with relatively large saturated thickness 

compared to variations in hydraulic head). Equation 1-13 can be further simplified by 

making a change of variables (
2hv  ), which produces: 
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Ignoring flow in the y-dimension, Equation 1-14 reduces to Equation 1-15 for which 

many analytical solutions have been proposed to study 1D aquifer response to stream 

stage fluctuations: 
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Initial condition 
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Boundary conditions: 
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The linearized form of the Boussinesq equation is associated with under 

prediction of groundwater table head. However, if the nonlinear form of the Boussinesq 

equation is solved the problems of under prediction are minimized. Serrano and 

Workman (1998) using data from a shallow unconfined aquifer in Ohio demonstrated 

that there were no differences in prediction between analytical solution to the linearized 

and nonlinearized aquifers when Dupuit assumptions where varied. Groundwater flow in 
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the C-111 basin (i.e., farmlands east of C-111) is predominately horizontal and therefore 

Dupuit assumptions could be assumed as valid. 

Analytical Modeling of Groundwater Flow 

 Analytical modeling of groundwater flow involves applying various mathematical 

techniques (e.g., Fourier series, Laplace transform, Adomian decomposition method 

etc.) to generate closed form or approximate analytical solutions to the groundwater 

flow boundary value problem (i.e., groundwater flow equation with associated initial and 

boundary conditions). Analytical modeling of groundwater flow has attracted research 

attention in the past (e.g., Cooper and Rorabaugh, 1963; Hantush, 1965; Hall and 

Moench, 1972; Serrano and Workman, 1998; Zlotnik and Huang, 1999; Moench and 

Barlow, 1998; Parlange et al., 2000; Lal, 2001; Srivastava et al., 2006). Analytical 

models are normally the quickest and simplest way to obtain preliminary answers to 

questions related to characterization of groundwater flow. Mathematical expressions 

(i.e., analytical models) describing the behavior of the system can provide insight about 

system behavior without collecting detailed input data needed for complex numerical 

models. In some cases, analytical solutions are used as a method to estimate aquifer 

parameters and also to validate simulations from numerical models (Lal, 2001). 

However, analytical models should be used within the limits of the assumptions under 

which they were developed. 

 There are numerous analytical solutions in literature and the challenge could 

become selecting the one that is most suitable for studying a particular problem. 

Examples of selected analytical solutions are provided in Table 1-1 with their 

contribution and possible limitations. Review of literature indicates that the analytical 

models by Barlow and Moench (2000) are very useful. The advantage of the analytical 



 

33 

solutions proposed by Barlow and Moench (1998) is that they are more generalized 

than previous solutions, they also consider various stream-aquifer hydraulic interaction 

configurations (e.g., unconfined, confined, semifinite, finite with or without semipervious 

sediment layers). In addition, they considered anisotropy in the aquifer hydrogeolocal 

properties yet most of the early analytical solutions simply assumed isotropic aquifer 

properties. Their solution also attempts to incorporate the effects of transient recharge. 

Their solutions are presented in a unified manner which provides insight in the 

mathematical relations among the various aquifer configurations. Lastly, the computer 

programs STLK1 and STWT1 developed by Barlow and Moench (1998) facilitate 

application of their analytical solution and the convolution algorithm for simulating 

aquifer response to arbitrary fluctuations in stream stage and recharge. Although closed 

form and approximate analytical models cannot fully incorporate all the physical 

complexities of groundwater flow systems, they are simple, easy to implement, versatile 

and can provide useful preliminary results for many practical applications.  

Numerical Modeling of Groundwater Flow 

 Numerical modeling of groundwater flow involves solving the partial differential 

equations (PDE) describing groundwater flow, together with the boundary and initial 

conditions using step wise approximation. The numerical approach is normally preferred 

for highly irregular domain geometries, for highly heterogeneous and anisotropic 

hydrogeological systems or when fully coupled simulations of stream-aquifer 

interactions are needed (i.e., suitable for more complex simulations). Numerical 

solutions require discretization of the domain of interest in both space and time. To 

numerically obtain a solution to the boundary value problem, the continuous state 

variable (e.g., hydraulic head) is replaced by discrete values defined at the center of 
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each block or nodes. The most frequently used numerical techniques used to solve the 

groundwater flow boundary value problem include finite difference (FD) and finite 

element (FE) techniques, with each having various schemes of implementation. In both 

techniques, the continuous partial differential equation describing hydraulic head 

everywhere in the aquifer is replaced by a finite number of algebraic equations 

describing head at each block or node. The system of equations is then solved using 

matrix techniques or iteration. The solution is improved by reducing the size of the time 

step in much the same way as drawing a curve using a series of very short straight 

lines. In general, FD methods are simpler conceptually and easier to implement and 

program compared to FE methods although the later are preferred for complex domain 

configurations. Comprehensive discussion of numerical modeling of groundwater flow 

processes can be found in texts such as McDonald  and Harbaugh (1988), Huyakorn 

and Pinder (1983), Anderson and Woessner (1992), Konikow (1996) and Konikov and 

Reilly (1998). 

 There are numerous generic model codes that could be used for numerical 

simulation of stream-aquifer interactions (e.g., MODFLOW, MIKE SHE, FEFLOW, 

HydroGeoSphere, MODHMS, etc.). The following websites among others maintain lists 

of generic model codes, some of which could be used for numerical simulation of canal-

aquifer interactions problems similar to those in south Florida: http://igwmc.mines.edu/ 

software/freeware_list.html and http://water.usgs.gov/software/lists/groundwater. The 

following criteria could be used in selecting a generic model code for simulating 

groundwater flow problems: (1) code should be capable of simulating major processes 

(e.g., unconfined groundwater flow and stream seepage) identified at the conceptual 

http://igwmc.mines.edu/%0bsoftware/freeware_list.html
http://igwmc.mines.edu/%0bsoftware/freeware_list.html
http://water.usgs.gov/software/lists/groundwater
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stage of model development, (2) accuracy of numerical scheme implemented in 

numerical code needs to be known, (3) computational efficiency (i.e., the code should 

execute fast), (4)  code availability (i.e., public domain or proprietary)  and 

documentation, (5) availability of preprocessing and post-processing graphical user 

interfaces and (6) more recently the ability for the generic code to automatically 

integrate calibration, sensitivity and uncertainty analysis algorithms. Numerical models 

are approximations of the complex natural processes and therefore good judgment is 

recommended in making the tradeoffs between accuracy and cost (i.e., in terms of input 

data and computation) during generic model code selection.  

Unsaturated Flow Modeling 

The unsaturated zone is the portion of the subsurface in which pore spaces are 

partly filled with both gases (air and water vapor) and water. The theory of soil water 

flow through the unsaturated zone dates back to the findings of Buckingham (1907), 

who developed the relationship between flow rate and suction gradients in the 

unsaturated zone. Richards (1931) extended the work on unsaturated soil water 

dynamics by developing the classical partial differential equation governing unsaturated 

flow. Richards’ equation is derived by combing Darcy-Buckingham (Equation 1-19) with 

the principle of conservation of mass. Equation 1-19 is the derivation of Richards’ 

equation in the vertical direction subject to the following assumptions: homogeneous 

isotropic isothermal rigid porous media, hysteresis is neglected, and flow is one 

dimensional: 
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were q the is Darcy flux [LT-1], K(θ) is unsaturated hydraulic conductivity [LT-1], t is time 

[T], h is soil water pressure head [h], and z is vertical co-ordinate [L]. Combining 

Equation 1-19 with the continuity equation i.e., by substituting q in Equation 1-20 with 

Equation 1-19, we obtain Richards’ equation for unsaturated flow in porous media 

(Equation 1-22). 
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Equation 1-21 is known as the mixed form of Richards’ equation because it 

written in both the soil water content θ [L3L-3], and the soil water pressure head h [L] 

terms. By introducing the differential soil water capacity hhC  /)(   [L-1] which 

represents the slope of the soil water retention curve and expressing hydraulic 

conductivity as a function of soil water pressure head, Equation 1-21 can be written as 

Equation 1-22. Equation 1-22 is known as the h-based formulation of the Richards’ 

equation and is written with only one unknown term h. Equation 1-22 is implemented in 

the vadose zone model WAVE (Vanclooster et al., 1995). The h-based formulation is 

applicable in both saturated and unsaturated conditions, in the earlier case the equation 

is parabolic while in the latter case it reduces to an elliptic equation because the 

capacitance term becomes zero. 
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Alternatively, Equation 1-21 can be transformed into a form known as the  -based 

formulation of Richards’ equation (Equation 1-23). By introducing a term on the right 
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hand side of Equation 1-21 known as the soil water diffusivity   /)()( hKD [L2T-1] 

produces Equation 1-23.  
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To completely describe a transient unsaturated flow problem requires specifying 

initial condition and boundary conditions. In the case of one dimensional vertical flow, 

initial condition comprising soil water head or soil water content values at each node in 

the soil profile is required. If measured values are not available, values of soil water 

head when the soil water is in equilibrium with the water table can be used. The upper 

boundary condition is determined by infiltration and evaporation flux and can either be 

described as a Dirichlet or Neuman boundary condition. In the WAVE model which was 

used to simulate soil water dynamics in this investigation, the boundary condition at the 

top of the soil surface is usually a flux or Neuman boundary condition and the flux 

calculated as: 
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where sQ [LT-1] is the potential flux through the soil surface (positive upwards) under 

non-limiting flow conditions (examples of limiting conditions are high rainfall intensities 

and prolonged soil evaporation without re-wetting),  potE [LT-1] is the potential soil 

evaporation rate as determined by weather conditions, Rain is the precipitation rate [LT-

1], Irr is the irrigation amount [LT-1], and Pond and  Inc are the ponding depth at the soil 

surface and canopy storage respectively (Vanclooster et al., 1995). Similarly, the bottom 

boundary condition can also be represented as a Dirichlet or Neuman boundary 
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condition. In WAVE, the bottom boundary condition can be represented as: 1) 

groundwater table, 2) known pressure head as a function of time, 3) free drainage, and 

4) as lysimeter with free outflow at the bottom.  

In Equations 1-21 to 1-23; the hydraulic conductivity, differential soil water 

capacity, and diffusivity are all non-linear functions of soil water pressure head which 

makes Richards’ equation non-linear and difficult to produce exact solutions using 

calculus. Analytical solutions are only possible for specific boundary conditions (Philip, 

1957). Thus, Richards’ equation is usually solved using numerical techniques. A 

comprehensive review on approximate numerical solutions to the Richards’ equation is 

provided in Celia et al. (1990) which note that numerical solutions based on the 

standard h-based form generally may yield poor results, characterized by large mass 

balance errors and incorrect estimates of infiltration depth. On the other hand, 

simulations based on the mixed form of Richards’ equation tend to conserve mass.  

There are several numerical solvers for Richards’ equation e.g., WAVE, HYDRUS (1D, 

2D and 3D), and SWACROP (Soil WAter and CROP production model). Selection for 

the appropriate solver depends on the problem to be solved. The criteria outlined under 

numerical modeling of groundwater flow can be applied in selecting generic computer 

solvers for unsaturated flow.  

Limitations of Richards Equation 

Richards’ equation, the basis for most unsaturated flow models, holds for only 

stable flow conditions. Unstable flow conditions are not uncommon e.g., under abrupt 

increases in hydraulic conductivity with depth such as found in south Florida where the 

thin scarified gravely loam soil layer has lower hydraulic conductivity compared to the 

underlying limestone bedrock (Muñoz-Carpena et al., 2008). Richards’ equation is also 



 

39 

not readily applicable under conditions in which the soil profile has preferential flow 

through non-capillary macro-pores. This condition is also present in south Florida, the 

highly gravel soil layer and limestone bedrock are both characterized by having macro-

pores which may cause preferential flow (Kumar, 2002).  Compression of air ahead of 

the wetting front also introduces errors when simulating unsaturated flow using 

Richards’ equation. Version 3 of WAVE has algorithms to simulate unsaturated flow in 

soils with dual porosity and also includes parametric hysteresis models characterizing 

soil water retention. 

Soil Water Retention Characteristics and Hydraulic Conductivity in WAVE 

One of the most commonly used empirical equation to describe the soil water 

characteristic curve is the van Genuchten equation (van Genuchten, 1980): 
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where w is volumetric soil water content, 
r is residual soil water content, s is saturated 

soil water, h  is soil suction [L],   is related to the inverse of the suction at the air-entry 

value, n  is a parameter related to the measure of the pore size distribution, and m  is a 

shape parameter. In an attempt to develop a closed form solution for hydraulic 

conductivity, van Genuchten (1980) related the parameters n and m through the 

following expression m=1-1/n.  Under non-hysteresis conditions, Equation 1-26 is 

among the many soil water retention models implemented in WAVE and is also the 

most accurate (Viaene et al., 1994). The hydraulic conductivity curve of soils can be 

expressed as a function soil water head, volumetric soil water content or effective 

saturation. The parameters of the hydraulic conductivity curve are determined using 
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optimization fitting techniques using hydraulic conductivity data measured at various 

values of soil water head or volumetric soil water content. Different models are available 

in WAVE to describe hydraulic conductivity e.g., Garder (1958), Brooks and Coorey, 

(1964) van Genuchten, (1980) and Mualem (1976). 



 

41 

Table 1-1. Summary of selected analytical solutions to the Boussinesq equation 

Reference Assumptions Limitations 

Barlow et al. and 
Moench (1998) 

Aquifer is homogeneous and of 
uniform thickness. 
Aquifer can be anisotropic 
provided that the principal 
directions of the hydraulic 
conductivity tensor are parallel 
to the coordinate axes 
Lower boundary of each aquifer 
type is horizontal and 
impermeable. 
 Water is instantaneously 
exchanged between the 
vadose zone and aquifer in 
response to a decline elevation 
of the water table. 
Change in saturated thickness 
of the aquifer due to stream-
stage fluctuations is small 
compared with the initial 
saturated thickness 
The semipervious stream bank 
material, if present, has 
negligible capacity to store 
water. 
Initially, the water level in the 
stream is at the same elevation 
as the water level everywhere 
in the aquifer. 

Assumes linear system 
(i.e., not suitable for 
systems characterized by 
large variations in water 
table head). 
Assumes full canal 
penetration and may not be 
application for very shallow 
and wide streams. 
Ignores capillarity and 
hysteresis in the soil layer 
above the water. 
May not be applicable for 
highly heterogeneous 
systems with complex 
boundary conditions. 

Zlotnik and Huang 
(1999) 

Aquifer is homogeneous, 
isotropic, and semi-infinite. 
Water table is initially horizontal 
and at equilibrium with stream. 
Streambed partially penetrates 
the aquifer.  
Drawdown in the aquifer is 
small compared with the 
saturated aquifer thickness. 
Leakage across the streambed 
is vertical and occurs at the 
bottom.  
Flow in the portion of the 
aquifer under the stream is 
confined.   

Assumes linear system 
(i.e., not suitable for 
systems characterized by 
large variations in water 
table head) 
Ignores recharge 
May not be applicable for 
highly heterogeneous 
systems with complex 
boundary conditions. 
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Table 1-1 Continued 

Reference Assumptions Limitations 

Serrano and 
Workman (1998) 

Assumes flow is predominantly 
horizontal.  
Length of aquifer is long 
compared to saturated 
thickness 
Aquifer is homogeneous, 
isotropic, and infinite in lateral 
extent. 
Stream and aquifer are in 
perfect hydraulic connection 
Stream fully penetrates the 
aquifer 

Ignores the effect of the 
low permeability stream 
bank sediment layer which 
could lead to over 
prediction of aquifer 
responses. 
 Assuming full stream 
penetration may also led to 
over prediction 
May not be applicable for 
highly heterogeneous 
systems with complex 
boundary conditions. 
Assumes constant 
recharge 

Hall and Moench 
(1972) 

Aquifer is homogeneous, 
isotropic, and can be semi-
infinite or finite in lateral extent 
Changes in water table levels 
are small compared to the 
saturated thickness 
The semipervious stream bank 
material, if present, has 
negligible capacity to store 
water. 
The stream fully penetrates the 
aquifer 
Flow is predominantly 
horizontal 
Aquifer storativity could be 
substituted with specific yield in 
order to approximate 
unconfined aquifer flow. 
Initially, the water level in the 
stream is at the same elevation 
as the water level everywhere 
in the aquifer 

Assuming full stream 
penetration may also led to 
over prediction 
Assumes linear system 
(i.e., not suitable for 
systems characterized by 
large variations in water 
table head). 
Assumes full canal 
penetration and may not be 
application for very shallow 
and wide streams. 
Ignores recharge 
May not be applicable for 
highly heterogeneous 
systems with complex 
boundary conditions. 
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Figure 1-1.  Map of C-111 basin showing farmlands east of canal C-111, Taylor Slough, 

Florida Bay and water table and soil water monitoring sites. 
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Figure 1-2.  Picture of an EnviroScan installed in the field at C-111 project site (Photo 

courtesy of Isaya Kisekka). 
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Figure 1-3.  Showing conceptual model of Biscayne aquifer interacting with canal C-111 

for simplicity this model assumes that C-111 fully penetrates the aquifer.  
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 CHAPTER 2 
DYNAMIC FACTOR ANALYSIS OF SURFACE WATER MANAGEMENT IMPACTS ON 

SOIL AND BEDROCK WATER CONTENTS IN SOUTHERN FLORIDA LOWLANDS*  

Introduction 

In an attempt to correct some of the undesired consequences of south Florida’s 

extensive drainage canal network on the region’s ecosystem, an environmental 

restoration project named the Comprehensive Everglades Restoration Plan (CERP) is 

currently under implementation. CERP was approved by the United States Congress 

under the Water Resources Development Act (2000). One of the 68 components that 

comprise CERP is the C111 spreader canal project whose goal is to reduce the impacts 

of C111 (i.e., reduce groundwater seepage into C111) on Everglades National Park 

(ENP) and Taylor Slough which is a natural drainage feature that conveys water to 

Florida Bay while maintaining existing levels of flood protection in the adjacent 

agricultural and urban areas (U.S. Army Corps of Engineers [USACP] and South Florida 

Water Management District [SFWMD], 2011). As part of the C111 spreader canal 

project, structural modifications and operational adjustments involving incremental 

raises in canal stage are planned along one of the major canals (i.e., C111) separating 

ENP and agricultural production areas to the east of the canal. The increase in canal 

stage will occur by changing surface water management at the gated spillway located at 

structure named S18C (Figure 2-1) in the form of incremental raises in canal stage of up 

to 12 cm.  

It is anticipated that the planned rise in C111 canal stage will affect water table 

levels in the adjacent agricultural areas. Earlier research indicated that there is an 

                                            
*
 Copyright for this chapter of the dissertation belongs to Journal of Hydrology Kisekka et al. 2013a 
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interaction between the highly permeable Biscayne aquifer and water level in canals 

(Genereux and Slater, 1999). The hydraulic connection between Biscayne aquifer and 

canal C111 causes the shallow water table system to fluctuate with respect to changes 

in canal stage. Using the drain to equilibrium assumption, Barquin et al. (2011) showed 

that water table elevation in the Biscayne aquifer significantly influenced soil and 

limestone bedrock water contents in a fruit orchard with soil and bedrock formations that 

are very similar to our current study site. Therefore, raising water table elevation could 

result in increased soil and bedrock water contents or greater saturation of the root zone 

which could affect the production of winter vegetables predominately grown in the area. 

Saturation of the root zone could impact yield potential by impairing root growth due to 

anoxia, reducing stomatal conductance, and reducing net CO2 assimilation (Schaffer, 

1998). In addition to physiological stress, having the soils saturated could render 

movement of machinery difficult and also impact growing season and market dates. 

However, it is not known to what extent the proposed structural modifications and 

operational adjustments along canal C111 would impact water table elevations and thus 

soil and bedrock water contents in agricultural areas east of the canal.   

Vegetable production in Miami-Dade County, a substantial proportion of which is 

located along the extensive eastern boundary of ENP, is a significant contributor to both 

the local and state economies. In 2011 vegetable produces in Florida harvested 

vegetables from 185,000 acres that were worth over 1.5 billion dollars (DACS, 2012).  

Green beans, sweet corn, squash, tomatoes and sweet potato are the dominant 

vegetables grown in the area east of C-111. There is need to quantify the impacts of 

hydrological modifications and surface water management on agricultural land use at 
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field scale because large regional hydrology models have discretization that might not 

be suitable for resolving small scale micro-topographic differences within the landscape. 

Long term monitoring and exploratory analysis of soil and bedrock water contents 

could characterize the effect of various drivers on the temporal variability of water 

contents. The soils in the agricultural areas east of C111 were created from scarification 

of the underlying limestone bedrock hence they are very shallow and have high gravel 

content. Three main stresses that influence soil water content that could be included in 

exploratory analysis are 1) canal stage, which affects water table elevation; 2) rainfall; 

and 3) evapotranspiration. While these stresses may be assessed using physically 

based models of vadose zone flow and transport,  implementation of unsaturated flow 

models  e.g., WAVE [Vanclooster et al.,    5] or HYDRUS [Šimůnek, et al., 2  8]) is 

not an easy task since they contain numerous parameters and processes that have to 

be quantified (Ritter et al., 2009). In very gravelly and shallow soils such as those in 

south Miami-Dade County, quantifying parameters such as hydraulic conductivity for 

use in Richards’ equation is further complicated by having porous gravely soils that are 

not homogeneous. Previous applications of WAVE, for example, in gravely soils of 

south Florida have indicated that a detailed description of soil hydraulic properties (e.g., 

using dual porosity) could result in improved robustness of vadose zone models (Duwig 

et al., 2003; Muñoz-Carpena et al., 2008). Therefore the success of applying physically 

based models to simulate soil and bedrock water dynamics depends largely on proper 

conceptualization of location specific processes and proper measurement or estimation 

of parameters. In this context, complementary exploratory tools such as Dynamic Factor 

Analysis (DFA) which are not processes based are desired as simpler preliminary 
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exploratory tools that could also be used for preliminary predictions of the impact of 

surface water management decisions on land use.    

A comprehensive description of DFA and modeling can be found in Zuur et al. 

(2003). For purposes of aiding discussion, we only provide a brief description of this 

technique. DFA is a dimension reduction multivariate time series analysis technique that 

is used to estimate underlying common patterns (common trends) in short time series 

as well as the effect of explanatory variables on response variables. The advantage of 

DFA over other traditional dimensional reduction techniques (e.g., Factor Analysis or 

Principal Component Analysis) is that DFA accounts for the time component. This 

allows the underlying hidden effects driving the temporal variation in the observed time 

series data to be detected (Zuur et al., 2003). DFA does not require observed time 

series to be long and stationary. Although non-stationarity could be handled through de-

trending, trends in the times series could hold necessary information required to explain 

the temporal dynamics in the observed variable (Ritter et al., 2009). In addition, DFA 

can handle missing values in the observed time series (i.e., DFA does not require data 

sets to be regularly spaced). Missing values in observed time series data sets are not 

uncommon especially when time series data are obtained from unattended automatic 

data logging field instruments (e.g., multi-sensor capacitance probes for soil water 

monitoring).  

DFA applications are documented in literature from several disciplines (e.g., 

Geweke, 1977; Márkus et al., 1999; Zou and Yu, 1999; Zuur et al., 2003; Zuur and 

Pierce, 2004; Muñoz-Carpena et al., 2005; Ritter and Muñoz-Carpena, 2006; Zuur et 

al., 2007; Ritter et al., 2009; Kaplan et al., 2010a; Kaplan and Muñoz-Carpena, 
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2011).Thus, we only provide a brief review of the most relevant examples.  Ritter and 

Muñoz-Carpena (2006) applied DFA and modeling to study interactions between 

surface water and groundwater levels within the Frog Pond agricultural area located 

west of canal C111 in south Florida (Figure 2-1). Their results indicated that the two 

canals surrounding the Frog Pond area had the greatest influence on temporal changes 

in water table elevation. Their study did not address the issue of the impact of surface 

management decisions on soil water content.  Soil water is a major concern for 

vegetable growers in south Florida due to the impact saturated or near saturated soil 

conditions have on planting dates and yield losses (Figure 2-1).  

Others have applied DFA and modeling to study soil water dynamics. Ritter et al. 

(2009) applied DFA to analyze temporal changes in soil water status of a humid, 

subtropical, evergreen forest in Canary Islands, Spain. Kaplan and Muñoz-Carpena 

(2011) applied DFA to study the complementary effects of surface and groundwater on 

soil water dynamics in a coastal flood plain. Thus, DFA was successfully used to identify 

unexplained variability in observed hydrologic time series and to assess the effect of 

selected explanatory variables on response variables (observed time series of interest).  

The difference between our study and prior studies is that we applied DFA to 

investigate the effect of surface water management in canals on soil water dynamics in 

an agricultural area with very shallow very gravely loam soils, and unlike in the previous 

studies we also considered not only the effects of potential evapotranspiration (ETo) but 

also the effect of water table evaporation given the shallow water table. We then 

attempted to develop a simple model, using information from the DFA, to predict soil 

water content from easily measured variables such as canal stage and recharge (i.e., 



 

51 

difference between rainfall and evapotranspiration). Canal stage was selected instead 

of water table elevation since water table elevation data in our study area are less 

complete due to the limited period of record and the limited number of continuously 

monitored groundwater wells. Canal stage has been monitored for a longer period of 

record and has no foreseeable end of data collection, thus it is a more reliable 

measurement for long-term use. We assumed that at any given time, water table 

elevation is approximately equal to canal stage. We concede that at certain times this 

assumption might not hold e.g., immediately after or during storm events; however, due 

to the high permeability of the aquifer and the daily time step used, the assumption 

holds for the majority of the time. 

The goal of this study was to use DFA and modeling to investigate how the 

proposed raises in canal stage along C111 could impact soil and bedrock water 

contents in low lying farmlands located between canals C111 and C111E. The specific 

objectives were to: (1) apply DFA to identify the most important factors affecting 

temporal variation in soil and bedrock water contents, (2) develop a simplified DFA 

based regression model for predicting soil and bedrock water contents as a function of 

canal stage, and (3) use the developed simple regression model to predict the impact of 

proposed incremental raises in canal stage on soil and bedrock water contents at 

various elevations and distances from the canal. 

Materials and Methods 

Experimental Site 

The study was conducted in southern Miami-Dade County, Homestead, Florida, 

United States in a small agricultural area approximately 17 km2 (Figure 2-1). The area is 

located east of ENP between SFWMD canals C111 and C111E which are planned to 



 

52 

experience increases in canal stage under the C111 spreader canal project. Canal 

stage upstream in the two canals is controlled by a remotely operated spillway at S177 

and a culvert at S178, respectively (Figure 2-1). C111 is the larger of the two canals and 

the two join to become a single canal at the southern end of the study area which is 

managed using a gated spillway at S18C. It is proposed that stage will be increased by 

modifying operation of S18C and thus affect canal stage in the reach of C111 between 

S177 and S18C. The hydrogeological system at the study site consists of the Biscayne 

aquifer which is a highly permeable shallow unconfined aquifer with hydraulic 

conductivities reported to exceed 10,000 m/day, which explains the high connectivity 

between the canals and the aquifer (Chin, 1991). The shallow nature of the water table 

implies that evaporation from the groundwater could impact soil water content. The 

topography at this site is essentially flat with elevation ranging approximately between 

1.2 to 2.0 m above sea level NGVD 29. The climate is subtropical with a dry season 

(November to May), which is the growing season for vegetables, and a wet season 

(June to October). Approximately two thirds of all the rain (average annual rainfall 

ranges between 1100 to 1524 mm) is received during the wet season months.  

The soil at the study site is very shallow (10 to 20 cm) with underlying limestone 

bedrock. According to Nobel et al. (1996), the soils east of C111 vary and could be 

classified as either Krome and Chekika very gravely loam (loamy skeletal, carbonatic, 

hyperthermic, Lithic Undorthents), or Biscayne Marl (loamy, carbonatic, hyperthermic) 

based on their physical characteristics. We performed particle size analysis using a 

standard 2-mm sieve and determined that the soils contain on average of 45% fine 

fractions and 55% gravel. Color analysis using the Munsell soil color charts (Munsell soil 
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charts, 2000) and the color guide in Noble et al. (1996) identified the study site soils to 

be broadly characterized as Chekika soil series.  

Three monitoring sites were used located at 500, 1000 and 2000 m along a 

transect perpendicular to canal C111, the three sites also had varying topographies and 

represented areas expected to experience the greatest impact from the proposed raises 

in canal stage. Sites were selected to capture differences in soil texture within our study 

area; this was done with a soil survey map and site visits. Sites were also selected to 

ensure they were in privately owned agricultural low lying lands that were expected to 

be impacted by the rises in water table elevation. For each site: i) GPS coordinates and 

elevation data were collected, ii) groundwater wells were constructed and each was 

equipped with level loggers (Levelogger, Gold Solinst Canada Ltd., 35 Todd Rd, 

Georgetown, Ontario, Canada) to record water table elevation every 15 minutes, iii) 

multi-sensor capacitance probes (MSCP) (EnviroScan probes, Sentek Technologies, 

Ltd., Stepney, Australia) were installed at each site to monitor soil and bedrock water 

contents. Monitoring site locations are shown in Figure 2-1; elevations are shown in 

Figure 2-2.  Differences in the length of times series at the three sites was due to 

differences in the dates of installation of the EnviroScan probes (i.e., probes could only 

be installed when water was at least 50 cm below the ground surface) and relocation of 

the probes due to initial poor installation. Site T500 was installed on August 25, 2010, 

while sites T1000 and T500 were installed on January 21, 2011.  

Soil and Bedrock Water Content Monitoring 

Two EnviroScan probes were installed at each site for a total of six. Each access 

tube with a diameter of 50.5 mm housed four sensors positioned at various elevations 

as shown in Figure 2-2. The elevations correspond to 10, 20, 30 and 40 cm from the 
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ground surface at each site. The top 20 cm typically represent the scarified soil layer 

which is used for crop production and the lower 20 cm represent the underlying 

limestone bedrock in which plant roots cannot penetrate. To minimize the problem of air 

pockets, we used fast setting cement slurry between the access tube and the soil. The 

purpose of installing two EnviroScan probes at the same location was to ensure that at 

least one probe was functioning at any given time. Due to the shallowness of the 

limestone bedrock at all the study sites, a motorized drill was required to bore a hole 

that held the access tube in a vertical position. Water content data were logged every 

15 minutes and were downloaded weekly and averaged daily.  

EnviroScans are an example of capacitance based sensors which measure 

frequency of an oscillating electrical circuit. The oscillator is coupled electrically to 

capacitive elements that are made of two metal cylindrical electrodes. The electrode 

system is arranged so the soil becomes part of the dielectric medium affected by the 

fringing electromagnetic field. Volumetric soil water content affects the electrical 

permittivity of the soil which in turn affects the capacitance causing the oscillation 

frequency to shift (IAIA, 2008) since the soil dielectric constant is a combination of 

mineral particles (2-4), water (80), and air (1). According to Dean et al. (1987) the 

oscillatory frequency from the capacitance soil water sensor could be expressed as: 
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where Cb is the total base capacitance and Cc is the total collector capacitance and 

these represent capacitances of internal circuit elements to which the electrodes are 

connected, L is the inductance of the coil in the circuit, and C is the capacitance of the 

soil access tube system. Therefore capacitance of the soil access tube system, C, can 
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be expressed as a function of the soil dielectric constant  ε) and a value g representing 

the geometry of the sensor as shown: 

gC   (2-2) 

Differences in oscillatory frequency among sensors at the same soil and bedrock 

water contents were eliminated by normalizing the oscillatory frequency values using 

values of frequency when the sensor was surrounded by water and air. The normalized 

oscillatory frequency is known as the scaled frequency (SF) and is estimated as in eq. 

2-3. The manufacture default calibration equation (Equation 2-4) can be used to convert 

scaled frequency to volumetric soil water content (θ).   

awa FFFFSF  /  (2-3) 

475.2)0226.0*792.0(  SF  (2-4) 

where F is the oscillatory frequency value measured by the EnviroScan sensor, Fa is 

frequency value when the EnviroScan probe is surrounded by air, and Fw is the 

frequency value when the EnviroScan probe is surrounded by water. To avoid location 

specific calibration for each sensor, we used SF as surrogate for θ for investigating the 

effect of various factors on soil and bedrock water contents and thus did not use 

Equation 2-4. This approach was successfully applied by Ritter et al. (2009) when 

studying the effect of various factors on hydrologic fluxes in a forest top soil using 

refractive index from time-domain reflectometry (TDR) as a surrogate for volumetric soil 

water content. Gabriel et al.  2   ) observed that the manufacturer’s calibration 

equation overestimated volumetric soil water compared to the locally developed 

calibration equation. However, they noted that despite the overestimation of volumetric 

soil water content, the manufacturer’s equation was able to reproduce temporal soil 
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water dynamics. Therefore, if the goal is to measure relative changes in water content 

the manufacturer’s default calibration equation is sufficient.  

Measurement and Estimation of Hydrologic Variables 

Hydrologic variables including canal stage, water table elevation NGVD29 m, 

rainfall (P), potential evapotranspiration (ETo) and groundwater evaporation (E) were 

measured or estimated to assess their influence on soil and bedrock water content time 

series. Canal stage data were measured at the S177 spillway for headwater (S177H) 

and tail water (S177T) every 15 minutes but daily averages were used. Canal stage 

data were measured by the SFWMD and are publically available from the online 

environmental database (DBhydro; http://www.sfwmd.gov/dbhydroplsql/show_dbkey_ 

info.main_menu). During the first phase of the C111 spreader canal project, the main 

operational adjustments will involve incrementally raising canal stage at S18C (Figure 2-

1) which will result in increased stage in the reach of C111 between the spillways at 

S177 and S18C. 

Water table elevation data were collected from three observation wells 

constructed at the three monitoring sites. Water table elevation was measured by the 

University of Florida (UF) every 15 minutes and averaged daily using a multi-parameter 

pressure transducer at T1000 (Levelogger, Gold Solinst Canada Ltd., 35 Todd Rd, 

Georgetown, Ontario, Canada). Atmospheric corrections were included using a STS 

Barologger (Solinst Canada Ltd) in the well at T1000 (Figure 2-1). Data were 

downloaded from the well weekly and as a quality control procedure, water table 

elevations were also measured manually with a Model 102 Laser water level well meter 

(Solinst, Canada Ltd). Wells T2000 (C111AE) and T500 (C111AW) were installed and 

operated by the SFWMD and published on DBHydro. 

http://www.sfwmd.gov/dbhydroplsql/show_dbkey_%0binfo.main_menu
http://www.sfwmd.gov/dbhydroplsql/show_dbkey_%0binfo.main_menu
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Gauge adjusted Next Generation Radar (NEXRAD) rainfall data used in this 

study were obtained from the SFWMD. The United States National Weather Service 

operates two NEXRAD sites close to the study site (i.e., KBYX in Key West, FL and 

KAMX in Miami, FL) that provide 2 km x 2 km NEXRAD rainfall data. There are 

tradeoffs between rainfall estimated by rain gauges and NEXRAD. Rain gauges (e.g., 

tipping buckets) provide accurate point estimates of rainfall which are acceptable for 

frontal related rainfall events. However, in South Florida where most of the rainfall is 

received in summer and summer rainfall is dominated by conventional or tropical rainfall 

forming processes, rain gauges may fail to accurately represent the orientation of the 

rainfall front or fail to capture the entire rainfall event (Pathak, 2001). On the other hand, 

measurement of rainfall by NEXRAD relies on the raindrop reflectivity which could be 

affected by factors such as raindrop size and microwave signal reflection by other 

particles in the atmosphere. Skinner et al. (2008) showed that the best of the two 

measurement methods is realized by using rain gauge or tipping bucket data to adjust 

NEXRAD values. 

Ground surface reference evapotranspiration (ETo) was computed from 

micrometeorological data (i.e., solar radiation, temperature, relative humidity and wind 

speed) obtained from a Florida Automated Weather Network (FAWN; 

http://fawn.ifas.ufl.edu/) station located approximately 10 km northeast of the study site 

at the Tropical Research and Education Center, Homestead, FL. The American Society 

of Civil Engineers (ASCE) standardized Penman–Monteith equation was used to 

estimate ETo values (ASCE, 2005). We assumed a crop with the following 

characteristics transpiring at a potential rate: crop height (0.12 m), albedo (0.23), active 
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leaf area index (1.44), and well illuminated leaf stomatal resistance (100.8 s/m). We 

applied the tool REF-ET (Allen, 2011) to calculate the ASCE standardized ETo from 

weather data. 

Flux due to water table evaporation may influence soil and bedrock water 

contents. Previous studies have shown that when canal influences are negligible, direct 

evaporation from the water table significantly contributes to water table declines in the 

Biscayne aquifer (Merrit, 1996; Chin, 2008). Two types of models are available to 

estimate evaporation from a water table: physically based models and empirically based 

models. In this study, the latter was used because the former requires detailed data 

such as coefficient of diffusion of water vapor through the soil and vapor pressure above 

the soil surface which were not collected. Empirical models simply relate water table 

evaporation rate to the depth of the water table below the ground surface and are used 

in groundwater studies (e.g., MODFLOW uses this approach; Chin, 2008). We used a 

model similar to that proposed by McDonald and Harbaugh (1988; Equation 2-5). Chin 

(2008) modified Equation 2-5 and obtained Equation 2-6 for south Florida conditions. 
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where E is water table evaporation [mm/day], E0 (same as ETo) is the potential 

evaporation rate at the ground surface [mm/day], d is the depth of the water table below 

the ground surface [m], dcr is the critical depth below which evaporation ceases [m], T is 



 

59 

annual average air temperature [oC] which is approximately 25oC in south Florida, d0 is 

water table depth above which water table evaporation proceeds at potential rate i.e., at 

the rate similar to the ground surface evapotranspiration [m]. Chin (2008) proposed 

parameters d0 and dcr in Equation 2-6 at each observation well can be estimated from 

the least squares best fit of Equation 2-7 and the parameters described as Equations 2-

8 and 2-9. 
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Dynamic Factor Analysis 

DFA uses Equation 2-10 to describe a set of N observed time series (Lütkepohl, 

1991; Zuur et al., 2003; Ritter and Muñoz-Carpena, 2006). The goal in DFA is to keep M 

as small as possible while still obtaining a good model fit. Including relevant explanatory 

variables helps to reduce some of the unexplained variability in the observed time 

series.  

       ttvtts nk

K

k

nknm

M

m

nmn   
 1

,

1

,

 
(2-10) 

   tt mmm   1

 

(2-11) 

where sn(t) is a vector containing the set of N time series being modeled (response 

variables), m (t) is a vector containing the common trends (same units as the response 

variables), 
nm ,

 are factor loadings or weighting coefficients that indicate the importance 
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of each of the common trends to each response variable (unitless), n is a constant level 

parameter for shifting time series up or down, )(tk is a vector containing explanatory 

variables, and nk , are weighting coefficients for the explanatory variables (regression 

parameters) which indicate the relative importance of explanatory variables to each 

response variable (inverse units to convert )(tk into response variable units), 

and )(tn and )(tm   are independent, Gaussian distributed noise with zero mean and 

unknown diagonal covariance matrix. The elements in the covariance matrix represent 

information that cannot be explained by the common trends or the explanatory 

variables. The unknown parameters 
nm ,

 and n were estimated using the Expectation 

Maximization (EM) algorithm that is described in Dempster et al. (1977) and Shumway 

and Stoffer (1982). The common trends in Equation 2-11 were modeled as a random 

walk (Harvey, 1989) and were predicted using the Kalman filter and EM algorithms. The 

regression parameters in Equation 2-10 are estimated using the same procedure as 

used in linear regression (Zuur et al., 2003). DFA was implemented using a statistical 

package called Brodgar Version 2.5.6 (Highland Statistics Ltd., Newburgh, UK). 

The results from the DFA were interpreted in terms of the canonical correlations 

( nm, ), factor loading (
nm ,

 ), regression parameters ( nk , ) and agreement between 

modeled and observed soil and bedrock water contents (i.e., expressed as scaled 

frequency). The goodness-of-fit between modeled and observed soil and bedrock water 

contents were quantified using the Nash-Sutcliffe coefficient of efficiency (Ceff; Nash and 

Sutcliffe, 1970), the Akaike’s Information Criteria  AIC; Akaike, 1974) and the Bayesian 

information criterion  (BIC). Ceff   provides an estimate of how well a model predicts an 
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observed data set, while AIC and BIC are relative measures of the goodness-of-fit of a 

statistical model. A model with the Ceff closest to 1 and lowest AIC and BIC is the 

preferred DFA model. Cross correlations between the soil and bedrock water content 

time series and common trends were measured using nm, . In our study nm, close to 

unity implied that the common trend was highly associated with water content time 

series. Typically, canonical correlations are classified as follows: | nm, |>0.75, 0.5-0.75, 

and 0.3-0.5 as high, moderate, and weak correlations, respectively. The influence of the 

explanatory variables on water content time series were quantified using the magnitude 

of the nk , coefficients and their associated standard errors which were used with a t-test 

to assess whether the response variable and explanatory variables were significantly 

related.  

DFA was implemented sequentially by varying the number of common trends M 

until a minimum AIC and BIC and Ceff closest to one were achieved (Zuur et al., 2003). 

After identifying the minimum M, different combinations of explanatory variables were 

introduced into the analysis until a combination of common trends and explanatory 

variables that resulted in the most parsimonious model with best good-of-fit indicators 

was achieved. The procedure followed here is similar to that described by Ritter et al. 

(2009).  

Soil and bedrock water content time series are autocorrelated (Kaplan and 

Muñoz-Carpena, 2011) while evapotranspiration and rainfall time series are not. For 

example, soil and bedrock water contents at time t will depend on antecedent soil and 

bedrock water contents at time (t-1) whereas the rainfall today does not depend on 

rainfall yesterday. Therefore in order to relate the soil and bedrock water content time 
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series and evapotranspiration and rainfall time series, we calculated a new variable 

called net cumulative recharge (Rnet) using:  
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where Pt is the total rainfall for day t (mm) and Eot is the potential evapotranspiration on 

day t (mm/day). Cumulative water table evaporation was also used instead of daily 

values. To minimize multi-collinearity of explanatory variables, we used mean water 

table elevation instead of water table elevation at each well. Before proceeding with the 

DFA, multi-collinearity of explanatory variables was quantified by computing variance 

inflation factors (VIFs) for each explanatory variable (Zuur et al., 2007). 

Simple Predictive Regression Model for Soil Water Content 

The simple regression model was developed from a DFA model having the 

minimum number of common trends required to explain underlying common patterns in 

the eleven time series and explanatory variables with significant influence on modeled 

soil water and bedrock water content time series. To enable practical use of the simple 

model, DFA was performed again for the identified model using non-normalized/non-

standardized time series. After estimating the parameters through DFA, the common 

trends were ignored in the model to derive a simple expression relating identified 

significant explanatory variables and soil and bedrock water contents. The period from 

August 25, 2010 to December 2011 was used to develop the regression model while 

the data from January 01, 2012 to June 30, 2012 was used to validate the new simple 

model. The developed simple model was then applied to predict the impact of a 6, 9 and 

12 cm increase in canal stage on soil and bedrock water contents at the study sites. 
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Results and Discussion 

Visual Exploratory Analysis of Experimental Time Series 

Visual inspection of soil and bedrock water content time series expressed as SF 

indicates that there were some common patterns in the temporal variation of soil and 

bedrock water contents at the three sites (T500, T1000 and T2000) along the transect 

perpendicular and east of canal C111. From February 2011 to July 2011, soil and 

bedrock water contents gradually decreased at all monitoring elevations and all sites 

(Figure 2-3). The gradual decrease in soil and bedrock water contents corresponded to 

the decline in canal stage and water table elevation (Figure 2-4). The period from April 

to August was characterized by pronounced drying and wetting cycles at all sites. The 

wetting or spikes in soil and bedrock water contents in this period correspond to the 

start of the rains while the drying cycles correspond to the increasing potential 

evapotranspiration during the same period (Figure 2-4). The period from late March to 

July corresponds to the end of the growing season and beginning of the wet season. 

From August 2011 to February 2012, soil and bedrock water increased corresponding 

to stage operation criteria within the canal network that enhances water storage in the 

system.  

However, there were observed differences in temporal soil and bedrock water 

variability at the three monitoring sites along the transect. Site T500 which is the 

shallowest and closest to the canal exhibited lack of temporal variation in bedrock water 

content at elevations less than 0.9 m NGVD29 while soil water content at 1.0 m 

NGVD29 exhibited temporal variation in the same period probably due to irrigation 

during the growing season. Site T1000 (i.e., approximately 1000 m from canal C111) 

exhibited the least increase in water content between March 2011 and June 2012. 
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Unlike sites T500 and T2000, the trends in soil and bedrock water contents at T1000 

were not identical to the temporal variation in canal stage or water table elevation 

suggesting micro-topography within the field might be affecting soil and bedrock water 

contents since this site had the highest elevation along the transect (Figure 2-2). At site 

T2000 (i.e., approximately 2000 m from canal C111), soil and bedrock water contents 

for the periods between August 2010 to March 2011 and August 2011 to February 2012 

were similar characterized by small temporal variation similar to those exhibited at site 

T500. Sites T500 and T2000 have very similar elevation (1.19 and 1.2 m NGVD29, 

respectively) implying that topography or ground surface elevation might exert a 

stronger influence on temporal variation of soil and bedrock water contents compared to 

distance from the canal. Differences also existed at the different monitoring elevations 

with bedrock water content generally higher at the lowest elevation at each site. Other 

reasons for observed differences in water content at the different sites could be a 

combination of several factors such as differences in soil surface conditions, soil and 

bedrock heterogeneity (specifically differences in soil water retention and unsaturated 

hydraulic conductivity) and differences in the environments surrounding the EnviroScan 

access tubes.  

All the hydrologic variables monitored (Figure 2-4) exhibited seasonal variations 

with rainfall increasing during wet season (May to October) resulting in increased water 

table elevation and canal stage. ETo also increased during the wet season. In turn, 

decreased depth to water table and increased ETo resulted in increased E (Figure 2-4). 

The water table evaporation parameters for Equation 2-6 were computed following the 

procedure described by Chin (2008) in which steady declines in water table elevation 
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particularly in the dry season when canal stage was maintained relatively constant are 

assumed to be caused by water table evaporation. Using data from a total of six wells 

(i.e., the 3 wells along transect T and 3 additional wells approximately 1 km north of the 

transect) within the vicinity of the study area, we obtained an average critical depth of 

1.94 m which is within the range of 1.5 to 2.9 earlier reported by Chin (2008). We 

obtained a value of 0.59 m for the depth above which water table evaporation proceeds 

at the potential rate which is approximately half the average value of 1.4 reported by 

Chin (2008).  The water table elevations at the three monitoring sites were very similar 

and also corresponded to the temporal variations in canal stage on the tail water side of 

the spillway at S177. 

Response and Explanatory Variables 

Visual inspection indicated that seasonality affects temporal variation of both 

response variables (i.e., soil and bedrock water contents at different elevations) and 

explanatory variables (i.e., ETo, rainfall P, water table elevation, E and canal stage). We 

attempted to remove seasonality effects through seasonal standardization following 

procedures described by Salas (1993), but this approach was abandoned since it 

resulted in poor model fit compared to the models in which seasonal effects were 

assumed to be masked in the common trends (i.e., average Ceff < 0.7 and Ceff > 0.9, 

respectively). The poor model fit could be attributed to loss of information resulting from 

seasonal standardization. Ritter et al. (2009) also reported improved DFA model fit after 

back transforming refractive index data from a TDR as a surrogate for soil water content 

compared to seasonally standardized refractive index.  

To facilitate interpretation of factor loadings and comparison of regression 

parameters as suggested by Zuur et al. (2004), all the time series were normalized. 
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Therefore, the DFA results presented in reference to objective 1 are based on 

normalized time series data. Prior to performing the DFA, multi-collinearity in 

explanatory variables was quantified by calculating Variance Inflation Factor (VIFs) for 

each explanatory variable. Threshold VIF of 5 was set as the highest, high values of VIF 

indicate multi-collinearity in the explanatory variables which makes interpretation of 

regression results difficult (Ritter et al., 2009). As expected there was high multi-

collinearity between water table elevation time series for different wells (VIFs > 30), but 

this was considerably reduced when mean water table elevation at the three sites was 

used instead (i.e., VIFs < 2). There was also high multi-collinearity between headwater 

and tail water canal stages at S177 (VIFs > 8) implying that these two time series could 

not be used as explanatory variables in the same DFA model. Mean water table 

elevation was also correlated to canal stage S177 (VIFs >10) probably due to the high 

hydraulic connectivity between C111 and Biscayne aquifer. The correlation coefficient 

between canal stage and water table elevation time series was greater than 0.9. 

Common Trends 

We developed the DFA model by exploring common trends and explanatory 

variables in relation to the 11 observed water content time series. Results of the DFA 

model selection are summarized in Table 2-1. We used the AIC, the BIC (which 

penalizes more strongly for over parameterization than the AIC) and the Ceff  statistic for 

deciding which of the DFA models with zero explanatory variables  best described the 

response time series. Ten was the maximum number of common trends used to 

describe common variability in the 11 response water content time series. However, the 

goal of DFA is to minimize the number of common trends while maintaining a good 

model fit. Several models consisting of fewer numbers of common trends and noise 
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were tested and model 4 with five common trends was determined to be the model with 

the minimum number of common trends required to describe the 11 response time 

series. Model 4 was selected since using M>5 resulted in negligible improvement in 

model goodness-of-fit measures while increasing the number of parameters to be 

interpreted. The three common trends with high ( nm, |>0.75) to moderate 

(0.5< nm, <0.75) canonical correlations particularly at sites T500 and T2000 are shown 

in Figure 2-5. Common trends 2 and 3 exhibited minor cross correlation with water 

content time series as measured by nm, < 0.5 at all the sites and in the interest of 

brevity are not presented. 

Visually, the unexplained variation in soil and bedrock water contents described 

by the common trends in Figure 2-5 is similar to the seasonal variation of soil and 

bedrock water contents at sites T500, T1000 and T2000 for the period August 2010 to 

August 2011. There was greater uncertainty as shown by a large (95%) confidence 

interval from August 25, 2010 to January 21, 2011 which is due to missing data for sites 

T500 and T1000 during this period. The first common trend exhibited high positive 

(|
n,1 |0.75) correlation with soil and bedrock water content time series at sites T500 

and T2000 with low surface elevation (1.1 and 1.2 m NGVD29, respectively) compared 

to the moderate to weak correlation at site T1000 with ground surface elevation of 2.17 

m NGVD29. Indicating that in addition to other factors, such as irrigation during the 

growing season, micro-topography within the field influences temporal variations in soil 

water content as it governs the effect exerted by the water table.  
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Relative Contribution of Explanatory Variables 

Introducing net surface recharge, water table evaporation, and mean water table 

elevation or C111 canal stage to model 4 resulted in the best models (11 and 13). 

Inclusion of explanatory variables in the DFA model also produced regression 

parameters ( nk , ) and since response and explanatory variables were normalized, the 

regression parameters were used to quantify the relative influence of each explanatory 

variable on the modeled soil and bedrock water content time series. It is worth noting 

that substituting mean water table elevation in model 11 with canal stage as in model 13 

resulted in AIC and BIC that were not substantially different and similar goodness-of-fit 

indicator (Table 2-1). Since part of the motivation for this research was to assess the 

effect of canal stage management on soil and bedrock water contents, further analysis 

was made on model 13 because canal stage data have a more consistent record 

compared to water table elevation data. At the study site, canal stage can be used as a 

good approximation to water table elevation due to the high permeability of the aquifer.  

Model 13 fitted plots are shown in Figures 2-6 to 2-8; these figures indicate that 

DFA modeling was successfully applied to describe temporal variations in soil and 

bedrock water contents at all three monitoring sites and elevations (Ceff > 0.9). Results 

in Table 2-2 indicate that net surface recharge (Rnet) had a significant influence (t value 

>2) on the temporal variation of soil and bedrock water contents at sites T500, T1000, 

and T2000 but was not significant at lower elevations at sites T1000 and T2000 as 

shown (t value <2). The significance of Rnet could be attributed to rainfall (P) patterns in 

the study area in which two thirds of the P was received in the wet season (SFWMD, 

2011) and these large amounts of net water input to the vadose zone are sufficient to 
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maintain soil and limestone bedrock near saturation, while absence of P in the dry 

season was responsible for the dry conditions. Lack of significance at lower elevations 

at sites T1000 and T2000 could be attributed to heterogeneity in soils and bedrock (e.g., 

differences in hydraulic conductivity), and differences in surface cover which influence 

ETo.  

Water table evaporation was found to not significantly influence temporal 

variation of soil and bedrock water contents (t value <2) at all the sites monitored. The 

non-significant effect of water table evaporation on soil and bedrock water content could 

be attributed to the fact that there is sufficient water for evaporation due to the shallow 

water table. However, the negative effect was stronger at site T1000, the negative effect 

is due to the fact that water table evaporation is a net loss from the vadose zone 

system. The small positive water table evaporation regression coefficient at T1000 and 

T2000 (Table 2) could be attributed to computational numerical errors. These results 

are worth highlighting given the fact that meteorological based methods for estimating 

ETo like Penman Monteith equation are criticized for ignoring evaporation from the 

shallow water table meaning they might under estimate total ETo losses. These 

observations could be attributed to that fact ETo in such cases is not limited by water 

availability but by available energy only.  

C111 canal stage on the tail water side at the S177 spillway (Figure 2-1) had the 

strongest influence on soil and bedrock water content temporal variations (t value >7) 

for most sites. This finding is significant because it confirms the hypotheses that the 

shallow water table and canal stage are highly connected and that canal stage can be 

used to predict soil water content at a given location. From a hydrologic perspective, 
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these results were expected because in this case canal stage is used as an 

approximation for the shallow water table which serves as the lower boundary condition 

for the vadose zone and therefore regulates available storage during the rainy season. 

Based on the relative magnitudes of the regression coefficients (Table 2-2), the overall 

contribution of canal stage on the respective soil and bedrock water content time series 

is higher than that of net recharge.   

The factor loadings (
n,1 ) for the five common trends are shown in Table 2-2, 

these represent the influence of each common trend on the modeled soil and bedrock 

water content time series at the different monitoring sites and elevations. Since the time 

series in the DFA were normalized, the coefficients nk , and 
n,1 can be compared (Zuur 

and Pierce, 2004). The results indicate that trend 1 was very critical for describing 

unexplained variation in soil water dynamics at site T2000, while common trends 2 and 

to a lesser extent 3 were more critical for describing unexplained variation in soil water 

content at site T1000. Site T500 was sufficiently described by the explanatory variables 

and constant level parameters given their magnitudes were larger compared to the
n,1 . 

Trends 4 and 5 had minor effects at all the monitoring sites. 

Overall at all the sites, compared to regression coefficients and the constant level 

parameters, common trends had less influence on soil and bedrock water dynamics. 

However, since the values of the factor loadings are not zero (i.e., they account for 

some unexplained variability) especially at T2000 and site T1000, this implies that the 

information provided by the hydrologic variables used as the explanatory variables in 

the DFA models only account for part of the unexplained variability in the temporal 

variation of the soil and bedrock water contents. Other information such as irrigation, 
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differences in soil surface conditions, differences in the environment surrounding the 

EnviroScan access tube, and variation in soil hydraulic properties not considered in this 

study might account for part of the remaining unexplained variability.  

Predicting Soil and Bedrock Water Contents Using a Simplified Dynamic Factor 
Analysis Based Model 

To enable practical application of the DFA model, the common trends and two of 

the exploratory variables included in model 13 were used in a new DFA model with non-

standardized time series. This new model was referred to as model 14. To further 

simplify model 14, we ignored the common trends to derive a simple model that predicts 

soil and bedrock water contents as function of net recharge and canal stage expressed 

as: 

),()(177),()(),(),,( 111 ZXtTSZXtRZXtZXSF CnetRnet    (2-13) 

where SF(X,Z,t) is the SF at distance X from the canal, at elevation Z, and time t, other 

terms are previously described and varies with elevation and distance from the canal. 

The coefficients for Equation 2-13 at all the sites and monitoring elevations are obtained 

from Table 2-3. The Ceff  in Table 2-3 are calculated based on Equation 2-13 with 

common trends removed. As expected, performance of the simple model (Equation 2-

13) was lower as shown by the reduction in Ceff (Table 2-3 and Figures 2-9 to 2-10) 

compared to the DFA models that include common trends particularly for site T1000.  

Since factor loadings are not zero for all the trends (Table 2-3), this suggests that 

the explanatory variables (net recharge and canal stage) used in the DFA model are not 

sufficient to explain all the observed variations in the soil and bedrock water content 

time series. This is particularly true at site T1000 which is affected by 4 out of the 5 

common trends. Common trend number 2 appears to affect all the sites, it probably 
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masks common variation such seasonal changes in rainfall, evapotranspiration and 

canal stage. Other common trends had minor effects at all the other sites particularly at 

site T1000.  The difference in response at site T1000 could be attributed to differences 

in elevation as shown in Figure 2-2, site T1000 has a higher surface elevation and 

hence larger depth to water table.  

The results in Table 2-3 also underscore the point that the effect of canal stage is 

stronger at low elevation sites T500 and T2000 compared to T1000. Thus, proper 

interpretation of modeling results in this area requires accurate quantification of micro-

topography. Model performance ranged from good at sites T500 and T2000 to poor at 

site T1000 with root mean square error (RMSE) ranging from 0.005 to 0.01. Figures 2-9 

to 2-10 show model performance during the calibration and validation periods, after 

removing the common trends, it can be seen that the simple model misses the peaks 

but is able to generally predict the temporal variation in soil and rock water content. The 

simple model (Equation 2-13) could be improved by using location specific water table 

elevation since canal stage is simply a good approximation of the mean water table 

elevation. Another simple sigmoidal regression model to predict soil and bedrock water 

contents from canal stage proposed by Kaplan et al. (2010a) was tried but later 

abandoned due to lower Ceff (i.e., averaging 0.2). Their approach is based on the 

physical concept of drain to equilibrium. However, for our study site this condition was 

hard to achieve since during the dry season irrigation was taking place and in the rainy 

season there was frequent rainfall hence by removing data points corresponding to 

rainfall or irrigation, very few data points were left to develop a useful sigmoidal model 

for predicting soil and bedrock water content from canal stage. 
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Assessing the impact of proposed operational changes in C111 canal stage 
management on soil and bedrock water content 

The low lying agricultural areas east of canal C111 are anticipated to experience 

the greatest impact from the proposed changes in C111 stage operation (i.e., canal 

stage increases of 6, 9, and 12 cm); a simple DFA based regression model (Equation 2-

13) was proposed to predict the soil and bedrock water contents as a function of canal 

stage. We considered the period from January 01, 2012, to June 30, 2012 for the 

analysis. Increases in canal stage were computed by simply adding the proposed 

incremental rises in canal stage to the daily canal stage recorded at S177T while P and 

ETo from the original dataset were not changed.  

The results from using this simplified DFA based model (Figures 2-11 and 2-12) 

indicate that the proposed increases in canal stage were predicted to have changes in 

daily mean SF for the study period (i.e., which is used as a surrogate for soil and 

bedrock water contents) of <1%  at all sites and all elevations monitored. The range in 

daily SF differences was 0.065 to -0.024 and 0.075 to -0.041 at sites T500 and T2000 

respectively, which indicates that the simple model over predicted and under predicted 

SF on certain days during the study period.  However, note that the daily differences in 

SF are not substantially large; this may be attributed to already high values of soil and 

bedrock water contents observed in the area. On an event basis the potential to flood or 

saturate the root zone would depend on the size of the storm and storm contingency 

planning for lowering of canal stage in anticipation of heavy storms.  Since we showed 

using DFA that soil and bedrock water contents were significantly affected by canal 

stage and net recharge.  
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The simple model used in this evaluation was more accurate at sites T500 and 

T2000 and therefore results at these two sites would be considered with less 

uncertainty. Soil and bedrock water responses to incremental raises in canal stage were 

not computed for site T1000 since results at this site would be considered less accurate 

(greater uncertainty) because model performance was very poor at this site. Soil and 

bedrock water contents were more noticeable at the highest elevation (Figures 2-11 and 

2-12). However, at the lowest elevations monitored the difference between mean SF 

before and after all increments was zero at T500. These observations could be 

attributed to the fact that low elevation sites are normally close to saturation. For 

example, at site T500 (0.7) when water elevation was above the sensor (implying 

saturated conditions), SF was recorded as 0.786 compared to average SF of 0.775 for 

the study period meaning small changes in water table may not result in substantial 

changes in soil water content since the pores are already near saturation. 

Note that the simple model developed should be applied with the following 

limitations in mind. The model does not account for water input from irrigation and 

therefore would under predict soil and bedrock water content during the growing 

season, the model also uses canal stage as an approximation for water table elevation 

at a specific location although the two are usually close there may be deviations 

especially after large rainfall events, it ignores water content drivers that were masked 

in the common trends, and lastly the simple model ignores the effect of E which might 

vary based on micro-topography within the field as well as differences in land surface 

cover conditions. Finally, although the simplified DFA based model is empirical in 

nature, the results suggest it can be used as a preliminary tool to relate the potential 
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impacts of surface water management decisions on soil and bedrock water contents in 

low lying farmlands adjacent to canal C111. This is because during the duration of the 

study, we were able to capture a wide range of variation in canal stage and water table 

elevation e.g., on June 10, 2011 we recorded canal stage and groundwater table 

elevation of 0.14 m NGV29 which is lower than the optimum design stage of 0.6 m for 

the reach of C111 between S 18C and S177 under current canal stage operational 

criteria. On October 09, 2011 we recorded canal stage and groundwater levels as high 

as 0.9 and 1.02 m NGVD29 which is close to the level supposed to trigger the spillway 

to open at S177 under current operational criteria.  

Conclusions 

The response of soil and bedrock water contents to incremental raises in canal 

stage proposed under the C111 spreader canal project whose goal is to restore the 

hydrology of ENP while maintaining flood protection in the adjacent agricultural areas 

was investigated using DFA. The study objectives were to use DFA to identify the 

important factors driving temporal variation in soil and bedrock water content above the 

shallow water table at the study site, develop a simple model for predicting soil water 

content as a function of canal stage and assess the effect of the proposed incremental 

raises in canal stage on soil and bedrock water contents. Five was the minimum 

number of common trends required to account for the unexplained variation in the 

eleven observed soil and bedrock water content time series while producing an 

acceptable model fit. Introduction of explanatory variables i.e., net recharge, water table 

evaporation, and canal stage or water table elevation to the DFA model resulted in 

lowering AIC and BIC values while Ceff values did not substantially change. Evaluation 

of the regression coefficients indicated that net recharge and canal stage had significant 
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effects on temporal variation of soil and bedrock water contents while the effect of water 

table evaporation was non-significant. Based on the magnitude of the regression 

coefficients, canal stage had the greatest influence on the temporal variation of soil and 

bedrock water contents at all elevations and distances from the canal at the locations 

monitored. The effect of canal stage and mean water table elevation in the DFA model 

was similar confirming the high hydraulic connectivity between the canal and Biscayne 

aquifer.  

Based on the high connectivity between surface water in the canal and Biscayne 

aquifer, a simple DFA based regression model (DFA model in which the common trends 

were removed), was developed to predict soil and bedrock water contents as a function 

of canal stage and net recharge at various elevations. The performance of the simplified 

regression model was described as good to acceptable at sites with low elevation (i.e., 

water table elevation within 1m from the ground surface) and poor at the location at with 

water table depth greater than 1.5 m. These findings highlight the effect of micro-

topography within the field on soil water content.  The study also revealed that factor 

loadings were not zero for all the common trends suggesting that the explanatory 

variables (net recharge and canal stage) used in the DFA model are not sufficient to 

explain all the observed variations in the soil and bedrock water content time series. 

The effect of the proposed 3 incremental raises in canal stage on soil and 

bedrock water content was simulated using the developed simple DFA based 

regression model for a total of 181 days beginning January 01, 2012. The results based 

on the data collected indicate that the proposed raises in canal stage would result in 

negligible changes in average soil and bedrock water contents at low elevations 
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monitored in this study based.  Changes in soil water content near the ground surface 

were more noticeable. The DFA based regression model developed is limited in its 

prediction ability to the range of canal elevations and net recharge by which it was 

developed. The uncertainty in predictions could be minimized by continuously updating 

the regression coefficients and constant level parameters as more data on response 

and explanatory variables are collected. The results of the regression model could be 

further evaluated using physically based modeling approaches. The approach used in 

this study could be applied to any system in which detailed physical modeling would be 

limited by inadequate information on parameters or processes governing the physical 

system. 
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Table 2-1. Dynamic Factor Analysis (DFA) models tested based on the following 
goodness-of-fit measures: AIC, BIC and Ceff  

Model 

No. of 
common 
trends Explanatory variables 

No. of 
parameters AIC1 BIC2 Ceff

 3 

Step I (DFA model with K=0) 
1 2 None 98  -2690.5 -2041.8 0.68 
2 3 None 107 -4654.2 -3945.9 0.84 
3 4 None 115 -5830.2 -5068.9 0.88 

4 5 None 122 -6901.5 -6093.8 0.97 
5 6 None 128 -7028.8 -6181.4 0.97 

6 8 None 137 -7263.9 -6357.0 0.97 
Step II (DFA model with K>0) 

7 5 Rnet
4,  133 -7018.6 -6138.2 0.97 

8 5 Rnet, E
5 144 -7797.5 -6844.3 0.98 

9 5 S177T6 133 -7341.0 -6460.5 0.97 

10 5 S177T, Rnet 144 -7542.7 -6589.4 0.97 

11 5 Rnet, E, MWT7 155 -8052.4 -7026.4 0.98 

12 5 MWT, Rnet 144 -7444.0 -6490.8 0.97 

13 5 Rnet, E, S177T 155 -7922.4 -6896.3 0.98 

1AIC Akaike information criterion 
2BIC Bayesian Information Criterion  
3Ceff Nash-Sutcliffe coefficient calculated based all the nine observed time series 
4Cumulative net surface recharge 
5Rnet Cumulative water at table evaporation 
6S177T Canal stage in C111 
7MWT Mean water table evaporation 
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Table 2-2. Dynamic Factor Analysis results for model 13 with 5 common trends and 3 
explanatory variables  

sn n,1  
n,2  

n,3  n,4  n,5  n  Rnet  
E  111C  Ceff 

1T500 
(1.0) 0.05 0.02 0.04 -0.02 -0.03 

0.28 
(0.6) 

0.34 
(6.9) 

0.00 
(0.0) 

0.24 
(8.8) 0.93 

T500 
(0.9) 0.05 0.06 0.03 -0.04 -0.05 

0.37 
(0.5) 

0.24 
(3.5) 

-0.14 
(-0.3) 

0.29 
(8.3) 0.94 

T500 
(0.8) 0.04 0.06 0.03 -0.03 -0.04 

0.34 
(0.6) 

0.20 
(3.2) 

-0.17 
(-0.5) 

0.22 
(7.5) 0.90 

T500 
(0.7) 0.03 0.02 0.01 0.00 -0.01 

0.13 
(0.6) 

0.18 
(7.1) 

-0.09 
(-0.7) 

0.13 
(9.1) 0.90 

T1000 
(1.97) 0.04 0.16 0.13 -0.02 0.00 

0.95 
(0.9) 

0.47 
(3.1) 

-0.53 
(-0.7) 

0.62 
(8.7) 0.85 

T1000 
(1.87) 0.04 0.20 0.11 0.01 0.01 

0.82 
(0.8) 

0.38 
(2.1) 

-0.61 
(-0.8) 

0.70 
(8.5) 0.81 

T1000 
(1.77) 0.01 0.50 0.01 0.00 0.00 

0.00 
(0.0) 

0.44 
(1.1) 

0.23 
(0.1) 

0.77 
(4.6) 0.67 

T2000 
(1.11) 0.10 0.04 0.06 -0.07 0.01 

0.07 
(0.1) 

0.13 
(2.0) 

0.05 
(0.1) 

0.50 
(11.6) 0.99 

T2000 
(1.01) 0.13 0.05 0.06 -0.02 0.06 

-0.09 
(-0.1) 

0.03 
(0.3) 

-0.03 
(0.0) 

0.68 
(13.2) 0.90 

T2000 
(0.91) 0.17 0.03 0.06 0.01 -0.01 

-0.12 
(-0.1) 

0.05 
(0.4) 

-0.22 
(-0.3) 

0.71 
(12.4) 0.93 

T2000 
(0.81) 0.16 0.04 -0.03 -0.02 -0.02 

-0.31 
(-0.3) 

0.08 
(0.8) 

0.02 
(0.0) 

0.46 
(8.8) 0.96 

γ Factor loading corresponding to common trend 1to 5 and observation, n=  ,2, 3….,    
µ Constant level parameter in dynamic factor model with associated t-value in 
parenthesis 
ßRegression parameter corresponding to the 3 explanatory variables (net recharge 
[Rnet], water table evaporation [E], and canal stage in C111 [C111stage]) with 
associated t-value in parenthesis 
Ceff is Nash-Sutcliffe coefficient 
1Site name nomenclature; T is refers to transect name T, number refers to distance from 
canal and number in parentheses refers to elevation NGVD29 m 
n number of observations 
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Table 2-3. Dynamic Factor Analysis results for model 14 with 5 common trends and 2 
explanatory variables implemented with non-standardized time series 

sn n,1  
n,2  

n,3  n,4  n,5  n  Rnet  
stagec111

 

effC  effC  

1T500 
(1.0) -0.003 0.000 0.000 0.000 0.000 0.72 0.14 0.06 0.73 0.70 
T500 
(0.9) -0.001 -0.004 0.000 0.000 0.000 0.72 0.11 0.04 0.61  0.62  
T500 
(0.8) -0.001 -0.004 0.000 0.000 0.000 0.75 0.09 0.02 0.51 0.56 
T500 
(0.7) -0.001 -0.002 0.002 0.000 0.000 0.76 0.07 0.01 0.81  0.74  
T1000 
(1.97) 0.003 -0.005 -0.002 0.000 0.001 0.73 0.10 0.02 0.61  0.15 
T1000 
(1.87) 0.002 -0.003 -0.001 0.000 0.001 0.74 0.05 0.01 0.51  0.13  
T1000 
(1.77) 0.001 -0.003 0.001 -0.002 0.000 0.77 0.02 0.00 0.25  0.11  
T2000 
(1.11) 0.000 -0.003 -0.002 0.000 0.000 0.76 0.08 0.06 0.70  0.61  
T2000 
(1.01) 0.000 -0.003 0.000 0.000 0.001 0.76 0.05 0.05 0.60  0.67  
T2000 
(0.91) 0.000 -0.002 0.000 0.000 0.001 0.77 0.03 0.04 0.67  0.63  
T2000 
(0.81) -0.001 -0.001 0.000 0.000 0.001 0.80 0.02 0.02 0.65  0.61  

γ Factor loading in the dynamic factor model 
µ Constant level parameter in dynamic factor model 
ß Regression parameter corresponding to the 2 explanatory variables (net recharge 
[Rnet], and canal stage in C111 [C111stage]) 
1Nash-Sutcliffe coefficient are calculated after ignoring common trends 
2Nash-Sutcliffe coefficient during validation 
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Figure 2-1.  Map of C111 basin showing farmlands east of canal C-111, Taylor Slough, 
Florida Bay and three monitoring sites along transect perpendicular to C111 
canal.  
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Figure 2-2.  Map of C111 basin showing farmlands east of canal C-111, Taylor Slough, 
Florida Bay and three monitoring along transect perpendicular to C111 canal. 
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Figure 2-3. Temporal variation in scaled frequency (i.e., soil and bedrock water contents 

) at three sites (i.e., T500, T1000 and T2000 with soil and bedrock water 
contents monitored at different elevations using EnviroScan probes) along a 
transect perpendicular to C111 on the tail water side of the spillway at 
structure S177 during the period August  2010 to June 2012. 
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Figure 2-4. Temporal variation in hydrologic factors evaluated for their influence on soil 

and bedrock water contents at the study site during the period August 2010 to 
June 2012. 
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Figure 2-5.  Common trends with 95% confidence interval describing unexplained 

temporal variation in scaled frequency as a surrogate for soil and bedrock 
water content and the canonical correlation for quantifying the correlation 
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between water time series and the common trends, in the nomenclature for 
site names the number represents distance from the canal in m, and the 
numbers in the parenthesis represent elevation NGVD 29 m. 

 
 
Figure 2-6. Fitted Dynamic Factor Model (DFM) and observed temporal variation in 

scaled frequency (used as a surrogate for soil and rock water) in gravely loam 



 

87 

soils and limestone bedrock at a site located 500 m along a transect from 
C111 and the numbers in the parentheses indicate elevations. 

 
 
Figure 2-7.  Fitted Dynamic Factor Model (DFM) and observed temporal variation in 

scaled frequency (used as a surrogate for soil and rock water) in gravely loam 
soils and limestone bedrock at a site located 1000 m along a transect from 
C111 and the numbers in the parentheses indicate elevations. 
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Figure 2-8.  Fitted Dynamic Factor Model (DFM) and observed temporal variation in 

scaled frequency (used as a surrogate for soil and rock water) in gravely loam 
soils and limestone bedrock at a site located 2000 m along a transect from 
C111 and the numbers in the parentheses indicate elevations. 
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Figure 2-9. Performance of a simple model for predicting scaled frequency (used as a 

surrogate for soil and bedrock water content) as a function of canal stage and 
net recharge at specific elevations in parentheses NGVD29 at a site located 
500 m along a transect from C111. 
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Figure 2-10. Performance of a simple model for predicting scaled frequency (used as a 

surrogate for soil and bedrock water content) as a function of canal stage and 
net recharge at specific elevations in parentheses NGVD29 at a site located 
2000 m along a transect from C111. 
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Figure 2-11. Boxplots showing soil and rock water content as measured using scaled 

frequency at site T500 before and after 6, 9 and 12 cm increase canal at 
structure S18C along C111.
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CHAPTER 3 
SENSITIVITY ANALYSIS AND PARAMETER ESTIMATION FOR AN APPROXIMATE 
ANALYTICAL MODEL OF CANAL-AQUIFER INTERACTION APPLIED IN THE C-111 

BASIN† 

Introduction 

Surface water in streams, canals, and rivers infiltrates into hydraulically 

connected aquifers during rising flood stage and is released back into surface water 

bodies during flow recession. This interaction between groundwater and surface water 

bodies occurs in virtually all types of landscapes (Winter et al., 1998). However, it is 

particularly critical in low elevation coastal watersheds (e.g., southeastern Atlantic and 

Gulf coasts of the United States) with shallow water tables due to the high risk of 

groundwater flooding from large storms. As an example, south Florida’s low elevation 

coastal landscape has a shallow water table aquifer (Biscayne aquifer) that is 

hydraulically connected to an extensive canal network primarily constructed for flood 

control (Chin, 1990; Genereux and Guardiario, 1998). As part of flood control 

management in south Florida, pre-storm contingency planning normally involves 

artificially lowering the water table to create sufficient storage for the forecasted storm 

(Bolster et al., 2001). Canal stage lowering has to consider other fresh water uses such 

as ecosystem restoration in the Everglades and control of salt water intrusion.  

Optimizing flood control and water management decisions requires continuously 

improving our knowledge of factors such as canal bed conductance, aquifer specific 

yield, and aquifer saturated thickness as well as horizontal and vertical hydraulic 

conductivities which may be used to characterize and predict aquifer responses to canal 

                                            
†
 Copyright for this chapter of the dissertation belongs to Trans. ASABE Kisekka et al. 2013b 
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stage management. There are many ways of determining these physical parameters 

e.g., using standard pumping tests and slug tests  for quantifying hydraulic conductivity 

and specific yield (Freeze and Cherry, 1979) and canal drawdown  tests for assessing 

aquifer hydrogeological parameters and canal bed conductance (Bolster et al., 2001). 

For regional studies, pumping and slug tests are expensive, in addition they are 

particularly challenging for very permeable aquifers such as the Biscayne aquifer due to 

large sizes of pumps and water conveyance pipes required to produce a large enough 

drawdown to be accurately measured (Fish and Stewart, 1991). Another approach that 

has been used for characterizing hydrogeological parameters in surface water-

groundwater interaction problems is parameterization of numerical or analytical models. 

In this study we focus on the later, since numerical models when applied within a global 

sensitivity and parameter estimation framework could be computationally expensive 

(Vesselinov et al., 2012).  

Many analytical models have been developed to describe the interaction 

between surface water bodies such as canals and groundwater aquifers (e.g., Hall and 

Moench, 1972; Serrano and Workman, 1998; Zlotnik and Huang, 1999; Moench and 

Barlow, 2000; Lal, 2001; Hantush, 2005). The main difference among these analytical 

models is the simplifying assumptions made in deriving a solution to the groundwater 

flow equation. In most analytical models, aquifer response to arbitrary stage and 

recharge fluctuations is simulated using the convolution integral (Olsthoorn, 2008). For 

this study the approximate analytical solution developed by Barlow and Moench (1998) 

was selected because it is more generalized for many canal-aquifer configurations and 

boundary conditions and also accounts for the effect of both arbitrary canal-stage and 
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recharge variations. In addition, computer programs are available to facilitate 

implementation of the generalized unit step response function with convolution integral 

(available at: http://water.usgs.gov/ogw/staq/). Examples of prior studies involving 

estimation of hydrogeological parameters using analytical models of canal-aquifer 

interaction include Bolster et al. (2001), Lal (2006), and Ha et al. (2007). Bolster et al. 

(2001) determined Biscayne aquifer specific yield using data from canal drawdown 

experiment and the analytical model developed by Zlotnik and Huang (1999) for partially 

penetrating streams with low permeability bed sediment layer in the absence of 

recharge. Lal (2006) determined bulk aquifer and canal resistance dimensionless 

parameters for Biscayne aquifer using a coupled canal-aquifer analytical model. Ha et 

al. (2007) applied an analytical model of river-aquifer interaction to estimate aquifer 

diffusivity and river bed resistance in the Mangyeong-River floodplain, South Korea. In 

prior investigations related to Biscayne aquifer, sensitivity analysis was implemented 

using local sensitivity analysis techniques. Local sensitivity analysis is limited as (1) 

parameter interactions are not considered; (2) parameter importance is assessed only 

in the vicinity of mean parameter value, and (3) it is unreliable for nonlinear models 

(Frey and Patil, 2002). Global sensitivity analysis techniques overcome these limitations 

and provide more information on the response of linear and nonlinear model output to 

variations in model input factors.  

 Global sensitivity analysis methods explore the entire parametric space of the 

model simultaneously for all model input factors which allows them to capture first and 

higher order parameter effects. Different global sensitivity analysis methods may be 

selected depending on the objective of the analysis, number of uncertain input factors, 

http://water.usgs.gov/ogw/staq/
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and computing time required for a single forward model simulation (Saltelli et al., 

2000;Muñoz‐Carpena et al., 2007). Saltelli et al. (2004) proposed that robust statistical 

frameworks for model evaluation should be based on global analysis techniques 

meeting the following requirement: 1) are model independent i.e., can work with various 

models without the need for modification, 2) contain a screening method for qualitative 

identification of a subset of important model input factors, 3) contain a method that can 

quantitatively decompose model output variance in terms of first and higher order input 

factor effects, and 4) can allow for uncertainty analysis through construction of output 

probability density function (PDFs). The method of Morris (Morris, 1991) provides a 

robust screening method and yet it requires few model simulations while variance based 

methods such as Sobol’s methods are robust for quantitative determination of first and 

higher order or interaction input factor effects (Sobol, 1993).   

Morris (1991) proposed an effective screening sensitivity measure for identifying 

important parameters in models that have many parameters.  The Morris (1991) method 

aims at identifying input factors whose effect on the model output is negligible, 

linear/additive and nonlinear/involving interactions with other factors. The original Morris 

(1991) method is based on computing for each input factor using the one factor at a 

time (OAT) approach a number of incremental ratios called elementary effects (EE). 

Statistics are then calculated from the distributions of EE for each input factor which are 

used to infer model output sensitivity to different parameters. Campolongo et al. (2007) 

observed that the sampling method employed in the original Morris (1991) method 

which is based on random sampling of the input factor space could lead to limited or 

non-optimum coverage of the input factor space particularly for models with large 
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number of input factors. Campolongo et al. (2007) then proposed an improved sampling 

strategy which aims at better scanning of the input factor space without increasing the 

number of model executions. The philosophy behind the improved sampling strategy 

was to select r trajectories in such a way as to maximize their dispersion in the input 

factor space. The improved sampling strategy guarantees a global dispersion of the 

selected trajectories but comes at a higher computational cost. 

Sobol’s method  Sobol,    3) is based on the computation of Total Sensitivity 

Indices (TSI).TSI of a given parameter includes main effects or first order effects and all 

interaction effects involving a particular parameter (Sobol, 1993; Chan et al., 1997; 

Saltelli et al., 2   ). The premise behind Sobol’s method of computing sensitivity 

indices is decomposing the input-out relationship (i.e., model output) into summands of 

increasing dimensionality (Chan et al., 1997; Saltelli et al., 2000). The resulting equation 

is complex and is solved using Monte Carlo numerical integration to obtain sensitivity 

indices. One of the draw backs of this method is computational cost especially for 

models with many uncertain input factors. 

Another key component of model evaluation is parameter estimation or model 

calibration using measured system responses. Beven (2006) demonstrated that there 

are multiple models structures and optimum parameter sets that could be used for 

simulating a hydrologic system. This phenomenon is known as equifinality and it arises 

from the fact that models are imperfect representations of natural systems due to 

various sources of uncertainty.  Several methods have been developed for parameter 

uncertainty and among the most popular is the General Likelihood Uncertainty 

Estimator (GLUE). The GLUE methodology rejects the idea of one single optimal 
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solution and adopts the concept of equifinality of model input factors and model 

structure; thus, there are multiple model structures and input factors that can be used to 

simulate a natural system (Beven and Binley, 1992). With regard to the uncertain model 

parameters, in the GLUE analysis the prior set of model parameters is divided into a set 

of acceptable solutions and another set of non-acceptable solutions. The degree of 

membership to either set is determined by assessing the extent to which model 

simulations fit observed data, which in turn is determined by a subjective likelihood 

function, e.g., the Nash-Sutcliffe coefficient of efficiency (NSE). With regard to 

assessing parameter uncertainty, the outputs from GLUE are posterior PDFs and 

cumulative density functions (CDFs) describing parameter statistics. 

The goal of this study was to use global sensitivity and global parameter 

estimation techniques with an analytical model of canal-aquifer interaction to better 

characterize model parameters influencing the exchange of water between canal C-111 

and the Biscayne aquifer in south Florida. The objectives were to: (1) apply the Morris 

screening technique using two sampling approaches to identify a subset of the 

parameters to which model output was most sensitive,  2) apply Sobol’s variance based 

global sensitivity analysis technique on a subset of parameters obtained from Morris to 

quantify first order (only due to given parameter) and total effect (parameter and its 

interactions with other parameters) sensitivity indices, and (3) apply the GLUE 

methodology to obtain values of parameter sets which produce acceptable results (i.e., 

parameters that result in the closest agreement between predicted and measured water 

table elevation measured using the NSE).  



 

98 

Materials and Methods 

Study Area 

The study area was an agricultural area approximately 17 km2 located within the 

C-111 basin  in southern Miami-Dade County, Homestead, Florida, United States 

(Figure 3-1). The hydrogeologic system at the study site consists of the Biscayne 

aquifer bordered by two canals C-111 and C-111E separated by a distance of 

approximately 3.5 km (Figure 3-1) and managed by the South Florida Water 

Managements District (SFWMD). Biscayne aquifer is a highly permeable unconfined 

aquifer with hydraulic conductivities reported to exceed 10,000 m/day and serves as the 

principle source of drinking water for over 3 million people in Miami-Dade, Broward, and 

southern part of West Palm counties in southeast Florida (Genereux and Guardiario, 

1998). The Biscayne aquifer is wedge shaped increasing in thickness from the western 

boundary of Miami-Dade and Broward Counties to a thickness of approximately 60 m 

near the coast. At our study site, the aquifer consists of two formations: the Miami 

Limestone Formation and the underlying Fort Thompson Formation (Fish and Stewart, 

1991). Aquifer thickness at our study site has not been measured but Genereux and 

Guardiario (1998) reported a thickness of 13.6 m for a nearby site west of our current 

study site with roughly one third accounted for by the Miami Limestone formation.  

Canal C-111 was constructed in 1967 as the principle flood control canal for 

south Miami-Dade County and partially penetrates the Biscayne aquifer to a depth of 

approximately 5 m (i.e., 4 m through the Miami Limestone formation and 1 m into the 

Fort Thompson Limestone formation). Flow in C-111 is south towards Florida Bay and 

topography is essentially flat ranging between 1.1 to 2.2 m National Geodetic Vertical 

Datum (NGVD) 29. The width of the canal increases from north to south with an 
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average width of approximately 29 m at the S-177 spillway. Currently very little is known 

about hydraulic properties of canal bed sediment in the lower C-111; however, several 

studies have documented the presence of a low permeability canal bed sediment layer 

a mixture of carbonate mud and natural organic matter in several canals within the C-

111 basin (Chin, 1991; Genereux and Guardiario, 1998; Merkel, 2000).  

Hydrological Data Monitoring 

Data from six groundwater observations wells were used (Figure 3-1; Table 3-1). 

The observation wells were separated into two groups: group 1 with wells VC1, VC2, 

and AK5 and group 2 with wells AK6 (referred to as T1000 in chapter 1), C-111AE 

(T2000), and C-111AW (T500) (Figure 3-1). Each group was assigned a different canal 

stage based on its proximity to the headwater or tail waters of the S-177 spillway 

(Figure 3-1). Group 1 was assigned to the C-111 headwater canal stage while group 2 

was assigned to the C-111 tail water canal stage. Observation wells C-111AE and C-

111AW were constructed and maintained by the SFWMD while the other four sites 

(AK5, AK6, VC1, and VC2) were constructed and maintained by University of Florida 

(UF) IFAS.  The UF wells were constructed using a 50.8 mm (nominally 2 in) PVC 

casing which was inserted into a 101.6 mm bore of depth 6 m. The screen size was 

0.254 mm (nominally 0.1 in) and a length of 1.5 m. The well was back filled using 20/30 

silica sand filter pack up to a depth of 60 cm above the screen. A 2.5 m layer of 30/65 

fine sand was placed above the filter pack. A 6 m steel rod was used by gently dropping 

it into the annular gap to ensure the space was uniformly backfilled. The well was filled 

using Portland type I cement grout to a depth of 35 cm below the ground surface, the 

top of the well was completed with 40 cm cast-iron manhole. UF wells were equipped 

with level loggers (Levelogger, Gold Solinst Canada Ltd., 35 Todd Rd, Georgetown, 
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Ontario, Canada) to record water table elevation every 15 minutes although daily 

averages were used in the modeling.  Atmospheric corrections were accounted for 

using a STS Barologger (Solinst Canada Ltd) in well AK6 (Figure 3-1). Data were 

downloaded from the well weekly and as a quality control procedure, water table 

elevations were also measured manually with a Model 102 Laser water level well meter 

(Solinst, Canada Ltd). Elevations at the top of the well manholes were measured using 

a laser level with reference to a bench mark with elevation 1.21 m NGVD29 near well C-

111AE. Details about the construction of the SFWMD wells can be obtained at 

http://www.sfwmd.gov/dbhydroplsql/show_wilma_info.report_process. Water table 

elevation data for wells C-111AE and C-111AW were processed by SFWMD and 

published on their online Environmental database DBHydro (http://www.sfwmd.gov/ 

dbhydroplsql/show_dbkey_info.main_menu).  

In south Florida most of the rainfall is received from the end of May to the 

beginning of November and is dominated by conventional or tropical rainfall forming 

processes.  Under such rainfall forming processes, tipping buckets may fail to 

accurately represent the orientation of the rainfall front or fail to capture the entire 

rainfall events (Pathak, 2001). To minimize the uncertainty associated with spatial 

variability of rainfall in south Florida, gauge adjusted NEXRAD (Next Generation Radar) 

rainfall data were used. Skinner et al. (2008) showed that both NEXRAD data and point 

tipping bucket measurements had limitations but the best of the two measurement 

methods was realized by using rain gauge data to adjust NEXRAD values. Gauge 

adjusted NEXRAD rainfall data on 2x2 km grid were obtained from the SFWMD. 

http://www.sfwmd.gov/dbhydroplsql/show_wilma_info.report_process
http://www.sfwmd.gov/%0bdbhydroplsql/show_dbkey_info.main_menu
http://www.sfwmd.gov/%0bdbhydroplsql/show_dbkey_info.main_menu
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Ground surface potential evapotranspiration (ETo) was computed from 

micrometeorological data obtained from a Florida Automated Weather Network (FAWN; 

http://fawn.ifas.ufl.edu/) station located approximately 10 km northeast of the study site 

at the Tropical Research and Education Center, Homestead, FL. The ASCE 

standardized Penman–Monteith equation and the REF-ET tool by Allen (2011) were 

used to estimate ETo values.  

Canal stage data were measured at the S-177 spillway. Daily headwater and tail 

water canal stage data were used.  Canal stage data were measured by the SFWMD 

and are publically available at the online environmental database called DBHydro (http: 

//www.sfwmd.gov/dbhydroplsql/show_dbkey_info.main_menu).  

Analytical Model 

The governing equation for two dimensional groundwater flow (in vertical plane) 

in a water table aquifer is expressed as Equation 3-1 (Barlow and Moench, 1998). The 

initial condition is expressed as Equation 3-2. Equation 3-3 represents right boundary 

condition (BC) as the aquifer extends to infinity. Equation 3-4 represents a head 

dependent boundary flux at the canal-aquifer interface. Equation 3-5 represents 

boundary at the water table while Equation 3-6 represents a no-flow bottom BC.  
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where Kx and Kz are horizontal and vertical hydraulic conductivity [m/day], Ss specific 

storage [day-1], x is distance in the horizontal  direction xo<x<  [m] where xo is the 

distance from the middle of the canal to the canal aquifer boundary, z is distance in the 

vertical direction 0<z<b where b is the saturated thickness of the aquifer [m], hi is the 

initial water level in the aquifer [m], a is the canal leakance [m], Ks is canal bed sediment 

hydraulic conductivity [m/day], d is the thickness of the sediment layer [m] and Sy is the 

specific yield. 

Barlow and Moench (1998) derived an analytical solution to the boundary value 

problem in Equation 3-1 to 3-6 for an instantaneous unit step change in canal stage 

relative to the water level in the adjacent aquifer expressed as:  
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where Dh  is dimensionless Laplace transform unit-step response for hydraulic head in a 

water table aquifer, nW  is a parameter related to aquifer width in the Laplace transform 

solution, this term goes to 1 for semi-infinite aquifers, Lx is the extent of finite aquifer, 

p is the Laplace transform variable and A is dimensionless canal bank leakance.  
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Equation 3-7 is combined with the convolution integral (Equation 3-8) to predict 

water table responses to arbitrary changes in canal stage and recharge (difference 

between rainfall and ETo). The discretized convolution equation was expressed by 

Barlow and Moench (1998) as: 
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where j is the upper limit of time integration [-], k is the time step [-], Δt is the time step 

size [days], F’(k-1) is the time rate of change of canal stage and recharge [m/day], F(k-

1) is canal stage or recharge at time step (k-1) and F(k) is canal stage or recharge at 

time step k. Biscayne aquifer was conceptualized as a semi-infinite water table aquifer 

with a thin vadose zone into which water instantaneously entered or exited. The aquifer 

was also assumed to be bordered by a fully penetrating C-111 canal with a semi-

pervious sediment layer. Time step size was one day. Since the solution obtained from 

Equation 3-8 is in the Laplacian domain, it is inverted back to real time domain using 

Stehfest algorithm (Stehfest, 1970). The software STWT1 developed by Barlow and 

Moench (1998) was used to implement the computation of water table head.  

To simulate water table response to canal stage and recharge variations using 

the STWT1 model requires a total of eleven input factors (refers to parameters and 

inputs). For the simulation, we considered parameters that we did not measure to be 

uncertain (Kx Kz , Sy, b, Ks, d, xo) while the inputs (x, hi, recharge, well screen length) 

that were measured were considered certain. Canal bed sediment hydraulic conductivity 

and thickness are included in a single parameter called canal leakance (Equation 3-4). 
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The two STWT1outputs are water table head and canal seepage. However, sensitivity 

analysis and parameter estimation were based only on water table head since canal 

seepage was not measured.   

Global Sensitivity Analysis 

Two global sensitivity analysis (GSA) methods were implemented: (1) parameter 

screening using Morris method and (2) variance based global sensitivity analysis – 

Sobol’s method. The analysis was implemented in the following steps:  ) PDFs for 

uncertain parameters were constructed using data from literature, 2) input parameter 

sets were obtained by sampling the multivariate input distributions according to the 

selected global method  i.e., Morris sampling for initial parameter screening and Sobol’s 

sampling for quantitative determination of sensitivity indices), 3) STWT1 model 

simulation was executed for each input parameter set, 4) using model output (i.e., NSE) 

for all parameter sets, Morris sensitivity analysis was performed in order to obtain 

qualitative ranking of parameters, and 5) using a subset of critical parameters identified 

in step 4, steps 2 to 4 were repeated and quantitative first order and higher order 

 parameter interaction) sensitivity indices determined using Sobol’s method. Sensitivity 

analysis was implemented using the software package SimLab v2.2 (SimLab, 2004). 

We interfaced SimLab with STWT1 using a program written in Matlab (R2012a , 

Mathworks Inc., Natick, Massachusetts). Using SimLab’s preprocessor and the PDFs 

and statistics of the uncertainty model input parameters in Table 2 together with the 

sampling method selected, a sample input file was generated. A sample input file is a 

matrix comprising of multiple input parameter sets obtained from random sampling of 

probability distributions. The Matlab interface program was used to automatically 

execute the model for each parameter set and to produce outputs in the desired SimLab 
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format for post processing i.e. sensitivity analysis. For each simulation, the Matlab 

program was also used to calculate NSE (between simulated and measured water table 

elevation) and Root Mean Square Error (RMSE) which were used as the model outputs 

in the sensitivity analysis.   

Morris method 

The finite distribution of EE associated with each input factor (Fi) is obtained by 

randomly sampling the model input factor space.  For each input factor, Morris (1991) 

proposed two sensitivity measures, µ which assesses the overall effect of the factor on 

model output and σ which indicates effects of a factor’s interactions with other factors 

(i.e., nonlinear effects).  To estimate µ and σ, Morris      ) suggests sampling r 

elementary effects from Fi distribution of each input factor, using a design that 

constructs r trajectories of (k+1) points in the input factor space providing k elementary 

effects one for each factor. In the original Morris (1991) method, the number of model 

executions N is computed as: 

)1(*  krN  (3-10)  

Generally in the original Morris method r is taken in the range of 4 to 10 (Saltelli 

et al., 2009). For this study r of 8 and k of 6 were used resulting in 56 model 

simulations.  Morris (1991) proposed plotting these two measures on a µ- σ Cartesian 

plane to aid interpretation. Campolongo et al. (2007) suggested using absolute values 

of elementary effects, μ* to avoid the cancelling effects of opposite signs in case of non-

monotonic models which was implemented in SimLab.  

To compare performance of the two Morris sampling methods, we repeated 

Morris screening using the improved sampling strategy proposed by Campolongo et al. 



 

106 

(2007). The improved sampling strategy is implemented by initially generating a high 

number of Morris trajectories (M~500-1000), followed by choosing the best r trajectories 

(e.g., r=10) with the greatest spread within the input factor space. A quantity D 

representing the sum of distances between couples of trajectories belonging to the 

same combination is calculated following procedure in Campolongo et al. (2007). D is 

calculated for all possible combinations of r trajectories which results in high 

computational cost especially for large models. A combination trajectories 

corresponding to the global maximum D is selected as the best set of r trajectories. To 

overcome the computational cost associated with the improved sampling strategy, 

Ruano et al. (2012) proposed a sampling strategy that considerably reduces the 

computation cost required to select optimum r trajectories out M by developing a 

procedure that does not take into account all the possible combinations of r trajectories 

but gets a combination of r trajectories that are as close as possible to the highest 

spread ones. However, this sampling strategy does not guarantee that the final 

trajectories selected represent maximum distance between them but ensures that the 

distances are at least locally maximized. Since the issue of computational cost was not 

an issue in this study given the small size of the STWT1 model we applied the 

Campolongo et al. (2007) improved sampling strategy (with r=10) that ensures a global 

distance D for the selected optimum set of trajectories. The improved sampling strategy 

was implemented using Matlab algorithms for Morris sensitivity analysis developed by 

Saltelli et al. (2008) and available online at http://sensitivity-analysis. 

jrc.it/software/index.htm.  
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Sobol’s method 

The difference between first order and TSI was used as a measure of interaction 

effects associated with an uncertain input parameter. TSI are a more reliable measure 

of the overall effect of a factor on model output than first order sensitivity indices 

especially when the interactions between the parameters are considerable (Saltelli et 

al., 2000). The number of runs required to implement Sobol for computation of first 

order and total sensitivity indices is expressed as: 

 )1(2  knN  (3-11)  

where N is number of model executions, n is samples size, and k is the number of input 

factors. Saltelli et al. (2005) recommend n = 500 to 1000 to get stable results. For this 

study, we used n=512 and k depended on the number of important parameters 

identified from the Morris screening.  

GLUE Methodology 

The GLUE methodology was implemented in four steps: steps 1 to 3 were similar 

to those conducted under section global sensitivity analysis for computing Sobol’s 

sensitivity indices and in step 4, an evaluation procedure was performed for every single 

simulation performed in step 3. Simulations and thus parameter sets were rated 

according to the degree to which simulated water table elevation matched measured 

water table elevation. The NSE was used as the likelihood measure and was calculated 

by the Matlab code described under section global sensitivity methods outside of the 

GLUE analysis. Simulations with NSE close to 1 were accepted while simulations with 

NSE close to zero were rejected.  Using the likelihood measure assigned to all 

acceptable parameter sets, a discrete joint likelihood function was generated:   
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where 2

  is the error variance and 2

o  is the variance of the observed water table 

elevation. NSE takes a value of 1 for a perfect model fit, a value of less than 0.65 would 

imply that the mean value of the observed data would be a better predictor than the 

simulation model (Krause et al., 2005; Stedinger et al., 2008). Since the discrete joint 

likelihood function can only be illustrated in maximum 3 dimensions, scatter plots (dotty 

plots) were used to illustrate estimated parameters. Finally, the likelihoods were 

projected onto the parameter axis and discrete posterior PDFs and corresponding CDFs 

were generated for each parameter. We implemented the GLUE methodology using a 

software package called GLUEWIN (Ratto and Saltelli, 2001). Within the GLUEWIN 

environment, only the sample file, model output file, and likelihood file were required to 

estimate parameter posterior distributions and statistics. 

Results and Discussions 

Parameter Screening: Morris Method 

The ranking of the relative importance of STWT1 input parameters based on 

Morris method and two sampling techniques are presented in Figures 3-2 and 3-3 with 

the greater the separation from the origin of the µ* versus σ plane corresponding to 

greater importance of the parameter. The number of STWT1 model parameters 

identified as important for predicting water table elevation using NSE as our model 

output measure were reduced from six to four in both sampling techniques.  

Overall, Morris screening of parameters based on the random sampling 

technique and the improved sampling strategy by Campolongo et al. (2007) were similar 

(Figures 3-2 & 3-3). However, the magnitudes of the sensitivity measures µ* and σ were 
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higher for the improved sampling strategy particularly for σ. This indicates that ensuring 

maximum dispersion of trajectories within the model input factor space was able to 

capture effects of parameters on model output better than random sampling techniques 

implemented in the original Morris (1991) method. It is worth noting that the location of 

all the STWT1 parameters within the µ*-σ plane for both sampling techniques were 

below the imaginary 1:1 line within the µ*-σ plane indicating that the parameter effects 

were primarily first order with minimum parameter interactions. Global sensitivity 

analysis of the STWT1 model using the Morris method shows a strong influence of 

specific yield (ASY) at all six wells (Figures 3-3 and 3-4) where ASY is furthest along the 

µ*-axis and highest along the σ-axis. As specific yield characterizes the increase in 

water table elevation or drawdown due to recharge or pumping, respectively, its strong 

influence on predicting water table elevation is expected. Others have reported similar 

findings. Using OAT local sensitivity analysis methods and a two dimensional 

MODFLOW model in Biscayne aquifer, Bolster et al. (2001) also indicated the sensitivity 

of water table elevations to specific yield especially during extreme fluctuations. 

Similarly, Kisekka and Migliaccio (2012) observed that MODFLOW simulated water 

table elevation in the Biscayne aquifer was most sensitive to specific yield using PEST 

(Parameter Estimation) local sensitivity analysis. 

The other model parameters positioned away from the origin of the µ*-σ plane 

are aquifer saturated thickness, horizontal hydraulic conductivity, and canal leakance. 

Vertical hydraulic conductivity and half canal width were not important given their 

location within the µ*-σ plane  Figures 3-2 & 3-3). These results confirm that 

groundwater flow in the Biscayne is primarily horizontal i.e., Dupuit assumptions are 
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valid. Bolster et al. (2001) confirmed Dupuit assumptions for Biscayne aquifer by placing 

piezometers at different depth at the same location and observed that there were no 

distinguishable differences in head measured by piezometers at different depths.  

The sensitivity analysis approaches used in the previous studies did not provide 

qualitative relative ranking of all model parameters in the models applied to calculate 

water table elevation as was achieved using the Morris method in this study. The 

practical application of the Morris results is directly related to management of flood 

events at the study area in which canal stage is usually lowered to create storage 

before a storm event and the associated transient aquifer response is primarily 

influenced by specific yield. Therefore, properly characterizing Biscayne aquifer specific 

yield and its interactions with other parameters provides improved prediction of transient 

aquifer responses.  

Global Sensitivity Analysis: Sobol’s Indices 

Based on Morris ranking of parameters, a subset of STWT1 important 

parameters (i.e., specific yield [ASY], horizontal hydraulic conductivity [AKX], aquifer 

thickness [AB], and canal leakance [XAA]) were used in further variance based global 

sensitivity analysis using Sobol’s method. Sobol indices were computed for the four 

parameters at the six groundwater observation wells. Figure 3-4 depicts the fraction of 

the total output variance explained by each of the four parameter using both first order 

and total order Sobol sensitivity indices (vertical axis). For each parameter, the first 

order effects are presented first followed by the total order effects and the difference 

between the two represents higher order effects or parameter interactions. Results from 

Sobol analysis confirm and quantify results from Morris analysis. At the six wells, 

specific yield explained over 60% of the total variance in predicted water table elevation 
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(expressed using NSE and RMSE) followed by aquifer thickness explaining 

approximately 20%. The results also show that the effect of canal leakance reduces as 

the distances from the canal increases (Figure 3-4; e.g., wells C-111AW and C-111AE 

are 500 and 2000 m from canal C-111 respectively). It is worth noting that the Sobol 

method is more robust than the Morris method since it is based on a large number of 

model simulations and a less structured sampling method (Saltelli et al., 2004; 

Muñoz‐Carpena et al., 2   ). Results from Sobol’s analysis also indicate that the sum 

of all the first order parameter effects for the STWT1 model are approximately 100% ( 

Figure 3-4) indicating that the STWT1 model behaves as an additive model. This 

implies that the STWT1 model can be efficiently calibrated if reliable data are available 

(Muñoz‐Carpena et al., 2007). 

Parameter Estimation for STWT1 Using GLUE 

Posterior distributions for the four parameters at the six observation wells were 

produced for the 5120 model simulations and for the top 10% (best performing in terms 

of fit between predicted and measured water table elevation) model simulations based 

on the likelihood measure NSE. In the proceeding analysis, only posterior distributions 

corresponding to the top 10% of model simulations are presented. For brevity and to 

facilitate graphical representation, only histograms and CDF plots for well C-111AW and 

C-111AE are shown in Figures 3-5 and 3-6.  In the GLUE analysis, the shape of the 

posterior distributions also indicated the degree of uncertainty of the parameter 

estimates, sharp and peaked distributions are associated with well identifiable 

parameters while flat distribution indicate greater parameter uncertainty. Posterior 

distributions for specific yield (ASY) were sharp and peaked indicating less parameter 

uncertainty (Figure 3-5). AKX, AB, and XAA had less sharp and wider distributions 
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compared to ASY indicating more uncertainty compared to parameter ASY. This is also 

confirmed by the standard deviation values in Table 3-3. Again, for brevity only dotty 

plot for well C-111AW (Figure 3-7) is shown as an example and indicates that variation 

in NSE was greater for specific yield and to a less extent saturated thickness (AB), AKX 

and XAA. Model response to variation in the four parameters was similar at all the six 

sites probably due to the small variation in water table elevation at the different wells. 

The posterior CDF show mean values as well as 5% and 95% quintiles for the model 

parameters. GLUE estimated parameters are shown in Table 3-3. 

Model Fit 

From the posterior distributions, parameter estimates were inferred as model 

values corresponding to the top 10% or best model simulations with the highest 

likelihood measure which was in our case NSE closest to 1.0. As an example,  Figure 3-

8 shows good fit between measured and predicted water table elevation at three of the 

six wells along the same transect from C-111 canal. Water table elevation was 

predicted using the STWT1 model and parameters values obtained from the GLUE 

analysis. The NSEs at all the wells are shown in Table 3-3. Accuracy of model fit 

decreased with increasing distance from the canal from NSE of 0.95 at 500 m from the 

canal to 0.81 at well C-111AW located 2000 m from the canal. The RMSE also 

increased from 3.5 cm at well C-111AW to 6.7 and 6.5 cm at wells AK6 and C-111AE, 

respectively. This model behavior would be expected because the model assumes that 

as distance from the canal becomes large, change in water table elevation approaches 

the initial water table in the system. The model appears to be more accurate within 

distances of 2000 m from the canal. The GLUE results show that both the model and 

likelihood function used in this study were realistic. 
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Comparison of Estimated Parameters to Literature Values 

The value of specific yield estimated in this study is within range of values 

estimated using other methods in literature. In this study we estimated an average 

specific yield of 0.10. Bolster et al. (2001) used a complex canal drawdown field 

experiment to estimate specific yield for Biscayne aquifer near Everglades National 

Park as 0.15, while Muñoz-Carpena and Li (2003) used high temporal resolution (15 

minute interval) groundwater data estimated specific yield near our study site by dividing 

precipitation based recharge (after a large storm) by change in groundwater head along 

a transect in Biscayne aquifer to obtain specific yield of 0.11 at several wells. Schroeder 

et al. (1958) reported specific values for Biscayne aquifer ranging between 0.1-0.35.  

Table 3-3 shows values of horizontal hydraulic conductivity estimated in this 

study were within range of 7,590 to 14,000 m/day obtained by Genereux and Guardiario 

(1998) using a large scale canal draw down experiment. Our values were closest to 

values estimated by Fish and Stewart (1991) and Chin (1991) (12,187 and 12,500 

m/day, respectively) that used stepped-drawn down pumping tests and transmissivity 

approach. Fisher and Stewart (1991) explained the difficulty in estimating aquifer 

parameters such as hydraulic conductivity for very high yielding aquifers such as 

Biscayne aquifer, in their pumping test studies aquifer water levels recovered within 1 to 

2 minutes which was to quickly for practical measurements of drawdown. Therefore, the 

simple and cheap method employed in the study provides a globally based method for 

estimating aquifer parameters for high yielding aquifers.  

Estimated aquifer thickness at our study site is also within range of that 

estimated by Boslter et al. (2001) west of C-111 and is also close to the approximate 

values estimated based on Fish and Stewart (1991) total thickness of Biscayne aquifer. 
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There is little literature on the values of C-111 canal leakance; however, our average 

value of 189 is close to the value of 148 estimated by Bolster et al. (2001) for the same 

canal. The similarity in the values estimated in this study using GLUE to values 

estimated using other methods confirms and provides confidence for our results. This 

work demonstrates the simple but robust procedure for characterizing parameters 

governing surface-groundwater interactions. The values estimated in this study can be 

used for predicting transient aquifer responses using more complex numerical models 

for flood event management, ecosystem management, and even water supply well field 

management.  

Conclusion 

Global sensitivity analysis using Morris screening method (original and improved 

sampling) and the Sobol’s variance based sensitivity analysis were applied to the 

STWT1 approximate analytical model of canal-aquifer interaction to assess the 

influence of parameters on the exchange of water between canal C-111 and Biscayne 

aquifer and to better quantify selected physical parameters. Using the qualitative Morris 

method, important STWT1 parameters were ranked. Parameter ranking based on the 

original random sampling technique and the improved sampling strategy was the same 

but the magnitudes of sensitivity measures were high for the latter probably indicating 

better characterization of parameter effects.  Ranking indicated that only four 

parameters were important for explaining aquifer response to transient canal stage and 

recharge variations.  ased on Sobol’s analysis, specific yield was identified as the most 

important parameter explaining transient aquifer responses to stresses. STWT1 was 

determined to be an additive model, all parameters had primarily first order effects with 

negligible parameter interactions implying that this model could be accurately calibrated 
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using reliable measured data. Parameter values for the most sensitive parameters were 

estimated using the GLUE method. Posterior distributions from GLUE indicated sharp 

and narrow probability distributions for specific yield implying that this parameter could 

be estimated with minimum uncertainty. The values of parameters estimated using 

GLUE resulted in good model fit especially for wells within 2000 m of the canal with 

0.8<NSE<0.95 and RMSE less than 7 cm. The values estimated were also close to 

values in literature estimated using more complex field experiments. We expect that 

parameter values determined in this study together with their probability distributions 

would be useful as starting values for numerical simulations or for quick prediction of 

transient aquifer responses using analytical models. Computational cost for global 

sensitivity analysis is never cheap. Perhaps, we do not really see the flow of money 

going into it but the expertise and time required to perform it is not cheap. Also, there is 

no replacement for measured data. Models need some measured values. This paper 

can suggest research endeavors focusing on the collection of the most important 

variables.  
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Table 3-1. Monitoring groundwater wells with descriptors in the C111 basin. 

Well name Distance from  
C-111 canal m 

Well installer Latitude  Longitude  Ground 
elevation 
NGVD29 m 

C-111AW 500 SFWMD1 25.39317 -80.553724 1.21 
AK6 1000 UF2 25.39283 -80.549543 2.23 
C-111AE 2000 SFWMD 25.39261 -80.541605 1.19 
AK5 2000 UF 25.40347 -80.541933 2.07 
VC2 1000 UF 25.41110 -80.550375 1.86 
VC1 1000 UF 25.41883 -80.550041 2.07 
1South Florida Water Management District 
2University of Florida 

Table 3-2. Summary of STWT1 model uncertain parameters and their probability 
distributions 

Parameter 
Base 
value 

Range value 
or std1 Units PDF Reference 

Horizontal hydraulic 
conductivity ( xK ) 

1218
7 

1844  m/day Lognormal  Fish and Stewart 

(1991) 

Vertical hydraulic 
conductivity ( zK ) 

614 78-1587 m/day Uniform Genereux and 

Guardiario (1998) 

stream bank 
leakance ( a ) 

217 83-360  Uniform Genereux and 

Guardiario (1998) 

Specific yield (
yS ) 0.15 0.05-0.57  Triangular Bolster et al. (2001) 

Saturated 
thickness(b ) 

13.6 8-19 m Uniform Bolster et al. (2001) 

Half width of canal 

( 0x ) 

15.5 10-21 m Uniform Measured 

1Standard deviation 

Table 3-3. GLUE estimated parameters for the canal-aquifer interaction model STWT1 

Well ASY1 (-) 
AKX2 

(m/day) AB3 (m) XAA4 (m) 

Model 
NSE5 

threshold 

C-111AW 0.106±0.032 12740±156 15.83±2.40 165.6±65.85 0.95-0.96 
AK6 0.103±0.029 12760±161 15.90±2.38 187.5±73.47 0.82-0.86 
C-111AE 0.100±0.028 12790±160 15.97±2.34 203.1±76.79 0.81-0.90 
AK5 0.100±0.027 12780±160 15.96±2.35 203.4±76.59 0.66-0.70 
VC2 0.102±0.029 12770±161 15.92±2.37 187.5±73.51 0.80-0.82 
VC1 0.102±0.029 12770±161 15.92±2.36 187.3±73.43 0.76-0.80 
1Specific yield 
2Horizontal hydraulic conductivity 
3Aquifer thickness 
4Canal leakance 
5Nash-Sutcliffee coefficient of efficiency 
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Figure 3-1. Map of the study area showing University of Florida (UF) and South Florida 

Water Management District (SFWMD) experimental sites and the SFWMD 
canal network in the lower C111 agricultural basin. 
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Figure 3-2. Morris screening results for STWT1 model applied in the Biscayne aquifer, 

where ASY is specific yield, AB is aquifer thickness, AKX is horizontal 
hydraulic conductivity, XAA is canal leakance, AKZ is vertical hydraulic 
conductivity, and XZERO is half canal width. 
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Figure 3-3. Improved Morris sampling screening results for STWT1 model applied in the 

Biscayne aquifer, where ASY is specific yield, AB is aquifer thickness, AKX is 
horizontal hydraulic conductivity, XAA is canal leakance, AKZ is vertical 
hydraulic conductivity, and XZERO is half canal width. 
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Figure 3-4. Sobol indices for the canal-aquifer interaction model STWT1 at 6 

groundwater observation wells in the Biscayne aquifer, where ASY is specific 
yield, AB is aquifer thickness, AKX is horizontal hydraulic conductivity, and 
XAA is canal leakance. 
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Figure 3-5. Posterior probability density functions (PDF) and cumulative density 

functions (CDF) for STWT1 model parameters estimated using GLUE, the 
dots on the cumulative density function represent 5% and 95% quartiles for 
specific yield (ASY), horizontal hydraulic conductivity (AKX), aquifer thickness 
(AB) and canal leakance (XAA). 
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Figure 3-6. Posterior probability density functions (PDF) and cumulative density 

functions (CDF) for STWT1 model parameters estimated using GLUE, the 
dots on the cumulative density function represent 5% and 95% quartiles for 
specific yield (ASY), horizontal hydraulic conductivity (AKX), aquifer thickness 
(AB) and canal leakance (XAA). 
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Figure 3-7. Dotty plots from GLUE analysis showing change in the likelihood measure 

NSE (Nash-Sutcliffe coefficient) over the range of model parameters where 
the grey dots represent the 5120 model runs at well C-111AW. 
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Figure 3-8. STWT1 predicted and measured water table elevation time series along a 

transect from canal C-111 at three wells located at distances 500, 1000 and 
2000 m for wells C-111AW, AK6 and C-111AE respectively. 
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CHAPTER 4 
SIMULATING WATER TABLE RESPONSE TO PROPOSED CHANGES IN SURFACE 
WATER MANAGEMENT IN THE C-111 AGRICULTURAL BASIN OF SOUTH FLORIDA 

Introduction 

The C-111 canal constructed in 1966 is the southernmost canal of the central 

and south Florida canal system and serves a 259 square-kilometer basin. The primary 

function of the C-111 canal system is to provide flood protection and drainage for 

agricultural areas along the eastern boundary of Everglades National Park (ENP). Past 

dredging of the C-111 canal redirected water flow causing water to flow east from ENP 

into C-111 (Figure 4-1). This resulted in reduced flows in Taylor Slough thereby 

impacting water quality, fisheries and ecology of Florida Bay (U.S. Army Corps of 

Engineers [USACP], and South Florida Water Management District [SFWMD] 2011). 

Taylor Slough is a natural drainage feature of the Everglades that empties its fresh 

water into Florida Bay (Figure 4-1). The re-direction of water flows to the east results in 

approximately 6.4 million cubic meters of water a day to be removed from the Taylor 

Slough system (US Army Corps of Engineers, 2009).  

To address some of the unintended consequences of the canal system, 

hydrological modifications are occurring in south Florida as part of the Comprehensive 

Everglades Restoration Plan (CERP), whose overall goal is to restore the natural 

ecosystem that was negatively impacted by an extensive canal network originally 

constructed to allow for development and provide flood protection (USGS, 1999). One 

of the 68 components that make up the CERP is the C-111 spreader canal project (U.S. 

Army Corps of Engineers [USACP] and South Florida Water Management District 

[SFWMD], 2011). Through operational adjustments and structural modifications, the 

goal of the C-111 spreader canal project is to restore the quantity, timing and 
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distribution of water delivered to Florida Bay via Taylor Slough to levels as near as 

possible to pre-drainage conditions while maintaining flood protection for nearby 

agricultural lands. In addition, there is a goal to restore hydroperiods that support pre-

drainage vegetation patterns in ENP. To achieve the objectives, operational 

adjustments are proposed that include incrementally raising canal stage by 3 cm per 

year up to a maximum of 12 cm at structure S-18C which is a gated spillway (Figure 4-

1).  

It is anticipated that the raise in C-111 canal stage will affect water table levels in 

the adjacent agricultural lands (Figure 4-1). Earlier research has indicated substantial 

interaction between the highly permeable Biscayne aquifer and surface water in south 

Florida canals (Graham et al., 1997; Genereux and Slater, 1999; Lal, 2001; Ritter and 

Muñoz-Carpena, 2006). The hydraulic connection between Biscayne aquifer and C-111 

causes the shallow water table system to fluctuate with respect to changes in canal 

stage. An increase in water table elevation, due to raised canal stage could result in 

prolonged root zone saturation or temporary groundwater flooding (groundwater 

flooding occurs in low-lying areas when the water table rises above the land surface 

[USGS, 2000]) which could affect agricultural production in lands adjacent to ENP. 

Prolonged saturation of the root zone or short term groundwater flooding could impact 

yield potential through impaired root growth caused by anoxia, reduced stomatal 

conductance and net CO2 assimilation (Schaffer, 1998). It is not known how the 

proposed operational adjustments (involving incremental raises in canal stage) along C-

111 canal would impact water table elevation which would in turn impact optimum crop 

growth in adjacent farmlands.  
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MODFLOW, a widely used numerical groundwater flow computer code from the 

United States Geological Survey (USGS), has previously been used in investigations of 

canal-aquifer interactions in south Florida (Wilsnack et al., 2000; Bolster et al., 2001; 

Saiers et al., 2004; Hughes et al., 2012). In MODFLOW modeling, various approaches 

exist for representing a surface water body either as a head dependent boundary flux 

using the river package (McDonald and Harbaugh, 1988) or by using more complex 

approaches that implicitly couple a numerical open channel flow model to MODFLOW 

such as MODBRANCH developed by Swain and Wexler (1996). Although MODFLOW 

based groundwater flow models have been used to simulate Biscayne aquifer in south 

Florida (Hughes et al., 2012), most are regional and they lack the spatial resolution to 

address water resources issues at field scale particularly groundwater flooding issues in 

agricultural fields that are influenced by small scale micro-topography. For example 

Brion et al. (2001) used the South Florida Regional Simulation Model in the south 

Florida Everglades with a grid size of 3.2 km x 3.2 km. 

The study purpose was to investigate through monitoring and modeling the effect 

of the proposed incremental raises in C-111 canal stage on water table elevation levels 

in agricultural areas adjacent to ENP. The objectives were to: (1) develop a MODFLOW 

based model for simulating groundwater flow within the study area, (2) apply the 

developed model to determine if the proposed changes in canal stage result in 

significant changes in water table elevation, root zone saturation or flooding (i.e., 

groundwater flooding) and (3) assess aquifer response to large rainfall events and 

explore the effect of pre-storm canal stage drawdown in the mitigation of groundwater 

flooding of agricultural lands. 
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Materials and Methods 

Study Area 

The agricultural study site included approximately 17 km2 located within the C-

111 basin in southern Miami-Dade County, near Homestead, Florida, United States 

(Figure 4-1). The hydrogeologic system at the study site is described in detail in Kisekka 

et al. (2013a) and consists of the Biscayne aquifer bordered by two canals C-111 and 

C-111E, approximately 3.5 km apart (Figure 4-1). The canals are managed by the 

SFWMD. Aquifer thickness at our study site was not measured but Genereux and 

Guardiario (1998) reported a thickness of 13.6 m for a site west of our current study site 

with roughly one third accounted for by the Miami Limestone formation. Kisekka et al. 

(2013b) applied inverse modeling using a quasi-canal-aquifer interaction model and 

estimated Biscayne aquifer thickness at our study site to range between 13.5 and 18.2 

m with an average of approximately 16 m.  

Canal C-111 was constructed in 1966 as the principle flood control canal for 

south Miami-Dade County and partially penetrates the Biscayne aquifer to a depth of 

approximately 5 m (i.e., 4 m through the Miami Limestone formation and 1 m into the 

Fort Thompson Limestone formation). Flow in C-111 is south towards Florida Bay and 

topography is essentially flat ranging between 1.0 to 2.2 m National Geodetic Vertical 

Datum (NGVD) 29. The width of the canal increases towards the south with an average 

of approximately 29 m at the S177 spillway (Figure 4-1). Currently little is known about 

hydraulic properties of canal bed sediment in the lower C-111; however, presence of a 

low permeability canal bed sediment layer which is a mixture of carbonate mud and 

natural organic matter in several canals within the C-111 basin has been documented 

(Chin, 1991; Genereux and Guardiario, 1998; Merkel, 2000). Using inverse modeling 
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and a quasi-canal-aquifer interaction model as demonstrated Kisekka et al. (2013b) 

estimated the ratio of canal bed thickness to bed sediment hydraulic conductivity as 

0.015 (ranging between 0.009 and 0.020) days which is close to the 0.029 days 

estimated by Bolster et al. (2001) for nearby canal L-31W (Figure 4-1). Biscayne aquifer 

hydraulic conductivity was also estimated by Kisekka et al. (2013b) as 12,768 m/day 

which is within range of values estimated by others at nearby sites (Fish and Stewart, 

1991; Genereux and Guardiario, 1998). Specific yield at our study site was estimated as 

0.102 (ranging between 0.07 and 0.13) by Kisekka et al. (2013b) which is close the 

value of 0.15 estimated using a large scale canal drawdown by Bolster et al. (2001). 

Canal-aquifer interaction hydraulic parameters will be determined using inversing 

modeling in the present study. 

Hydrologic Time Series 

Data from six groundwater observations wells were used (Table 4-1). Data were 

collected from August 2010 to February 2013. Observation wells 4 (C111AE) and 6 

(C111AW) were maintained by the SFWMD while the others (1 [VC1], 2 [VC2], 3 [AK5], 

and 5 [AK6]) were maintained by University of Florida (UF) IFAS (Kisekka et al., 2013b).  

UF wells were equipped with level loggers (Levelogger, Gold Solinst Canada Ltd., 35 

Todd Rd, Georgetown, Ontario, Canada) to record water table elevation every 15 

minutes although daily averages were used in modeling.  Atmospheric corrections were 

accounted for using a STS Barologger (Solinst Canada Ltd) in well 5 (Figure 4-1). Data 

were downloaded weekly and as a quality control procedure, water table elevations 

were also measured manually with a Model 102 Laser water level well meter (Solinst, 

Canada Ltd). Elevations at the top of the well manholes were measured using a laser 

level with reference to a SFWMD bench mark with elevation 1.19 m NGVD29 near well 
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4. Water table elevation data for wells 4 (C-111AE) and 6 (C-111AW) are processed by 

SFWMD and published on DBHydro 

(http://www.sfwmd.gov/dbhydroplsql/show_dbkey_info.main_menu). Canal stage data 

were measured along the reaches of C-111 and C-1111E surrounding the study area by 

the SFWMD. Canal stage data are publically available at the online environmental 

database called DBHydro (http://www.sfwmd.gov/dbhydroplsql/show_dbkey_info. 

main_menu).  

Groundwater Flow Simulation 

MODFLOW, a widely used modular three-dimensional finite difference 

groundwater flow simulator developed by the USGS, was selected to simulate 

groundwater flow in the agricultural lands adjacent to C-111 canal. The governing 

equation for saturated flow in porous media implemented in MODFLOW is (McDonald 

and Harbaugh, 1988; Harbaugh et al. 2000): 
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where h [L] is the hydraulic head or water table elevation, Ss [L
-1] is the specific storage 

of the porous media, Kxx, Kyy, and Kzz [L T-1] are hydraulic conductivity along the x, y, 

and z directions, t is time [T], W [T-l] is a source/sink term, with W > 0 for flow into the 

aquifer and W < 0 for flows out of the aquifer. Due to its computational efficiency and 

the improved ability to control the conversion between wet and dry cells, the 

Preconditioned Conjugate-Gradient (PCG) package was used to solve the finite 

difference equations at each time step of the MODFLOW stress period. The 

hydrogeologic system was modeled as a one layer unconfined aquifer with 2D 

horizontal flow. For cases such as this, MODFLOW modifies Equation 4-1 by 

http://www.sfwmd.gov/dbhydroplsql/show_dbkey_info.main_menu
http://www.sfwmd.gov/dbhydroplsql/show_dbkey_info.%0bmain_menu
http://www.sfwmd.gov/dbhydroplsql/show_dbkey_info.%0bmain_menu
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substituting the specific storage with the specific yield and allows transmissivity to vary 

based on the changes in aquifer saturated thickness. The assumption of predominately 

horizontal flow was based on earlier investigations by Genereux and Guardiario (1998) 

that showed generally zero difference between piezometers installed at various depths 

into the Biscayne aquifer.  

Boundary conditions 

The following boundary conditions were used in the simulation: canals stage, 

evapotranspiration, and recharge. The bottom boundary was described as a no-flow 

boundary consistent with observed 2D horizontal flow in the study area. Canals C-111 

and C-111E formed the west, east, and south boundaries of the flow domain (Figure 4-

1). C-111 is the larger of the two canals with an average width of 29 m near the gated 

spillway at structure S177. Both canals partially penetrate the Biscayne aquifer with C-

111 having an average depth of approximately 5 m. Water levels in C-111E are 

controlled using a gated culvert at structure S178 (Figure 4-1). C-111E joins C-111 at 

the southern tip of the flow domain to become one canal.  

Surface water-groundwater interactions were simulated using the RIVER (RIV) 

package.  The RIV package was selected as a simple and adequate representation of 

the interaction between the C-111 canals and Biscayne aquifer. Canal stage data for 

reaches of C-111 and C-111E surrounding the study area were obtained from DBHydro.  

In the RIV package both canal stage and canal conductance (Equation 4-2) control the 

extent of water exchange between the aquifer and the canals.  

d

WLK
C s **
  (4-2) 
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where C is canal conductance [L2T-1], Ks is the hydraulic conductivity of the low 

permeability bed sediment [LT-1], W is the width of the canal [L], L is the length of the 

canal reach [L], and d is the thickness of the sediment layer [L]. The canal conductance 

multiplier in MODFLOW was set to range between 702 and 1560 m2/day for headwater 

and tail water reaches of C-111 based on estimates of the Ks/d ratio by Kisekka et al. 

(2013b). Given the substantially smaller size of C-111E compared to C-111, canal 

conductance multiplier for C-111E was set to values ranging from 200 to 500 m/d with 

lower values assigned to the headwater side of the S178 gated culvert. Given the 

relatively flat topography, the average of tail water canal stage at S177T and the 

headwater stage at S18C were used to represent the west and south boundary 

conditions for all cells downstream of S177 while head water canal stage at S177H was 

used to represent canal stage for all cells north of S177.  Similarly, canal stage at S178 

(tail waters) and S18C (headwaters) represented the east boundary condition for all 

cells. Canal stage data were measured by the SFWMD and are publically available on 

DBHydro. The northern boundary was described as a general head boundary using 

groundwater levels from a monitoring well installed by University of Florida (i.e., well 1). 

Evapotranspiration was simulated using the EVT package in MODFLOW 

(McDonald and Harbaugh, 1988) in which the elevation of the evapotranspiration 

surface was set to 1.0 m and the evapotranspiration extinction depth to 0.9 m based on 

ranges reported in Chin (2008) and water table elevation recorded during the study 

period. We assumed that for water table depths less than 1 m from the land surface, 

evapotranspiration occurred at the potential rate which was computed from micro-

meteorological data obtained from a Florida Automated Weather Network (FAWN; 
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http://fawn.ifas.ufl.edu/) station located 15 km northeast of the study site. The ASCE 

standardized Penman–Monteith equation and the REF-ET tool by Allen (2011) were 

used to estimate ETo values.  

Recharge to the aquifer was simulated using the RCH package. To minimize the 

uncertainty associated with spatial variability of rainfall in south Florida, gauge adjusted 

NEXRAD (Next Generation Radar) rainfall data were used (Skinner et al., 2008).  

Space and time discretization 

The finite difference grid used with the MODFLOW simulations consisted of a 

single layer covering approximately 17 km2. The model layer was discretized into 69 

rows (running east to west) and 46 columns. Nodal spacing for the columns ranged 

from 53.5 m to 105.6 m from west to east with the smallest spacing closest to the canal 

since this is where greater changes in hydraulic head would be expected. Nodal 

spacing for the rows was constant over the model domain and set to 100.6 m. Further 

reductions in discretization did not appear to improve simulations results. All the spatial 

discretization was implemented using a pre and post processor for MODFLOW called 

MODFLOW GUI-PIE version 4.34.00, an Argus One Plug-In Extension (PIE) (Winston, 

2000). 

The model simulated conditions from 25 August 2010 to 28 February 2013. The 

time step and stress period sizes were set to one day; the multiplier was also set to one 

day. The period from 25 August 2010 to December 2011 was used to calibrate the 

model, while the data from 01 January 2012 to 28 February 2013 was used to validate 

the model. It was assumed that canal stage did not change during each stress period 

which was reasonable because 24-hour variations in canal stage are small unless a 

large rain event occurred or an operational change in canal stage management was 
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implemented. Initial conditions over the model domain were obtained from observation 

well data at the start of the simulation and interpolated over the model domain using 

Argus ONE interpolation utilities. 

Sensitivity analysis and parameter estimation 

Sensitivity analysis and parameter estimation were performed using the 

sensitivity and parameter estimation (PES) processes in MODFLOW 2000 (Hill, 1998; 

Hill et al., 2000). PES calculated parameter values that minimized a weighted least 

squares objective function using nonlinear regression. The objective function was 

minimized using the modified Gauss-Newton (also known as the Levenberg-Marquardt 

method) as well as prior information on the parameter estimates (Hill et al., 1998). To 

reduce problems associated with inverse modeling such as insensitivity, instability and 

non-uniqueness, only parameters identified through sensitivity analysis to have greatest 

influence on model output were estimated. The sensitivity equation method was used in 

the sensitivity analysis package.  

Output from MODFLOW 2000 also includes inferential statistics such as 

dimensionless scaled sensitivities (DSS) and composite scaled sensitivities (CSS). 

These inferential statistics measure the amount of information provided by the 

observations and the uncertainty with which the parameters values are estimated (Hill, 

1998). DSS are typically used to compare the importance of different observations for 

estimation of a single parameter. CSS are calculated for each parameter using DSS for 

all the observations and indicate the amount of information provided by the observations 

for the estimation of a single parameter. 
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Model validation 

Model validation was implemented using a statistical model evaluation tool called 

FITEVAL (Ritter and Muñoz-Carpena, 2012). FEITEVAL computes a non-dimensional 

goodness-of-fit indicator Ceff (Nash-Sutcliffe coefficient of efficiency), a dimensional 

goodness-of-fit indicator RMSE (Root Mean Square Error) as well as model prediction 

uncertainty ranges. FITEVAL computes a 95% confidence interval based on a 

goodness-of-fit probability density function estimated using bootstrap technique. 

FITEVAL also provides some reference values as guides for judging model 

performance. The model is judged to be very good if Ceff > 0.9, good if Ceff is between 

0.8 and 0.9, acceptable for Ceff between 0.65 and 0.8 and unacceptable for Ceff < 0.65. 

Model Application: Canal stage Operational Adjustment Scenarios 

Before application of the model, graphical exploration of the temporal variation in 

water table elevation in reference to the root zone was completed to determine if under 

present canal stage operational criteria water table elevation extended into the root 

zone. The developed model was then applied to evaluate the effect of the proposed 

incremental raises in canal stage on water table elevation.  Incremental raises in canal 

stage will be operationalized at S 8C by increasing current “open and close” triggers in 

increments of 3 cm up a maximum of 12 cm (U.S. Army Corps of Engineers and 

SFWMD, 2011). For numerical simulation purposes, incremental raises in canal stage 

were mimicked by adding the proposed increments of 6, 9 and 12 cm to measured 

canal stage. Only tail water canal stage at S177 and S178 were modified. Canal stage 

of the head waters at S177 and S178, rainfall, and evapotranspiration from the period of 

record were used. The initial condition was taken as the interpolated surface for water 

table elevation at the start of the simulation. Graphical analysis was used to determine if 
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the proposed increments in canal stage would result in root zone saturation and flooding 

at any of the sites analyzed. The Two-sample equal variance t-Test was used to 

determine if the water table elevation before and after the incremental rises in canal 

stage were significant. 

Assessing Aquifer Response to Large Storms 

When a large storm is forecasted, the SFWMD uses data products from the 

National Hurricane Center (NHC) to make pre-and post-storm operational plans. These 

include making forecasts of quantitative precipitation that are accurate within 2-4 days 

prior to the storm and corresponding regional canal level lowering to ensure continued 

flood protection. During the storm event, the SFWMD continues to monitor flood control 

structures as well as storm position and intensity. During Tropical Storm Isaac the 

SFWMD requested the USACE to put C-111 in pre-storm mode in order to minimize 

potential impacts. USACE approved pre-storm drawdown request and gate openings 

and pumping were initiated August 23, 2012 (Strowd, 2012).  

The period August 21 to 30, 2012 was chosen for the analysis of Biscayne 

aquifer response to large storms as this period corresponded to Tropical Storm Isaac (> 

60 mm total rainfall in one day). To simulate aquifer response to large storm events, 

MODFLOW was used with a small time step of 15 minutes. A stress period size of one 

day was also used to match available tail water canal stage and precipitation data at 

S177 and S178 (Figure 4-1). Model simulations of aquifer response to recharge were 

checked using:  

differenceHead

ech
S y

argRe
  (4-3) 
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where Sy is the aquifer specific yield, recharge refers to input from rainfall and head 

difference refers to the change in water table elevation resulting from the recharge.  

The MODFLOW model was also applied to assess aquifer response to two, five, 

ten and 25 year return period storms. Maximum daily rainfall depth for the return periods 

were obtained from isohyetal maps for central and south Florida developed by Pathak 

(2001). Pathak (2001) obtained maximum daily depth of 114, 168, 203, and 254 mm for 

two, five, ten, and 25 year return period storms, respectively, for our study area. Based 

on analysis of over 113 years of rainfall data, large storms (i.e., 2 to 25 year return 

storms) in south Florida occur between August and October. With October being a 

transitional month between the wet and dry seasons and also corresponds to the time 

when growers begin to prepare the land and plant winter vegetables. For this reason, 

the period from October 25 to November 5, 2012 was selected to explore canal-aquifer 

system responses to large storms. Various canal drawdown scenarios that would 

minimize flooding in the agricultural lands were also explored. Drawdowns were 

implemented by incrementally reducing canal stage 48 hours prior to a forecasted large 

storm in the reaches of C-111 and C-111E surrounding the study area. The desired 

scenario was when the water table elevation did not exceed the elevation of the bottom 

of the root zone. 

Results and Discussion 

Sensitivity Analysis and Parameter Estimation Results 

The CSS for our study using MODFLOW summarized in (Figure 4-2) indicated 

that water table elevation measurements provided more information in the estimation of 

specific yield and hydraulic conductivity. The CSS also indicate that water table 

elevation data alone did not provide sufficient information for accurate estimation of 
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canal bed conductance in the reaches of C-111 and C-111E surrounding our study site. 

The need to have different types of data during parameterization of groundwater flow 

models was noted by earlier investigators (Saiers et al., 2004; Zechner and 

Frielingsdorf, 2004). Zechner and Frielingsdorf (2004) observed that to accurately 

parameterize a canal-aquifer interaction model with many parameters, in addition to 

groundwater head observations other observations such as canal seepage and pore-

water solute concentration provided more information for parameter estimation and 

improved model prediction. However, Saier et al. (2004) using different combinations of 

observed data including groundwater head, aquifer discharge to the canal, and 

groundwater chloride concentration noted that inverse-solution uniqueness was not 

required for accurate prediction of groundwater head but was required for prediction of 

seepage. Their results imply that water table head observations are sufficient for 

calibrating models whose goal is prediction of groundwater head but models for 

predicting other state variables such as seepage should be calibrated with more than 

one type of observation. 

During parameter estimation, the least squares objective function was minimized 

after five iterations. Based on data from 5 observation wells a hydraulic conductivity 

value of 12,115 m/day was estimated. This value was within the range of 7,590 to 

14,900 m/day observed by Genereux et al. (1998) based on a large scale canal draw 

down experiment and close to 12,768 m/day estimated by Kisekka et al. (2013b). 

Specific yield was estimated as 0.184 which is close to an estimate of 0.15 determined 

by Bolster et al. (2001) using data from a large scale canal draw down experiment and 

to a mean of 0.102 estimated by Kisekka et al. (2013b).  Information from observations 
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was not sufficient to accurately estimate canal conductance along the reach of C-111 on 

the headwater side of S177. Canal bed conductance multiplier for the longest and 

largest reach i.e., the reach between S177 and the point where C-111 joins C-111E to 

become a single canal was estimated as 1,965H m2/day, where H represents the length 

of the reach in meters. Canal bed conductance multiplier for C-111E was less than that 

of C-111 (i.e., 27H m2/day tail water side of S178 and 10H m2/day head water side of 

S178). There are no readily available values for canal bed conductance for the reaches 

of C-111 and C-111E considered in this investigation, however, for purposes of 

comparison, Genereux and Guardiario (1998) estimated canal bed conductance of 

720H for the nearby L-31W canal which is located near C-111 along the eastern 

boundary of ENP. 

Model Calibration and Validation 

Calibration (August 25, 2010 to December 31, 2011) results reproduced 

observed WTEs at  five observation wells (2 to 6)  with an average Ceff greater than 0.9 

(Table 4-2). Temporal variations in WTE showed seasonal increases and decreases in 

WTE. The dry season was characterized by decrease in WTE due to low rainfall while 

increase WTE in the wet season was due to increase in rainfall and changes in canal 

stage management. The RMSE ranged from 1.0 cm to 7.0 cm with the lowest value 

observed at well 6 and the highest value at well 4. Study site topography is essentially 

flat implying that small variations in hydraulic head govern which direction water flows, 

therefore it was desired to achieve the lowest RMSE possible (e.g., < 6 cm). However, it 

was not possible to obtain RMSE < 6 cm at all wells due to limitations e.g., uncertainties 

in model parameters, model structure, and model input, all of which introduce 

uncertainties in model simulations. There could also be errors in the observed data 
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used for model calibration. This type of error was minimized by checking level logger 

data with manual measurements during each download. Under the C-111 spreader 

canal project the smallest incremental raise in canal stage at S18C is 3 cm. However, 

the RMSE of our model predictions are larger than 3 cm at four out of the five 

observation wells within the study area domain, for this reason only the 6, 9 and 12 cm 

incremental raises in canal stage were further analyzed for their effect on water table 

elevation.  

 FITEVAL summary of the goodness-of-fit statistics for validation of model 

predictions at all the observation wells are shown in Figures 4-3 to 4-7. Overall the 

agreement between simulated and observed water table elevations was very good (Ceff 

> 0.9 and 1 cm < RMSE < 5 cm) with the exception of site well 4, at which model 

performance was determined to be acceptable (0.65 < Ceff < 0.8). The over prediction 

at observation well 4 could be attributed to several factors e.g., heterogeneity in 

hydrogeological conditions and uncertainty in model input parameters and observed 

data. The very good performance of the model at all the other sites indicates boundary 

conditions were sufficient to describe groundwater flow. The results also indicate that 

describing canal-aquifer interactions using the simple RIV package (Harbaugh et al., 

2000) in MODFLOW was adequate for our study site. The good performance of the RIV 

package could be attributed to the underlying assumptions in the RIV package being 

valid for our study site e.g., there was negligible change in canal stage during each 

stress period which was set as one day. Our results are also within range of model 

coefficient of efficiency (a measure of agreement between measured and predicted 

values) obtained by prior investigators. Bolster et al. (2001) applied MODFLOW to 
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Biscayne aquifer and obtained a model coefficient efficiency (calculated in a similar as 

Ceff) of 0.99.  Saiers et al. (2004) using there numerical model of groundwater flow and 

solute transport in the Biscayne aquifer obtained goodness-of-fit model coefficient 

efficiency of 0.95. The results also indicated that general groundwater flow was in the 

south-east direction, which implies that a large increase in hydraulic head west of C-111 

could increase rate of groundwater flows to the eastern side of the canal. Based on the 

period evaluated, model validation results indicated that with the exception of well 4, the 

model developed for the study area was accurate and not biased implying it could be 

used to further investigate the impact of proposed incremental raises in canal stage on 

water table elevation. 

Model Application Results 

Visual exploration of temporal variation in water table elevation in reference to 

the root zone (Figures 4-8 to 4-9) revealed that under current canal stage management 

criteria for the period August 25, 2010 to February 28, 2012, water table elevation 

occasionally extended into the root zone at well 6 and well 4 study sites which also had 

the lowest ground surface elevation. The root zone for all sites was approximately the 

first 20 cm from the ground surface. At well 5 and well 3 sites, where land surface 

elevation exceeded 2 m, water table elevation was not observed to enter the root zone. 

Thus, surface topography might influence water table fluctuations into the root zone 

more than distance from the canal. Results from model applications (Figures 4-10 to 4-

12) revealed that the water table elevation before and after 6, 9, and 12 cm incremental 

rises in canal stage were predicted to be significantly different (p<0.001) for monitoring 

well 4, well 6, and well 5 sites. For well 2 and well 3 sites, water table elevation before 

and after the proposed incremental raises in canal stage were predicted to not be 
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significantly different (p>0.05)  except for the 12 cm increase at well 3 (Table 4-3). The 

lack of significant difference in water table levels before and after the incremental raise 

in canal stage for wells 2 and 3 could be attributed to that fact canal stage was not 

changed north of S177 and S178 (Figure 4-1).  

The model predicted increase in water table elevation for wells 4, 5, and 6 

corresponding to a 6 cm rise in canal stage to range between 4.5 and 6.0 cm, while the 

model predicted increases corresponding to 9 and 12 cm canal increases were 7.0 to 

9.0 cm and 11.0 to 12.0 cm, respectively. The almost equal increase in water table 

elevation predicted from the incremental rises in canal stage can be attributed to the 

high hydraulic connection between Biscayne aquifer and the C-111 canal network. 

Visual analysis (Figures 4-10 to 4-12) shows that low elevation lands (as found at well 4 

and well 6 sites) were predicted to have a shorter growing season with canal stage 

increases beyond 6 cm resulting in longer periods of saturated conditions in the root 

zone. For example, at well 4 and well 6 sites after a 12 cm raise in canal stage, 

saturated conditions were predicted to persist until late October or early November. 

Typically, land preparation starts in late September and planting in October. For high 

elevation sites such as well 5, the proposed increases in WTE were predicted not to 

cause root zone saturation or flooding under conditions similar to those experienced 

during the study period. 

Results of Aquifer Response to Large Storms 

Event analysis was conducted for the period from August 21, 2012 to August 30, 

2012 which corresponded to Tropical Storm Isaac. The aquifer responded to the storm 

with increasing water table elevation.  Approximately two days past before the water 

table elevation receded back to pre-storm levels (Figure 4-13).  From Equation 4-3, the 
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three days of heavy rainfall during Tropical Storm Isaac would have theoretically 

resulted in a change in water table elevation of at least 0.6 m or water table elevation of 

at least 1.4 m NGVD29. However, the simulated water table elevation only reached a 

maximum of 1.2 m NGVD29 (Figure 4-13).   As indicated under model validation, 

performance was ranked as very good at well 6 and well 5 sites and acceptable at well 

4 implying the model adequately represented the physical processes in the system. The 

deviation between the predicted water table elevation and what would theoretically be 

expected could be attributed to the pre and post Tropical Storm Isaac canal drawdown 

that was undertaken by the SFWMD and USACE. This included regional lowering of 

canal stage particularly by operating canals C-111 under pre-storm mode and opening 

the flood control structures (Strowd, 2012). 

Tropical Storm Isaac occurred when the fields at well 5, well 4, and well 6 were 

fallow so no crop damage occurred. If a similar event were to occur when vegetable 

crops were present and with no pre-storm canal drawdown, sites with lower elevations 

(e.g., well 4 and well 6) would likely experience yield loss due to root zone saturation. 

The event would also delay entry into the field by any machinery for agricultural activity. 

Higher elevation sites (e.g., well 5) were expected to be less impacted by such a storm 

as the water table would still be below the root zone. This further illustrates the need for 

detailed topographic data and field scale simulation of canal-aquifer system to better 

relate locations with potential risk of groundwater flooding. This model could be used to 

further explore drawdown scenarios for this area prior to major storm events. 

Analysis of canal-aquifer system response and exploration of various canal 

drawdowns scenarios that would minimize the impact of root zone saturation and 
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groundwater flooding in agricultural lands due to large storms revealed that micro-

topography within the fields was a major factor. Figures 4-14 and 4-15 show that 3 out 

of the 4 sites analyzed for their response to two, five, ten and 25 year return period 

storms experienced groundwater flooding if canal drawdown was not implemented 

before the storm. With the exception of well 5 site with high surface elevation (2.23 m 

NGVD29), all the other sites experienced various degrees of groundwater flooding 

(Figures 4-14 & 4-15). A ten and 25 return period storm caused groundwater flooding at 

well 2, well 3 and well 6 sites. Sites with ground surface elevation less than 1.2 m 

NGVD29 experienced groundwater flooding from all storm sizes analyzed. For 

agricultural purposes it is desired that the water table elevation does not extend into the 

root zone since this condition could create anoxic conditions that result in root and / or 

plant death. Exploration of canal drawdown scenarios revealed that a 20 cm drawdown 

in canal stage 48 hours prior to a forecasted storm of 114 mm in 24 hours (2 year return 

period storm) would eliminate the risk of groundwater flooding at all the sites as shown 

in Figures 4-14 and 4-15. A 25 cm drawdown was effective in mitigating the impacting of 

root zone saturation from a 5 year return period storm at all sites, while drawdowns of 

30 and 40 cm were effective for 10 and 25 year return period storms, respectively.  It is 

worth noting that the influence of the 48 hour canal stage drawdown prior to a 

forecasted storm was dependent on the distance from the canal. As shown by the 

depressions in the drawdown graphs (Figures 4-14 and 4-15) for well 6, well 5, and well 

3 sites which are 500, 1000, and 1000 m from C-111 canal, respectively. Overall these 

results predict that canal drawdown is effective as a pre storm technique for ensuring 

continued flood protection of agricultural lands within the C-111 basin. However, it is 
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critical to remember that management decisions should be made in view of the 

uncertainty associated with model predictions as shown in Figures 4-3 to 4-7. Also, the 

size of the drawdown should match forecasted storm depth and post storm activities 

should ensure the canal drainage continues to provide other services such as control of 

salt water intrusion. 

Conclusion 

The effect of the proposed incremental raises in canal stage on water table levels 

along a section of a major canal draining south Florida (i.e., C-111) and aquifer 

response to large storms was investigated using MODFLOW and graphical analysis. 

The incremental raises in C-111 canal stage are part of a large scale ecosystem 

restoration project whose goal is to restore the hydrology of ENP. The MODFLOW 

model predicted that the incremental raises in canal stage resulted in significant 

differences in water table elevation in the agricultural lands south of the spillway at 

S177. Water table elevations were predicted to not be significantly different for the lands 

north of S177. For the 9 and 12 cm increases in canal stage, water table elevations 

were predicted to occasionally extend into the root zone for 3 out of the 5 well sites 

graphically analyzed. Well 3 and well 5 sites (with ground surface elevation exceeding 2 

m) were predicted to not be affected by any of the incremental raises in stage except for 

12 cm increase at well 3. The impact of operational changes in canal stage 

management on the root zone saturation and groundwater flooding depended on land 

surface topography and depth of rainfall events. Thus micro-topography within the field 

can have a greater influence on soil water content than distance from the canal. Based 

on graphical analysis, low elevation lands (with surface elevation<2 m NGVD29) could 
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have shorter growing seasons if canal stage is increased beyond 6 cm due to potential 

saturation of the root zone. 

The MODFLOW model was able to mimic the rise and fall of the water table 

similar to that measured for Tropical Storm Isaac. Further exploration of canal-aquifer 

system response to 2, 5, 10 and 25 year return period storms and canal drawdowns 

suggested that if crops are present during storms greater than a 2 year return period 

storm, yield losses could occur if pre-storm canal drawdown is not implemented at least 

48 hour prior to the forecasted storm particularly in low elevation sites. Overall the study 

concludes that canal drawdown is effective as a pre-storm technique for ensuring 

continued flood protection of agricultural lands within the C-111 basin. 
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 Table 4-1. Water table elevation monitoring sites with descriptors 
1Site 
name 

Distance from  
canal C-111 (m) 

Ground surface 
elevation (m) NGVD29 

Latitude  Longitude  

Well 1 1000 2.07 25.41883 -80.550041 
Well 2 1000 1.86 25.41110 -80.550375 
Well 3 2000 2.07 25.40347 -80.541933 
Well 4 2000 1.19 25.39261 -80.541605 
Well 5 1000 2.23 25.39317 -80.553724 
Well 6 500 1.21 25.39283 -80.549543 

Table 4-2. Goodness-of-fit statistics for model calibration for water table elevation 
predictions using MODFLOW  

Well 
Ceff1 
Calibration 

RMSE2 Calibration 
(cm) 

Well 2 0.97-0.98 4.0-5.0 
Well 3 0.94-0.96 4.7-5.7 
Well 4 0.86-0.91 6.0-7.0 
Well 5 0.93-0.95 4.6-5.3 
Well 6 0.99-1.00 1.0-1.2 

Nash-Sutcliffe coefficient of efficiency 
Root mean square error 
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Table 4-3. Results for comparison of water table elevation before and after a 6, 9 and 
12 cm incremental raise in C-111 canal stage obtained from a two-sample 
assuming equal variance t-Test with α= . 5 and 2 3 observations  January to 
February 2013). 

6 cm increase 

Well Mean WTE1 Before Mean WTE After Variance2 p-value 
C111AW 0.76 0.81 0.01 <0.001 
AK6 0.75 0.82 0.01 <0.001 
C111AE  
AK5 
VC2 

0.75 
0.91 
1.00 

0.84 
0.91 
1.00 

0.02 
0.02 
0.02 

<0.001 
0.88 
0.37 

9 cm increase 

C111AW 0.76 0.83 0.01 <0.001 
AK6 0.75 0.85 0.01 <0.001 
C111AE 
AK5 
VC2  

0.75 
0.91 
1.00 

0.86 
0.93 
1.00 

0.02 
0.02 
0.02 

<0.001 
0.14 
0.94 

12 cm increase 
C111AW 0.76 0.86 0.01 <0.001 
AK6 0.75 0.88 0.01 <0.001 
C111AE  
AK5 
VC2 

0.75 
0.91 
1.00 

0.89 
0.94 
1.01 

0.02 
0.02 
0.02 

<0.001 
0.002 
0.30 

1Mean water table elevation in meters National Geodetic Vertical Datum of 1929 
2Pooled variance  
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Figure 4-1. Study area showing groundwater monitoring sites, agricultural lands 

adjacent to Everglades National Park (ENP), and canal network within the C-
111 basin of south Miami-Dade County, Florida. 
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Figure 4-2. Composite scaled sensitivities for the parameters selected for estimation in 
the model were Sy is specific yield, H is hydraulic conductivity, C1 is canal 
bed conductance multiplier  for the reach of C-111 on the head water side at 
S177, C2 is canal bed conductance multiplier for the C-111 reach between 
S177 and the point where C-111 joins C-111E to become a single canal, C3 
is canal bed  conductance multiplier for reach of C-111E on the tile water side 
of S178 and C4 is canal bed conductance multiplier for the reach of C-111E 
on the headwater side of S178.  
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Figure 4-3. Validation goodness-of-fit indicators from FITEVAL for MODFLOW 

simulations at well 2 for the period January 01, 2012 to February 28, 2013. 

 

 
 
Figure 4-4. Validation goodness-of-fit indicators from FITEVAL for MODFLOW 

simulations at well 3 for the period January 01, 2012 to February 28, 2013. 
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Figure 4-5. Validation goodness-of-fit indicators from FITEVAL for MODFLOW 

simulations at well 4 for the period January 01, 2012 to February 28, 2013. 

 

 
 
Figure 4-6. Validation goodness-of-fit indicators from FITEVAL for MODFLOW 

simulations at well 5 for the period January 01, 2012 to February 28, 2013. 
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Figure 4-7. Validation goodness-of-fit indicators from FITEVAL for MODFLOW 

simulations at well 6 for the period January 01, 2012 to February 28, 2013. 
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Figure 4-8. Temporal variation in water table elevation in reference to ground surface 

under current canal stage operation criteria at spillway S18C for observation 
well 2 (ground surface elevation of 1.86 m NGVD29) and well 3 (ground 
surface elevation of 2.07 m NGVD29) on the headwater side of the spillway at 
S177 with calibration and validation separated by a vertical dash line. 
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Figure 4-9. Temporal variation in water table elevation in reference to ground surface 

elevation under current canal stage operation criteria at S18C for observation 
wells well 4, well 5, and well 6 on the tail water side of the spillway at S177 
with calibration and validation separated by a dash vertical line. 
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Root zone at C111AE after a 9 cm canal stage increase
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Figure 4-10. Temporal variation in water table elevation in reference to the root zone 
under proposed incremental raises in canal stage operation at S18C for 
observation well 4. 
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Root zone at AK6 after a 9 cm canal stage increase
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Figure 4-11. Temporal variation in water table elevation in reference to the root zone 

under proposed incremental raises in canal stage operation at S18C for 
observation well 5. 
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Root zone at C111AW after a 12 cm canal stage increase
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Figure 4-12. Temporal variation in water table elevation in reference to the root zone 

under proposed incremental raises in canal stage operation at S18C for 
observation well 6. 
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Figure 4-13. Aquifer response to Tropical Storm Isaac at observation wells south of the 

spillway at S177. 
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Figure 4-14. Canal-aquifer system response to large storms of various sizes for wells 
north of the spillway at S177, were YR refers to year and RP refers to return 
period, graphs also shows that canal stage drawdown prior to the forecasted 
storm reduces the risk of root zone saturation and groundwater flooding 
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Figure 4-15. Canal-aquifer system response to large storms of various sizes for wells 
south of the spillway at S177, were YR refers to year and RP refers to return 
period, graphs also shows that canal stage drawdown prior to the forecasted 
storm reduces the risk of root zone saturation and groundwater flooding. 
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 CHAPTER 5 
MODELING SOIL WATER RESPONSE TO SURFACE WATER MANAGEMENT IN 

FLORIDA’S C-111 BASIN USING WAVE CONSIDERING MEASUREMENT 
UNCERTAINITY  

Introduction 

The C-111 basin drained by the extensive C-111 canal is located in Miami-Dade 

County south Florida and covers an area of approximately 259 km2. A substantial 

proportion of the C-111 basin is characterized by vegetable production primarily during 

the dry season (October to April). Vegetable production in south Florida is a significant 

contributor to both the local and state economies. In 2011 vegetable production in 

Florida was reported on 185,000 acres with a farm gate value worth of over 1.5 billion 

dollars (DACS, 2012). Major crops include green beans, sweet corn, squash, tomatoes 

and sweet potato. It is unknown what impacts structural modifications and operational 

adjustments in surface water management that are currently occurring under the 

Everglades restoration would have on agricultural land use in farmlands east of C-111. 

The Biscayne aquifer and the extensive C-111 canal network located in south 

Florida are connected due to the high permeability of the Miami and Fort Thompson 

limestone formations that compose the aquifer (Bolster et al. 2001; Lal, 2001; Ritter and 

Muñoz-Carpena, 2006). Therefore, the proposed incremental rises in canal stage 

outlined in the C-111 spreader canal project are anticipated to affect water table levels 

which in turn could influence soil and limestone bedrock water content. The C-111 

spreader canal project is one of the 68 components that comprise the Comprehensive 

Everglades Restoration Plan (CERP) whose goal is to restore the natural hydrology of 

ENP (U.S. Army Corps of Engineers [USACP] and South Florida Water Management 

District [SFWMD], 2011). Operational changes in C-111 canal stage are planned to be 



 

163 

implemented at the gated spillway located at structure S18C (Figure 5-1) in form of 

incremental raises of not more than 3 cm in both the “open” and “close” triggers of the 

gated spillway for up to a maximum of 12 cm (U.S. Army Corps and SFWMD, 2009).  

Some of the risks to agricultural production associated with a raised water table 

in a humid shallow water table controlled environment include saturated root zone due 

to capillarity, which could result in anoxic conditions leading to rotting of roots and death 

of plants. In addition, there could be increased risk of prolonged root zone saturation 

and temporary groundwater flooding due the rapid water table responses to storm 

events. Earlier studies have observed disproportionate raises in water table elevations 

after intense rainfall (Gillham, 1984; Germann and Levy, 1986; Heliotis and DeWitt, 

1987; Kayane and Kaihotsu, 1988). In prior studies, it was observed that the raise in 

water table was much larger than would be predicted on the basis of water balance 

calculations using fillable porosity and net groundwater recharge (Kayane and Kaihotsu, 

1988). Germann and Levy (1986) attributed the rapid rise in water table elevation in 

response to precipitation to capillary fringe groundwater ridging in which a small addition 

of water to the capillary fringe resulted in a rapid and large rise in water table elevation 

that drops immediately after the storm. In a recent study, Waswa et al. (2013) used field 

and laboratory observations to show that rapid water table response is caused by rapid 

addition of energy into the capillary fringe from intense rainfall. 

Ritter and Muñoz-Carpena (2006) observed rapid water table rise as spikes in 

water table elevation observations after storms in the C-111 basin in south Florida and 

attributed it to high permeability of the aquifer. Under very shallow water table 

conditions (<1 m from ground surface), these spikes in water table elevation could affect 
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crops that are intolerant to hypoxia in the root zone or short term flooding. However, it is 

not currently known how changes in water table elevation due to the proposed 

incremental rises in canal stage would impact soil water content in the agricultural areas 

adjacent to ENP in the C-111 basin. Studies conducted by Barquin et al. (2011) and 

Kisekka et al. (2013a) also conformed the strong influence of water table elevation on 

soil and limestone bedrock water content in the C-111 basin. Using the drain to 

equilibrium assumption, Barquin et al. ( 2011) showed that due to capillarity, there was 

a relationship between soil water content and water table elevation and the later could 

be used to predict the earlier using the van Genuchten equation (Van Genuchten, 1980) 

assuming hydrostatic conditions. Kisekka et al. (2013a) using dynamic factor analysis 

showed that water table elevation had a significant influence on temporal variation of 

soil and limestone bedrock water content. The effect of water table elevation 

fluctuations on soil water has also been observed by others (Ramirez and Finnerty, 

1996). While the study by Kisekka et al. (2013a) is empirical in nature, the studies by 

Barquin et al. (2011) and Ramirez and Finnerty (1996) are based on physics of 

unsaturated flow under hydrostatic conditions and cannot be applied under transient 

conditions. Therefore vadose numerical models based on the solutions to Richards’ 

equation are a preferred choice for simulating transient soil water dynamics. 

The effect of the proposed raises in canal stage on soil and limestone bedrock 

water dynamics in the agricultural lands was investigated through simulation of the 

groundwater-vadose zone system. A vadose zone computer code called Water and 

Agrochemicals in the soil, crop and Vadose Environment (WAVE) developed by 

Vanclooster et al. (1995) that solves the one dimensional   D) Richards’ equation using 
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finite difference techniques was applied. WAVE is a comprehensive vadose zone 

hydrology computer code for simulating the transport of water, energy, non-reactive 

solutes, nitrogen, and pesticides in the soil-crop continuum. WAVE was previously 

applied in south Florida by Muñoz-Carpena et al. (2008) to investigate the effect of 

summer cover crops on soil water retention characteristics and nitrogen leaching in 

Krome soil. The effect of the proposed incremental raises in canal stage on soil and 

limestone bedrock water content were incorporated by simply linking MODFLOW to 

WAVE i.e., using water table elevation simulations from MODFLOW as the bottom 

boundary condition input for WAVE.  

There are many sources of error which make soil water content measured by 

indirect methods (e.g., Neutron Moisture Meter, Time Domain Reflectometer, 

Capacitance sensors) uncertain under all soil conditions (IAIA, 2008). Measurement 

uncertainty in soil water content data is caused by several factors including: 1) errors 

related to equipment installation and calibration, 2) errors associated with the different 

algorithms that are used to convert surrogate measurements to soil water content, and 

3) errors associated with spatial variability of soil properties. However, in many soil 

water prediction model performance evaluations (Whiting et al., 2004; Merdun et al., 

2006; Chen et al., 2012) goodness-of-fit indicators like Nash-Sutcliffe (NSE), Willmot 

index (d), Root Mean Square Error (RMSE), and Mean Absolute Error (MAE) based on 

calculating the pairwise error between observed and predicted soil water content are 

used without accounting for the uncertainty in measured data and model structure. 

Accurate evaluation of model performance needs to consider these two sources of 

uncertainty whenever possible in order to provide a more realistic assessment of model 
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performance. Harmel and Smith (2007) provide a framework for quantifying uncertainty 

in measured data while Harmel et al. (2010) outlines a procedure for quantifying model 

uncertainty for models in which the predicted state variable can be assumed 

independent. 

The purpose of this study was to assess the effect of the proposed operational 

adjustments in surface water management in form of incremental raises in canal stage 

on soil and limestone bedrock water content in farmlands located east of canal C-111. 

The objectives were to: (1) develop WAVE-based models for the study area for 

simulating soil and limestone bedrock water content (2) evaluate model performance 

considering uncertainty in measured soil and limestone bedrock water content and (3) 

apply the models to investigate the effect 6, 9 and 12 cm increment raises in canal 

stage on soil and limestone bedrock water content dynamics at 10, 20, 30 and 40 cm 

depths.   

Material and Methods 

Study Area and Experimental Set Up 

The study was conducted in Miami-Dade County close to Homestead,  Florida 

within an agricultural area approximately 17 km2 (Figure 5-1) immediately to the east of 

canal C-111. The topography at the project site is essentially flat, implying that the 

assumption of 1D vertical flow for the unsaturated zone is valid. The soil depth is 

generally shallow ranging between 10 and 25 cm. Particle size analysis was performed 

using a standard 2 mm sieve and produced 55% fine particles and 45% gravel. Soil 

color analysis was performed using the Munsell soil color charts as described in 

Kisekka et al. (2013a). The limestone bedrock layer is highly porous and is generally 

found at 20 cm depth and below.   
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Two multi-sensor capacitance probes (EnviroScan probes, Sentek Technologies, 

Ltd., Stepney, Australia) for soil water monitoring were installed at 5 locations (Figure 5-

1) at distances of 500, 1000 and 2000 m from the canal. Soil water content was 

recorded every 15 minutes but data were averaged daily for modeling purposes. Soil 

and limestone bedrock water content data were downloaded weekly. EnviroScans are 

an example of capacitance based sensors which measures frequency of an oscillating 

electrical circuit (IAIA, 2008).  Detailed description of how EnviroScans measure soil 

water content can be found in Kisekka et al. (2013a).  Two EnviroScan probes were 

installed at each location to ensure that at least one probe was functioning at any given 

time. Where applicable (based on quality of the data) data were also averaged at each 

depth from the two sensors to get a representative average value. Each probe had four 

sensors positioned at 10, 20, 30 and 40 cm from the ground surface (Figure 5-2). The 

top 20 cm typically represent the scarified soil layer which is used for crop production 

and the lower 20 cm represent the underlying limestone bedrock in which plant roots 

cannot penetrate. To minimize the problem of air pockets between the EnviroScan 

access tube and the soil matrix, we used fast setting cement slurry. Due to the 

shallowness of the limestone bedrock at all the study sites, a motorized drill was 

required to bore a hole that held the access tube in a vertical position.  

Attempts to calibrate the EnviroScans in the field using the standard gravimetric 

sampling approach (Sentek Pty Ltd, 2001) was tried but later abandoned due to the 

difficulty caused by several factors including a very thin soil layer (less than 20 cm) at all 

the sites; difficulty obtaining soil samples adjacent to the EnviroScan access tube 

without interfering with the operation of the sensors; difficulty in obtaining a wide range 
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of soil water content under field conditions to properly calibrate the sensors; and 

presence of a shallow limestone bedrock in which it was difficult to sample. Gabriel et 

al. (2010) in a field study compared default and calibrated volumetric soil water content 

from EnviroScans and concluded that although default estimates of volumetric soil 

water content from EnviroScans did not reproduce the exact soil water content, they 

were accurate in reproducing soil water dynamics.  

Numerical modeling with WAVE 

WAVE was used to simulate soil water dynamics at the different study sites. A 

unit area soil profile was assumed at each monitoring site and the depth was set 

between 200 and 220 cm to account for the variations in depth to the water table at the 

various locations. The soil profile comprised of two distinct soil layers, the first 10 to 20 

cm (layer 1) were set to a scarified soil layer while the remaining 180 to 200 cm (layer 2) 

were set to limestone bedrock (Figure 5-2). The profile was discretized into 5 cm 

compartments and a numerical solution was obtained at the center of each of the 

compartment (Figure 5-2). The time settings in WAVE allowed specifying a variable time 

step for simulation of highly nonlinear unsaturated flow. The minimum and maximum 

time steps were set to 0.01 and 1 day, respectively. Due to the problems associated 

with unattended automatic data logging of field instruments such as malfunction and 

flooding of sensors at our study site, time series of observed volumetric water content 

were not uniform at all the sites.  At each site, half of the data was used in model 

calibration while the other half was used for model validation. Data at site well 5 were 

not used in further analysis due to short circuiting of the RLC circuit of the EnviroScan 

and subsequent installation did not produce quality data, however water table elevation 



 

169 

measured at this site was used in developing a groundwater flow model for the study 

area. 

In WAVE, unsaturated flow is simulated using a  D Richards’ equation with a 

sink term to account for water uptake by plant roots (Vanclooster et al., 1995). 

Maximum root water uptake is limited by a dimensionless reduction function proposed 

by Feddes et al. (1978), which expresses the effect of pressure head on water uptake 

rate. A linear relationship was assumed between the reduction factor and root water 

uptake. The van Genuchten (1980) equation was used to describe the soil water 

retention characteristics. The parameters of the van Genuchten equation were obtained 

in the laboratory using study site soil samples and Tempe cells, Richards’ pressure 

plate, and a curve fitting computer tool called RETC. The unsaturated hydraulic 

conductivity was described using the van Genuchten–Mualem model (van Genuchten, 

1980) and starting values in the modeling were obtained from Muñoz-Carpena et al. 

(2008). WAVE solves the nonlinear Richards’ equation using the Crank–Nicolson finite 

difference scheme at the center of each compartment or node (Vanclooster et al., 

1995). 

Since flow is 1D, only the top and bottom boundary conditions were required. At 

the bottom, a groundwater table boundary condition was used. The time series of 

groundwater table depth which is required by WAVE to describe location of the lower 

boundary condition was calculated as the difference between the water table elevation 

(National Geodetic Vertical Datum of 1929 [NGVD29] m) and elevation of the ground 

surface (NGVD 29 m). The water table elevation was simulated using MODFLOW as 

described chapter 4. In WAVE, the top maximum ponding depth was set at 0 mm while 
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the maximum allowable pressure head (corresponding to air potential) at the surface 

was set as -980 MPa.  

The stress modeled was water uptake by plant roots. Although detailed crop 

information was not available to use the crop growth model SUCROS in WAVE, we 

were able to simulate root water uptake by simply describing a Leaf Areas Index (LAI), 

root growth depth, and crop coefficient (Kc) time series for the crop grown. We assumed 

that the crop grown was sweet corn since it represents one of the crops grown at the 

study site. Developmental and phonological characteristics of south Miami-Dade County 

sweet corn were obtained from Muñoz-Carpena et al. (2008). 

Reference evapotranspiration data for the simulation period was obtained from 

the Florida Automated Network (FAWN; http://fawn.ifas.ufl.edu/) station at TREC, 

Homestead. At the study site, two-thirds of the rainfall is received in the wet season 

(May to October) and approximately one third is received in the growing or dry season 

which includes November to April (Pathak, 2001) with October being a transitional 

month. To minimize the effects of spatial variability in rainfall, we used gauge adjusted 

NEXRAD rainfall data set at a resolution of 2 km x 2 km from SFWMD.  For this study, 

irrigation was not included in the simulation due to lack of information on irrigation rates 

and amounts, although we believe irrigation has a substantial effect on soil water 

dynamics especially during the growing season in the top soil layer. 

Parameterization and Sensitivity Analysis  

Soil water retention characteristics for layer 1 (Table 5-1) were obtained in the 

laboratory. Water retention characteristics of limestone bedrock were not directly 

measured due to the extremely porous nature of the material (Muñoz-Carpena et al., 

2008). We estimated saturated soil water content (ts) for the limestone bedrock to range 
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between 0.24 and 0.41 depending on the site based on readings from EnviroScan 

sensors at 30 and 40 cm depths when the sensors were below the water table. Initial 

literature values for the other parameters i.e., residual limestone water content (tr) and 

empirical parameters n and a for the limestone bedrock were obtained from literature 

(Muñoz-Carpena et al., 2008). Initial pore connectivity parameter (lam) values in (Table 

5-1) were also obtained from literature (Mualem, 1976) but were assumed to vary 

between to 0.5 and 1.5 in our study. Initial parameter values were manually adjusted 

within ranges established from measurement or literature in order to improve the fit 

between measured and predicted water content considering uncertainty in both. 

One crop grown in the study area was sweet corn. We assumed that three cycles 

of corn were grown between October and April with no crops being grown May to 

September as a test crop. LAI was set to vary from 1.0 to 2.9 based on 2012 

measurement of LAI in a corn field adjacent to site 1. Based on field observations, 

sweet corn roots grow to a depth of 15 to 20 cm, in WAVE maximum root depth was set 

to vary from 5 to 20 cm from emergent date to harvest. The time series for crop 

coefficient Kc ranged from 0.6 to 1.1 based on measured values in sweet corn by 

Muñoz-Carpena et al. (2008) for Homestead, Florida (Table 5-2 to 5-4). The date at 

which roots become inactive due to senescence was set to harvest date. The 

relationship between the reduction factor of root water uptake and pressure head was 

assumed linear and the pressure head at which roots start to extract water and 

optimally extract water from the soil were set at -10 and -46 cm of water, respectively 

(i.e., pressure heads greater than -10 cm would limit oxygen levels in the soils through 

soil saturation and thus affect plants roots and consequently plant water uptake). The 
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pressure head at which water uptake by the root ceases was set at -16,000 cm which 

corresponds to the theoretical permanent wilting point. 

Sensitivity analysis was implemented in two stages: 1) the improved Morris 

method by Campologo et al. (2007) was performed to obtain qualitative ranking of 

parameters (i.e., screening parameters to which the simulated volumetric soil water 

content was most sensitive) and 2) using a subset of critical parameters from step 1, 

Sobol’s analysis was performed to determine quantitative first order and higher order 

(parameter interaction) sensitivity indices. Parameters included in sensitivity analysis for 

layers 1 and 2 at different sites are given in Table 5-1. For all the parameters with the 

exception of LAI and Kc, a uniform distribution was assumed and parameters ranges 

were obtained from measurements or from literature. In order to test the sensitivity of 

simulated volumetric soil water content to variations in LAI, a discrete uniform 

distribution was assumed in which three values representing LAI during initial plant 

development, mid-season, and late season stage were used. LAI values in Tables 5-2 

to 5-4 are based on measurements made in a sweet corn field at the current study site. 

A similar approach was used for testing sensitivity of simulated volumetric water content 

to variations in Kc.  

During sensitivity analysis, input parameter sets were obtained by sampling the 

multivariate input distributions according to Campologo et al. (2007) improved Morris 

method and Sobol’s method for variance based analysis of sensitivity indices. WAVE 

was then executed for each input parameter set. Campologo et al. (2007) sensitivity 

analysis was implemented using Matlab algorithms (R2012a , Mathworks Inc., Natick, 

Massachusetts) developed by Saltelli et al. (2008) and available online at 
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http://sensitivityanalysis.jrc.it/software/index.htm. Matlab was used to automatically 

executed WAVE for each parameter set in the generated sample input file. The sample 

input file was a matrix comprised of multiple input parameter sets obtained from random 

sampling of probability distributions. For sample generation using Campolongo et al. 

(2007) method, the following settings were used: number of levels (p) was 4, size of 

oversampling (N) was 1000, number of trajectories (r) was 20, and number of 

parameters (k) was 19. This resulted in a total of 400 parameter sample sets 

(i.e., 400)1( kr ). The number of WAVE executions for Sobol analysis was estimated 

as )1(2 kn , where the sample size, n was 512 and k is the number of the identified 

critical parameters from Campologo et al. (2007) analysis. Nash-Sutcliffe coefficient 

(NSE) and the Root Mean Square Error (RMSE) were calculated as the model output 

for each simulation.  

Estimating uncertainty in measured soil and bed rock water content 

Soil and bedrock water content measured in this study was considered 

uncertainty due to the following reasons: 1) sensor specific calibration was not 

performed due to having a very thin soil layer under layered by hard limestone bedrock 

which made collection of samples for gravimetric estimation of soil water difficulty, 2) 

spatial variability in soil physical properties, and 3) variations in EnviroScan installations 

specifically the thickness of the cement slurry surrounding the access tube. To 

accommodate all these sources of error, we quantified uncertainty for each measured 

soil and bedrock water content value. Uncertainty in measured soil and limestone water 

content data was calculated using a correction factor (Harmel and Smith, 2007; Harmel 

et al., 2010). The correction factor modifies the error term (i.e., the pair-wise difference 
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between measured and predicted values) in goodness-of-fit indicators by incorporating 

the distribution of the measurement uncertainty as shown in Equation 5-1 

 )(
5.0

)(
)( ii

i
i PO

measuredCF
measurede   (5-1) 

where imeasurede )( is the modified deviation between measured and predicted soil and 

bedrock water content for point i  considering only measurement uncertainty, 

imeasuredCF )( is the non-dimensional correction factor (ranges between 0 and 1) for 

each measured soil and bedrock water content ( iO ) and predicted soil and bedrock 

water content ( iP ) considering measurement uncertainty, and 0.5 refers to one sided 

probability for ( iO ) at mean value assuming a symmetric distribution.  

WAVE was calibrated by manually adjusting parameter values within the ranges 

in Table 5-1. These ranges were selected based on laboratory measurements and 

represented the range in values assessed for each parameter. Thus, these ranges were 

a best estimate of parameter uncertainty. Parameter values were adjusted until the 

predicted soil water content was within the maximum and minimum uncertainty bounds 

of the measured data as calculated by Equations 5-2 to 5-3 

Cvxx 3  5-2 

Cvxx 3  5-3 

where the uncertainty bounds  and  are the lower and upper bounds of the uniform 

distribution, x  is the mean of the distribution for measurement i  set at the measured 

value and Cv is coefficient of variation. In this study we assumed a uniform distribution 

for all measurements and minor (coefficient of variation, Cv=0.02) to moderate 
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(Cv=0.08) depending how variable that data collected from two adjacent EnviroScan 

probes was. 

After calibration, model performance (validation) was implemented using 

FITEVAL (Ritter and Muñoz-Carpena, 2012).  Validation was performed in two stages: 

1) without considering uncertainty in measured values and 2) accounting for uncertainty 

in measured values following procedures described in Harmel et al. (2010). Model 

uncertainty was not included in this analysis.  

Model Applications 

The validated WAVE-based models at each of the five sites were applied to 

simulate soil and limestone bedrock water content at different depths under the 

proposed 6, 9 and 12 cm incremental raises in canal stage. Canal stage will be 

increased in the reach of canal C-111 between the gated spillways at S177 and S18C 

(Figure 5-1) by incrementally raising the water levels of the “open” and “triggers” of the 

gated spillways (U.S. Army Corps of Engineers [USACP] and South Florida Water 

Management District [SFWMD], 2011). Effect of surface water management on water 

table elevation was simulated using MODFLOW as described in chapter 4. The 

simulated water table elevation was then used as a lower boundary condition of the soil 

profile for WAVE. Increases in canal stage were mimicked by incrementally adding 3 cm 

to the current canal stage up to a total of 12 cm. 

Results and Discussion  

Sensitivity Analysis and Parameterization of Vadose Zone Model 

Parameter screening results (Tables 5-5 to 5-9) indicate that predicted soil water 

content was most sensitive to parameters of the van Genuchten equation which was the 

water retention model used in WAVE, i.e., residual soil water content, saturated soil 
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water content, curve shape parameter, and the inverse of the air entry value. This would 

be expected because soil water retention curve parameters characterize soil water 

retention in both soil and limestone bedrock layers. Other studies have also 

demonstrated that state variables predicted by WAVE are highly sensitive to soil 

hydraulic parameters (Vanclooster et al., 1995; Muñoz-Carpena et al., 2008). At our 

study site, the predicted soil water content showed only slight to no-sensitivity to 

variations in all the other parameters including variations in Kc and LAI.   

Based on the results from improved Morris screening, a subset of important 

WAVE parameters were identified and used in further variance based global sensitivity 

analysis using Sobol’s method (Figures 5-3 to 5-7). Sobol analysis confirm Morris 

screening results indicating that saturated soil water content is the most important 

parameter explaining variations in predicted soil water content as measured by NSE 

and RMSE at all sites. It should be noted that Sobol analysis is a more robust technique 

for sensitivity analysis compared to the Morris method because it is based on a large 

number of model simulations and less structured sampling (Saltelli et al., 2004). The 

fraction of the total variation in predicted soil and limestone bedrock water content 

explained by variation in each of the ten important parameters is represented using first 

order and total order Sobol sensitivity indices along the vertical axis (Figures 5-3 to 5-7). 

The first bar represents first order effects while the second represents total order effects 

and the difference between the two bars represents parameter interactions. Results 

also show that unsaturated flow is influenced by the parameters differently in the soil 

and limestone bedrock layers. In the soil layer (top 20 cm), unsaturated flow was mainly 

governed by saturated and residual soil water content, curve shape parameter, and 
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inverse of the air entry value and the effects of parameter interactions were stronger 

than in the limestone bedrock layer. In the limestone bedrock layer (30 and 40 cm 

depth), unsaturated flow was mainly governed by saturated soil water content and the 

first order effects approached 100% indicating that WAVE behaved as an additive 

model within the limestone bedrock layer particularly at sites 4 and 6 where sensors at 

30 and 40 cm were surrounded by limestone water content conditions close to 

saturation for the majority of the study. This is probably due to the fact that the 

differential capacitance term of Richards’ equation goes to zero under saturated 

conditions (Vanclooster et al. 1995). WAVE behaving as an additive model at 30 and 40 

cm depth indicated that it could be calibrated using accurately measured soil and 

limestone bedrock water content data.   

WAVE was calibrated by setting parameters to which predicted soil water content 

was least sensitive to average values and manually adjusting important parameters (as 

identified in sensitivity analysis) within the ranges listed in Table 5-1 until we graphically 

achieved an acceptable fit between measured and predicted soil water content 

considering uncertainties in each (Table 5-10). Automated calibration using the GLUE 

methodology was tried but later abandoned in order to avoid over fitting model 

parameters to an uncertainty dataset of measured volumetric soil and limestone 

bedrock water content. Estimated saturated soil and limestone bedrock water content 

were compared to saturated soil and limestone bedrock water content when the 

EnviroScan sensors were below the water table and the values were in close 

agreement. For example, at site 4 saturated soil water content (when the sensor were 

below water table) was identified as 35 (m-3/m-3) and the manually estimated values for 
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layers 1 and 2 were 35 and 34, respectively. We attributed difficulty of graphically 

achieving a perfect fit between measured and predicted soil water content at various 

depth at the same site and across the different five sites to the following factors: 1) 

uncertainty in measured data, 2) intrinsic spatial variability in soil and limestone 

hydraulic parameters, and 3) exclusion of irrigation water applied from the conceptual 

model.  

Soil Water Prediction 

Comparison between simulated and measured volumetric water content from 

EnviroScan probes at 10, 20, 30, and 40 cm depths under current canal stage operation 

criteria along C-111 were plotted (Figures 5-9 to 5-13). Visual inspection indicates that 

WAVE was able to reproduce temporal variations in soil water content as influenced by 

seasonal variations in rainfall, evapotranspiration, and canal stage. It can also been 

seen that there were some substantial deviations between predicted and measured 

volumetric water content at some sites and monitoring depth particularly during the 

summer of 2011 months (April to October) which also corresponded to the lowest 

recorded soil water content. These deviations could be attributed to several factors 

discussed under the section on estimating measurement uncertainty. Other 

investigators (Evett et al., 2006; Rowland et al., 2011) have noted that technologies that 

measure soil water content by sensing electromagnetic properties of the soil such as 

EnviroScans are prone to uncertain precision and sensed volumes issues. For example, 

EnviroScans measure an effective distance of only 3-5 cm from the access tube and 

may be affected by non-isothermal conditions although they are idea for unattended 

continuous monitoring of soil water content.  
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Deviation between predicted and measured soil water content at site 3 during the 

first months of the study was due to poor installation which was subsequently re-

installed thus improving data at this site. It is worth noting that transformation of 

measured data using the EnviroScan calibration equation developed in the laboratory 

by Al-Yahyai et al. (2006) for gravely loam soils of south Florida was tried but gave 

inconsistent results at various depths and sites and was abandoned. This could be due 

to the differences in soil conditions at our study site compared to the soil Al-Yahyai et al. 

(2006) used to develop the calibration equation in the laboratory.  

Goodness-of-fit statistics for model validation for the different sites and 

monitoring depth without and with consideration of measurement uncertainty were 

calculated (Tables 5-11 and 5-12). Fit between EnviroScan measured soil and bedrock 

water content and simulated soil and bedrock water content were unsatisfactory (based 

on goodness-of-fit classification in Ritter and Muñoz-Carpena, 2012) for all sites and 

depths with the exception of 30 and 40 cm depths at site 1 when uncertainty in 

measured soil water content was not taken into account (Table 5-11). However, when 

uncertainty in measured water content data was considered there was an improvement 

in the goodness-of-fit statistics at all sites except site 2 (Table 5-12). At site 2 only 

measurements at depth 30 cm were within range of soil water content generally 

expected within the study area, for example measurements at 40 cm were consistently 

lower than measurements at 10, 20, and 30 cm depths at the same site even when 

water table elevation was close to the surface, implying that measurements at site 2 

were very inaccurate. Therefore, data at this site were not used in further evaluations. 
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 Therefore, we can conclude that the models developed for the five sites in this 

study are useful for estimating soil water content and for predicting temporal variations 

in soil and bedrock water content under changing surface water management which 

was the purpose for under taking the study. 

Evaluation of Soil Water Response to Proposed Incremental Raises in Canal 
Stage 

Effect of the proposed changes in canal C-111 stage operation criteria were 

evaluated for only three sites south of the spillway at structure S177 since these are the 

sites expected to experience significant changes in water table elevation due to raised 

canal stage (Table 5-16) because they are located at lower elevation within the study 

area. Canal stage is expected to be raised along the reach of C-111 between S177 and 

S18C (Figure 5-1). Results indicate that the soil and bedrock water content before and 

after the proposed changes in canal stage were significantly different (p<0.006).  

The impact of raises in canal stage on soil and bedrock water content over time 

were mainly seen when there were spikes in soil and bedrock water content 

approaching saturation water content probably corresponding to precipitation events or 

raises on canal stage (Figures 5-15 to 5-17). At site 3, after the proposed raises in canal 

C-111 stage, there were no substantial differences in soil water content both during the 

wet and dry seasons (Figure 5-15). In the top 20 cm soil layer, soil water content did not 

reach saturation even after the maximum proposed increment in canal stage of 12 cm. 

Implying that farmlands with ground surface elevation similar to that at site 3 i.e., greater 

than 2.0 m NGVD29 are predicted not experience root zone saturation after the 

proposed incremental raises in canal stage.  However, water content started to 

approach saturation in the limestone layer after the rains received during the wet 
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season of 2012. Although this condition is not expected to hinder aeration in the root 

zone since the roots of the crops grown in this area never penetrate the limestone 

bedrock, saturation at 30 and 40 cm depth might exacerbate the problem of temporary 

groundwater flooding due to spikes in water table elevation associated with the 

phenomenon of groundwater ridging. At site 4, changes in canal stage did result in 

observable changes in soil water content both during the wet season and dry season 

(Figure 5-16). Soil water content reached saturation at 20 cm depth after increasing 

canal stage by 9 cm and this condition persisted up to late January of 2012 (Figure 5-

16), implying that crop production growing periods would be greatly reduced.  Soil water 

content in the limestone approached saturation even under current canal stage 

operation criteria but raising canal stage resulted in almost continuous limestone 

saturation at the 30 and 40 cm monitoring depths. These results mean that farmlands 

with land surface elevation similar to that of site 4 (1.19 m NGVD29) might be impacted 

by increases in canal stage greater than 9 cm. The response at site 6 was similar to that 

observed at site 4 probably due to similar elevation (1.2 m NGVD29) in which the 

changes in canal stage resulted in increases in soil and bedrock water content at all 

depth. However, for the top 10 cm the increase in soil water content did not lead to 

saturated conditions during the growing season but soil water content approached 

saturation during the wet season. The changes in canal stage resulted in saturated 

conditions at 30 and 40 cm during both the wet and dry season (Figure 5-17). Based on 

the period (January 2012 to February 2013) investigated for potential impacts of raising 

canal stage on root zone soil water content, the proposed changes in C-111 canal stage 

resulted in significant changes in soil water content.  Sites with land surface elevation 
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greater than 2.0 m NGVD29 did not experience saturated conditions in the top 20 cm 

soil layer. Raising canal stage by more than 9 cm resulted in saturated root zone and 

shortening of the growing season at sites with land surface elevation less than 2.0 m 

NGVD29,  which is critical for continued use of the land for agricultural production.  

These results are similar to those obtained using a different technique called 

dynamic factor analysis using data from the same study area (Kisekka et al., 2013a). 

The benefit of the WAVE-based mechanistic approach for the study area compared to 

the DFA based approach used in Kisekka et al. (2013a) is the former can be applied for 

exploring soil water dynamics outside the ranges of data measured during the study 

period and also be used to examine the physical processes governing the response of 

the state variables e.g., soil water content or transpiration within the ranges of 

uncertainty associated with model predictions. 

Conclusion 

One dimensional WAVE-based models were developed for the study area for 

mechanistically investigating the effect of the proposed incremental raises in canal C-

111 stage on soil and bedrock water content in the top 40 cm of the soil and limestone 

layer. Parameter screening using the improved Morris method indicated that predicated 

soil water content was most sensitive to parameters of the van Genuchten equation. 

Quantitative variance based sensitivity analysis using Sobo’s method confirmed results 

from Morris screen by showing that soil hydraulic properties contributed the greatest 

variance in predicted soil water content. Specifically, saturated soil water content was 

identified as the most important input factor affecting predicted soil and bedrock water 

content at our study area. The model behaved nonlinearly in the top 20 cm with various 
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parameter interactions, and approximated an additive (linear) model in the usually 

saturated limestone layer.  

Goodness-of-fit indicators were greatly improved when uncertainty in measured 

data was considered during model performance evaluation. There were some variations 

in model performance at different sites and monitoring depth these could be attributed 

to varying accuracy in measured data. These differences were attributed to variations in 

thickness of the cement slurry surrounding the access tube, intrinsic spatial variability in 

soil and bedrock hydraulic properties, effect of not including irrigation water inputs, and 

uncertainties in associated with variations in installations. Overall model performance 

ranged from good to acceptable at all the sites analyzed. We concluded that WAVE-

based models developed for the study area with the exception of the model developed 

for site 2 were useful as exploratory tools for estimating changes in soil water content 

conditions in the top 40 cm depth and for predicting temporal variations in soil water 

content in response to surface water management in the C-111 canal. The RMSE and 

MAE produced by the model were regarded low for practical soil water management for 

crop production.  

The model was applied to evaluate the effect of the 6, 9, and 12 cm incremental 

raises in canal stage on soil and bedrock water content.  The results indicated that 

average soil water content before and after the changes in C-111 canal stage were 

significantly different. Visual analysis of the soil water content time series under 

proposed changes in canal stage management indicated that sites with land surface 

elevation of less than 2.0 m NGVD29 might experience saturated conditions in the root 

zone and shortening of the growing season for agricultural production.  At depths 
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greater than 20 cm raises in canal stage resulted in saturated conditions particularly for 

sites with low land surface elevation and during the wet season. The saturated 

conditions at the 30 and 40 cm depth at all the sites could exacerbate the problem of 

temporary groundwater flooding due to groundwater ridging suggesting that water 

management practices (i.e., pre-storm releases) would need to be modified.  

The models developed in this study could be could be combined with high 

resolution digital elevation models (DEM) in future studies to identify areas that should 

not be planted to minimize potential losses associated with saturated root zones. This 

study shows that in humid water table controlled landscapes, surface water 

management could impact soil water content which in turn influences land use and 

other near land surface water and energy fluxes that are influenced by near ground soil 

water content.  
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Table 5-1 Initial parameter ranges used in WAVE for simulating soil water content at five 
sites within the C-111 basin assuming a uniform distribution for all parameters 

Description Parameter Value 

Layer 1 (Soil layer) 
Saturated soil water content (m3 m-3)1 ts1  0.27-0.53 
Residual soil water content (m3 m-3)2 tr1 0.00-0.092 
Inverse of the air entry value (cm-3)2 a1 0.001-0.093 
Curve shape parameter (slope) (–)2 n1 0.5-1.51 
Pore connectivity parameter (–)3 lam1 0.5-1.50 
Unsaturated hydraulic conductivity (cm/day) 4 K1 500-1551 
Maximum water uptake rate (day-1)4 Smax1 0.01-0.014 

Layer 2 (Limestone) 
Saturated soil water content (m3 m-3) ts2 0.20-0.46 
Residual soil water content (m3 m-3)4 tr1 0.0-0.01 
Inverse of the air entry value (cm-3)4 a2 0.009-0.15 
Curve shape parameter (slope) (–)4 n2 0.9-1.5 
Pore connectivity parameter (–) lam2 0.50-4.5 
Unsaturated hydraulic conductivity (cm/day)4 K2 5000-14000 
1Measured in laboratory 
2Values obtained from fitted curve of soil water-suction data measured in laboratory 
3Values obtained from Mualem (1976) 
4Values obtained from Muñoz-Carpena et al. (2008) 

Table 5-2. Crop coefficient (Kc) and leaf area index (LAI) for sites 3 and 6  

Station* Kc1 Kc value Kc symbol LAI2 LAI symbol 

01/28/2011 Initial 0.6 Kc1 0.5 LAI1 
03/15/2011 Mid-season 1.1 Kc2 2.9 LAI2 
05/15/2011 Late-season 0.85 Kc3 1.45 LAI3 
1Crop coefficient value obtained from Muñoz-Carpena et al. (2008) 
2Leaf area index value measured 
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Table 5-3. Crop coefficient (Kc) and crop leaf area index (LAI) for site 1  

Station* Kc1 Kc value Kc symbol LAI2 LAI symbol 

04/21/2011 Late-season 0.85 Kc1 1.45 LAI1 
11/01/2011 Initial 0.6 Kc3 0.5 LAI3 
12/31/2011 Mid-season 1.1 Kc4 2.9 LAI4 
1Crop coefficient value obtained from Muñoz-Carpena et al. (2008) 
2Leaf area index value measured 
 

Table 5-4. Crop coefficient (Kc) and crop leaf area index (LAI) for sites 2 and 4  

Station* Kc1 Kc value Kc symbol LAI2 LAI symbol 

10/31/2010 Initial 0.6 Kc1 0.5 LAI1 
12/15/2010 Mid-season 1.1 Kc2 2.9 LAI2 
04/30/2011 Late-season 0.85 Kc3 1.45 LAI3 
1Crop coefficient value obtained from Muñoz-Carpena et al. (2008) 
2Leaf area index value measured 
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Table 5-5. Improved Morris screening results for WAVE model applied at site 1 for soil 
layer (L1: 10 and 20 cm) and limestone layer (L2: 30 and 40 cm). 

  NSE110 NSE20 NSE30 NSE40 

Parameter  μ2 σ3 μ σ μ σ μ σ 

Residual water content L1 (m3/m3) 1.9 2.3 4.3 5.0 0.1 0.1 0 0 

Residual water content L2 (m3/m3) 0 0 0.6 0.6 2.9 2.7 0.1 0.1 

Saturated water content L1 (m3/m3) 7.4 5.5 22.6 17.5 1 3 0 0 

Saturated water content L2 (m3/m3) 0 0 15.7 10.5 93.0 54.2 38.7 24.2 

Inverse of air entry value L1 (cm -1) 2.9 3.4 9.9 11.9 6 9 1 1 

Inverse of air entry value L2  (cm -1) 0.6 0.9 16.4 12.2 67.0 56.4 25.7 21.8 

Curve shape parameter L1 (-) 5.7 4.4 16.1 13.0 0.6 0.9 0.1 0.1 

Curve shape parameter L2 (-) 0.4 0.7 16.9 19.3 69.9 31.6 25.4 12.3 

Sat. hydraulic conductivity L1 (m/day) 0.1 0.1 0.13 0.7 0.3 0.6 0 0.1 

Sat. hydraulic conductivity L2 (m/day) 0.3 0.7 1.1 2.0 0.7 1.2 0.2 4.0 

Pore connectivity parameter L1 (-) 0 0.1 0.3 0.7 0.1 0.4 0.0 0.1 

Pore connectivity parameter L2 (-) 0.2 0.5 1.1 1.9 0.8 1.3 0.2 0.5 

Crop coefficient initial stage  0 0.1 0.1 0.1 0 0.1 0 0 

Crop coefficient mid-season stage  0 0.1 0.1 0.1 0.1 0.1 0 0 

Crop coefficient late-season stage  0 0 0 0 0 0 0 0 

Leaf area index initial stage 0 0 0 0 0 0 0 0 

Leaf area index mid-season stage 0 0 0 0 0 0 0 0 

Leaf area index late-season stage 0 0 0 0 0 0 0 0 

Maximum root water uptake 0 0 0 0 0 0 0 0 
1Nash-Sutcliffe Coefficient of efficient was used as model output in sensitivity analysis 
corresponding to each model run. 
2Absolute values of the Morris mean which assesses the overall effect of the factor on 
model output 
3Morris standard deviation which indicates effects of a factor’s interactions with other 
factors 
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Table 5-6. Improved Morris screening results for WAVE model applied at site 2 for soil 
layer (L1: 10 and 20 cm) and limestone layer (L2: 30 and 40 cm). 

  NSE120 NSE30 NSE40 

Parameter  μ2 σ3 μ σ μ σ 

Residual water content L1 (m3/m3) 2.0 2.0 1.0 1.0 0 0 

Residual water content L2 (m3/m3) 0 0 0 0 0 0 

Saturated water content L1 (m3/m3) 12.0 7.0 7.0 5.0 0 0 

Saturated water content L2 (m3/m3) 0 0 7 6 18.0 15.0 

Inverse of air entry value L1 (cm -1) 5.0 6.0 2.0 3.0 0 0 

Inverse of air entry value L2  (cm -1) 1.0 1.0 4.0 4.0 9.0 9.0 

Curve shape parameter L1 (-) 12.0 9.0 6.0 6.0 0 0 

Curve shape parameter L2 (-) 1.0 0 7.0 6.0 16.0 17.0 

Sat. hydraulic conductivity L1 (m/day) 0 0 0 0 0 0 

Sat. hydraulic conductivity L2 (m/day) 0 1.0 0 1.0 0 0 

Pore connectivity parameter L1 (-) 0 0 0 0 0 0 

Pore connectivity parameter L2 (-) 1.0 1.0 0 1.0 0 0 

Crop coefficient initial stage  0 0 0 0 0 0 

Crop coefficient mid-season stage  0 0 0 0 0 0 

Crop coefficient late-season stage  0 0 0 0 0 0 

Leaf area index initial stage 0 0 0 0 0 0 

Leaf area index mid-season stage 0 0 0 0 0 0 

Leaf area index late-season stage 0 0 0 0 0 0 

Maximum root water uptake 0 0 0 0 0 0 
1Nash-Sutcliffe Coefficient of efficient was used as model output in sensitivity analysis 
corresponding to each model run. 
2Absolute values of the Morris mean which assesses the overall effect of the factor on 
model output 
3Morris standard deviation which indicates effects of a factor’s interactions with other 
factors 
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Table 5-7. Improved Morris screening results for WAVE model applied at site 3 for soil 
layer (L1: 10 and 20 cm) and limestone layer (L2: 30 and 40 cm). 

  NSE120 NSE30 NSE40 

Parameter  μ2 σ3 μ σ μ σ 

Residual water content L1 (m3/m3) 1.1 1.2 0.0 0.1 0.0 0.1 

Residual water content L 2 (m3/m3) 0.1 0.1 0.9 0.7 0.7 0.6 

Saturated water content L1 (m3/m3) 2.7 2.2 0.1 0.1 0.0 0.1 

Saturated water content L2 (m3/m3) 2.1 1.5 19.1 10.5 17.2 8.9 

Inverse of air entry value L1 (cm -1) 1.0 1.3 0.6 1.0 0.3 0.5 

Inverse of air entry value L2  (cm -1) 3.3 2.9 15.2 12.8 12.9 11.2 

Curve shape parameter L1 (-) 3.9 3.2 0.4 0.7 0.2 0.4 

Curve shape parameter L 2 (-) 3.7 3.3 18.2 10.5 15.0 7.8 

Sat. hydraulic conductivity L1 (m/day) 0.1 0.1 0.2 0.2 0.1 0.1 

Sat. hydraulic conductivity L 2 (m/day) 0.3 0.3 0.5 0.7 0.4 0.6 

Pore connectivity parameter L1 (-) 0.1 0.2 0.1 0.1 0.1 0.1 

Pore connectivity parameter L2 (-) 1.0 1.8 0.9 1.3 0.7 1.1 

Crop coefficient initial stage  0.0 0.0 0.0 0.0 0.0 0.0 

Crop coefficient mid-season stage  0.0 0.1 0.0 0.1 0.0 0.0 

Crop coefficient late-season stage  0.1 0.1 0.1 0.1 0.0 0.0 

Leaf area index initial stage 0.0 0.0 0.0 0.0 0.0 0.0 

Leaf area index mid-season stage 0.0 0.0 0.0 0.0 0.0 0.0 

Leaf area index late-season stage 0.0 0.0 0.0 0.0 0.0 0.0 

Maximum root water uptake 0.0 0.0 0.0 0.0 0.0 0.0 
1Nash-Sutcliffe Coefficient of efficient was used as model output in sensitivity analysis 
corresponding to each model run. 
2Absolute values of the Morris mean which assesses the overall effect of the factor on 
model output 
3Morris standard deviation which indicates effects of a factor’s interactions with other 
factors 
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Table 5-8. Improved Morris screening results for WAVE model applied at site 4 for soil 
layer (L1: 10 and 20 cm) and limestone layer (L2: 30 and 40 cm). 

  NSE110 NSE20 NSE30 NSE40 

Parameter  μ2 σ3 μ σ μ σ μ σ 

Residual water content L1 (m3/m3) 4.3 5.7 2.4 2.9 0.0 0.0 0.0 0.0 

Residual water content L2 (m3/m3) 0.0 0.0 0.3 0.4 1.4 1.4 2.0 2.0 

Saturated water content L1 (m3/m3) 24.2 16.7 16.0 14.7 0.1 0.1 0.0 0.1 

Saturated water content L2 (m3/m3) 0.0 0.1 11.8 11.4 69.4 49.9 120.1 105.3 

Inverse of air entry value L1 (cm -1) 7.7 6.9 4.5 5.1 0.3 0.3 0.2 0.3 

Inverse of air entry value L2 (cm -1) 2.1 2.8 8.9 7.6 33.6 27.7 50.4 43.6 

Curve shape parameter L1 (-) 14.3 10.8 9.1 6.7 0.2 0.4 0.2 0.3 

Curve shape parameter L2 (-) 0.9 1.3 9.7 11.9 31.8 16.0 45.7 26.0 

Sat. hydraulic conductivity L1 (m/d) 0.2 0.5 0.1 0.2 0.2 0.3 0.1 0.2 

Sat. hydraulic conductivity L2 (m/d) 1.1 2.5 1.3 2.5 0.7 0.8 0.5 0.7 

Pore connectivity parameter L1 (-) 0.1 0.3 0.1 0.3 0.1 0.1 0.1 0.1 

Pore connectivity parameter L2 (-) 0.7 1.1 1.0 1.5 1.0 1.4 0.9 1.1 

Crop coefficient initial stage  0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Crop coefficient mid-season stage  0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Crop coefficient late-season stage  0.4 0.7 0.2 0.4 0.1 0.2 0.1 0.1 

Leaf area index initial stage 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Leaf area index mid-season stage 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Leaf area index late-season stage 0.1 0.2 0.0 0.1 0.0 0.0 0.0 0.0 

Maximum root water uptake 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
1Nash-Sutcliffe Coefficient of efficient was used as model output in sensitivity analysis 
corresponding to each model run. 
2Absolute values of the Morris mean which assesses the overall effect of the factor on 
model output 
3Morris standard deviation which indicates effects of a factor’s interactions with other 
factors 
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Table 5-9. Improved Morris screening results for WAVE model applied at site 6 for soil 
layer (L1: 10 and 20 cm) and limestone layer (L2: 30 and 40 cm). 

  NSE110 NSE20 NSE30 NSE40 

Parameter  μ*2 σ3 μ* σ μ* σ μ* σ 

Residual water content L1 (m3/m3) 1.3 1.6 0.7 0.7 0.0 0.0 0.0 0.0 

Residual water content L2 (m3/m3) 0.0 0.0 0.1 0.1 0.5 0.4 0.7 0.6 

Saturated water content L1 (m3/m3) 10.7 7.0 9.3 6.4 0.0 0.0 0.0 0.0 

Saturated water content L2 (m3/m3) 0.0 0.0 11.3 6.0 39.2 25.5 84.7 52.0 

Inverse of air entry value L1 (cm -1) 4.7 4.7 2.5 2.5 0.1 0.1 0.1 0.1 

Inverse of air entry value L2  (cm -1) 0.7 1.0 3.8 3.6 10.8 9.8 16.7 17.1 

Curve shape parameter L1 (-) 7.8 5.9 4.0 4.4 0.1 0.1 0.0 0.1 

Curve shape parameter L2 (-) 0.4 0.6 5.0 4.9 13.8 13.0 21.5 21.2 

Sat. hydraulic conductivity L1 (m/day) 0.2 0.2 0.0 0.1 0.0 0.1 0.0 0.0 

Sat. hydraulic conductivity L2 (m/day) 0.6 1.0 0.4 0.8 0.3 0.3 0.2 0.2 

Pore connectivity parameter L1 (-) 0.0 0.1 0.0 0.1 0.0 0.0 0.0 0.0 

Pore connectivity parameter L2 (-) 0.3 0.6 0.2 0.4 0.2 0.3 0.1 0.2 

Crop coefficient initial stage  0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Crop coefficient mid-season stage  0.0 0.0 0.0 0.1 0.0 0.0 0.0 0.0 

Crop coefficient late-season stage  0.1 0.1 0.1 0.1 0.0 0.0 0.0 0.0 

Leaf area index initial stage 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Leaf area index mid-season stage 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Leaf area index late-season stage 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 

Maximum root water uptake 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
1Nash-Sutcliffe Coefficient of efficient was used as model output in sensitivity analysis 
corresponding to each model run. 
2Absolute values of the Morris mean which assesses the overall effect of the factor on 
model output 
3Morris standard deviation which indicates effects of a factor’s interactions with other 
factors 
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Table 5-10. WAVE parameters obtained from calibration at different sites (October 1, 
2010 to December 31, 2011)  

Parameter 
Site  

1 
Site  

2 
Site  

3 
Site 

4 
Site 

6 
Avg. 

Layer 1    

Residual water content (tr1) 0.09 0.09 0.08 0.10 0.10 0.09 

Saturated water content (ts1) 0.30 0.29 0.32 0.34 0.30 0.31 

Curve shape parameter (n1) 1.09 1.09 1.22 1.17 1.15 1.14 

Inverse of air entry value (a1) 0.04 0.12 0.06 0.09 0.09 0.08 

Pore connectivity parameter (lam) 0.50 0.61 0.62 0.54 0.62 0.58 

Layer 2    

Residual water content (tr2) 0.09 0.09 0.06 0.09 0.09 0.08 

Saturated water content (ts2) 0.31 0.31 0.31 0.35 0.29 0.31 

Curve shape parameter (n2) 1.12 1.11 1.11 1.11 1.10 1.11 

Inverse of air entry value (a2) 0.08 0.12 0.10 0.10 0.09 0.10 

Pore connectivity parameter (lam) 0.50 0.61 0.62 0.54 0.62 0.58 

Sat. hydraulic conductivity (K2)  8000 8335 9307 8511 8419 8514 
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Table 5-11. Goodness-of-fit statistics without consideration of measurement uncertainity 
for WAVE water content simulations by soil depth during the validation period 
(site 1 [01/01/2012 to 02/28/2013]; site 2 [10/01/2011 to 02/28/2013]; site 3 
[01/01/2012 to 02/28/2013], site 4 [10/01/2011 to 02/28/2013], site 
6[01/01/2012 to 02/28/2013] 

Site 1 

Depth 10 cm  20 cm 30 cm 40 cm 
NSE1 0.26(-0.32-0.66) 0.35(0.03-0.59) 0.80(0.66-0.88) 0.77(0.74-0.88) 
RMSE2  0.95(0.72-1.19) 0.62(0.52-0.73) 0.35(0.31-0.41) 0.48(0.41-0.54) 
A3 (%) 0.0 0.0 0.5 0.5 
B4 (%) 0.0 0.0 51.4 29.1 
C5 (%) 3.1 0.5 46.4 54.3 
D6 (%) 93.9 99.5 1.7 16.1 

Site 3 
Depth 10 cm  20 cm 30 cm 40 cm 

NSE -2.79(-6.21—1.3) 0.57(0.28-0.76) 0.44(0.27-0.57) 0.10(-0.90-066) 
RMSE 1.16(0.94-1.37) 0.81(0.71-0.96) 0.84(0.65-1.06) 1.35(0.94-1.72) 
A (%) 0.0 0.0 0.0 0.0 
B (%) 0.0 0.6 0.0 0.0 
C (%) 0.0 67.1 0.1 0.0 
D (%) 100.0 32.3 99.1 100.0 

Site 4 
Depth 10 cm  20 cm 30 cm 40 cm 
NSE 0.25(-0.24-0.50) 0.30(-0.66-0.60) -1.95(-5.5--0.17) -3.80(-6.20--0.87) 
RMSE 1.42(1.16-1.66) 0.63(0.52-0.81) 0.99(0.73-1.22) 0.89(0.55-1.28) 
A (%) 0.0 0.0 0.0 3.2 
B (%) 0.0 0.0 0.0 5.3 
C (%) 0.0 2.6 0.0 10.4 
D (%) 100.0 97.4 100.0 81.1 

Site 6 
Depth 10 cm  20 cm 30 cm 40 cm 
NSE -0.35(-1.80-0.45) 0.31(-0.99-0.66) -0.63(-2.11-0.01) -12.2(-29.6--4.18) 
RMSE 0.95(0.63-1.29) 0.52(0.41-0.66) 0.63(0.43-0.80) 0.97(0.79-1.11) 
A (%) 0.0 0.0 0.0 0.0 
B (%) 0.0 0.1 0.0 0.0 
C (%) 0.2 5.2 0.0 0.5 
D (%) 99.8 94.7 100.0 99.5 
1Nash-Sutcliffe coefficient 
2Root mean square error 
3A probability of fit being very good 0.9<NSE<1.0 
4B probability of fit being good 0.8<NSE<0.9 
5C probability of fit being acceptable 0.65<NSE<0.8 
6D probability of fit being unsatisfactory NSE<0.65 
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Table 5-12. Goodness-of-fit statistics considering measurement uncertainity for WAVE 
water content simulations by soil depth during the validation period (site 1 
[01/01/2012 to 02/28/2013]; site 2 [10/01/2011 to 02/28/2013]; site 3 
[01/01/2012 to 02/28/2013], site 4 [10/01/2011 to 02/28/2013], site 
6[01/01/2012 to 02/28/2013] 

Site 1 

Depth 10 cm  20 cm 30 cm 40 cm 
NSE1 0.78(0.50-0.92) 0.87(0.75-0.93) 0.89(0.75-0.94) 0.85(0.68-0.93) 
RMSE2  0.53(0.33-0.74) 0.28(0.20-0.39) 0.26(0.20-0.40) 0.38(0.31-0.51) 
A3 (%) 7.2 23.4 47.3 15.0 
B4 (%) 31.3 70.2 51.0 58.4 
C5 (%) 42.6 5.9 1.7 26.1 
D6 (%) 18.9 0.0 0.0 0.5 

Site 3 
Depth 10 cm  20 cm 30 cm 40 cm 

NSE -1.66(-5.39--0.3) 0.89(0.78-0.94) 0.88(0.79-0.93) 0.65(0.24-0.91) 
RMSE 0.70(0.70-1.30) 0.41(0.31-0.55) 0.38(0.25-0.54) 0.81(0.43-1.13) 
A (%) 0.0 41.2 37.2 4.6 
B (%) 0.0 56.2 61.1 13.6 
C (%) 0.0 2.6 1.7 33.4 
D (%) 100.0 0.0 0.0 48.4 

Site 4 
Depth 10 cm  20 cm 30 cm 40 cm 
NSE 0.81(0.59-0.89) 0.76(0.02-0.94) 0.70(0.25-0.91) 0.30(-0.31-0.88) 
RMSE 0.71(0.53-0.93) 0.37(0.20-0.60) 0.32(0.21-0.42) 0.34(0.13-0.55) 
A (%) 3.3 20.5 3.4 3.2 
B (%) 54.7 23.6 19.1 5.3 
C (%) 37.7 28.6 37.9 10.4 
D (%) 4.3 27.3 39.6 81.1 

Site 6 
Depth 10 cm  20 cm 30 cm 40 cm 
NSE 0.78(0.49-0.93) 0.87(0.39-0.97) 0.75(0.52-0.87) -0.20(-1.95-0.54) 
RMSE 0.39(0.22-0.54) 0.22(0.13-0.37) 0.24(0.14-0.33) 0.30(0.23-0.35) 
A (%) 8.5 40.9 1.9 0.0 
B (%) 34.6 35.0 25.6 0.0 
C (%) 43.8 17.1 59.7 0.5 
D (%) 13.1 07 12.8 99.5 
1Nash-Sutcliffe coefficient 
2Root mean square error 
3A probability of fit being very good 0.9<NSE<1.0 
4B probability of fit being good 0.8<NSE<0.9 
5C probability of fit being acceptable 0.65<NSE<0.8 
6D probability of fit being unsatisfactory NSE<0.65 
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Table 5-13. Comparison of volumetric soil water content before and after a 6, 9 and 12 
cm incremental raise in canal C-111stage obtained from a Two-sample 
assuming equal variance t-Test with α= . 5  January 2  2 to February 
2013). 

Depth 
VWC1 
Before 

VWC 
after 
6cm 

VWC 
after 
9cm 

VWC  
after  
12 cm Variance2 Variance3 Variance4 

   Site 3     

10 cm 23.3 23.6 23.7 23.9 2.0 2.0 1.9 

20 cm 24.5 24.7 24.8 24.9 10 1.0 0.9 

30 cm 25.5 25.7 25.8 25.9 0.5 0.5 0.5 

40 cm 25.8 26.0 26.1 26.2 0.5 0.5 0.5 

   Site 4     

10 cm 29.3 29.9 30.2 30.5 1.2 1.3 1.4 

20 cm 31.2 31.8 32.2 32.6 1.3 1.4 1.5 

30 cm 33.1 33.8 34.0 34.2 1.4 1.3 1.3 

40 cm 34.1 34.5 34.6 34.7 1.1 1.0 0.9 

   Site 6     

10 cm 26.2 26.6 26.8 27.0 0.8 0.8 0.8 

20 cm 27.4 27.8 28.0 28.2 0.5 0.6 0.6 

30 cm 28.4 28.8 29.0 29.1 0.7 0.6 0.6 

40 cm 29.1 29.3 29.3 29.4 0.5 0.4 0.5 
1Volumetric soil water content (m3/m3) 
2Pooled variance after a 6 cm increase in canal stage 
3Pooled variance after a 9 cm increase in canal stage 
4Pooled variance after a12 cm increase in canal stage 
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Figure 5-1. Study area showing soil water monitoring sites, agricultural lands adjacent to 
Everglades National Park, and canal network within the C-111 basin of south 
Miami-Dade County, Florida. 
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Figure 5-2. Depiction of the discretizing of the soil profile and location of the 
EnviroScans 
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Figure 5-3. Sobol indices on the vertical axis and parameters (tr1 and tr2 are residual 

soil water content, ts1 and ts2 are saturated soil content, a1 and a2 are 
inverse of air entry value, n1 and n2 are curve shape parameter, lam is pore 
connectivity parameter, K2 is saturated hydraulic conductivity and 1 and 2 
refer to the soil and limestone bedrock layers) for the WAVE model on the 
horizontal axis as applied to simulate volumetric soil water content at 10, 20, 
30 and 40 cm depths at site 1.  
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Figure 5-4. Sobol indices on the vertical axis and parameters (tr1 and tr2 are residual 

soil water content, ts1 and ts2 are saturated soil content, a1 and a2 are 
inverse of air entry value, n1 and n2 are curve shape parameter, lam is pore 
connectivity parameter, K2 is saturated hydraulic conductivity and 1 and 2 
refer to the soil and limestone layers) for the WAVE model on the horizontal 
axis as applied to simulate volumetric soil water content at four monitoring 
depth 10, 20, 30 and 40 cm at site 2.  
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Figure 5-5. Sobol indices on the vertical axis and parameters (tr1 and tr2 are residual 

soil water content, ts1 and ts2 are saturated soil content, a1 and a2 are 
inverse of air entry value, n1 and n2 are curve shape parameter, lam is pore 
connectivity parameter, K2 is saturated hydraulic conductivity and 1 and 2 
refer to the soil and limestone layers) for the WAVE model on the horizontal 
axis as applied to simulate volumetric soil water content at four monitoring 
depth 20, 30 and 40 cm at site3.  
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Figure 5-6. Sobol indices on the vertical axis and parameters (tr1 and tr2 are residual 

soil water content, ts1 and ts2 are saturated soil content, a1 and a2 are 
inverse of air entry value, n1 and n2 are curve shape parameter, lam is pore 
connectivity parameter, K2 is saturated hydraulic conductivity and 1 and 2 
refer to the soil and limestone layers) for the WAVE model on the horizontal 
axis as applied to simulate volumetric soil water content at four monitoring 
depth 10, 20, 30 and 40 cm at site 4.  



 

202 

tr1 tr2 ts1 ts2 a1 a2 n1 n2lam2K2
0

0.5

1
Site 6 NSE 10 cm

tr1 tr2 ts1 ts2 a1 a2 n1 n2lam2K2
0

0.5

1
Site 6 NSE 20 cm

tr1 tr2 ts1 ts2 a1 a2 n1 n2lam2K2
0

0.5

1
Site 6 NSE 30 cm

tr1 tr2 ts1 ts2 a1 a2 n1 n2lam2K2
0

0.5

1
Site 6 NSE 40 cm

Main effects

Total effects

 
 
Figure 5-7. Sobol indices on the vertical axis and parameters (tr1 and tr2 are residual 

soil water content, ts1 and ts2 are saturated soil content, a1 and a2 are 
inverse of air entry value, n1 and n2 are curve shape parameter, lam is pore 
connectivity parameter, K2 is saturated hydraulic conductivity and 1 and 2 
refer to the soil and limestone layers) for the WAVE model on the horizontal 
axis as applied to simulate volumetric soil water content at four monitoring 
depth 10, 20, 30 and 40 cm at site 6.  
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Figure 5-8. Visual comparison of WAVE simulated and EnviroScan measured 

volumetric soil water content at site 1 where the vertical line separates 
calibration and validation data sets. 
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Figure 5-9 Visual comparison of WAVE simulated and EnviroScan measured volumetric 
soil water content at site 2 where the vertical line separates calibration and 
validation data sets. 
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Figure 5-10. Visual comparison of WAVE simulated and EnviroScan measured 
volumetric soil water content at site 3 where the vertical line separates 
calibration and validation data sets. 
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Figure 5-11. Visual comparison of WAVE simulated and EnviroScan measured 
volumetric soil water content at site 4 where the vertical line separates 
calibration and validation data sets. 
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Figure 5-12. Visual comparison of WAVE simulated and EnviroScan measured 

volumetric soil water content at site 6 where the vertical line separates 
calibration and validation data sets. 
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A 
 

B 
 
Figure 5-13. Example FITEVAL output for WAVE model validation at site 1 at 30 cm 

depth from 01-21-2011 to 02-28-2013: A) Goodness-of-fit not considering 
measurement uncertainty and B) Goodness-of-fit considering measurement 
uncertainty.  
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Figure 5-14. Simulated volumetric soil water content under different C-111 canal stage 
management scenarios at four different depth at site 3 adjacent to the reach 
of C-111 between the gated spillways at S177 and S18C expected to 
experience raises in canal stage.  
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Figure 5-15. Simulated volumetric soil water content under different C-111 canal stage 
management scenarios at four different depth at site 4 adjacent to the reach 
of C-111 between the gated spillways at S177 and S18C expected to 
experience raises in canal stage.  
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Figure 5-16. Simulated volumetric soil water content under different C-111 canal stage 
management scenarios at four different depth at site 6 adjacent to the reach 
of C-111 between the gated spillways at S177 and S18C expected to 
experience raises in canal stage.  



 

212 

CHAPTER 6 
CONCLUSIONS AND FUTURE RESEARCH 

Chapter Summaries  

Hydrological modifications are taking place in the C-111 basin of south Florida as 

part of the Comprehensive Everglades Restoration Plan (CERP). These modifications 

are being implemented under the C-111 spreader canal project a component of CERP.  

C-111 spreader canal project aims to restore the hydrology of Everglades National Park 

(ENP) in part by reducing groundwater seepage from Taylor Slough and ENP into C-

111. To achieve this, structural and operational modifications involving incremental 

raises in canal stage are planned along C-111. This study used modeling to assess the 

impacts of the proposed operational adjustments in surface water management on 

ground and soil water in agricultural lands east of C-111.  

The agricultural lands east of C-111 are used for production of winter vegetables 

which is a significant contributor to both Miami-Dade County and state of Florida 

economies. Therefore, C-111 spreader canal project is also tasked with ensuring 

continued flood protection for farmlands east of C-111. The overall contribution of this 

study was the generation of information through monitoring and development of C-111 

basin specific modeling tools that can be applied to investigate how the proposed raises 

in canal stage along C-111 could impact agricultural production through raised water 

table elevation and saturated root zone. The objectives of the study were achieved 

through completion of four independent investigations:  1) Dynamic Factor Analysis 

(DFA) was used to evaluate the impact of surface water management on soil and 

limestone water content, 2) hydraulic parameters governing canal-aquifer interaction 

were estimated using an approximate analytical model of groundwater flow and 
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sensitivity analysis and parameter estimation techniques, 3) water table response to the 

proposed incremental raises in canal stage as well as other large storm events were 

simulated using a MODFLOW based groundwater flow model developed for the study 

area, and 4) soil and limestone bedrock water content dynamics in response to 

proposed changes in canal stage were mechanistically simulated using WAVE based 

vadose zone models. 

DFA modeling revealed that canal stage and recharge were the strongest drivers 

of change in soil water content in the root zone. These findings confirm the perception 

that raising canal stage under the C-111 spreader canal project could affect soil water 

levels in the root zone of farmlands east of canal C-111. Since net recharge cannot be 

manipulated, maintaining a favorable balance of air and water in the unsaturated zone 

would require future operational management of canal stage levels to minimize entry of 

the water table into the root zone.  

Groundwater flow simulations in this study predicted that the impact of raising 

canal stage will depend on micro-topography within the field and not on the distance 

from the canal. Low elevation sites (<2.0 m NGVD29) are predicted to experience pro-

longed saturation of the root zone resulting in shortening of the growing season for 

raises in canal stage greater 9 cm. To minimize impact of raising canal stage on 

agricultural production during the growing season (September to April), while ensuring 

continued environmental benefits of reduced groundwater seepage from Taylor Slough 

canal stage could be raised by not more than 9 cm during the growing season and later 

in the wet season could be raised to the proposed maximum of 12 cm. The study 
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findings also indicated that to minimize flooding from forecasted large storms, canal 

stage should be drawn down at least 48 hours before large storms. 

In addition to canal drawdown, to minimize losses to the growers associated with 

plant death from saturated root zones, vulnerability maps showing which parts of the 

landscape would be impacted by the different incremental raises in canal stage would 

provide a useful guide.  These maps could be generated by integrating high resolution 

DEM (digital elevation model) with the groundwater flow model developed for the study 

area. I also suggest that these vulnerability maps in future be packaged in extension 

format to facilitate transfer of information.  

Chapter 2 

DFA was used as an alternative tool to physically based models to explore the 

relationship between different hydrologic variables and the effect of proposed changes 

in surface water management on soil and bedrock water contents in south Florida. The 

specific objectives were to: (1) use DFA to identify the most important factors affecting 

temporal variation in soil and bedrock water contents, (2) develop a simplified DFA 

based regression model for predicting soil and bedrock water contents as a function of 

canal stage and (3) assess the effect of the proposed incremental raises in canal stage 

on soil and bedrock water contents.  

DFA revealed that 5 common trends were the minimum required to describe 

unexplained variation in the 11 time series studied. Introducing canal stage, water table 

evaporation, and net recharge resulted in lower Akaike information criterion (AIC) and 

higher Nash-Sutcliffe (Ceff) values. Results indicated that canal stage significantly (t > 

2) drives temporal variation in soil and bedrock water contents, which was represented 

as scaled frequency while net surface recharge was significant in 7 out of the 11 time 
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series analyzed. The effect of water table evaporation was not significant at all sites. 

Results also indicated that the most important factor influencing temporal variation in 

soil and bedrock water contents in terms of regression coefficient magnitude was canal 

stage. Based on DFA results, a simple regression model was developed to predict soil 

and bedrock water contents at various elevations as a function of canal stage and net 

recharge. The performance of the simple model ranged from good (Ceff ranging from 

0.56 to 0.74) to poor (Ceff ranging from 0.10 to 0.15), performance was better at sites 

with smaller depths to water table (< 1 m) highlighting the effect of micro-topography on 

soil and bedrock water content dynamics.  

Assessment of the effect of 6, 9, and 12 cm increases in canal stage using the 

simple regression model indicated that changes in temporal variation in soil and 

bedrock water contents were negligible (average<1.0% average change) at 500 to 2000 

m from C111 (or low elevations) which may be attributed to the near saturation 

conditions already occurring at these sites. This study used DFA to explore the 

relationship between soil and bedrock water dynamics and surface water stage in 

shallow water table environments. This approach can be applied to any system in which 

detailed physical modeling would be limited by inadequate information on parameters or 

processes governing the physical system. However, model application is limited by the 

dataset used for its development due to its empirical nature and thus there is 

uncertainty in its ability to be used as a prediction tool. 

Chapter 3 

The goal of this study was to better characterize parameters influencing the 

exchange of surface water in south Florida’s canal C-111 and Biscayne aquifer using 

the analytical model STWT1. A three-step model evaluation framework was 
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implemented as follows: 1) qualitative parameter ranking by comparing two Morris 

method sampling strategies, 2) quantitative variance based sensitivity analysis using 

Sobol’s method, and 3) estimation of parameter posterior probability distributions and 

statistics using the Generalized Likelihood Uncertainty Estimator (GLUE) methodology. 

Results indicated that the original Morris random sampling method under estimated total 

parameter effects compared to the improved global Morris sampling strategy. However, 

parameter ranking from the two sampling methods was similar. For the STWT1 model, 

only four out of the six parameters analyzed were important for predicting water table 

response to canal stage and recharge fluctuations. Morris ranking in order of decreasing 

importance resulted in specific yield (ASY), aquifer saturated thickness (AB), horizontal 

hydraulic conductivity (AKX), canal leakance (XAA), vertical hydraulic conductivity 

(AKZ), and half width of canal (XZERO).  

Sobol’s sensitivity indices for the four most critical parameters revealed that 

summation of first order parameter effects was 1.0 indicating that STWT1 behaved as 

an additive model or negligible parameter interactions. We estimated parameter values 

of 0.07 to 0.14 for ASY, 11,000 to 14,300 m/day for AKX, 13.4 to 18.3 m for AB, and 

99.8 to 279 m for XAA. The estimated values were within the range of values estimated 

using more complex methods at nearby sites. Nash-Sutcliffe and root mean square 

error using estimated parameters to predict water table elevation ranged from 0.66 to 

0.95 and from 4 to 7 cm, respectively. This study demonstrates a simple and low-cost 

way to characterize hydrogeological parameters controlling groundwater-surface 

interactions in any region with aquifers that are highly permeable to be efficiently 

characterized using standard pumping tests or canal drawdown experiments. 
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Hydrogeological parameters estimated using this approach could be used as starting 

values in large scale numerical simulations. 

Chapter 4 

The specific objectives were to: (1) develop a MODFLOW based groundwater 

flow model, (2) apply the developed model to determine if the proposed changes in 

canal stage result in significant changes in water table elevation, root zone saturation or 

groundwater flooding and (3) assess aquifer response to large rainfall events. Results 

indicate the developed model was able to reproduce measured water table elevation, 

with average Nash-Sutcliffe > 0.9 and Root Mean Square Error <0.05 m. The model 

predicted that incremental raises in canal stage resulted in significant differences 

(p<0.05) in water table elevation. Increases in canal stage of 9 and 12 cm resulted in 

occasional root zone saturation of low elevation sites.  

The model was able to mimic the rise and fall of the water table pre and post 

Tropical Storm Isaac of August 2012. The model also predicted that lowering canal 

stage at least 48 hours prior to large storm (>2 return period storm) reduced water table 

intrusion into the root zone. We concluded that the impact of operational changes in 

canal stage management on root zone saturation and groundwater flooding depended 

on micro-topography within the field and depth of storm events using the MODFLOW 

based model. The findings of this study can be used in fine tuning canal stage 

operations to minimize root zone saturation and groundwater flooding of agricultural 

fields while maximizing environmental benefits in ENP. This study also highlights the 

benefit of detailed field scale simulations. 
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Chapter 5 

The specific objectives of the study were to: 1) develop one dimensional 

unsaturated flow models for simulating soil water dynamics at specific sites within the 

farmlands east of canal C-111 models for simulating soil and limestone bedrock water 

dynamics at the study area, and (2) apply the models to investigate the impact of the 

proposed incremental rises in canal C-111 stage of up to 12 cm on root zone soil and 

bedrock water content in adjacent farmlands. WAVE a generic vadose zone computer 

model was applied in simulating soil and bedrock water dynamics. Model performances 

were evaluated with and without consideration of uncertainty in measured water content 

data. The validated models for our study area were then applied to explore potential 

impacts of the proposed increases in canal stage on root zone water content.  

Global sensitivity analysis was performed to identify model input factors with 

greatest influence on predicted soil and bedrock water content. Qualitative parameter 

ranking using the improved Morris method revealed that predicted soil and bedrock 

water content were most sensitive to variations in the parameters of the van Genuchten 

equation, which was used as the water retention model in WAVE. Quantitative variance 

based sensitivity analysis with Sobol’s method indicated that saturated soil water 

content had the greatest influence on predicted soil and bedrock water content. 

Sensitivity analysis also revealed that WAVE behaved as an additive model in the 

bottom 20 cm monitored. The model was manually calibrated by adjusting parameters 

within ranges measured in the laboratory or obtained in literature until an acceptable fit 

between predicted and measured soil and bedrock water content was graphically 

achieved. To avoid over fitting of model parameters to uncertain measured water 

content data automated calibration using the GLUE methodology was abandoned.  
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Model performance was greatly improved when uncertainty in measured data 

was taken into consideration during model performance evaluation. There were some 

variations in model performance at different sites and monitoring depth. These 

differences were attributed to: variations in thickness of the cement slurry surrounding 

the access tube, intrinsic spatial variability in soil and limestone hydraulic properties, 

effect of not including irrigation water inputs in the conceptual models, and uncertainties 

in crop coefficient time series. Overall model performance ranged from good to 

acceptable at four out of the five sites analyzed. We concluded that WAVE-based 

models developed for the study area with the exception of the model developed for site 

2 were useful as exploratory tools for estimating average soil water content conditions in 

the top 40 cm depth and for predicting temporal variations in soil water content in 

response to surface water management in the C-111 canal. 

Proposed incremental raises in canal stage were mimicked by incrementally 

adding 6, 9, and 12 cm to the current canal C-111 stage up to a total of 12 cm.   Soil 

and bedrock water content before and after the incremental raises in canal stage were 

significantly different (p< .   ) at α=5%. Sites that had surface elevation less than 2.  

m NGV29 experienced root zone saturation in addition to shortening of the growing 

period. Site with surface elevation greater than 2.0 NGVD29 did not experience root 

zone saturation even after the maximum incremental raise in stage of 12 but 

experienced prolonged saturation at 30 and 40 cm which could exacerbate the problem 

of temporary flooding associated with spikes in water table elevation after storms. 

The results indicate that micro-topography within the field will be the main factor 

influencing which areas would be impacted by the proposed incremental raises in canal 
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stage. The models developed in this study could be used with high resolution digital 

elevation model (DEM) to identify areas that should not be planted to minimize potential 

losses associated with saturated root zones. However, application of WAVE models 

should be done considering the measurement uncertainty on which they were 

developed. Although the goodness-of-fit values were acceptable, the measurement 

uncertainty was still high. Model improvement would depend on decreasing 

measurement uncertainty. This study shows that in humid water table controlled 

landscapes, surface water management could impact soil water content which in turn 

influences land use and other near land surface water and energy fluxes. 

Suggested Future Research  

Several limitations were encountered in conducting these studies  including: 1) 

difficult in proper installation and calibrating of EnviroScans for soil and bedrock water 

measurement in thin gravely loam soils and shallow limestone bedrock, 2) inadequate 

and uncertainty on phonological and growth characteristics of the selected crop due in 

part to lack of a controlled crop experiment, and 3) limitation of available vadose zone 

models to integrate sensitivity and parameter estimation framework modules within the 

model structure as well as the limitations of Richards’ equation under our study 

conditions. Therefore, future studies should attempt to resolve some of these problems.  

Soil Water Measurement Technologies 

Other investigators (Evett et al., 2006; Rowland et al., 2011) have noted that 

technologies that measure soil water content by sensing electromagnetic properties of 

the soil such as EnviroScans are prone to uncertain precision and sensed volumes 

issues (i.e., measure a very small volume of soil). Conditions at our study site 

exacerbated these problems because installation of the access tube required drilling a 
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hole in the limestone bedrock and filling the annular space with cement slurry. This 

introduced another material i.e., cement slurry to become part of the sensor-soil matrix 

which introduces errors. The challenge is to know what viscosity of the slurry to use and 

how to maintain a very thin cement lining around the tube that minimizes the problem of 

air pockets but does interfere with soil water measurement. Future investigations that 

include measurement of soil water content under such conditions similar to our study 

site should: 1) perform field evaluation of alternative soil water measurement 

technologies e.g., the TS1 smart tensiometers that overcome problems of traditional 

tensiometers such as cavitation at pressures below -80 kPa, the TS1 can be used for 

continuous logging of water potential and temperature data and are designed to be self-

refilling, 2) generate field based soil water retention curves by combining TS1 with 

gravimetric measurements of soil water content and 3) future studies could also 

investigate the best material (e.g., cement or local soil slurry) for use in making the 

slurry used to fill the annular space during installation of EnviroScans. 

Vulnerability maps and the Impact of the Rapid Water Table Raise Phenomenon 
on Vegetable and Fruit Crop production 

Rapid water table raise phenomenon in the Biscayne aquifer should be further 

investigated in conjunction with high resolution DEM to identify locations prone to root 

zone saturation and groundwater flooding. This information could be in form of e.g., 

spatial maps showing areas prone to groundwater flooding. This type of information 

could help growers minimize losses by not planting in such areas that would be 

affected.  
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Data on Crop Phonological and Growth Characteristics  

To properly characterize the impacts of surface water management on crop 

growth, future studies need to focus on obtaining data that characterizes the 

phonological and growth characteristics of the crop simulated in vadose zone models 

such as WAVE. I suggest having a field experiment in which the following data are 

measured or estimated: 1) crop coefficient time series, 2) leaf area index and 3) root 

growth. Having these data would reduce uncertainty in model predictions of unsaturated 

flow. Measuring or estimating these data in the field would enable easy interpretation 

compared to conducting a soil column based laboratory experiment that evaluates the 

impact of depth to water table on plant growth. Such a controlled study would also allow 

measuring other water balance inputs such as irrigation which be difficult to measure on 

a private field irrigation water is not metered.  

Coupling Vadose Zone Models to Sensitivity and Parameter Estimation Tools 

To quicken evaluation of vadose zone models future research efforts could also 

be targeted at developing interfaces for coupling processes based vadose zone models 

such as WAVE to public domain sensitivity analysis tools (e.g., SIMLAB, 

UCODE[universal code for inverse modeling]) and parameter estimation tools (e.g., 

PEST [simulation laboratory for UA/SA], UCODE, GLUE [generalized likelihood 

uncertainty engine], SCE [shuffled complex evolution]) and multi-modeling analysis 

tools (e.g., MMA [multimodel analysis]). This would substantially reduce the time spent 

on developing model interface computer programs each time one requires use a model 

evaluation tool. The time freed by integrating model evaluation tools into process based 

models would be spent in developing more representative models of physical systems. 
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This approach has been attempted in proprietary vadose zone models such as 

HYDRUS 2D/3D but most frameworks do not yet incorporate global approaches.  

In addition, to accounting for measurement uncertainty during model evaluation, 

future studies could also focus on developing methodologies for evaluating model 

uncertainty. Some methodologies exist for quantifying model uncertainty however; they 

make the assumption of predicted values being independent which might not be valid 

for unsaturated soil water content predictions due to autocorrelation. 

Climatic impacts 

 Climate variability and change is evident, therefore future studies could also 

focus on evaluating climate change and variability impacts on surface water in canals, 

groundwater table levels and soil water content. For example future studies could 

explore linking fully coupled models of surface water-groundwater-vadose zone 

interaction to climate models. 
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