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Abstract As part of the Everglades Depth Estima-

tion Network (EDEN) project, this paper describes

validation of raster-based daily surface water depth

models of the Greater Everglades in Florida developed

using real-time stage data and elevation data obtained

from a survey with an aerial height finder. Daily

median stage data obtained at over 200 locations were

interpolated using the multiquadric radial basis func-

tion. Surface water depth was obtained by subtracting

a digital elevation model from the interpolated stage

raster. The model was validated with 751 independent

field measurements of surface water depth between

1999 and 2004. Correlations between prediction error

and both density of the monitoring gages and distance

from a major linear geographic feature, such as a

canal, were weak, suggesting that the error does not

depend on these features. South Florida has distinct

dry and wet seasons and the study area is dominated by

sawgrass and wet prairie. Seasonality and ground

vegetation type significantly affect prediction error.

Correlation between observed and predicted water

depth was high for all combination of season and

vegetation type (0.83–0.96). Model validation using

an equivalence test provided evidence of equivalence

between predicted and observed water depths in dry

season prairie-dominated and wet season sawgrass-

dominated areas with the strict test and in dry season

sawgrass-dominated areas with the liberal test, but not

in wet season prairie-dominated areas. Equivalence

between observed and predicted water depth for both

dry season sawgrass- and wet season prairie-domi-

nated areas were confirmed with the strict test after

further model calibrations using linear regressions.

Keywords Everglades � Digital elevation model �
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Introduction

Because hydrology plays a central role in maintaining

wetland ecosystems, hydrologic information is essen-

tial for understanding, predicting changes in, and

managing wetland biotic communities. In the Florida

Everglades, there have been numerous efforts to

measure and link daily and seasonal fluctuations in

surface water depths to biotic communities (Busch

et al. 1998; David 1996; Ross et al. 2003; Loucks

2005). Repeated field measurement is a traditional

way to obtain such information, but it is labor

intensive and does not provide information on the

I. Fujisaki (&) � F. J. Mazzotti

Ft. Lauderdale Research and Education Center, University

of Florida, 3205 College Ave., Davie, FL 33314, USA

e-mail: ikuko@ufl.edu

L. G. Pearlstine

Everglades and Dry Tortugas National Parks, South

Florida Natural Resources Center, 950 N Krome Ave,

Homestead, FL 33030, USA

123

Wetlands Ecol Manage (2010) 18:17–26

DOI 10.1007/s11273-009-9144-8



spatial variability of water depth across a large area.

Taking systematic field measurements of surface

water depth across space and time is difficult since

the Everglades is comprised of remote and inacces-

sible areas. Alternatively, hydrologic models are

frequently used in ecological research in the Ever-

glades (Walters et al. 1992; Curnutt et al. 2000;

Immanuel et al. 2005). A 3.2 km resolution daily basis

water level simulation model for 1965–2000 that used

rainfall data as input and accounted for loss to

evapotranspiration, net flow to and from surrounding

areas, and volume addition and removal by canals has

previously been developed (MacVicar et al. 1983;

South Florida Water Management District 2005).

More recently, several government agencies including

Big Cypress National Preserve (BCNP), Everglades

National Park (ENP), the South Florida Water Man-

agement District (SFWMD), and the U.S. Geological

Survey (USGS), have placed over 200 real-time stage

monitoring gages throughout the Everglades to auto-

matically measure stage and radio-transmit the data.

The Everglades Depth Estimation Network (EDEN) is

a collaborative project between these government

agencies, scientists in south Florida, and the Univer-

sity of Florida to develop a finer-resolution raster-

based daily surface water depth model using real-time

stage data and an elevation survey. The entire project

has several phases: gathering stage data from owner

agencies, creation of a Digital Elevation Model

(DEM) based on a recent elevation survey, stage

interpolation, creation of water depth models, and

development of a server for daily data estimation and

delivery to the user community.

The DEM, created at the USGS Eastern Science

Center, is based on elevation data obtained with a

helicopter-based instrument, the airborne height fin-

der, because the study area comprises remote and

environmentally sensitive areas, making ground or

airboat surveys infeasible (Desmond 2003; Johns and

Price 2007). With an airborne GPS platform and

surveyor’s plumb bob, the system is able to penetrate

vegetation to measure the topographic surface. Mean

vertical accuracy of the airborne height finder as

compared to the National Geographic Survey was

3.3 cm and the data were confirmed to meet 15 cm

vertical accuracy specification. Over 46,000 elevation

data points were collected throughout the Greater

Everglades area at approximately 400 m intervals in a

grid pattern. The DEM was generated by anisotropic

ordinary kriging, which was the best performing

method compared to radial basis function (RBF) and

topogrid, for each of seven sub-areas (Johns and Price

2007). Cross-validation root mean square error

(RMSE) of prediction by this method ranged 8.87–

16.17 cm depending on the sub-area in the Greater

Everglades.

Palaseanu and Pearlstine (2008) investigated an

appropriate stage interpolation method for this pur-

pose using data from three representative days.

Geostatistical interpolation such as kriging is fre-

quently used in hydrologic models (Vieux 2001;

Ramesh et al. 2005), but was considered to be

unsuitable because: (1) spatial correlation throughout

the entire area was extremely weak as a result of

interrupted hydrological connections by canals and

levees, (2) the number of stage monitoring gages in

sub-areas was small, and (3) kriging assumptions of

local stationarity in the variance and variogram, that is

an invariant stochastic process across the space, were

not met. Palaseanu and Pearlstine (2008) applied a

multiquadric RBF for stage interpolations because the

method has previously proved to be useful for

hydrologic models (Hardy 1971, 1990; Strack 1989;

Strack and Jankovic 1999). Through model compar-

isons, Palaseanu and Pearlstine (2008) found that the

method is superior to other interpolation methods,

including inverse distance weighting and spline, in

representing boundary conditions and smooth conti-

nuity in the marsh. They examined stage predictions

for representative days; however, accuracy of pre-

dicted surface water depth across space and time was

not explored.

Biological response models of the Everglades are

often sensitive to small changes in hydrology, partic-

ularly during low-water conditions. Input of inappro-

priate hydrologic predictions may result in erroneous

inferences about biological responses. Validation is

essential for understanding the limitations, accuracy,

and precision of the models being used (Gentil and

Blake 1981; Mayer and Butler 1993; Rykiel 1996).

Validation of a spatial–temporal model is difficult

because prediction error may be associated with both

spatial and temporal heterogeneities such as ground

cover type, other geographic features, and seasonality.

For example, the Everglades has distinct dry (October–

May) and wet (June–September) seasons and

the ground is a mosaic of different vegetation

types. Functional connections between hydrology
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and vegetation affect water levels (Gunderson 1989;

Olmsted and Armentano 1997; Busch et al. 1998).

Additionally, the area is divided by canals and levees

which are managed for flood control and water

storage, so hydrologic connectivity is interrupted.

Inclusion of such linear landscape features in hydro-

logic models is a challenge (Duke et al. 2003). All

these attributes can be sources of prediction error.

Advances in GIS and statistical software allow us

to readily create spatially explicit environmental

models which are frequently used as inputs to

ecological models and simulations in support of

ecosystem management. As accuracy is a central

question in using such models as inputs, users should

be aware of the uncertainty contained in the models.

The objective of this study is to validate the daily

surface water depth model created by the interpolated

stage surface using multiquadric RBF and the DEM

based on aerial height finder measurements. We

examine potential spatial and temporal error sources

including density of stage gages, proximity to a canal,

seasonality, and land cover type based on a vegeta-

tion map created by manual stereoscopic analysis of

1:24000 color infrared aerial photographs (Rutchey

et al. 2005), and further calibrate the model. Although

correlation between predictions and observations,

mean square error of prediction (MSE), or lack of

significant difference between predictions and obser-

vations are frequently used as means for model

validation, these do not verify model validity, that is,

high correlation, low MSE, and lack of significant

difference do not imply equivalence. In recent years,

model validations have shifted to more rigorous

methods to test equivalence between predictions and

observations (Robinson and Froese 2004; Robinson

et al. 2005). We used a paired t-test for equivalence

(Wellek 2003) as a basis for model validation.

The goal of the EDEN project is to support

scientific research and resource management by

making near-real time hydrologic data of the Greater

Everglades publicly available through a website (US

Army Corps of Engineers 2006) (http://sofia.usgs.

gov/eden). These data not only provide information

on the distribution and dynamics of surface water

depth, but also are useful for deriving other hydro-

logic properties such as hydroperiod, recession rate,

and volume, which are important for ecological

consequences and management decision making. The

results of this study provide model accuracy

information to the users and input to further elaborate

the model.

Study area

The project area of EDEN comprises the fresh water

domain of the Greater Everglades including Water

Conservation Areas (WCA), ENP, and BCNP.

Coastal zones were excluded from the project

boundary because of their distinctly different hydro-

logic processes and hydraulic forces such as tidal and

wind effects on surface water flow. In this study, we

focus only on a northern part of the modeled area,

referred to as WCA 3 (Fig. 1) because of data

availability for model validation. Historically, Saw-

grass (Cladium jamaicense) is the dominant vegeta-

tion cover comprising 70% of the area (Loveless

1959) (Fig. 2). In sawgrass-dominated marshes, sur-

face water depth fluctuates greatly throughout the

year and hydroperiod and mean water depth increase

with sawgrass density (Ross et al. 2003). The central

to southwestern portion of the study area is a mosaic

of sawgrass and wet prairie (Fig. 2). Wet prairie

marshes are composed of grasses and low growing

plants including beaksedge (Rhynchospora tracyi),

spikerush (Eleocharis cellulose), and maidencane

(Panicum hemitomon) (Loveless 1959). Wet prairie

marshes occur in poorly drained areas and are

characterized by a relatively longer hydroperiod and

higher mean water depth (Ross et al. 2003). Vege-

tation density and type are also associated with soil

conditions. Ross et al. (2003) showed that the soil

depth decreases in the order of dense sawgrass, sparse

sawgrass, and spikerush in Shark Slough. The study

area is divided by canals and hydrologic connectivity

between the divided areas is interrupted (Fig. 1).

Methods

Surface water depth model and validation data

We used radio-transmitted hourly water stage mea-

surements at 207 water stage monitoring gages

between October 1999 and September 2004. The

vertical datum was unified to NAVD 88. To minimize

the effects of inaccuracies in the data due to instru-

ment malfunctions, the daily median stage value at
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each gage was used and apparently erroneous daily

values that are extremely different from previous

records were eliminated. Since continuous water flow

in the Greater Everglades is interrupted by canals and

levees, we simulated boundary conditions by linearly

interpolating gage data along canals and these values

were re-sampled every 200 m. Daily median stage

data including re-sampled values along canals were

interpolated using multiquadric RBF with an aniso-

tropic neighborhood search in eight cardinal direc-

tions (Palaseanu and Pearlstine 2008). RBF is an exact

interpolation method in which the interpolated surface

passes directly through data values. The radial basis

function is a special case of the basis function,

f ðrÞ ¼
Xn

i¼1

wihjðrÞ

where wi is a weight parameter, and hj(r) is the

multiquadric function,

hðrÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r2 þ u2

p

where u ¼ si � soj j, the Euclidian distance between

the predicted location (so) and each known data

location (si), and r is a smoothing parameter. The sum

can also be considered as a single-layer neural

network called a radial basis function network.

Weight parameters, wi, were determined so that

predicted values at each location exactly matched

data values (Johnston et al. 2003). Palaseanu and

Pearlstine (2008) compared a number of smoothing

parameters that tied to the scale of the problem, the

data distribution, and density of data, and suggested

that a smoothing parameter equal to the minimum

distance between data points had resulted in mini-

mum cross-validation error (Hardy 1977; Franke

Fig. 1 Map of the study

area (highlighted in the

entire Florida map in the

upper left) and location of

the real-time stage

monitoring gages

Fig. 2 Land cover map of the study area created from aerial

photographs. Original map provided by K. Rutchey of

SFWMD (Rutchey et al. 2005) was modified by aggregating

areas that are non-prairie and non-sawgrass
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1982; Golberg et al. 1996; Rippa 1999; Ferreira et al.

2005). We implemented the interpolation using

ArcGIS 9.1 Geostatistical Analyst extension.

Daily water depth surfaces were created by

subtracting the DEM from the daily stage surface

for each day. The model’s spatial resolution was

400 m to match the spatial resolution of the DEM.

Obeyselera and Rutchey (1997) reported that the

area-perimeter relationship changes beyond a spatial

resolution of 100 m and that important features

disappear beyond 700 m resolution in the Everglades

landscape. Our project resolution is not optimal for

capturing detailed ground features, but was consid-

ered to be within the reasonable range (\700 m) for

application to regional biological modeling.

The validation water depth data consist of 751

measurements which were taken between April 1999

and September 2004 on 70 different days at different

locations throughout the study area and are indepen-

dent of the radio-transmitted stage data. Modeled

water depth surfaces for corresponding dates were

created and predicted values at locations of validation

measurements were extracted.

Equivalence testing for model validation

Among a number of previously proposed methods of

equivalence testing (McBride 1999), we used a paired

t-test for equivalence for model validation because it

is the uniformly most powerful invariant test under

the assumption of normal distribution (Wellek 2003;

Robinson and Froese 2004). An equivalence test

reverses the usual null hypothesis of non-difference.

A paired t-test is typically conducted to determine

whether two paired sets of observations significantly

differ from each other. The test statistic is

td ¼
�d � d0ffiffiffi

s2
d

n

q

where �d is the mean of the sample differences (d as

defined by predicted minus observed values), d0 is the

population mean difference (usually zero for a null

hypothesis of no difference), sd
2 is the estimated

variance of the differences, and n is the number of

samples. Then, d has the central t distribution under

the condition, l1 = l2.

The paired t-test for equivalence uses the critical

value C as a threshold distance from the mean. If the

value tdj j is above this threshold C, the predicted and

observed distributions are said to be dissimilar. The

critical value C is the a-quantile of F (1, n - 1, k),

i.e., F distribution with degrees of freedom 1, n - 1,

and non-centrality parameter of k, where k = n 9 e2,

where e is relative to the sampled standard deviation

(SD) of difference, sd (epsilon). For our study, the

null and alternative hypotheses are:

H0 : d0 6¼ 0; and

H1 : d0 ¼ 0

The null hypothesis of dissimilarity is rejected if the

test statistic (td) is smaller than C. We used an a level

of 0.05 and 25% and 50% of SD for epsilon where the

former is for strict and the latter is for liberal tests

(Wellek 2003).

Identifying error sources and model calibration

We suspected that there are four major factors which

may affect prediction accuracy: (1) density of stage

gages, (2) proximity to a canal, (3) seasonality (dry or

wet), and (4) dominant vegetation type. Higher

prediction accuracy (smaller absolute d, hereafter

denoted as |d|) was anticipated at locations with a

larger number of stage gages. We created a density

map of stage gages, and using the validation data, we

examined the correlation between density and |d|.

Since canals divide hydrological connectivity

throughout the area and canals have deeper water

compared to marshes, we suspected that interpolation

may result in higher prediction (larger d) in marsh

closest to canals. Proximity of each validation point to

a canal was computed and the correlation between

proximity to canals and d was examined.

Particular seasonality and dominant vegetation

type may cause systematic prediction error, such as

overall lower or higher surface water depth predic-

tions. Moreover, these factors may interact to affect

prediction accuracy. The effect of season and dom-

inant vegetation was tested with ANOVA F-tests. We

used a GIS vegetation map, provided by K. Rutchey of

the South Florida Water Management District

(Rutchey et al. 2005), to identify the dominant

vegetation type, either sawgrass or wet prairie, at

each validation point (Fig. 2). This map, based on

aerial photographs flown in September 1994 and June

1995, was the finest-resolution and most recent
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available vegetation map of the validation site that

was assessed to have 89.7% accuracy; however, with

major hurricanes in south Florida, land cover might

have altered and the accuracy of the map for our

validation period (1999–2004) might be lower than

the original accuracy. To minimize effects of transi-

tion between two dominant land cover types, we

avoided water depth measurements taken at marginal

areas. Validation data were also classified by season-

ality: dry season (November–May) or wet season

(June–October). Identified influential factors were

used to calibrate the water depth surface model using

regression and the calibrated water depth model was

further validated using equivalence testing. We used

an a level of 0.05 for all tests.

Result

Overall mean difference ( �d) between measured (Wobs)

and predicted (Wpred) water depths (Wpred - Wobs)

was close to zero ( �d = 0.29 cm) but the standard

deviation was large (SD = 14.28). This suggests that

overall, our prediction was unbiased but large vari-

ability in prediction accuracy exists. A very small

correlation between |d| and density of stage gages

(r = -0.03) indicates that prediction accuracy does

not depend on this attribute. Mean distance between

validation points and canals was 4,510 m (SD =

3,276; range 117–13,466). Correlation between d and

proximity to a canal was weakly positive (r = 0.13).

This did not support our suspicion that the model

predicts higher water depth near canals, that is,

negative correlation between d and proximity to a

canal.

ANOVA F-test results showed that season and

dominant vegetation do not interact significantly to

affect prediction error (P = 0.63); however both season

(P \ 0.01) and dominant vegetation (P \ 0.01) inde-

pendently affect prediction error, suggesting that the

seasonal effect on prediction error was consistent across

different dominant vegetation types and vise versa

(Fig. 3). On average, d was 6.55 cm higher in sawgrass-

dominated areas as compared to prairie-dominated

areas. Likewise, d was 4.15 cm higher in the dry season

as compared to the wet season. A summary of Wobs,

Wpred, and d by season and dominant vegetation is

shown in Table 1. Equivalence testing was conducted

for each combination of season and vegetation type

including dry season-prairie, dry season-sawgrass, wet

season-prairie, and wet season-sawgrass. Although

correlation (r) between Wobs and Wpred was high for

all combinations of season and vegetation type (0.83–

0.96), the null-hypothesis of dissimilarity between Wobs

and Wpred was rejected with the strict test only for dry

season-prairie and wet season-sawgrass (Table 1;

Fig. 4). On average, the model predicted water depth

higher by 4.1 cm in dry season-sawgrass areas, while it

predicted water depth lower by 6.6 cm in wet season-

prairie areas. With the liberal test, the null-hypothesis

was rejected for dry season-sawgrass in addition to dry

season-prairie and wet season-sawgrass. For dry season-

sawgrass and wet season-prairie, for which the null-

hypothesis of dissimilarity was not rejected with the

strict test, we calibrated predictions using linear regres-

sion (Table 2). Figure 5 illustrates that d centered on

zero once linear regression was added to the multiqua-

dric RBF interpolation. With equivalence testing after

calibration, the null-hypothesis of dissimilarity between

Wobs and Wpred was rejected for both dry season-

sawgrass and wet-season prairie, confirming equiva-

lence between Wobs and Wpred.

Discussion

Equivalence testing can be a rigorous method for

model validation. Despite the high correlation between

Wobs and Wpred in dry season-sawgrass (r = 0.84) and

Fig. 3 Mean response plot of prediction error (d) by season

and dominant vegetation type
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wet season-prairie (r = 0.96), equivalence was not

confirmed with the strict test when the surface water

depth model was created only from multiquadric RBF

interpolation of stage and DEM. Overall, our model

predicted higher water depths than observed in dry

season-sawgrass, in which surface water tends to

become shallow, and in contrast, it predicted lower

water depths than observed in wet season-prairie, in

which surface water tends to become deep. However,

as we illustrated, the results of the equivalence test

varied by the magnitude of the region of similarity

employed. With the liberal test, wet season-prairie was

the only season-vegetation combination for which the

null-hypothesis was not rejected.

Table 1 Mean and standard deviation (SD) of observed and predicted water depths and prediction error (d) by season and dominant

vegetation type and the results of equivalence testing

Season Dominant

vegetation

N Observed Predicted d td

Mean SD Mean SD Mean SD

Dry Prairie 256 65.63 22.74 63.73 24.21 -1.89 13.72 -2.20 *

Sawgrass 282 51.12 24.13 55.20 24.64 4.08 13.92 4.92 **

Wet Prairie 78 75.01 29.04 68.42 40.39 -6.59 15.07 -3.86

Sawgrass 135 53.81 20.93 54.30 25.74 0.49 13.39 0.42 *

* The null hypothesis was rejected with the strict (epsilon = 0.25) and liberal (epsilon = 0.5) tests

** The null hypothesis was rejected with the liberal (epsilon = 0.5) test

Fig. 4 Plots of predicted

and observed water depths

with linear regression lines

by season and dominant

vegetation type
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Notably, prediction errors were compounded from

two distinct error sources in our proposed model

algorithm: interpolation method (multiquadric RBF)

and DEM based on surveys with the aerial height

finder. The multiquadric RBF interpolates data with

neighbors minimizing total curvature of the output

surface which tends to result in a smooth surface

(Franke 1982). The method is considered to be useful

for gradually varying elevation models and hydro-

logic models because of this property. Since our study

area is a mosaic of different land cover types (Fig. 2),

infiltration characteristics are different at finer spatial

scales depending on the ground type. As it is known

that landscape fragmentation affects hydrologic con-

sequences (Ziegler et al. 2004), spatial discontinuities

resulting from vegetation mosaics with differing flow

resistances may be introducing added spatial variance

to water stages that has not yet been accounted for.

Our methodology of stage interpolation may be

elaborated by accounting for ground type in the

model algorithm, for example, by interpolating

neighboring data with the same vegetation type for

each predicted location or accounting for spatial

discontinuity in selecting the neighbors. Errors in the

Table 2 Mean and standard deviation (SD) of observed and predicted water depths, prediction error (d) and the result of equivalence

testing for dry season-sawgrass and wet season-prairie after applying corrections

Season Dominant

vegetation

N Predicted d td

Mean SD Mean SD

Dry Sawgrass 282 75.10 27.87 0.09 8.32 0.0002 *

Wet Prairie 78 51.13 20.21 0.01 13.19 0.0002 *

* The null hypothesis was rejected with the strict (epsilon = 0.25) test

Fig. 5 Box plots to

compare prediction error

(Wpred - Wobs) with radial

basis function multiquadric

interpolation only (MQ

RBF) and with calibration

using linear regression

(RBF MQ ? LR) (top).

Plots of predicted and

observed water depths with

linear regression lines for

dry season-sawgrass and

wet season-prairie with

multiquadric RBF only

(empty-dots and dashed-
line) and with calibration

using linear regression

(filled-dots and solid line)

(bottom)
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DEM comprise two major factors: errors associated

with the aerial height finder survey and interpolation

of the elevation data. Although effects of ground

cover type on height finder measurements were not

examined, vegetation cover and soil depth might be

factors that affect accuracy and precision of the

elevation measurement. Observed prediction error

associated with ground type (Fig. 3) may be due to

errors in height finder measurements associated with

different land cover types. Overall, mean prediction

error ( �d) of surface water depth ranged -6.6 to

4.1 cm. This was within the range of the vertical

accuracy of the aerial height finder (Desmond 2003).

Johns and Price (2007) reported that cross-validation

associated with the DEM within the area ranged from

9 to 11 cm, suggesting that rasterizing point elevation

data to the DEM potentially comprises a large portion

of the prediction error.

We suspect that the large standard deviation

(13–15 cm) in prediction error is attributed to the

model scale. Scale impact on model output is a

common factor that affects accuracy in raster-based

spatial models because a unit of area encompassed by

single grid cell is represented by a single value. In our

study, field observations of water depth for the

validation were made at points while predicted depths

are single values for each 400 m 9 400 m grid cell.

Short of having adequate field observations to report

variability within 400 m cells for each unique condi-

tion, it becomes incumbent on users of these surfaces

for ecological evaluations to recognize that the water

depth reported for each cell represents the modeled

most likely aggregate value over 400 m. Possible

within-cell variability should be recognized. As Obey-

selera and Rutchey (1997) reported that most important

ground features can be preserved with 100 m spatial

resolution in the Everglades landscape, our model

prediction may be improved by refining the spatial

resolution; however, such detailed elevation surveys

across the entire Everglades is cost prohibitive.

Our model is the finest-scale spatially explicit daily

hydrologic model for the Greater Everglades that

currently exists. While the results of equivalence

testing did not confirm validity of our initially

proposed model algorithm across different seasons

and vegetation types, the results indicated several

positive aspects of our model. First, error was not

associated with density of gage stations, which

suggests there is sufficient geographic coverage of

stage monitoring gages throughout the area. Second,

accuracy was not associated with proximity to canals,

which suggests there is reasonable separation between

canal and marsh. Based on our validation results,

which indicated high correlation between predicted

and observed water depths, our current daily surface

water depth model may be suitable to examine

correlations between water depth and other ecological

attributes; however cautions are needed since degree

of error is non-uniform across the landscape; overall

higher- or lower-predictions might occur depending

on seasonality and ground type. As we demonstrated,

errors associated with seasonality and vegetation type

can be calibrated using independent calibration data

sets using regression models.

In this study, we validated model prediction only

in WCA 3, because a vegetation map and sufficient

independent data were unavailable for other areas.

Extended validation of the model prediction in other

modeled areas would be informative for understand-

ing differences in model accuracy across sub-areas.

A critical area for validation is ENP, which is

different from WCA because water flow and surfaces

there are not constrained on the bottom by a levee. It

has been proposed that in the park, benchmarks in

marsh areas should be placed away from gages, for

the specific purpose of continuing validation.
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