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• Soil Survey – Greater Everglades: University of Florida Agricultural 
Experiment Station (H. Mowry)  and USDA-SCS (H.H. Bennett) 
“Soils, Geology and Water Control in the Everglades Region” 
Bulletin 442, March 1948 

• SSURGO / Soil Data Mart  incomplete

• Improve our understanding of the heterogeneity in soils in an 
unique freshwater marsh ecosystem
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Presentation Notes
WetlandsHeterogeneous ecosystems.To model environmental properties accurate and precise data are needed.Remote sensingIdeally suited to derive environmental data for wetlands that are difficult to access.Remote sensing data can capture features of complex aquatic ecosystems.Time and cost efficient methodologies for soil analysis.Research gapRivero et al. (2007, 2009) successfully derived predictions of floc and soil TP. Need to predict and analyze spatial variations of other biogeochemical properties.Spatial resolution could significantly affect prediction accuracy and bias.Need to compare the effects of spatial resolution of remote sensing imagery.To facilitate future widespread use of remote sensing data in wetlandsIt is essential to test transferability of spectral inferential modeling.



 Jenny (1941) – CLORPT model
 McBratney et al. (2003) – SCORPAN model

Sc or Sa [x,y,~t] = f (S[x,y,~t], C[x,y,~t], O[x,y,~t], R[x,y,~t], P[x,y,~t], A[x,y], N)
Sc = soil class; Sa = soil attributes;S = soil, other properties of the soil at an observation point; C = climate
O = organisms including humans; R = relief; P = parent material; A = age (time factor); N = space 
x, y = x and y coordinates; t=time

Sc or Sa [x,y,~t] S[x,y,~t], C[x,y,~t], O[x,y,~t], R[x,y,~t],f (
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 Geostatistics
◦ Quantify spatial autocorrelation and predict soil properties

 Remote sensing
◦ Measurement of the electromagnetic energy
◦ Different materials have different reflectance characteristics.
◦ Can play a role in the identification, inventory, and mapping of 

soils that are on the surface of the Earth.
◦ Inferential statistical modeling of soil properties/classes

Reflectance spectrum of five types of land-cover (left) and Typical reflectance 
spectrum of vegetation (right)
Figures from Center for remote imaging, sensing & processing 
http://www.crisp.nus.edu.sg/~research/tutorial/optical.htm



 To develop procedures for remote sensing supported DSM of 
various soil properties and classes.
◦ Objective 1
 Employ univariate and multivariate statistical and geostatistical 

methods to predict soil properties (TP – total phosphorus, TN –
total nitrogen, TC, Ca, and Mg) and cross-validate prediction 
models

◦ Objective 2
 Develop prediction models for soil series and cross-validate 

prediction models

Presenter
Presentation Notes
We set up five hypotheses to analyze spatial variability and distributions of various soil properties and assess how they relate to environmental landscape properties. And investigate the role of remote sensing.First, we hypothesized “Models that incorporate spectral and environmental ancillary data are more accurate than univariate models derived from field observations”. We set up 3 objectives to test it.Employ univariate and multivariate statistical and geostatistical methods to predict floc and soil properties and identify which of the properties are the most sensible indicators to express spatial variability. And objective 1c is develop prediction models for soil series.    



 WCA-2A (41, 773 ha) and 
WCA-3AN (72,160 ha)
Northern Everglades

 Dominant vegetation
◦ Sawgrass (Cladium Jamaicense) 
◦ Cattail (Typha Domingensis)

 Majority of the soils
◦ Histosols

 Field sampling
◦ 108 sites from WCA-2A 
◦ 74 sites from WCA-3AN
◦ 0 – 10, 10 -20 cm soil depth
◦ Pedon descriptions

Presenter
Presentation Notes
Thickness and type of organic material;Presence, type, and thickness of marine sediments;Type of bedrock and depth to bedrock;Geomorphic positions (including subaqueous);Ecological communities;Series and taxonomic placement;Depth of surface water;Current water table depth;Presence and thickness of periphyton or marl;Bulk density; andVarious chemical soil properties.



 Imagery: MODIS, Landsat ETM+, and SPOT.
 Indices: Normalized Difference Vegetation Index (NDVI), NDVIgreen, Normalized 

Difference Water Index (NDWI), Enhanced Vegetation Index (EVI), Transformed 
Vegetation Index (TVI), Mid-infrared index (MidIR), Reduced simple ratio (RSR).  

 GIS data: Distance to water control structure, elevation, and geophysical data.

Moderate Resolution Imaging 
Spectroradiometer (MODIS)

Spatial resolution: 250 m
Temporal resolution: 2 days

Landsat 7 Enhanced Thematic 
Mapper Plus (ETM+)

Satellite pour l’observation de la 
terre (SPOT)

Spatial resolution: 30 m
Temporal resolution: 16 days

Spatial resolution: 10 m
Temporal resolution: 2-3 days

Intermediate resolution land image

Landsat 7 ETM+ satellite platform (left) and SPOT 5 satellite platform (right)
Figures from http://www.satimagingcorp.com/satellite-sensors/landsat.htm (left), 
www.satimagingcorp.com/satellite-sensors/SPOT-5.htm (right).
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Ordinary Kriging
Block Kriging

Regression Kriging

Point observations
(TP, TC, TN, Ca, Mg)

Mean Error
Root Mean Squared Error

Coefficient of determination

Property Model Nugget* Sill* Range (m)

ln TP (mg·kg-1) Gaussian 0.129 0.325 9064.68

*Unit for Nugget and Sill: (mg·kg-1)2 for TP 
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 Statistical and geostatistical approach: Block Kriging 

TP: Block (10X10 m) TN: Block (10X10 m)

R2 = 0.59; R2
Adj. = 0.59

RMSE: 216.2
R2 = 0.30; R2

Adj. = 0.29
RMSE: 2.84

There were no major differences among the block-size of 10 X 10, 30 X 30, 
60 X 60, 120 X 120, and 250 X 250 m since the search neighborhoods 
which control the kriging estimations were same for all different blocks. 



GIS + SPOT TP GIS + Landsat ETM+  TP GIS + MODIS  TP

ln TP = 5.28+0.0073*NIR+8.34*NDVI-12.69
*NDVI3X3+8.03*NDVI9X9

(p-value < 0.05)

ln TP = 6.19-0.00003*Dis.WCS+0.012*NIR
+3.49*NDVIg-0.007*PCA1           (p-value < 0.05)

ln TP = 5.119+5.221*EVI   (p-value < 0.05)

RMSE: Root-mean squared error

R2 = 0.48; R2
Adj. = 0.46

RMSE: 236.5
R2 = 0.49; R2

Adj. = 0.47
RMSE: 257.9

R2 = 0.45; R2
Adj. = 0.44

RMSE: 250.1

 Mixed statistical/geostatistical modeling approach: 
Regression Kriging 



 TP and TN predictions
◦ Soil TP showed strong spatial autocorrelation, whereas TN had a less 

pronounced spatial structure as indicated by semivariograms. 

◦ Remote sensing derived properties explained about 50% of the variability of soil 
TP. Spectral indices infer on the chlorophyll content, stress, and composition of 
vegetation, which are correlated with soil phosphorus content. 

◦ Although the spatial resolution of remote sensing images differed (10, 30, and 
250 m) the R2 to estimate TP was similar. However, there were profound 
differences in the roughness and distribution of spatial TP patterns visible in TP 
grids. Landscape features such as tree islands and hammocks were smoothed 
out by the TP model relying on coarse-grained MODIS spectral data as predictor 
variable.  



Soil class =f (RS 
Imagery, GIS Layers)

Classification and 
Regression Tree

Soil Series Confusion Matrix

Field Observations Remote Sensing Imagery Model Development

WCA-2A Soil Series



Terra Ceia
(Euic, hyperthermic Typic

Haplosaprists)
-thickness of OM more than 51 

inches.
-do not have mineral horizons 

within the control section.
-Oap/Oa (~ 65 inches).

Lauderhill
(Euic, hyperthermic Lithic Haplosaprists)
-thickness of OM* ranges 16 to 36 inches.
-have limestone within the control section.

-Oa1/Oa2/Oa3 (~ 31 inches)/2R $.

Pahokee
(Euic, hyperthermic Lithic Haplosaprists)

-thickness of OM ranges 36 to 51 inches.
-have limestone within the control section.

-Oap/Oa1/Oa2 (~ 42 inches)/2R.

Gator
(Loamy, siliceous, euic, hyperthermic

Terric Haplosaprists)
-thickness of OM ranges 16 to 50 inches.
-loamy material within the control section.

-Oa (~ 34 inches)/Cg1/Cg2/Cg3.

Okeelanta
(Sandy or sandy-skeletal, siliceous, euic, 

hyperthermic Terric Haplosaprists)
-thickness of OM ranges 16 to 50 inches.
-sandy material within the control section.

-Oap/Oa (~ 31 inches)/C1/C2
*OM: Organic material
$ limestone bedrock
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Presentation Notes
Taxonomy/series placement: The taxonomys of the soils within WCA–2A and WCA–3A are currently under review. The review is necessary to determine whether the soils are Haplosaprists or Wassosaprists. The placement of lines that differentiate the taxonomic classes and series will depend on the subaqueous-nonsubaqueous boundary, which will be determined using data from SFWMD water gauges. Most of the nonsubaqueous sites were either Euic, hyperthermic Lithic Haplosaprists or Euic, hyperthermic, shallow Lithic Haplosaprists. The series encountered were: Pahokee, Lauderhill, and Dania. Depth to bedrock ranged from 10 to more than 97 centimeters. All of the sites had bedrock within a depth of 200 centimeters. There is the possibility of several new series in the Wassosaprist great group or in the “micro” family of Lithic Haplosaprists (which are less than 20 centimeters deep over bedrock).Task: Access data from the SFWMD water gauges to determine the spatial extent and boundary of the subaqueous (Wassists) and nonsubaqueous (Haplosaprists) soils.



Clasification Tree Model using SPOT 
Image



 CART: Single classification tree model
Tree models Methods Minimal Cost

(w/bedrock 
depth)

Average 
accuracy
(w/bedrock 
depth)

Overall 
accuracy
(w/bedrock 
depth)

coefficient of 
agreement
(w/bedrock 
depth)

Variable importance (only 
the important ones are 
listed)

Variable importance 
w/bedrock depth (only the 
important ones are listed)

SPOT image Entropy 0.56
(0.39)

64.6 %
(80.6 %)

59.3 %
(68.5 %)

41.4 %
(58.6 %)

y coordinate (100) Bedrock depth 2009 (100)
Elevation (95.0) y coordinate (54.0)
Distance to WCS (88.0) Distance to WCS (50.5)

xy coordinate (45.2) Elevation (50.4)

SPOT PCA1 (45.1) SPOT PCA1 (25.8)

SPOT SWIR (32.0) SPOT NIR (24.0)

Landsat ETM+ 
image

Twoing 0.61
(0.43)

59.0 %
(93.0 %)

57.4 %
(84.3 %)

36.4 %
(77.8 %)

y coordinate (100) Bedrock depth 2009 (100)
Elevation (77.4) y coordinate (66.6)
xy coordinate (65.2) Elevation (59.5)
Distance to WCS (62.6) Distance to WCS (53.8)
ETM NDVIg (46.4) xy coordinate (39.0)
ETM PCA 1 (37.3) ETM PCA 1 (25.4)

MODIS image Twoing 0.61
(0.37)

65.8 %
(80.9 %)

50.0 %
(68.5 %)

36.4 %
(58.6 %)

y coordinate (100) Bedrock depth 2009 (100)
Elevation (83.1) y coordinate (64.1)
Distance to WCS (60.6) Elevation (55.3)
xy coordinate (59.3) Distance to WCS (46.4)
x coordinate (44.0) Bedrock depth 1948 (33.5)
MODIS EVI (23.8) xy coordinate (30.6)

All images Gini 0.65
(0.41)

65.7 %
(80.9 %)

50.9 %
(68.5 %)

36.4 %
(58.6 %)

y coordinate (100) Bedrock depth 2009 (100)
Elevation (79.7) Elevation (77.1)
Distance to WCS (74.1) y coordinate (74.6)
xy coordinate (54.2) Distance to WCS (63.9)
ETM TC1 (53.0) Bedrock depth 1948 (24.5)
ETM NIR (30.5) SPOT PCA1 (20.4)



 CART: Single classification tree model
Tree models Methods Minimal Cost

(w/bedrock 
depth)

Average 
accuracy
(w/bedrock 
depth)

Overall 
accuracy
(w/bedrock 
depth)

coefficient of 
agreement
(w/bedrock 
depth)

Variable importance (only 
the important ones are 
listed)

Variable importance 
w/bedrock depth (only the 
important ones are listed)

SPOT image Entropy 0.56
(0.39)

64.6 %
(80.6 %)

59.3 %
(68.5 %)

41.4 %
(58.6 %)

y coordinate (100) Bedrock depth 2009 (100)
Elevation (95.0) y coordinate (54.0)
Distance to WCS (88.0) Distance to WCS (50.5)

xy coordinate (45.2) Elevation (50.4)

SPOT PCA1 (45.1) SPOT PCA1 (25.8)

SPOT SWIR (32.0) SPOT NIR (24.0)

Landsat ETM+ 
image

Twoing 0.61
(0.43)

59.0 %
(93.0 %)

57.4 %
(84.3 %)

36.4 %
(77.8 %)

y coordinate (100) Bedrock depth 2009 (100)
Elevation (77.4) y coordinate (66.6)
xy coordinate (65.2) Elevation (59.5)
Distance to WCS (62.6) Distance to WCS (53.8)
ETM NDVIg (46.4) xy coordinate (39.0)
ETM PCA 1 (37.3) ETM PCA 1 (25.4)

MODIS image Twoing 0.61
(0.37)

65.8 %
(80.9 %)

50.0 %
(68.5 %)

36.4 %
(58.6 %)

y coordinate (100) Bedrock depth 2009 (100)
Elevation (83.1) y coordinate (64.1)
Distance to WCS (60.6) Elevation (55.3)
xy coordinate (59.3) Distance to WCS (46.4)
x coordinate (44.0) Bedrock depth 1948 (33.5)
MODIS EVI (23.8) xy coordinate (30.6)

All images Gini 0.65
(0.41)

65.7 %
(80.9 %)

50.9 %
(68.5 %)

36.4 %
(58.6 %)

y coordinate (100) Bedrock depth 2009 (100)
Elevation (79.7) Elevation (77.1)
Distance to WCS (74.1) y coordinate (74.6)
xy coordinate (54.2) Distance to WCS (63.9)
ETM TC1 (53.0) Bedrock depth 1948 (24.5)
ETM NIR (30.5) SPOT PCA1 (20.4)

Predictor variables:
◦ Bedrock depth and geographic/topographic properties ranked high, whereas 

remote sensing derived properties which capture biophysical and phenological 
properties of vegetation ranked lower



GIS + SPOT Series GIS + Landsat ETM+ 
 Series

GIS + MODIS  Series

• Accuracy: Average 64.55 %, 
Overall 59.26 % (map shown)

• Accuracy w/ Bedrock depth 
data: Average 80.55 %, 
Overall 68.52 %

• Accuracy: Average 59.00 %,
Overall 57.41 % (map shown)

• Accuracy w/ Bedrock depth
data: Average 92.96 %, 
Overall 84.26 %

• Accuracy: Average 65.80 %,
Overall 50.00 % (map shown)

• Accuracy w/ Bedrock depth 
data: Average 80.90 %, 
Overall 68.52 %
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Presentation Notes
Soil series predictionConfusion error matrixes show that spectral datasets from remote sensing images which have different spatial resolution have similar predictive power.Bedrock depth information greatly increased the accuracyGeographic/topographic properties ranked high, whereas remote sensing derived properties which capture biophysical and phenological properties of vegetation ranked lower.



Class
Observed 

Case

Predicted (Classified) Soil Series

Gator
N=12

Lauderhill
N=11

Okeelanta
N=25

Pahokee
N=11

Terra Ceia
N=49

Gator 7 5 0 2 0 0

Lauderhill 5 0 5 0 0 0

Okeelanta 14 0 0 8 2 4

Pahokee 25 3 6 5 6 5

Terra Ceia 57 4 0 10 3 40

Confusion error matrix (derived from SPOT images)

Class
Observed 

Case

Predicted (Classified) Soil Series

Gator
N=12

Lauderhill
N=15

Okeelanta
N=48

Pahokee
N=7

Terra Ceia
N=26

Gator 7 5 0 2 0 0

Lauderhill 5 0 5 0 0 0

Okeelanta 14 0 2 12 0 0

Pahokee 25 3 5 9 7 1

Terra Ceia 57 4 3 25 0 25

Confusion error matrix (derived from MODIS images)
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Presentation Notes
 Average accuracy is average of each class’s accuracy. Accuracy in each class is determined by dividing the total number of correctly classified cases in a class (e.g. Gator) by the total number of observed cases in that class (e.g. Gator).                                           Overall accuracy is determined by dividing the total number of correctly classified cases (sum of diagonal) by the total number of observed cases.
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