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ABSTRACT 
 

Implementation of a water management plan requires a thorough understanding of the water balance. Water budget 
estimates using mass balance models produce a data set with high temporal resolution; whereas water budget 
estimates using remotely sensed data provide high spatial coverage. Therefore, combining a mass balance approach 
and remotely sensed data to calculate a water budget is a useful tool for watershed-level hydrologic models. 
Landuse/landcover (LU/LC) plays a critical role in water budget by controlling the partition of the water between 
infiltration, runoff and evapotranspiration (ET).  Remote sensing images provide an effective means of LU/LC data 
integration with distributed hydrologic models. The goal of this project was to integrate hydrologic models (viz. 
water budget spreadsheet) with remotely sensed data. An accepted fact remains that accuracy of the remotely sensed 
data depends on the algorithm used to process the images and accuracy of the remotely sensed data, in turn, will 
affect the accuracy of the water budget models.  In this study three image classification algorithms were compared to 
determine suitability for hydrologic modeling (viz. water budget) application: unsupervised classification (with 
supervised tidying), artificial neural networks (ANN) and support vector machine (SVM).  This study takes place in 
the Joshua Creek drainage basin, located in DeSoto County, Florida.  Landsat 5 TM images were obtained for 
summer and winter of 1998. Seven target LU/LC categories were used (non-irrigated vegetation, timber, citrus, 
wetland, crop/sod, urban and water). The unsupervised classification was performed using ERDAS Imagine 8.6, 
while Neuralware Predict was used for NN and Libsvm for SVM.  The unsupervised images were further tidied 
using expert knowledge from ground-truthing and ancillary data such as aerials and digital ortho quarter quads 
(DOQQs).  The three methods performed quite comparably in the spreadsheet model.  To complete the analysis, a 
coincidence table was run in Geographic Resource Analysis and Support Systems (GRASS). 

 
 

INTRODUCTION 
 

The accurate determination of landuse/landcover (LU/LC) is an important component in the study of the 
hydrologic model and water budget. Use of satellite imagery provides high resolution spatial data for calculating 
water budget at watershed scale. Mapping land cover using such images most commonly involves use of the 
reflectance and radiances of each pixel to assign it to a number of land cover classes (Huang et al., 2001). Numerous 
classification methodologies have been applied to digital image processing with various degrees of success. The 
majority of remote sensing approaches are based on classical pattern recognition techniques, mostly Maximum 
Likelihood Classifiers (MLCs), k-nearest neighbor and clustering (Jensen, 2000).  One common method of multi-
spectral image classification is the Iterative Self-Organizing Data Analysis Technique (ISODATA).  The ISODATA 
algorithm looks for statistical patterns in the images without using real data (ERDAS, 1999). 

METHODS INCLUDING UNSUPERVISED CLASSIFICATION, ARTIFICIAL NEURAL 
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Unsupervised classification methods are generally employed when there is less understanding of the area being 
studied (Jensen, 1996).  The ISODATA algorithm most closely resembles the minimum distance rule by using 
minimum spectral distance to assign cluster for each pixel.  The means of the clusters are processed repeatedly until 
the convergence threshold is met and the pixels are staying in the same clusters every time (Swain, 1973).  This 
method has a few advantages, some being 1) lack of geographic bias because of the iterative process, 2) allows you 
to identify many classes easily, even in non-bordering regions and 3) requires minimum of user input.  Some 
disadvantages are:  1) it can take a long time because the process is iterative, 2) doesn’t utilize user knowledge of the 
area being studied to train signatures and 3) requires more user interpretation once classification is done (ERDAS, 
1999 & Huang, K., 2002).   

A favored alternative to statistical classifiers is the Artificial Neural Network (ANN). ANN with its non-
parametric approach helps avoid some of the problems of MLC (Huang et al., 2002). This technique is capable of 
handling multitudes of data and is free of distributional assumptions common with statistical analysis. It is noted that 
improvement of accuracy by using ANN is generally marginal – accuracy rarely increases beyond 80% (Atkinson 
and Tate, 2000). Although ANN is computationally efficient, training is time consuming. The amount of training 
data required for successful classification increases exponentially with increased dimensionality of the input data. 

  Recent application of Support Vector Machines (SVM) shows that they can be successfully applied to the 
problems of image classification with large input dimensionality (Roli F., and Fumera,G., 2000). SVMs are also 
known to generalize better. In comparison to ANNs, SVMs offer a solid mathematical foundation that provides a 
probabilistic guarantee on how well the classifier will generalize on unseen data (Perkins et al., 2001).  While ANNs 
are based on the idea of minimizing the error on training data (empirical risk), SVMs operate on another induction 
principle, called Structural Risk Minimization (SRM), which minimizes an upper bound on the generalization error 
or the error on unseen data (Shankar et al., 2002). The complexity of the resulting classifier is characterized by the 
number of support vectors rather than the dimensionality of the transformed space. As a result, SVMs tend to be less 
prone to problems of over fitting than other methods (Duda et al., 2002).  

SVMs have been successfully used in a number of applications ranging from text characterization, face 
identification to remote sensing image classification. Huang et. al. (2003) have used remote sensing techniques to 
investigate soil erosion based on expert knowledge and SVM classification. Melgani and Bruzzone (2004) have 
successfully applied SVMs for the classification of hyperspectral imagery. The paper shows that SVMs are valid 
alternatives to conventional pattern recognition approaches (feature-reduction procedures combined with 
classification methods) for the classification of hyperspectral remote sensing data.  

The assumption is made that the information content of a pixel originates solely from within its footprint. 
Spectral reflectance characteristics of various land covers shows that cover type identification should be possible if 
the sensor gathers data at several wavelengths (Richards, 1993). For each pixel the set of samples are analyzed, to 
provide a label that associates the pixel with a particular land cover.  

This study innovatively incorporates Landsat-derived LU/LC to estimate components of a simple hydrologic 
water budget model for a mixed rural and agricultural drainage basin, viz. Joshua Creek (Figure 1).  Joshua Creek is 
located almost entirely within DeSoto County. The objectives of this study were to use remotely sensed LU/LC data 
to: 1) identify LU/LC for evapotranspiration (ET)/evaporation (EV) calculations, 2) predict infiltration vs. runoff 
potential for streamflow calculations in a hydrologic budget, 3) identify irrigated vs. non-irrigated (NI) LU and 
finally, 4) incorporate resultant information (LU area) into the spreadsheet model to calculate the water budget. 

Through examination of a 90m Digital Elevation Model (DEM) from the United States Geological Survey 
(USGS), it was determined that the range of elevation for Joshua Creek was 7 to 32m. Using simple Geographic 
Information Systems (GIS) analysis of existing 1999 LU data (from the Southwest Florida Water Management 
District - SWFWMD), it was determined in the Joshua Creek basin ~30 percent of the land is used for irrigated 
agriculture (mostly citrus). 
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Figure 1.  Location of Study Drainage Basin (Joshua Creek). 
 
 The research design included i) assigning ET/EV rates to LU/LC categories over two seasons, ii) calculating 
overall change in seasonal ET for the selected drainage basin, iii) entering the ET/EV values in a basin-wide simple 
water budget spreadsheet model to calculate streamflow leaving from the selected basin, iv) comparing these 
calculated values to the measured streamflow leaving the basin, v) comparing these results to each other in their 
ability to predict the flow out of the basin and vi) a final analysis using Geographic Resources Analysis Support 
System (GRASS) to determine the percent of coincidence between the classification methods. Similar applications 
of remote sensing for LU/LC, ET estimation and hydrologic budget can be found in Carlson & Arthur, 2000;  
Sucksdorff and Ottle, 1990; Toutoubalina & Rees, 1999; Goodrich, et. al., 2000 and Zhang, et. al., 2005.  However, 
little research has compared a water budget using an integrated remote sensing and spreadsheet approach for a 
drainage basin and less comparing the methods of unsupervised, Artificial Neural Networks (ANN) and Support 
Vector Machine (SVM). 
 
 

GENERAL BACKGROUND OF THE CLASSIFICATION ALGORITHMS 
 
ISODATA Classification 

The initial cluster means are distributed along a vector between the point at the following spectral coordinates, 
Eq. 1 (ERDAS, 1999): 
 

( )nn σμσμσμσμ −−−− ,...,, 332211  and ( )nn σμσμσμσμ ++++ ,...,, 332211             [1] 
 

The convergence threshold for ISODATA classification was set to 95 percent. The number of preliminary 
output classes was set to thirty through trial and error. The resultant classes from ISODATA classification were 
verified against the SWFWMD-derived ancillary data (viz. LU/LC and DOQQs) to obtain the preliminary LU 
classes. The resultant images were recoded to reduce thirty ISODATA classes to seven LU/LC classes.   
 
ANN 

The Multi Layer Perceptron (MLP) model using the Standard Back Propagation (SBP) algorithm is one of the 
well-known ANN classifiers. Figure 1 shows a typical Multi Layer Perception (MLP) network architecture. SBP is a 
method for assigning responsibility for mismatches to each of the processing elements in the network; this is 
achieved by propagating the gradient of the objective function back through the network to the hidden units (Anand, 
1999). Based on the degree of responsibility, the weights of each individual processing element are modified 



ASPRS 2006 Annual Conference 
Reno, Nevada  May 1-5, 2006 

iteratively to improve the objective function. Inputs are supplied to the network and each input is given a weight, W. 
This weight is combined with other weights at the hidden layer node and a new weight is calculated. Weight 
modifications are made at all nodes then sent back between the first and second layers, until it reaches the 
designated output error rate. An error rate is set to help evaluate the actual value against the predicted value. One 
node is assigned to each input data. Two parameters, momentum and learning rates also affect the network.  

When a pattern is presented to the input layer, it is evaluated by the hidden layer nodes, which pass on their 
output to the output layer. This is the forward phase. We apply the pattern to the output layer, which then calculates 
  (delta) on the outputs received from this layer. The DELTA RULE helps minimize the error on a gradient.  

We are now faced with training each of the output nodes using gradient descent (which is basically getting 
errors ‘down’ the slope i.e. descending the gradient of the curve). This involves finding the weight(s) that give the 
lowest error. These steps are repeated for the hidden layer. This is the backward phase.  Thus the  s have propagated 
from the output layer nodes to the hidden layer nodes. Hence the name backpropagation. 

The SBP is mathematically defined as (Eq. 2): 
 
 

 ijij OW ηδ=Δ       [2] 
 
 
 If unit j is an output unit, then ))((' jjjjj Otnetf −=δ  

If unit j is a hidden unit then ∑=
k jkkjjj Wnetf δδ )('  

 
  = learning parameter- specifies the step width of gradient descent 
dj = tj - Oj = difference between teaching value tj  and an output Oj of an output unit which is propagated back. 

)(' jj netf  Indicates ‘function of’ which in this case would be defined by the delta rule.  
 

The ANN has certain disadvantages. It minimizes only the empirical risk i.e. the network is trained to minimize 
the error on the training set. The most important manifestation of this problem is over fitting. The goal of machine 
learning is not only to fit the model to training data but also to minimize generalization error or the error on unseen 
data (Van Khuu et al., 2003). The learning process in an ANN involves iterative training, leading to long training 
times. The problem of overfitting might get them stuck in local minima.  Further explanation of these methods is 
found in Dixon and Candade, 2006. 
 
SVM 

In recent years, the SVM has become an effective tool for pattern recognition, machine learning and data 
mining.  The foundations of SVMs developed by Vapnik (1995) are gaining popularity due to many attractive 
features: ability to find global optimum, increased speed of training and promising generalization performance. 

One of the main results of Statistical Learning Theory is that the error probability of a classifier is upper 
bounded by a quantity depending not only on the error rate achieved on the training set, but also on an intrinsic 
property of the classifier, which is a measure of the “richness” of the set of decision functions it can implement (Roli 
F., and Fumera,G., 2000). This property is named “capacity”, or Vapnik-Chervonenkis dimension. The more the set 
of decision functions is rich, the higher is the classifier’s capacity. SVMs, developed by Vapnik (1995) and co-
workers are based on the SRM principle, which aims at reaching the minimum of the upper bound on the error 
probability of the classifier by achieving a trade-off between the training set and the capacity.  

This technique consists of finding the optimal separation surface between classes due to the identification of the 
most representative training samples called the support vectors. If the training dataset is not linearly separable, a 
kernel method is used to simulate a non-linear projection of the data in a higher dimensional space, where the 
classes are linearly separable. A complete mathematical formulation of SVM can be found in Cristianini and Shawe-
Taylor 2000 and Pal & Mather, 2003.  

The training vectors x are solely used in inner products that can be replaced by a kernel function K (x, y) that 
obeys Mercer’s condition. Mercer’s condition states that any positive semi-definite kernel K (xi,xj) can be expressed 
as a dot product in high-dimensional space. Thus we avoid translating the input data to feature space first and then 
finding their inner products. This is equivalent to mapping the feature vectors into a high-dimensional feature space 
before using a hyper plane classifier there. The use of kernels makes it possible to map the data implicitly into a 
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feature space and to train a linear machine in such a space, potentially side-stepping the computational problems 
inherent in evaluating the feature map (Cristianini and Shawe-Taylor, 2000).  In this study, polynomial kernel was 
used, Eq. 3 (Chang and Lin, 2003):  
 
Polynomial kernel    dyxyxK )1)'((),( +∗∗= γ     [3] 
 

One approach to solving k-class pattern recognition problems is by considering the problem as a collection of 
binary classification problems. k classifiers can be constructed, one for each class. The kth classifier constructs a 
hyperplane between class n and the k-1 other classes (Weston and Watkins, 1999). The one-versus-one approach is 
implemented in which k(k-1)/2 binary classifiers are trained. SVM was trained to discriminate between two classes 
using discrimination functions of the k(k-1)/2 classifiers with a voting scheme (Claudio et al., 2004).  Further 
explanation of these methods is found in Dixon and Candade, 2006. 
 
 

METHODS 
 

Water Budget Spreadsheet Model 
This study revolves around a simple seasonal water budget spreadsheet model developed from the application 

of the law of the conservation of mass to a watershed, basically accounting for the hydrologic inputs and outputs of 
the watershed (as possible). The general water budget was defined as in Equation 4 below (modified from Scott, 
2000), where R equals rain, P equals pumpage (irrigation water input), SFI equals streamflow in, ET equals ET and 
EV, RC equals recharge, SFO equals streamflow out and ∆S equals change in storage. 
 

R +P + SFI = ET + RC + SFO +∆S     [4]  
 

The water budget spreadsheet was developed to predict the known measured SFO, assuming ∆S and RC were 
constant or unchanged over the time period within the basin. The square mileage (area) from the satellite images was 
put into the water budget spreadsheet model and multiplied by ET values per LU/LC category to determine overall 
ET losses. This is a considerable portion of almost every water budget, especially in Florida, where ET can be as 
much as 85 percent of the water budget and changes with the amount of surface water available per watershed. By 
rearranging terms, Equation 4 was revised to Equation 5 to calculate resultant streamflow SFO from the LU/LC 
mapped and multiplied by the appropriate ET factor.  
 

   SFO = R + P + SFI − ET − RC             [5] 
 

Very little or no information was reliably available for pumpage for the time period and recharge was 
considered to be basically constant. For the design of the water budget spreadsheet model used in this research, the 
satellite images were used as a “snapshot” of what the vegetative and anthropogenic LU/LC was for that season. The 
water budget was calculated for the wet (summer) and dry (winter) seasons and summed to get the water year.  
Further explanation of these methods can be found in Earls & Dixon, 2005 and Schreuder, et. al, 2006. 

 
Satellite Image Processing 

As the major determinate of P input of water through irrigation and ET loss [Eqn. 5], designation of LU/LC was 
a critical component in this study of the water budget model. As mentioned earlier, it was necessary to identify 
irrigated vs. NI LU to quantify input of water to the water budget spreadsheet. Seven LU/LC classes were 
determined for the Joshua Creek Basin using the Florida LU, Cover and Forms Classification System (FLUCCS, 
1999).  NI vegetation represented either wetland or LU/LC requiring no irrigation. Some examples of NI vegetation 
would be:  pasture, mixed rangeland, upland forest, herbaceous lands, etc. List of irrigated LU will be:  row crops, 
improved pasture, tree farms, etc.  The citrus category, the irrigated LU/LC, was comprised of all tree crops. Timber 
was considered pine flatwoods. Crop was representative of row crops, nurseries, sod farms and vineyards.  Water 
was represented in the Joshua basin by a reservoir and a few small ponds.   (For detailed description of ET 
calculation usage in water budget, please see section on ET below). 

The seven LU categories were classified from the satellite images (Landsat TM5) using ERDAS IMAGINE 8.6. 
The satellite data were obtained for the summer and winter of 1998 to represent the wet (June–September) and dry 
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(October to May) seasons. Three image processing classification routines were used in this study: (i) ISODATA, (ii) 
ANN and (iii) SVM. All of these image classification routines were performed on images having undergone 
principal components analysis (PCA). The PCA gives maximum variation of data by band, and then creates a single 
composite band that the user further classifies (ERDAS, 1999). In this study a PCA was created from bands 1, 2, & 
4. These bands were chosen for their capacity to differentiate between the LU/LC types decided to be important in 
this study. The combined band of the PCA is considered to be more easily interpretable for some types of data than 
the original source data (Jensen, 1996; Faust, 1989).  This resulting band was then analyzed using the ISODATA 
algorithm, ANN and SVM.   

 Once the classification algorithm was implemented, the resultant maps (irrespective of the classification 
algorithms) were processed using the following general steps.  Methodology specific to the classification routines 
will be discussed separately in the sections below.  
 The following general steps were applied to the all classification routines (ISODATA, ANN and SVM): 1) 
satellite image was classified to a single composite band derived from PCA, 2) the resultant images from each of the 
classifier (ISODATA, ANN, and SVM) required more intensive image analysis using ancillary data derived from 
SWFWMD LU/LC maps and DOQQs, (small “areas of interest” (AOI’s) within a class that were misclassified for 
any reason were changed), 3) the resultant image was compared visually against all reference data available 
including the raw bands, 4) the resultant images (mainly from ISODATA) were recoded to reduce number of classes 
to seven LU/LC classes (resulting images from SVM and ANN had seven target class values) and 5) the recoded 
image was used to derive the square mileage of LU/LC types to estimate various components of the water budget 
spreadsheet.  For example, citrus was irrigated, pasture was not. All LU/LC excluding urban square mileage were 
used to calculate respective ET rates. The urban LU/LC was used to represent impervious LU/LC as runoff would be 
greater from this type of surface than infiltration, whereas infiltration would be greater from a pasture LU/LC type.  
 
Development of Training and Validation Data for ANN & SVM 

Training sites were created using a combined knowledge of ground truth data and visual interpretation of raw 
images. Seven major LU/LC classes were identified (the same as the seven for ISODATA).  Once training sites 
were identified, these pixels were converted to ASCII on a class-by-class basis (to maintain class identity) to bring it 
into the data format of SVM and ANN algorithms. The ASCII output file consisted of the Digital Numbers (DN) in 
the six bands along with the UTM X and Y coordinates. Only the DNs were extracted to create the training dataset, 
since the training process is based on merely the spectral signatures and independent of training site location. Thus, 
the input feature space consisted of 6-dimensional vectors, where each vector represented the DNs of the pixels in 
the six bands. Initial data statistics and analysis was necessary to ensure class separability and validity of training 
sites for classification purposes. 

Once the training data was created and evaluated, it was input to the ANN and SVM. The classes were assigned 
equal prior probabilities.  For a preliminary evaluation of ANN architecture, the given training data that consisted of 
4965 samples was divided into training and testing datasets. The training dataset consisted of 350 samples, 50 
pixels/class. The remaining 4615 pixels were used for validation. Once trained, the ANN and SVM were used to 
classify the entire subset image of the study area. They were then converted to pixels in ERDAS. 
 
ET Estimate:  LU/LC to Spreadsheet Conversions 

The resultant images from all 3 algorithms were input into the water budget spreadsheet individually by LU/LC 
type to estimate ET/EV. This was multiplied by an average seasonal ET amount for that LU/LC type as designated 
in the table below. These ET values were compiled from published literature (Smajstrla, 1984 & 1997; Jones, et. al. 
1984) and personal communication among peers (Garlinger, 2003 and Schreuder, 2003). The ET/EV parameters 
were derived by multiplying the ET rate for a given LU/LC area and the total areas were then used in the 
spreadsheet model. 
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Table 1. ET Rates Used for Model Calculations by LU/LC type 
 

 Wet season (“/season) Dry Season (“/season) ET/EV (“/water year) 
NI Vegetation 18 25 43 

Citrus 18 27 45 
Wetland 21 24 45 
Urban 5 5 10 
Timber 18 22 40 
Water 20 30 50 
Crop 22 25 47 

 
Coincidence Reports, Accuracy Assessment & Relative Error Analysis 

 
GRASS software was used to analyze resulting pixel classifications.  This software overlays the final images, 

compares the values and yields a percentage of coincidence or “agreement” between the classes.  Such results can 
help determine where pixel confusion may be occurring between classes common to all assessment methods.   

The process of checking accuracy is vital and in the field of remote sensing, the best way to accomplish this is 
by ground-truthing. In this case, the study was handicapped by the fact that the satellite image being considered for 
accuracy was from 1998, while the year the ground truthing took place was 2003 (when funding was approved). The 
accuracy assessment computed used randomly generated reference points that were then ground-truthed in the field.  

For each classification method, to calculate the percentage of relative error of the model-predicted values from 
the observed streamflow values (USGS), equation 6 was used. 
 

100×⎟
⎠
⎞⎜

⎝
⎛ −

O
PO

                                                            [6] 

 
Where O = USGS observed streamflow (BCF) and P = model predicted streamflow (BCF).  

 
 

RESULTS AND DISCUSSIONS 
  

The resultant water budget model using integrated remote sensing and a spreadsheet model showed predicted 
streamflow from the Joshua Creek basin. The classified satellite images are shown in Figures 2 & 3 below.  When 
observing the spatial distribution of the classes, the unsupervised with tidy image clearly delineates the citrus groves 
(orange) in the region whereas the ANN and SVM methods have more confusion with the pasture category (green).  
The main citrus groves are at the northeastern ad southern regions of the drainage basin.  The only urban (red) areas 
of note are to the mid-western section of the basin where the town of Arcadia is located.  This is apparent on the 
unsupervised with tidy image, but not as much on the ANN and SVM images, which appear to confuse the crop 
(light yellow) category with the urban.  The areas of timber (dark green) are spread throughout the basin and 
generally correspond in each classification method, though ANN and SVM have some confusion of wetland (light 
blue) and timber classes.  The water (dark blue) is identified well by the unsupervised with tidy and SVM, however 
ANN predicts some locations outside of these common areas.  The winter images also follow this trend, with less 
confusion of the citrus (with pasture) and timber (with pasture and wetland) classes in the ANN and SVM methods. 

For rain inputs in the spreadsheet model, all rain gauges in close proximity with adequate period of record were 
used, the data was summed seasonally (dry and wet) and the average taken. In the Joshua Creek drainage basin, only 
one of the seven rain gauges was located within the basin, the other gauges were from the immediate surrounding 
area.  
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Figure 2.  Summer 1998 LU Results by Classification Method. 
 

 
Unsupervised with Tidy 
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SVM 

 
 

Figure 3.  Winter 1998 LU Results by Classification Method. 
 

The results of the LU/LC mapping are presented in Table 2 below.   
 

Table 2. Summer & Winter 1998 LU/LC Results (ha) by Analysis Method for Joshua Creek. 
 
 Summer 1998 Winter 1998 
 Unsup w/ Tidy  (ha) ANN (ha) SVM (ha) Unsup w/ Tidy  (ha) ANN (ha) SVM (ha)
Pasture 14273.0 10515.4 11287.2 13985.9 10389.4 16869.5
Citrus 9179.1 12828.2 9845.4 9090.9 9267.5 8108.6
Wetland 4464.4 2965.5 2556.3 4739.7 3548.8 3864.7
Urban 1569.2 1087.5 817.9 1528.1 2283.7 1333.4
Timber 824.3 2042.2 3141.5 854.7 1619.5 5.7
Water 294.3 115.7 139.8 388.5 484.5 117.3
Crop/Sod 504.2 1482.8 3241.3 518.0 3548.5 842.9

 
 
Model Validation 

The modeling results of predicted seasonal and annual streamflow correlated reasonably well with the measured 
streamflow (Table 3). The measured streamflow gauge used for validation was Joshua Creek at Nocatee (USGS 
Station # 02297100).  As is evident, all methodologies underpredicted the wet (summer) season and overpredicted 
the flow in the dry (winter) season.  However, when summed to create a water year, the methods all performed 
comparably and ANN was the closest to the measured flow by a small margin.  The observed rain and streamflow as 
well as model results were listed as dry season, wet season and water year. By adding the results from dry season 
and wet season results the water year (Oct 1 – Sept 30) was calculated. The results (streamflow) were reported in 
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billions of cubic-feet per season or billions of cubic-feet per water year for ease of usage.  
 

Table 3. Summary of Water Budget Results by Analysis Method for Joshua Creek. 
 

 Unsup w/ Tidy ANN SVM USGS 
Summer 1998 2.6 2.6 2.5 5.0 
Winter 1998 2.8 2.9 2.8 1.7 
Water Year 1998 5.4 5.5 5.3 6.1 

 
 

 
Figure 4.  Results of Water Budget Spreadsheet Model by Classification Method. 

 
 

Coincidence Between Methods 
Coincidence reports were run in GRASS to determine the percent of agreement between the three classification 

methods.  The tables of output are below (Tables 4 through 9), by season. 
 

Table 4. Coincidence Report Winter 1998 LU/LC Results (%) for Joshua Creek, ANN vs. SVM. 
 

  ANN Winter 1998  
Class NI Veg Citrus Wetland Urban Timber Water Crop Total 
NI Veg 29.7 7.9 3.9 2.7 1.8 0.4 8.0 54.4 
Citrus 2.3 18.6 2.0 1.3 1.1 0.0 0.1 25.5 
Wetland 0.9 2.3 5.4 0.1 2.3 0.9 0.7 12.6 
Urban 0.4 0.4 0.2 2.8 0.0 0.0 0.5 4.3 
Timber 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
Water 0.0 0.0 0.0 0.0 0.0 0.3 0.0 0.4 

SV
M

 W
in

te
r 

19
98

 

Crop 0.1 0.0 0.0 0.4 0.0 0.0 2.2 2.7 
 Total    33.4 29.3 11.5 7.4 5.3 1.6 11.6 100.0 
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Table 5. Coincidence Report Winter 1998 LU/LC Results (%) for Joshua Creek, ANN vs. Unsupervised. 
 

   UNSUPERVISED with Tidy Winter 1998  
Class NI Veg Citrus Wetland Urban Timber Water Crop Total 

NI Veg 24.50 2.58 3.48 1.38 0.64 0.37 0.46 33.42 
Citrus 5.57 19.62 2.10 1.20 0.28 0.14 0.39 29.30 

Wetland 3.02 1.89 4.74 0.71 0.92 0.16 0.09 11.54 
Urban 2.35 2.72 0.37 1.52 0.07 0.14 0.23 7.39 
Timber 1.13 1.77 1.77 0.09 0.44 0.05 0.02 5.27 
Water 0.21 0.02 1.04 0.00 0.02 0.28 0.00 1.57 A

N
N

 W
in

te
r 

19
98

 

Crop 8.18 0.88 1.34 0.14 0.37 0.14 0.48 11.52 
 Total 44.96 29.48 14.83 5.04 2.74 1.27 1.68 100.00 

 
 

Table 6. Coincidence Report Winter 1998 LU/LC Results (%) for Joshua Creek, SVM vs. Unsupervised. 
 

   UNSUPERVISED with Tidy WINTER 1998  
Class NI Veg Citrus Wetland Urban Timber Water Crop Total 

NI Veg 2.5 19.6 1.7 1.1 0.3 0.2 0.2 25.5 
Citrus 36.9 5.3 6.8 2.4 1.6 0.6 0.9 54.4 

Wetland 1.5 0.7 0.1 0.0 0.0 0.0 0.3 2.7 
Urban 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 
Timber 1.3 1.5 0.2 1.0 0.0 0.1 0.2 4.3 
Water 0.0 0.0 0.1 0.0 0.0 0.2 0.0 0.4 SV

M
 W

IN
T

E
R

 
19

98

Crop 2.8 2.4 5.8 0.4 0.9 0.2 0.1 12.5 
 Total 44.9 29.5 14.8 5.0 2.8 1.3 1.7 99.9 

 
 

Table 7. Coincidence Report Summer 1998 LU/LC Results (%) for Joshua Creek, ANN vs. SVM. 
 

 SVM Summer 1998  
Class NI Veg Citrus Wetland Urban Timber Water Crop Total 

NI Veg 26.1 2.4 0.0 1.1 0.0 0.0 1.0 30.6 
Citrus 3.4 25.3 1.6 4.6 0.2 0.0 0.0 35.2 

Wetland 0.1 8.6 8.8 0.0 0.2 0.0 0.0 17.7 
Urban 0.0 0.1 0.0 3.5 0.0 0.0 0.0 3.7 
Timber 0.0 0.2 0.2 0.0 2.3 0.0 0.0 2.6 
Water 0.0 0.0 0.0 0.0 0.0 0.3 0.0 0.4 A

N
N

 S
um

m
er

 1
99

8 

Crop 1.8 0.0 0.0 1.1 0.0 0.1 6.9 9.8 
 Total 31.4 36.6 10.6 10.3 2.7 0.5 7.9 100.0 

 
 

Table 8. Coincidence Report Summer 1998 LU/LC Results (%) for Joshua Creek, ANN vs. Unsupervised. 
 

  UNSUPERVISED with Tidy SUMMER 1998  
Class NI Veg Citrus Wetland Urban Timber Water Crop Total 

NI Veg 23.1 5.3 3.2 1.7 1.1 0.2 0.7 35.2 
Citrus 8.8 14.8 4.1 1.6 0.8 0.2 0.3 30.6 

Wetland 1.3 3.7 4.0 0.3 0.3 0.2 0.0 9.8 
Urban 0.9 1.0 0.1 0.3 0.0 0.0 0.3 2.6 
Timber 1.0 0.4 1.6 0.0 0.4 0.2 0.0 3.7 
Water 0.0 0.0 0.1 0.0 0.0 0.1 0.0 0.4 A

N
N

 S
um

m
er

 1
99

8 

Crop 10.8 4.5 0.7 1.2 0.1 0.1 0.3 17.7 
 Total 46.0 29.7 13.9 5.1 2.7 1.0 1.7 100.0 
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Table 9. Coincidence Report Summer 1998 LU/LC Results (%) for Joshua Creek, SVM vs. Unsupervised. 
 

   UNSUPERVISED with Tidy SUMMER 1998  
Class NI Veg Citrus Wetland Urban Timber Water Crop Total 

NI Veg 22.8 8.0 2.4 2.1 0.4 0.2 0.8 36.6 
Citrus 8.9 15.4 4.1 1.7 0.8 0.2 0.3 31.5 

Wetland 1.2 2.4 3.6 0.3 0.3 0.1 0.0 7.9 
Urban 0.9 1.1 0.1 0.4 0.0 0.0 0.3 2.7 
Timber 3.4 2.2 3.2 0.2 1.1 0.3 0.1 10.3 
Water 0.0 0.0 0.2 0.0 0.0 0.2 0.0 0.4 SV

M
 S

U
M

M
E

R
 

19
98

Crop 8.7 0.7 0.4 0.5 0.0 0.0 0.2 10.6 
 Total 46.0 29.7 13.9 5.1 2.7 1.0 1.7 100.0 

 
 
Accuracy Assessment 

The unsupervised classification with tidying was the most accurate, as well as being the most time-consuming 
and costly.  The SVM performed well at 68-72% accuracy and lastly was the ANN method with 64-68% accuracy.  
Of note is that fact that the unsupervised method of classification methods performed better in the summer, while 
both of the other methods performed slightly better in the winter.  Overall accuracies are displayed in Table10.   In 
general, SVM showed higher accuracy than ANN. 
 

Table 10.  Comparison of Accuracy Assessment Error Matrix Between Methods. 
 

 ANN SVM Unsupervised w/ Tidy 
Joshua 1998 Summer 64% 68% 98% 
Joshua 1998 Winter 68% 72% 96% 
Average Accuracy 65% 70% 97% 

 
 
Relative Error 

Table 11 below summarizes the results of the error analysis.  Although the models under-predicted the wet 
seasons (summer) and over-predicted the dry season (winter), the largest error for the water year was only 13.1% 
(SVM) and the smallest was 9.8% (ANN).   

 
Table 11. Summary of Water Budget Percent Relative Error Results by Analysis Method for Joshua Creek 

Basin 
 

 Unsup w Tidy ANN SWM 
Summer 98 48.0 48.0 50.0 
Winter 98 -64.7 -70.6 -64.7 
Water Year 1998 11.5 9.8 13.1 

 
 

CONCLUSIONS 
 

Use of satellite imagery as a tool to derive a long-term water budget proved to be a simplified but useful 
approach for this investigation. This research shows satellite-derived LU/LC can be used to estimate ET based on 
LU/LC classes with reasonable accuracy.  While the initial stages of the LU/LC classification were not as user-
intensive and time consuming, the final stage of validation and accuracy assessment of LU/LC classes using 
multiple sources of ancillary data (aerials, DOQQs, SWFWMD LU/LC and raw band combinations) could be cost 
and time-prohibitive for a long-term study undertaken in a large watershed. In this study, we used basic LU/LC 
classes in the final spreadsheet model, however, incorporation of detailed LU/LC classes could be beneficial to 
better estimate ET. A better ET estimate will improve the streamflow predictions, minimizing the discrepancies 
between modeled to measured streamflow. The conclusion of the integrated remote sensing-based water budget 
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spreadsheet model was that this model can provide a reasonable match between the model-predicted and measured 
streamflow.   

This study shows comparable results in the water budget spreadsheet model with the three classification 
methods. The three classification routines were more comparable to measured flow with the larger time step (annual 
water budget) calculation than in seasonal (wet or dry season), ranging from 10-13%.  The accuracy assessment 
through error matrix and Kappa coefficient shows the unsupervised with tidy as being the highest, then SVM, then 
ANN.   However, the ANN requires extensive tuning with respect to its architecture and the unsupervised 
classification with tidy requires large quantities of time and ancillary data. In comparison, SVMs are extremely fast 
and simple in implementation. While the ANN is sensitive to the number of hidden nodes, the SVM is sensitive to 
the choice of the mapping kernel. By optimizing these factors, it is possible to obtain comparable results with the 
two classifiers. SVMs have already been used in high dimensional data sets like face recognition. However, its use 
in remote sensing with fewer bands is new and needs to be researched. It is recommended that extensive suitability 
analysis of various algorithms and classification methods must be conducted before undertaking extensive LU/LC 
data analysis for environmental modeling and management efforts. This type of research and resultant information is 
critical for utilization of remotely sensed data to the fullest extent. 
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