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ABSTRACT 

 

This study evaluates the impacts of two types of rainfall input on simulated streamflow 

using a specialized, fully-distributed hydrologic model—the Watershed Assessment Model 

(WAM).  We compare gauge-only Thiessen polygon input data with the gridded 4 × 4 km 

Florida State University (FSU) version of the National Weather Service (NWS) Multi-sensor 

Precipitation Estimator (MPE) scheme.  Streamflow results are compared to observed amounts 

over a six year period (2000-2005) at two U.S. Geological Survey (USGS) stream gauge sites in 

the greater Florida Suwannee River basin.  One catchment has an area of 1505 km
2
, while the 

smaller catchment is 500 km
2
.  Previous comparisons have been made between the two different 

precipitation data types using mean areal precipitation calculations over several Florida basins.  

This study of streamflow expands on those findings. 

Results show significant differences in simulated streamflow when the higher-resolution 

FSU MPE rainfall data are input to WAM.  However, the FSU MPE dataset does not always 

provide better results with this model configuration.  The improvements in WAM simulated 

streamflow depend on a combination of factors, including the desired type of comparison with 

observed amounts (volume or correlation), rainfall pattern characteristics, and individual event 

scenarios. 

The accumulations of FSU MPE WAM streamflow generally are found to be more 

accurate than those from Thiessen polygons.  During drought periods, MPE-derived streamflow 

provided more accurate accumulations, but coefficients of determination were not always 

improved.  During years with more average rainfall events, FSU MPE produced greater 

underestimates of accumulation amounts, and thus a better approximation by the Thiessen 

polygon input.  Seasonal results emphasized the weaknesses of each data source.  Rain gauges 

usually are not able to capture the small scale spatial variability of summer rainfall events.  And, 

radar-derived precipitation generally is underestimated during relatively low top stratiform 

winter events.   

When simulating streamflow with a hydrologic model using rain gauge input, it is 

apparent that gauge locations are very important.  Generally speaking, increasing the spatial 

density of gauges will produce a better representation of rainfall.  Our small basin was found to 
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be prone to significant underestimates of accumulations and lower coefficients of determination 

regardless of the rainfall input.  However, statistical differences between our larger and smaller 

basins are not as dramatic with the FSU MPE data. 

Current results are based on the WAM model as configured for this study.  Results from 

other models and/or other configurations may be different.  Although there appear to be errors in 

both WAM’s ability to utilize the rainfall data properly and in the rainfall data measurements 

themselves, the results highlight areas where both can be improved. 
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CHAPTER 1 

INTRODUCTION 

 

The advent of Geographic Information System (GIS) software has increased the ability of 

hydrologic modelers to use inputs having higher spatial resolution and complexity.  Detailed 

topography, hydrography, land use, soils, sources, evapotranspiration, and other data, often 

derived from remotely-sensed satellite and aerial imagery, now are commonly input to 

hydrologic models.  However, although rainfall is known to be the driving mechanism for water 

movement, even some of the most detailed hydrologic models still use point-based rain gauge 

data, especially in water quality assessment.  The hesitation to use spatially distributed rainfall 

data from radar-derived precipitation estimator schemes appears to stem from the mostly older 

literature that describes the limitations of radar data that can lead to erroneous streamflow 

estimates (Numec 1985; Winchell et al. 1998; Collier 1996; Joss and Waldvogel 1990; Smith 

and Krajewski 1991; Johnson et al. 1999; Jordan et al. 2000; Jayakrishnan et al. 2004).  

Furthermore, all radar-derived precipitation data are not of the same quality, and there appears to 

be confusion about the impacts of strictly radar-derived data versus multi-sensor schemes that 

incorporate radar information with other sources of precipitation data. 

Values of radar reflectivity (Z) are converted to rain rate (R) estimates using Z-R 

relationships.  Significant uncertainty arises since the Z-R relation can vary from storm to storm 

(Wilson and Brandes 1979; Joss and Waldvogel 1990) and also within the same storm (Smith 

and Krajewski 1993; Fabry and Zawadzki 1995).  Nonetheless, only one or two default Z-R 

relationships typically are used operationally (VanCleve and Fuelberg 2007).  Errors also are 

introduced from hail contamination (Nelson et al. 2003; Fulton 1999), improperly calibrated 

radars (Anagnostou et al. 2001; Ulbrich and Lee 1999; Young et al. 1999; Smith et al. 1996), the 

spatial and temporal sampling strategy being used (Jordan et al. 2000; Fabry et al. 1994; Harrold 

et al. 1974), low-level beam blockage (e.g., Borga et al. 2000; Young et al. 1999), anomalous 

propagation and bright banding (Smith 1986), radar beams overshooting precipitation tops 

(Pereira Fo et al. 1998; Smith et al. 1996), differences between the reflectivity aloft and rainfall 

at the surface (Austin 1987; Borga et al. 1997; Jordan et al. 2000), non-meteorological echoes 

(Harrison et al. 2000), and the use of a limited number of reflectivity ranges to compress the data 

volume (Nelson et al. 2003; Cluckie et al. 1991).  Furthermore, radars are at high risk to outage 

from the weather events that they measure.  Nonetheless, radar-derived precipitation data are 
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valuable due to their high spatial and temporal resolution (Fulton et al. 1998).  Radar has the 

clear advantage of capturing small scale spatial precipitation variations that cannot be detected 

by relatively sparse rain gauge networks, particularly in Florida where isolated daily summer 

thunderstorms are the norm (Wilson and Brandes 1979; Smith et al. 1996; Baeck and Smith 

1998). 

Rain gauge data also contain errors.  Wind turbulence, evaporative losses, mechanical 

malfunctions, poor gauge placement, clogging, and other interferences are known to contribute 

to both underestimates and overestimates (Wilson and Brandes 1979; Essery and Wilcock 1990; 

Sevruk 1991; Legates and DeLiberty 1993; Habib et al. 2001; Yoo et al. 2008).  Neary et al. 

(2004) questioned the quality of rain gauge data in comparisons with radar-derived precipitation 

based on their hydrologic modeling using the Hydrologic Engineering Center – Hydrologic 

Modeling System (HEC-HMS).   

Gauge to gauge correlations as a function of inter-gauge distance for a dense network in 

South Florida between 1996 and 2001 were presented by Quina (2003).  Fig. 1 shows that the 

correlations rapidly decrease with increasing distance between gauges.  Thus, gauges must be 

very close together to correlate well.  For example, for gauges to exhibit a correlation of ~ 0.80 

based on hourly data, they must be no more than 2 km apart (Fig. 1a) and 4 km apart for daily 

sums (Fig. 1b). 

A professor once asked his students the question: “Why do observers often value model 

output over their own observations, while modelers often value observed data above their own 

model output?”  It is because each is most aware of the errors associated with their own work.  

Hence, the best approach is to extract the advantages of each data source while removing as 

many of the disadvantages as possible.  This can be done by merging gauge- and radar-derived 

precipitation data, the goal of the Multisensor Precipitation Estimator (MPE) (Breidenbach and 

Bradberry 2001).  The MPE scheme was developed by the National Weather Service (NWS) to 

produce an optimal combination of gauge and radar precipitation amounts that preserves the 

relative accuracy of gauge measurements and the high spatial resolution of radar data.  Florida 

State University (FSU) has used a version of the NWS MPE scheme to create a specialized 

historical dataset for Florida (VanCleve and Fuelberg 2007). 
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Figure 1.  Correlograms of a) hourly and b) daily precipitation totals for 1996-2001 based on 

gauge data from South Florida (after Quina 2003).  The solid line represents the least squares fit. 

 

 

 

Previous research at FSU has quantified differences between the multi-sensor FSU MPE 

and gauge-only rainfall datasets.  Most recently, VanCleve and Fuelberg (2007) calculated mean 

areal precipitation (MAP) over several Florida basins to quantify differences between a gauge-

derived Thiessen polygon approach and the FSU MPE approach.  Although their study 
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documented useful trends and statistics of the two rainfall datasets, it did not evaluate the impact 

that the multi-sensor FSU MPE dataset would have on streamflow produced by a hydrologic 

model.  Streamflow is the “bottom line” for hydrologists and is important to understand because 

the primary intended use of the FSU MPE data was to forecast streamflow and develop water 

quality models for use in preparing Total Maximum Daily Load (TMDL) reports at the Florida 

Department of Environmental Protection (FDEP). 

A number of recent studies have utilized some type of radar-derived precipitation data in 

hydrologic modeling (Bell and Moore 1998; Vieux and Bedient 1998; Borga et al. 2000; Ogden 

et al. 2000; Cooper et al. 2006a, b; Reed et al. 2004; Smith et al. 2004; among others), but actual 

quantifications of multi-sensor impacts in hydrologic models and comparisons with gauge-only 

data are more limited.  Past studies also have made it difficult to draw conclusions that would 

promote one precipitation data source over another (Kalin and Hantush 2006).  However, one 

expects that the higher-resolution radar-derived precipitation data should yield superior 

streamflow estimates in spite of radar limitations.  Bedient et al. (2000) showed that HEC-1 

model results were as accurate or more accurate when using multi-sensor rainfall data, despite 

large gauge-radar biases.  Conversely, Neary et al (2004) found that the use of an older multi-

sensor rainfall product in the HEC-HMS model (spatially lumped) did not offer improvement 

over gauge-derived precipitation data.  However, they did note that the most significant 

improvement from multi-sensor input would be in streamflow volume.  Kalinga and Gan (2006) 

directly linked differences between gauge- and radar-derived model input data to event driven 

effects.  They determined that storm type (convective or stratiform) and storm size are important 

in determining the quality of simulated hydrographs derived from radar-derived rainfall input.  In 

their conclusions, Neary et al. (2004) called for future studies to evaluate the newer NWS MPE 

products in a distributed hydrologic model. 

This research differs from previous studies in that its goal is to quantify the differences 

that gauge-only and FSU MPE rainfall datasets produce on streamflow calculations using the 

fully-distributed Watershed Assessment Model (WAM).  WAM was developed by Soil and 

Water Engineering Technology, Inc. (SWET) and geared toward water resource and pollutant 

modeling as well as the implementation of Best Management Practices (BMPs).  WAM is used 

by the FDEP, the Florida Department of Agriculture and Consumer Services, and the Florida 

Water Management Districts, among others.  WAM is known to be especially adept at handling 

Florida’s unique topography and soil features. 
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My objective is to understand the sensitivity of WAM simulated streamflow to multi-

sensor rainfall data and to compare results with those from gauge-derived data alone.  We make 

considerable effort to correctly input the FSU MPE data into WAM, and to use only the rain 

gauge data that are input to FSU MPE in the comparison WAM runs using Thiessen polygons.  

Coefficients of determination (R
2
), standard deviations (σ), Nash-Sutcliffe efficiencies (ENS), 

mass balance errors (MBE), and mean differences (biases) are computed for the modeled flows 

over the six-year period 2000 through 2005.  The calculations are made at two United States 

Geological Survey (USGS) streamflow measuring stations in two portions of the Suwannee 

River basin in Florida.  Daily flow hydrographs, accumulation graphs, and rainfall comparison 

maps are examined over annual and seasonal periods to further elucidate interesting facets of the 

data.  Gauge density and gauge location are considered as factors producing differences in 

simulated streamflow using the two different rainfall inputs.  Impacts of the rainfall inputs and 

basin size on WAM also are linked to the simulated streamflow results.  When determining these 

impacts, it is important to remember that we must account for errors in the hydrologic model 

itself as well as the limitations associated with radar and gauge precipitation data sources.
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CHAPTER 2 

DATA AND METHODOLOGY 

 

2.1 Areas of Interest (AOIs) 

 Separate WAM runs were made using FSU MPE- and gauge-derived rainfall as inputs.  

Results were compared at two USGS streamflow sites.  Each site corresponds to an area of 

interest (AOI), or catchment, that identifies the surface area or reaches in which rainfall impacts 

the particular streamflow gauge.  Our areas of interest are two basins within the Santa Fe River 

portion of the larger Suwannee River basin.  Fig. 2 illustrates that the Suwannee River basin is 

relatively large, consisting of various rivers, extended hydrography, land use, topography, and 

soil features.  The drainage basin covers an area of 11,095 km
2
 in Florida alone (Lower 

Suwannee), and much more of the basin lies north of Florida in South and Central Georgia 

(Upper Suwannee).   

Several factors led us to focus on the upper Santa Fe River region of the Lower 

Suwannee.  The primary factor was that SWET’s Suwannee River WAM configuration only 

directly models the portion of the Suwannee Basin located in Florida (Fig. 3).  Since boundary 

flow data are used for rivers at the Florida – Georgia border, streamflow gauges directly 

downstream of the border were not a good choice for rainfall source impact analysis. 
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Figure 2.  USGS water monitoring sites and first magnitude spring locations from the Suwannee 

River and Estuary Initiative.  Available from http://gulfsci.usgs.gov/suwannee. 
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Figure 3.  Screenshot of the ArcView 3.2a WAM model configuration for the Suwannee River 

Basin.  Only the Florida portion of the watershed is modeled directly. 

 

 

 

Since the primary goal of the study is to understand the sensitivity of a hydrologic model 

to different rainfall input data, the strongest response will occur at stream gauges where surface 

flow provides a significant contribution to the total flow.  Also, since large springs contribute 

significantly to the flow over much of the lower Suwannee River and even the lower Santa Fe 

River (Fig. 2), we chose two AOIs in the upper Santa Fe River basin, corresponding to USGS 

gauge sites at Worthington Springs (#02321500) and New River near Lake Butler (#02321000).  

Both gauge locations are upstream from any first magnitude springs.  USGS approved daily 

streamflow data were downloaded from the USGS website and converted into the WAM output 

database.  Figure 4 and Table 1 outline the two AOIs.  Notice that the New River AOI (500 km
2
) 

is a subset of the Worthington Springs AOI (1505 km
2
). 
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Figure 4.  The two AOIs of this study: Worthington Springs and New River. The New River 

AOI is a subset of the Worthington Springs AOI. USGS stream gauge locations (stars) provide 

flow measurements.  FSU MPE 4 × 4 km HRAP cells are overlaid with yellow outlines, while 

Thiessen polygons are distinguished by colors. 

 

 

 

Table 1.  Spatial influence of Thiessen polygons (rain gauges in or influencing each basin) and 

FSU MPE 4 × 4 km HRAP cells over each AOI.  The number of Thiessen polygons is based on 

the total number of rain gauges influencing the basin. 

 

AOI 
Area 
(km2) 

Rain 
Gauges in 

Basin 

Total Rain 
Gauges 

Influencing 
Basin 

HRAP 
Cells 

Worthington Springs 1505 4 7 140 

New River 500 3 3 51 
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2.2  Sources of Rainfall Data 

FSU’s MPE product is based on the same methods used by the NWS, and a static version 

of the MPE code was placed on FSU computers.  This created a stable research product and 

allowed us to adjust MPE’s adaptable parameters specifically to Florida rainfall patterns and 

gauge network densities.  These parameters are described in detail by Wu et al. (2003).  The FSU 

MPE product differs from the NWS product in that we incorporated hourly rain gauge data from 

both the National Climatic Data Center (NCDC) inventory (DSI-3240) and the five Florida water 

management districts (WMDs): Northwest Florida (NWF), South Florida (SFD), St. Johns River 

(SJR), Southwest Florida (SWF), and Suwannee River (SUW) (Fig. 5).  Although all of these 

gauge datasets were used to create the state-wide FSU MPE dataset, only some of the NCDC and 

Suwannee River WMD gauges are specific to the AOIs in this study.  The average gauge spacing 

in our AOIs is approximately 25 km.  This is more than twice the gauge spacing in areas farther 

south in the Florida peninsula, but almost two times smaller than the gauge density to the west 

and north in the Florida panhandle and especially Georgia.  Although the NCDC gauge data were 

available back to 1996, not all the WMD gauge data extended back that far and some individual 

gauge data were missing for periods of time.  These are important considerations that will be 

addressed later. 

Since a detailed description of the MPE algorithm is presented in Briedenbach and 

Bradberry (2001), Quina (2003), and Marzen and Fuelberg (2005), a modified version of the 

synopsis given by VanCleve and Fuelberg (2007) follows.  The FSU MPE scheme produces 

several different products each hour that are mapped onto the Hydrologic Rainfall Analysis 

Project (HRAP) grid.  The HRAP grid is based on a polar stereographic projection and has a 

resolution of approximately 4 × 4 km, depending on latitude. 
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Figure 5.  Rain gauge and radar site data sources used in the FSU MPE algorithm.  Also overlaid 

are the Worthington Springs AOI and maximum extent of the radar masks. 

 

 

 

The first important product created by the FSU MPE scheme is a radar only product 

(RMOSAIC) that is obtained by compositing the Digital Precipitation Array (DPA) data from 

individual radars onto the HRAP grid.  The DPA radar data for MPE were provided by the NWS 

Southeast River Forecast Center (SERFC) and were available back to 1996.  Although there are 

currently thirty two radars in the SERFC region, only two of them (KJAX and KVAX) fully 

cover our AOIs, while two others (KTLH and KTBW) partially influence our areas (Fig. 5).  The 

closest radar to the center of the larger Worthington Springs AOI is KJAX in Jacksonville, 

Florida (~ 75 km away).  However, due to outages, KJAX may not always be the radar observing 

the AOI at a given hour.  When two or more radars scan a given location, the MPE algorithm 

uses predefined radar masks to determine which radar’s estimate should be assigned to that grid 
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cell.  The chosen radar scans the cell at the lowest elevation angle and is free from obstructions.  

MPE’s radar assignment procedure differs from approaches that assign either the maximum 

reflectivity (e.g., Nelson et al. 2003) or the average reflectivity (e.g., Wang et al. 2000) from the 

several radars to the cell.  If the radar providing optimum coverage for a cell is missing at a 

particular hour, MPE selects the next closest radar that provides good coverage. 

At this point, RMOSAIC is used to quality control the rain gauge data.  This automated 

and objective method is detailed by Marzen and Fuelberg (2005).  Briefly stated, at each hour 

every gauge’s rainfall amount is compared to the overlapping RMOSAIC value.  Thus, an 8 in. 

diameter gauge value is compared to the RMOSAIC value at 4 × 4 km resolution.  The scheme 

evaluates absolute differences between the data sources based on four scenarios that consider all 

possible combinations of gauge and radar amounts.  Hourly gauge values that do not pass the 

quality control criteria are deleted from the data set.  Once the quality control is completed, the 

remaining gauge data are considered a dataset in themselves, denoted the FSU QC gauge data. 

The FSU QC gauge data then are input to the FSU MPE algorithm where a gauge-only 

product based on Thiessen polygons is created (denoted PMOSAIC).  To reduce errors 

associated with PMOSAIC estimates, an additional gauge-only product (GMOSAIC) is created 

on the HRAP grid by assigning weights to each gauge using an Optimal Estimation (OE) 

technique described by Seo (1998a, b).  After the creation of RMOSAIC, PMOSAIC, and 

GMOSAIC; a bias-adjusted radar product (BMOSAIC) is produced by comparing radar-derived 

precipitation amounts (RMOSAIC) with paired gauge amounts.  Based on these pairings, an 

average bias is calculated for each radar at each hour.  This correction is designed to reduce 

spatially uniform radar estimation errors such as radar mis-calibration, wet radome attenuation, 

and inappropriate Z-R coefficients (Fulton 1999).  The RMOSAIC estimates are multiplied by 

the bias to create the BMOSAIC product.  Finally, the MPE algorithm optimally combines the 

hourly gauge data with the hourly BMOSAIC estimates to produce the MMOSAIC product 

using the same OE scheme that was used to create GMOSAIC.  This last step accounts for 

spatially varying errors such as storm to storm Z-R  variability, range dependent variability due 

to bright banding or degradation at far ranges, and terrain blockages not previously accounted for 

(Fulton 1999). 

The MMOSAIC product is mapped onto the HRAP grid in XMRG file format.  The final 

dataset is created by converting MMOSAIC into ASCII files, arranged as one file for each hour 

that contains the array of precipitation amounts for all HRAP grid cells.  The hourly files are 



13 
 

saved into daily files which then are compressed and saved as monthly files.  The entire FSU 

MPE dataset for 1996 through 2005 consists of 38 gigabytes when fully extracted.  The gauge-

only FSU QC dataset also consists of ASCII files containing all available gauges for each hour 

and formatted in the same fashion as the MPE dataset.  It occupies much less disk space than the 

FSU MPE product. 

 

2.3 Watershed Assessment Model (WAM) 

WAM is a fully-distributed physically-based hydrologic model that was developed by 

SWET.  WAM primarily is used to assess the quality of surface water and the differences that 

may result from changes in land use.  Surface water flow is identified at each 100 × 100 m grid 

cell that represents the watershed.  The model routes individual flow values at the cells to 

determine values throughout the watershed.  GIS-based coverages of land use, soil, topography, 

hydrography, basin and sub-basin boundaries, point source, service area, and climate data are 

incorporated using an Environmental Systems Research Institute (ESRI) ArcView 3.2a interface.  

Imbedded models drive water movement through the land.  These include Groundwater Loading 

Effects of Agricultural Management Systems (GLEAMS) (Knisel 1993), Everglades Agricultural 

Area Model (EAAMod) (Bottcher et al. 1998; SWET 1999), and two sub-models written 

specifically for WAM to handle wetland and urban landscapes (SWET 2002).  The dynamic flow 

routing is detailed in Jacobson et al. (1998).  Attenuation is based on flow rate, characteristics of 

the flow path, and the distance of travel.  A detailed schematic of WAM’s configuration is shown 

in Fig. 6. 
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Figure 6.  Schematic of the WAM configuration (EPA 2007, SWET 2002). 

 

 

 

Rainfall input to WAM must be daily due to limits in the sub-model soil schemes.  Thus, 

WAM cannot utilize the hourly data provided by FSU MPE or the FSU QC gauges, but only 

their 24 h totals.  A GIS rainzone coverage connects the spatial area of rainfall with its data file 

using a unique identifier.  The coverage is linked to rainfall input files.  Although this allows any 

feasible polygon to be assigned rainfall amounts, WAM requires that the rainfall coverage areas 

remain static for any given model run. 

 

2.4 Methodology 

Several working and verified WAM configurations were available from SWET’s 

previous projects.  The Suwannee River WAM configuration was chosen due to a variety of 

scientific and technical reasons, some of which were stated earlier in Section 2.1.  Since our 

study aligns with the previous work of VanCleve and Fuelberg (2007), it was useful to choose a 

similar area of interest: either Fanning Springs, Suwannee River, Upper Kissimmee River, Lake 
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Istokpoga, or Estero Bay.  WAM configurations were available for each of these except Estero 

Bay. 

The relatively small size of the Fanning Springs Basin (309 km
2 

or 33 HRAP cells) made 

it the best choice for initial testing.  Fanning Springs facilitated the creation of a method to 

integrate the FSU MPE data into WAM, since working with the large rainfall dataset needed for 

the Suwannee River configuration (882 HRAP cells) was cumbersome and computer intensive.  

The Fanning Springs WAM configuration was successfully integrated.  Unfortunately, however, 

its model results could not be compared confidently with streamflow measurements due to the 

relatively small basin size, model boundary uncertainties, and irregularities in the USGS stream 

gauge measurements (Greenhalgh 2007, personal communication).  Therefore, another basin had 

to be chosen for the streamflow study. 

Understanding the impact of gauge density on rainfall input and modeled streamflow also 

is a goal of this study.  VanCleve and Fuelberg (2007) made comparisons of mean areal 

precipitation (MAP) calculated from two data sources: multi-sensor FSU MPE HRAP cells and 

FSU QC gauge-derived Thiessen polygons.  They found trends that corresponded with an 

increase of gauge density in the basin.  Fig. 7 from VanCleve and Fuelberg (2007) illustrates that 

the correlation between the two MAP calculations increases with gauge density.  Gauge densities 

in the South Florida basins were not as dynamic.  These reasons made the Suwannee River 

WAM configuration the choice for this study. 

Changing WAM’s rainfall input type from rain gauges to MPE data was not a designed 

model feature.  Therefore, extensive communications between SWET and FSU were required 

during the research.  Although WAM is in the public domain and readily downloadable from the 

internet, it is not an open source project.  Thus, many of the modifications needed to incorporate 

the multi-sensor FSU MPE input had to be made by its developers.  SWET personnel made the 

needed changes to the code and sent updated executables back to FSU.  Although the GIS 

coverages should facilitate a change in rainfall inputs, the model code originally was written for 

a limited number of Thiessen polygons covering a particular watershed.  For example, seven 

Thiessen polygons cover the same area as 140 HRAP cells of the FSU MPE data (Fig. 4).  The 

larger number of HRAP cells created many more unique combinations of rainfall and land source 

values within the 100 × 100 m WAM grid.  This and other unforeseen complication arose in 

various aspects of the code.  Many of the issues were relatively simple to solve.  In the case 

mentioned above, SWET personnel increased a parameter value that was hard-coded into WAM 
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(Jacobson 2007, personal communication).  Of course, a by-product of increasing the number of 

unique cells was an increase in model run time.  In another example, a model preparation script 

created filenames for the rainfall inputs using a six digit unique identifier for each HRAP grid 

cell.  However, WAM’s developers originally did not allow input filenames to contain that many 

characters. 

 

 

 
Figure 7.  Correlation coefficients between FSU MPE MAP and gauge-derived Thiessen 

polygon MAP as a function of total and in-basin gauge densities for the Florida portion of the 

Suwannee River Basin. Taken from VanCleve and Fuelberg (2007).   

 

 

 

2.5 Gauge-Derived WAM Input 

It is important to compile the best possible rain gauge dataset for comparison with FSU 

MPE.  Therefore, we used the same gauge data that were input to the FSU MPE scheme.  

Thiessen polygons were created from the FSU QC gauge dataset using ESRI ArcMap 9.2 

software.  Thiessen polygons define the area that is closest to each rain gauge relative to all other 
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gauges.  These are 100 × 100 m raster coverages that relate the gauge identifier to the rainfall 

input files of each rain gauge.  As input to WAM, hourly gauge amounts were summed to daily 

values.  Only those daily sums based on hourly amounts that were not missing for at least half a 

day (≥12 h) were used.  This threshold removed less than 1% of the available gauge data. 

Although some previous statistical studies have ignored missing rainfall data, this 

generally is not feasible when rainfall data are input to hydrologic models.  Since rainfall drives 

the water-cycle, WAM requires that gauge values not be missing.  Only the two NCDC gauges 

covering our AOIs were available during the entire period of the model runs.  And, even those 

gauges contained individual hours or short periods of missing data.  Five additional Suwannee 

WMD rain gauges provided shorter spans of data during the model period.  Periods when gauges 

were not available for an extended time generally occurred during the earlier years of the study 

period.  Table 2 shows the average number of gauges that were available on any given day. 

 

 

 

Table 2.  Average number of rain gauges available on a daily basis for each year. 

 

  1996 1997 1998 1999 2000 2001 2002 2003 2004 2005

Average Number 
of Gauges 

1 2 2 3 4 4 4 5 5 4 

                      

 

 

 

We devised a scheme to in-fill missing rain gauge data so that none was unnecessarily 

discarded due to WAM’s limitation of requiring only one rainzone coverage.  Even though some 

rain gauges were missing for long periods during the 1996 through 2005 period, the in-fill 

procedure allowed the Thiessen polygon WAM coverage to include all of the rain gauge 

locations regardless of missing periods.  Specifically, each missing or unavailable gauge hour 

(before daily summation) was filled with the amount from the nearest available neighboring 

gauge.  This neighbor in-fill method has been SWET’s practice in previous studies (Jacobson 

2007, personal communication), although it has obvious limitations.  Our procedure expanded on 

simply in-filling missing data because it also utilized data from periods when the gauge was not 

available.  In that sense, our method creates a dynamic rainfall input scheme by compiling 
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rainfall for the entire six year period with rain gauges that were not always available for that 

period.  This is justified by the hypothesis that Thiessen polygons for a relatively sparse gauge 

network (when a gauge is not available) will encompass the area of a denser gauge network’s 

Thiessen boundaries (when the gauge is available) (see Fig. 8 for a graphical comparison).  

Using this procedure, we eliminated all missing gauge data. 

 

2.6 Multi-Sensor WAM Input 

An HRAP polygon shapefile for the Suwannee-defined WAM basin was created using 

ESRI ArcMap based on the latitude and longitude coordinates at the center of each HRAP grid 

box.  This feature shapefile was converted to a raster 100 × 100 m coverage with a six-digit 

unique identifier based on the x and y values of each HRAP cell.  The coverage relates each 

unique HRAP cell identifier with its associated rainfall input file.  Finally, the FSU MPE data 

were formatted into a single comma-delimited file and converted to rainfall input files for WAM.  

Only those files corresponding to HRAP grid cells within the Suwannee WAM watershed were 

placed in the WAM input directory. 

Although the HRAP coverage created spatially smaller rainzones than did the Thiessen 

polygons, and although FSU MPE data were not missing over large areas for extended periods of 

time, any missing or unavailable MPE grid value was in-filled with its nearest neighbor HRAP 

value.  This procedure is similar to that described earlier for the rain gauges. This was done as 

part of our conscious effort to produce the cleanest comparisons between the multi-sensor 

streamflow and gauge-derived simulations.  By utilizing the same scheme to in-fill missing 

values with a neighboring amount, we are able to keep the WAM run based on multi-sensor 

rainfall input consistent with the run using gauge-derived rainfall input. 
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Figure 8.  Thiessen polygons for a) sparse and b) dense gauge networks.  Data from the sparse 

network were used to in-fill the denser network gauges when they were unavailable. 

 

 

 

The effects of in-filling were found to be minimal when model runs that used the missing 

data were compared with those using the filled data.  This is because less than 1% of the hourly 

b) 

a) 
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HRAP cells were missing over the AOI.  Thus, a considerable advantage of using the higher-

resolution FSU MPE data is that they constrain missing data to be less influential on model 

results.  Table 1 compares the number of Thiessen polygons and HRAP cells that were used. 

 

2.7 Model Runs 

Separate Thiessen (gauge-only) and FSU MPE (multi-sensor) WAM runs were made for 

the period 1996 through 2005.  This period primarily was constrained by the installation dates of 

the WSR-88D weather radars that were required to compute the FSU MPE product.  Since the 

original Suwannee WAM configuration had been created and verified by SWET, only those 

adjustments necessary to incorporate the FSU MPE data during our time period were 

implemented.  Original model runs made by SWET ended in 2003; therefore, the climate and 

boundary data had to be extended through 2005. 

There was no need or method to calibrate WAM for the change in rainfall inputs since 

most of WAM’s parameters have physical meanings (Bottcher 2006, personal communication).  

Nonetheless, Bradley and Kruger (1998) discussed the importance of model recalibration when 

changing precipitation inputs.  However, Jayakrishnan et al. (2005) did not calibrate the Soil and 

Water Assessment Tool (SWAT) model when analyzing the effects of Stage III radar-derived 

precipitation estimates on monthly streamflow observations.  They found that even without 

calibration, the radar-derived model run improved mean monthly streamflow.  They considered 

this to be especially encouraging since they would be unable to calibrate ungauged watersheds. 

Each WAM run required a model spin-up period of three to five years before streamflow 

could be calculated in the basin’s reaches (Jacobson 2007, personal communication).  This meant 

that rainfall data starting in 1996 began producing streamflow output in January 1999.  

Furthermore, since simulated streamflow is not accurate at the beginning of the first year, we did 

not use 1999 in statistical calculations to allow the simulated flow to reach equilibrium within 

the model.  Therefore, evaluations between the Thiessen polygons- and FSU MPE-derived 

WAM runs are for the period 2000 through 2005.  Output from the two model runs was analyzed 

at the two USGS streamflow measurement stations that were shown in Fig. 4. 
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CHAPTER 3 

RESULTS 

 

 WAM-derived streamflow was computed using gauge-derived (Thiessen polygons) input 

and multi-sensor (FSU MPE) input for the six year period 2000 through 2005.  Several statistics 

were used to evaluate WAM’s ability to reproduce observed streamflow characteristics and 

accumulated flow amounts.  Standard deviation of differences, mean difference (bias) and 

coefficient of determination (R
2
) are common statistical measures for comparing simulated 

streamflow with observed amounts.  Another common statistic of hydrologic model 

performance, the Nash-Sutcliffe efficiency (ENS) (Nash and Sutcliffe 1970) was calculated to 

represent daily simulation performance.  One other statistic, mass balance error (MBE), is a 

volume-based statistic that quantifies a model’s ability to effectively move water to the stream 

gauge site.  ENS and MBE are defined as 

  .  ∑ , ,∑ ,   (1) 

  ∑ , ∑ ,∑ , % (2) 

 

where ,  and ,  are simulated and observed flows of the ith observation, respectively,  

is the average observed flow over the study period, and  is the number of observations.  Values 

of ENS range from -∞ to 1, indicating how well the plot of observed versus predicted values fits 

the 1:1 line.  An efficiency of 1 corresponds to a perfect fit, while a negative ENS indicates that 

the model predictions are no better than the average of the observed data.  MBE is calculated as a 

percentage, ranging from -∞ to ∞, with 0% considered ideal. 

Since rainfall is the only input that differed between the two WAM runs, we assume that 

differences between the WAM-derived streamflow are due to the differing rainfall types.  We 

will focus on the larger Worthington Springs AOI to identify patterns and statistical 

characteristics due to the different rainfall inputs.  Besides the fact that the Worthington Springs 

AOI covers a larger area than the New River site, it also exhibits a greater overall correlation 
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between calculated streamflow and observed data (Table 3).  The final section of this chapter 

will examine results from the smaller New River AOI. 

Our initial goal was to determine a clear-cut winner as to which rainfall input provides 

the best streamflow simulation.  However, the results that follow show that there is no 

universally best simulation. The advantages and disadvantages of each rainfall input to the model 

configuration are presented in the following sections. 

 

 

 

Table 3.  Overall statistics for the model period 2000 through 2005 for the Worthington Springs 

AOI (USGS # 02321500) and the New River AOI (USGS #02321000).  Displayed in the 

columns are standard deviation of the differences (m
3 

s
-1

), mean difference or bias (m
3 
s

-1
), 

coefficient of determination (R
2
), Nash-Sutcliffe efficiency (ENS ), and mass balance error (MBE). 

 

  

Standard 
Deviation 

of 
Differences

Mean 
Difference 

(Bias) R
2
 ENS MBE 

Worthington Springs AOI       

   Thiessen 14.02 4.07 0.609 0.485 47.74% 

  FSU MPE 13.54     -0.33 0.579 0.557 -3.86% 

New River AOI 
        

  Thiessen 9.90 -1.40 0.372 0.356 -36.13% 

  FSU MPE 9.87 -2.09 0.396 0.344 -53.85% 
            

 

 

 

3.1 Overall WAM Results 

The six-year overall statistics for the Worthington Springs AOI (Table 3) show that the 

standard deviation of differences and the mean difference are best when utilizing the multi-

sensor FSU MPE data.  The MPE data produce a small negative bias in simulated streamflow    

(-0.33 m
3 
s

-1
), whereas the Thiessen polygons produce a larger positive bias (4.07 m

3 
s

-1
).  This is 

consistent with the mass balance error percentages in that the model slightly underestimates 

streamflow with MPE data (-4%), but greatly overestimates with Thiessen data (+48%). 

The time series of accumulated flow and the accumulated flow difference with the 

observed (Fig. 9) reveals that the FSU MPE WAM run initially overestimates streamflow at the 



23 
 

stream gauge.  MPE then underestimates the flow during most of 2003.  Subsequently, MPE 

follows the observed amounts more closely, with some underestimation late in the period.  It is 

important to note that most of the Suwannee WMD rain gauges became operational during 2002 

and 2003.  This addition appears to yield improved MPE-derived streamflow, but has little 

impact on Thiessen-derived flow.  The Thiessen runs increasingly overestimate the accumulated 

flow as time progresses.  The important point from Fig. 9 is that by the end of the six year 

period, the MPE data produce the most accurate total volume of water that flowed past the gauge 

site.  Conversely, the Thiessen data produce an overestimate of approximately one billion cubic 

meters, more than two times the average annual amount at the site. 
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Figure 9.  a) Cumulative flow (m

3
) and b) cumulative flow difference from observed (m

3
) 

beginning on 1 January 2000 and ending on 31 December 2005. 
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WAM explains the variance of observed streamflow slightly better when using Thiessen-

derived rainfall data (R
2
 of 0.61 vs. FSU MPE 0.58) (Table 3).  Conversely, the Nash-Sutcliffe 

efficiency coefficient indicates that the MPE data have a slightly better ability to help WAM 

predict streamflow (FSU MPE ENS of 0.56 vs. Thiessen ENS of 0.49).  Scatter diagrams (Fig. 10) 

compare daily Thiessen-derived streamflow with the observed (Fig. 10a), as well as MPE-

derived streamflow with the observed (Fig. 10b).  Although the two plots are very similar, one 

should note that many points from both inputs are below the 1:1 line, especially for measured 

values greater than 50 m
3 
s

-1
.  This indicates that both types of rainfall underestimate streamflow, 

especially at larger values.  However, if one looks carefully at the region less than 50 m
3 
s

-1
 

measured streamflow, more Thiessen days fall above the 1:1 line than do MPE days.  

Alternatively stated, more days fall below the 1:1 line with MPE input than with Thiessen input.  

This implies that the Thiessen input leads to greater overestimates in this streamflow range than 

does MPE.  Similarly, it implies that MPE input leads to greater underestimates during periods of 

reduced streamflow.  Both outliers near the tops of the diagrams are associated with tropical 

events during September and October 2004. 
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Figure 10.  Scatter diagrams of daily simulated vs. measured flow (m

3 
s

-1
) for a) WAM with 

Thiessen polygons rainfall input and b) WAM with FSU MPE rainfall input.  Each point 

represents one day, giving a total of 365 days/yr × 6 yrs.  The 1:1 line is shown for each plot. 
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 Most managers are interested in periods of low-flow and high-flow because that is when 

decisions often must be made.  Table 4 categorizes the observed flow according to its rank.  A 

low flow day is considered to be at or below the 25
th

 percentile of observed conditions, while a 

high flow day is above the 75
th

 percentile.  During high-flow periods the FSU MPE data produce 

a negative bias (-7.82 m
3 
s

-1
) and contribute to negative MBE.  Conversely, Thiessen data 

produce smaller positive biases (2.11 m
3 

s
-1

).  However, the Thiessen-derived MBE (7.1%) is 

superior to that from FSU MPE (-26.3%). 

 

 

 

Table 4.  Flow rank statistics from the model period 2000 through 2005 for the Worthington 

Springs AOI (USGS # 02321500).  Flow rank is based on observed flow during the period.  

Displayed in the columns are standard deviation of differences (m
3 
s

-1
), mean difference (bias) 

(m
3 
s

-1
), coefficient of determination (R

2
), Nash-Sutcliffe efficiency (ENS), and mass balance error 

(MBE). 

 

  

Standard 
Deviation 

of 
Differences

Mean 
Difference 

(Bias) R
2
 ENS MBE 

High (75th Percentile)         

  Thiessen 25.24 2.11 0.524 0.391 7.07% 
  FSU MPE 24.81 -7.82 0.504 0.357 -26.28% 

Low (25th Percentile)         

  Thiessen 3.86 2.67 0.000 -1453.7 1533.8% 
  FSU MPE 2.75 1.62 0.001 -669.0 928.0% 
            

 

 

 

Both rainfall inputs perform very poorly during low-flow conditions (Table 4), especially 

based on the R
2
, ENS, and MBE statistics.  It is implied that WAM was developed to perform 

better during high-flow conditions when using point-based rain gauge data.  For example, values 

of R
2
 are very small during low-flow days (~ 0.00), while R

2
 is much greater on high-flow days 

(~ 0.50).  Furthermore, if we consider the fact that HRAP cells are 4 × 4 km areal averages of 

rainfall and Thiessen polygons are point-based high intensity peaks, it only makes sense that 

model physics probably need adjustment to better distribute the rainfall across a watershed.  It 

also is important to remember that many low-flow periods occurred during the drought years 
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when streamflow sometimes reached zero.  WAM’s ability to simulate such extreme events is 

not well known. 

 

3.2 Yearly Characteristics 

Streamflow results next are categorized by calendar year.  This is informative because 

more rain gauges became available during the second half of the study period, and individual 

rain events exert a greater impact during individual years.  Fig. 11 is a summary of annual model 

performance based on accumulated daily flow.  It is obvious that streamflow is not constant 

during the six year study period.  The first three years are very dry compared to the second half 

of the period.  In fact, the sum of the measured flow between 2000 through 2002 is less than the 

amount during 2003 alone.  North Florida experienced severe drought conditions between 1998 

and 2002, with the flow at Worthington Springs reaching zero at some times during the period 

(Verdi et al. 2006).  Verdi et al. compared streamflow during the drought years to the average 

annual amount for the period of record back to 1931.  Streamflow on the Santa Fe River at 

Worthington Springs was only 8% of its average annual amount during 2000, 16% in 2001, and 

12% in 2002.  The flow increased to above average during 2003 when the drought ended. 

The FSU MPE-derived accumulated annual flows (Fig. 11) agree best with measured 

values during 2000, 2001, 2002 and 2004.  Conversely, Thiessen-derived amounts agree best 

during 2003 and 2005.  Thus, the MPE data enable WAM to perform better (in terms of 

accumulated annual flow) during the drought years.  MPE also performs better in 2004.  This is 

interesting because although 2004 is not a drought year, the MPE data produce better streamflow 

during the heavy rains associated with tropical systems in September and October, as well as 

during the remainder of the year when conditions are more similar to the earlier drought years.  

With fewer rainfall events during drought years, it is likely that the rainfall was more “spotty”, 

and therefore less likely to be resolved by the relatively sparse rain gauge network.  On the other 

hand, the greater spatial resolution of the FSU MPE data is more likely to capture the spatial 

variability between rain gauge sites and place the correct amount of water over the AOI.  A later 

section will investigate spatial rainfall influences. 

 



29 
 

 
Figure 11.  Accumulated daily flow (acre-feet) for each year during the model period on the 

Santa Fe River at Worthington Springs (USGS #02321500).  The graph compares WAM 

simulated results using Thiessen polygons as rainfall input (green), WAM simulated results 

using FSU MPE as rainfall input (purple), and measured values at the stream gauge site 

(magenta).  The division to the right of 2005 breaks down the 2004 accumulations into the 

streamflow associated with tropical systems Frances and Jeanne (SepOct2004) and all of 2004 

excluding those systems (Rest2004). 

 

 

 

Both WAM runs often misrepresent specific flow events, either miscalculating peaks or 

periods of low flow.  Hydrographs at the Worthington Springs site are shown for years 2000 

(Fig. 12a) and 2005 (Fig. 13a).  Graphs of differences between the hydrographs in Figs. 12a and 

13a are shown in Figs. 12b and 13b, respectively.  The year 2000 (Fig. 12) had 

uncharacteristically low flow due to drought conditions, while 2005 (Fig. 13) exhibited average 

flow.  Both years generally exhibit relatively large flow during March to April and again 

between June and July.  Conversely, flow minima occur during May and toward the end of the 

year, although December 2005 contains an uncharacteristic maximum due to late season rains.  

Although both WAM runs overestimate accumulated flow during the 2000 drought year (Fig. 
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11), the MPE rainfall generally does not produce the excessive flow spikes seen with the 

Thiessen rainfall (Fig. 12a). 

Both model runs are more likely to underestimate individual streamflow events during 

2005 (Fig. 13b) than in 2000 (Fig. 12b).  The FSU MPE run shows only a few spikes that 

overestimate the observed flow (i.e., March and December), whereas the Thiessen run produces 

excessive spikes during March, May, June, October, and December.  These events may partially 

explain why the FSU MPE data agree more closely with the observed than do the Thiessen data 

when considering accumulations during drought years.  However, MPE underestimates 

accumulations more than Thiessen data during years of average rainfall (Fig. 11).  These 

observations are consistent with the scatter plots (Fig. 10) which showed more days when the 

Thiessen-derived WAM run was above the 1:1 line when observed flow was less than about 75 

m
3 

s
-1

, and even more days when the MPE-derived WAM run was below the 1:1 line. 
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Figure 12.  a) Hydrograph and b) simulated streamflow difference from observed for 2000. 
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Figure 13.  a) Hydrograph and b) simulated streamflow difference from observed for 2005.  

Note that this scale is much greater than for 2000 (Fig. 12). 
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Table 5 quantifies characteristics of the two input datasets during individual years.  FSU 

MPE-derived streamflow is closest to the observed (according to MBE) during 2000, 2001, 2002 

and 2004.  Conversely, Thiessen-derived values are closest to observed during 2003 and 2005.  

Based on the coefficient of determination (R
2
), MPE input performs better than Thiessen input 

during 2001, 2002, 2003, and 2005.  As noted in Section 3.1, Nash-Sutcliffe efficiency (ENS) is 

an indicator of WAM’s predictive ability.  ENS shows that the MPE-derived WAM simulation 

has more skill than the Thiessen-derived simulation during 2000, 2001, 2002, and 2004.  ENS 

with MPE input is approximately equal to Thiessen polygon input during 2005, and only in 2003 

does the Thiessen-derived simulation exhibit more skill than the MPE-derived simulation. 

Excluding the Thiessen anomaly in 2000, R
2
 for both inputs generally improves during 

the later years as gauges are added in the Suwannee basin and as more rain falls over the AOI.  

MBE also improves substantially over time.  The years 2003 and 2005, when average annual 

flow agrees best with the Thiessen-derived WAM run (Fig. 11), are the only years when both 

runs show negatively biased streamflow.  The negative biases are greatest for the FSU MPE data.  

In fact, one should note that the negative biases during these two years are so much greater than 

the positive biases in other years that the overall six year values (Table 3) exhibit a slight 

negative bias.  Nonetheless, the MPE simulations during 2003 and 2005 provide the better R
2 

values with observed streamflow.  2000 and 2004 are the only two years when Thiessen-derived 

WAM runs outperform MPE in terms of explained variance (R
2
).  However, MPE produces 

improved mean difference, Nash-Sutcliffe efficiency, and mass balance error for even these 

years.  There is no year when Thiessen-derived runs outperform MPE-derived runs in every 

statistical category, but there are two years when MPE performs best in all categories (2001 and 

2002). 

Figure 11 and Table 5 illustrated that the FSU MPE data cause WAM to overestimate 

accumulated daily flow during four of the six years, except during 2003 and 2005.  Figure 14 

compares hydrographs for 2003 through 2005.  Spring and summer of 2003 and 2005 exhibit 

periods of much greater streamflow than the corresponding 2004 seasons.  In fact, the only major 

streamflow peaks in 2004 occur during the two tropical events.  The Thiessen-derived WAM run 

overestimates during four years, and produces approximately the observed streamflow during 

2003 and 2005.  Years 2003 and 2005 are outside of the drought period and have approximately 

average rainfall totals.  Although 2004 as a whole also experiences greater rainfall than the 

drought period, a large percentage of its rain occurs with two tropical events during September 
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and early October 2004 (Tropical Storms Frances and Jeanne).  One should note that the MPE-

derived WAM run does not underestimate accumulated streamflow during September and 

October 2004 (the tropical events).  In fact, it compares better with the observed flow than does 

the Thiessen-derived run (right side of Fig. 11).  This suggests that the MPE data are not as likely 

to produce underestimates during tropical events that produce heavy widespread rainfall.  The 

reasons for this currently are unknown; it is a subject for future study.   

 

 

 

Table 5.  Annual statistics for the period 2000 through 2005 for the Worthington Springs AOI 

(USGS # 02321500).  Displayed in the columns are standard deviation of the differences (m
3 
s

-1
), 

mean difference (bias) (m
3 

s
-1

), coefficient of determination (R
2
), Nash-Sutcliffe efficiency (ENS), 

and mass balance error (MBE).  The division below year 2005 categorizes the 2004 

accumulations into the streamflow associated with tropical systems Frances and Jeanne 

(SepOct2004) and all of 2004 excluding those systems (Rest2004). 

 

  

Standard 
Deviation of 
Differences 

Mean 
Difference 

(Bias) R
2
 ENS MBE 

2000       

  Thiessen 5.83 3.79 0.640 -20.510 390.17% 
  FSU MPE 2.73 1.59 0.412 -3.446 163.48% 

2001         

  Thiessen 11.25 7.30 0.294 -5.360 360.52% 
  FSU MPE 6.09 3.49 0.377 -0.742 172.64% 

2002         

  Thiessen 6.96 5.67 0.311 -3.179 211.30% 
  FSU MPE 4.44 1.95 0.341 -0.217 72.49% 

2003         

  Thiessen 16.10 -0.37 0.552 0.548 -2.00% 
  FSU MPE 15.73 -8.28 0.672 0.449 -45.12% 

2004         

  Thiessen 22.66 8.07 0.702 0.526 60.10% 
  FSU MPE 23.70 2.87 0.638 0.534 21.42% 

2005         

  Thiessen 11.47 -0.02 0.631 0.630 -0.18% 
  FSU MPE 10.90 -3.63 0.683 0.630 -26.27% 
      

SepOct2004         

  Thiessen 51.88 15.23 0.514 -0.537 22.56% 
  FSU MPE 57.19 0.92 0.514 -0.720 1.36% 

Rest2004         

  Thiessen 8.09 6.63 0.413 0.663 255.08% 
  FSU MPE 4.33 3.27 0.409 0.909 129.03% 
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Figure 14.  Hydrographs for a) 2003, b) 2004, and c) 2005 comparing WAM-derived streamflow 

using Thiessen polygons as rainfall input (green), WAM simulated results using FSU MPE as 

rainfall input (purple), and measured values at the stream gauge site (magenta). 
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For reference purposes, a hydrograph focused on the September through October 2004 

tropical storm period is shown in Fig. 15.  It is clear that WAM performs much better during the 

second streamflow peak associated with Tropical Storm Jeanne than during the first peak 

associated with Tropical Storm Frances.  Since many model complexities occur during back-to-

back heavy tropical rain events, we will not discuss this period further. 

The individual yearly results generally indicate that Thiessen-derived rainfall produces 

streamflow that either is very similar to observed (2003 and 2005) or an overestimate (other 

years) (Table 5, Fig. 11).  However, daily flow variations appear to be better explained by the 

FSU MPE data, which generally underestimate streamflow when there is abundant rainfall over 

the AOI and when that rainfall occurs on a regular basis.  An unexpected finding is that despite 

both datasets underperforming during the drought years (low flow), the MPE data are less likely 

to produce large spikes (or as large a spike) in streamflow that are not validated by observations.  

This may occur because during low-flow scenarios, rainfall events generally will be localized 

and therefore more likely to be hit or missed by a specific rain gauge site.  This creates greater 

deviations in the small number of rain gauges (Thiessen-derived rainfall). Conversely, during 

high-flow scenarios when there are more abundant showers and thunderstorms, the rainfall 

pattern is likely to be more spatially uniform (Kitzmiller 2008, personal communication).  The 

2004 case seems to confirm this hypothesis.  Although 2004 experiences approximately average 

streamflow, little occurs outside of the September and October 2004 period.  Years 2003 and 

2005 have above average streamflow at other times during the year (Fig. 14).   
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Figure 15.  a) Hydrograph and b) simulated streamflow difference from observed for September 

through October 2004. 
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The right side of Fig. 11 divides the 2004 accumulated daily streamflow into the 

September/October (tropical) period (SepOct2004) and the rest of the year (Rest2004).  The rest 

of 2004 period compares best with the drought years 2000 through 2002 when FSU MPE 

performs better than Thiessen input in terms of streamflow accumulations (Fig. 11) and MBE 

(Table 5).  The fact that most of the rainfall during 2004 occurs during the two tropical events is 

consistent with the hypothesis that more events (rain days, not amounts) cause the MPE to 

underestimate rainfall. 

Radars are more likely to underestimate than overestimate precipitation amounts  

(Chapter 1).  When more rainfall events occur, the underestimation problem is exacerbated.  

Additional hydrologic model development and research on the use of high-resolution rainfall 

data may provide solutions to this problem, especially since the WAM model originally was 

developed for point-based rain gauge data in which rainfall peaks were distributed throughout 

the modeling system.  

 

3.3 Seasonal Characteristics 

 We next examine the natural seasonal variability in rainfall.  Since rainfall patterns are 

not consistent throughout the year, the multi-sensor and gauge-derived rainfall datasets may 

produce different errors during different seasons.  For example, during a typical winter season, 

stratiform precipitation associated with frontal systems (VanCleve and Fuelberg 2007) often 

moves northwest to southeast through the AOI.  Spring and summer patterns are quite different, 

with convective precipitation likely to be forced by sea and lake breezes or daytime heating 

(Lericos et al. 2002).  Tropical and mesoscale convective systems also influence the AOIs at 

times during the year. 

Florida weather patterns do not stereotypically fall into the simple categories of winter, 

spring, summer, and fall.  Based on data from the meteorological station closest to our AOIs 

(Gainesville Regional Airport), we chose four three-month periods to describe seasonal patterns.  

Specifically, streamflow statistics for the Worthington Springs AOI were categorized by the 

periods January-March, April-June, July-September, and October-December.  This choice 

mostly was based on precipitation patterns and to a lesser extent by temperature patterns and 

tropical influences.   

Figure 16 shows accumulated daily flow for the four periods.  Strengths and weaknesses 

of both rainfall inputs are evident.  During every three-month interval, the Thiessen-derived 
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WAM run overestimates the accumulated streamflow.  The major strength of the FSU MPE data, 

to better estimate convective precipitation totals during the spring and summer (April-

September), also is apparent (Fig. 16).  One should note the greater likelihood that the MPE-

derived WAM run underestimates streamflow during months when frontal passages bring 

substantial precipitation (October-March).  Results for October through December are not as 

obvious as those for January through March, probably because this late part of the calendar year 

usually is relatively dry and not as active (with frontal passages) as the early part of the year. 

 

 

 

 
Figure 16.  Accumulated daily flow (acre-feet) for each three-month period from 2000 through 

2005 on the Santa Fe River at Worthington Springs (USGS #02321500).  The graph compares 

WAM simulated results using Thiessen polygons as rainfall input (green), WAM simulated 

results using FSU MPE as rainfall input (purple), and measured values at the stream gauge site 

(magenta). 
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Table 6 shows the same statistics as the previous three tables, except for the three-month 

seasonal periods.  Daily accumulations (Fig. 16) and MBE (Table 6) reveal that volumes are 

better estimated with the FSU MPE input for every seasonal period except January through 

March.  ENS shows that when WAM utilizes MPE rainfall, it has better predictive skill than when 

using Thiessen polygon input.  This also is true for every seasonal period except January through 

March. 

 

 

 

Table 6.  Seasonal statistics for the period 2000 through 2005 for the Worthington Springs AOI 

(USGS # 02321500).  Displayed in the columns are standard deviation of the differences (m
3 
s

-1
), 

mean difference (bias) (m
3 

s
-1

), coefficient of determination (R
2
), Nash-Sutcliffe efficiency (ENS), 

and mass balance error (MBE). 

 

  

Standard 
Deviation 

of 
Differences

Mean 
Difference 

(Bias) R
2
 ENS MBE 

Jan - Mar           

  Thiessen 10.85 0.35 0.735 0.719 3.98% 
  FSU MPE 11.74     -2.98 0.801 0.650 -33.48% 

Apr - Jun           

  Thiessen 10.43 4.88 0.526 0.219 87.25% 
  FSU MPE 8.49 1.05 0.586 0.568 18.85% 

Jul - Sep           

  Thiessen 21.34 7.35 0.592 0.345 57.51% 
  FSU MPE 21.11 0.74 0.565 0.426 5.77% 

Oct - Dec           

  Thiessen 8.77 3.66 0.726 0.648 53.42% 
  FSU MPE 8.12 -0.16 0.755 0.743 -2.40% 
            

 

 

 

Table 6 also reveals that when FSU MPE is input to WAM, values of R
2
 exceed those of 

Thiessen polygons in all periods except July through September, when the AOI normally 

receives the majority of its precipitation in the form of thunderstorms.  At least 100,000 acre-feet 

more water pass through the stream gauge site during this late summer period than January 

through March, the next highest period.  WAM streamflow based on MPE rainfall shows a small 

positive mean difference (bias) during the late summer, while the Thiessen rainfall shows a much 
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greater bias.  As might be expected, negative biases and negative MBE in the MPE runs occur 

during the winter when radar data are most likely to underestimate rainfall (Stellman et al. 2001) 

due to the radar beam overshooting stratiform rain.  The relatively large explained variance (R
2
) 

during the winter months probably is attributable to the fact that streamflow tend to be more 

constant (fewer peaks) during this period. 

Considering the previous results, there often have been cases when one statistic does not 

indicate good model performance with a particular rainfall input, whereas another statistic 

associated with a different aspect of the model’s ability does reveal good performance.  It is 

interesting to note that the predictive power of WAM with MPE input (ENS) is best during all 

periods except January through March (Table 6)  However, these months are when the 

correlation between the simulated and observed streamflow (R
2
) is the best of all three-month 

periods.  January through March also is when MPE-derived MBE is worst.  These contrasting 

statistics imply that the accuracy of simulated streamflow depends greatly on the ability of the 

rainfall input to measure the event.   

The contrasting statistics lead to several observations regarding the use of WAM in its 

current configuration.  Current results suggest that a modeler should consider the goal of his/her 

study when determining which rainfall input to use.  If long-term volumes are most important, 

FSU MPE usually is the better choice.  However, when examining individual events, it seems 

more difficult to determine which input will most closely parallel the observed streamflow.  The 

modeler would need to perform extensive research with the datasets before selecting one for 

input to WAM.  Since every modeler likely wants the best results in every scenario, these results 

suggest that WAM may require adjustments to better utilize the high resolution MPE data.  

Future simulations with other hydrologic models should shed more light on this topic. 

 

3.4 Influence of the Spatial Rainfall Distribution 

Rainfall totals for the period 2000 through 2005 (Fig. 17) show that the 4 × 4 km FSU 

MPE data produce greater spatial variability than the Thiessen polygons.  MPE totals range from 

255 in. to 360 in., while the lower (upper) limits of gauge amounts are 285 in. (380 in.).  Three of 

the rain gauges (Fig. 17) are located in areas where rainfall is relatively large, and no gauges are 

positioned in the southeastern portion of the AOI where there is a relative rainfall minimum.  

The placement of rain gauges relative to the rainfall pattern would have to be analyzed on a case 
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by case basis to determine its impact when model runs are made with gauge-only data.  

However, this is not necessary when using a higher resolution dataset such as MPE. 

The locations of gauges with respect to a rainfall pattern determine whether MPE- or 

Thiessen-derived streamflow will be closer to the observed, or when one will over or under 

estimate more than the other.  Earlier sections have shown that the MPE data generally produce 

the greatest underestimates of streamflow.  To help explain these results, we now examine 

rainfall maps for 2000 and 2005 to determine where the rain occurred over the AOI and how the 

amounts are represented in the model.  The Thiessen data produce more rainfall in the AOI 

during both years, but especially in 2000 when MBE is most overestimated (390%) (Table 5).  

This causes the Thiessen WAM run in 2005 to overestimate streamflow 227% more than its 

MPE counterpart.  The difference between Thiessen-derived MBE and MPE-derived MBE during 

2005 (26%) is much less than in 2000.  In fact, both WAM runs show negative MBE in 2005. 

 

 

 

 
Figure 17.  Spatial depiction of summed rainfall (in.) for 2000 through 2005 using FSU MPE 

HRAP data (left) and Thiessen polygons (right).  Rain gauge sites are denoted by the white 

circles.  Stars indicate stream gauge sites. 
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During 2000 (Fig. 18a), the Thiessen polygons are based on gauges that are located south 

of the AOI, thereby influencing the modeled catchment with greater rainfall than occurs inside 

the AOI.  As noted previously in the overall 2000-2005 spatial map (Fig. 17), no gauges are 

located in the southeast section of the AOI where a relative minimum is revealed by the detailed 

MPE data.  Thus, the minimum is not depicted in the Thiessen coverages.  This sampling 

problem explains why the Thiessen-derived WAM run overestimates streamflow, especially 

during the drought in 2000. 

The rainfall map for 2005 (Fig. 18b) shows that the MPE data depict the relative 

minimum in the southeast section of the AOI even during years with above average rainfall.  

Although not portrayed directly in the 2005 Thiessen maps (when comparing rain gauge amounts 

to HRAP cell amounts), the rain gauge near the middle of the AOI measures less rainfall than 

detected by MPE.  This reduced rainfall influences a large portion of the AOI.  One should recall 

that unlike most other years, the Thiessen run does not overestimate rainfall during 2005.  Thus, 

the placement of rain over the gauges within the AOI may explain the better performance of the 

Thiessen-derived model run during this year.  Figs. 17 and 18 do not depict rainfall patterns 

during particular rain events.  Nonetheless, these individual events are when most differences in 

streamflow occur (Kalinga and Gan 2006). 

It is difficult to determine the impact that the number of rain gauges has on streamflow.  

Although the early years during model spin-up (1996-1999) contain a relatively small number of 

gauges (Table 2), an increased number remains fairly steady during the model output years.  

Specifically, 2000 through 2002 and 2005 average four gauges that influence the AOI each day, 

while 2003 and 2004 average five gauges. 

The comparisons of spatial rainfall maps (Figs. 17 and 18) suggest that the placement of 

rain gauges relative to the precipitation is very important because the gauge density is relatively 

small. Although more rain gauges imply a better chance of capturing the rainfall variability, if all 

of them were located at either local maxima or local minima, their data still would not provide an 

accurate assessment of the water that is input to the hydrologic system.  A more uniform gauge 

spacing would be needed.  Alternatively, it might seem beneficial to determine optimum gauge 

locations with respect to annual rainfall patterns, but the rainfall patterns change with each 

precipitation event.  With a resolution of 4 × 4 km, the MPE data certainly are better suited for 

detecting small scale variations in rainfall. 
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Figure 18.  Rainfall comparison maps showing summed rainfall amounts (in.) using FSU MPE 

HRAP (left) and Thiessen polygons (right) for a) 2000 and b) 2005. 

 

 

a) 

b) 
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3.5 AOI Size Characteristics 

Differences in modeled streamflow that arise from using Thiessen polygons vs. FSU 

MPE input now will be considered for the smaller New River AOI (Fig. 4).  Up to this point, 

results were presented only for the larger AOI (Santa Fe River at Worthington Springs).  

   VanCleve and Fuelberg (2007) found that mean volume differences and standard 

deviations of differences for Thiessen vs. FSU MPE rainfall data increased with basin size.  

Table 3 shows consistent results for streamflow – the standard deviation of streamflow 

differences is less for the smaller AOI (New River) than for Worthington Springs when using 

either Thiessen polygons or MPE.  This can be explained by considering the relative sizes and 

streamflow values of the two regions (VanCleve and Fuelberg 2007).  Since the New River AOI 

is a component of the larger Worthington Springs AOI, the Worthington Springs stream gauge 

always should measure at least the same flow as New River.  Since we are dealing with larger 

streamflow values at Worthington Springs, this could yield greater differences in flow.  Although 

similar reasoning can be applied to the mean differences, the location of the rainfall becomes 

very important.  Underestimates of streamflow by both rainfall inputs are more common in the 

smaller AOI than in Worthington Springs.  Although negative biases and negative MBE occur 

over the smaller AOI, the MPE data produce the largest negative values.  Even when using the 

higher-resolution MPE data, streamflow in the smaller AOI is modeled as poorly as when using 

Thiessen polygons.  Some of this difference may be due to the resolution and accuracy of other 

WAM inputs.  Changing these inputs while using the same rainfall data could help determine 

their influence. 

The mean difference and MBE statistics change from relatively large positive values 

(Worthington Springs AOI) to negative (New River AOI) when Thiessen data are input to WAM 

(Table 3).  The MPE data do not produce as much change, but are more negative in the smaller 

AOI.  Although both rainfall inputs reduce R
2
 values within the smaller AOI, the MPE data do 

not show as much loss in quality.  Since both rainfall inputs decrease MBE in the smaller AOI, 

other WAM inputs may be influencing the results.  Determining the effects of the other inputs 

would require a separate in-depth study that is beyond the scope of the current research.   

The important point of this section is that comparing results from the small AOI with 

those of the large AOI does not provide conclusive insights as to which rainfall input is best.  

This is because inconsistently poor results from the Thiessen polygons are compared with 
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consistently poor results from MPE.  These results again suggest that the hydrologic model 

should be improved. 

We will not present New River statistics for each category as done for Worthington 

Springs (i.e., flow rank, yearly, and seasonal).  Although these were calculated, only one shows 

improvement over Worthington Springs.  The only statistic when the smaller New River AOI 

shows any improvement compared to the larger Worthington Springs AOI is the annual R
2
 value 

for 2001, which increased to 0.350 (0.477) from 0.294 (0.377) for Thiessen (FSU MPE) input.  

This improvement may be a result of where and when the rain fell during 2001 since no other 

period shows similar improvement.   
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CHAPTER 4 

SUMMARY AND CONCLUSIONS 

 

Considerable time, money, and effort are being spent to improve radar-derived and multi-

sensor rainfall estimates.  Multi-sensor rainfall data typically have been used for flash flood 

forecasting, but their utility extends far beyond real-time scenarios.  It is important to understand 

their implications on the hydrologic modeling of short-term flash floods and on long-term water 

resource management. 

Florida State University (FSU) has created a ten year (1996-2005) historical rainfall 

dataset for Florida using the National Weather Service’s (NWS) Multisensor Precipitation 

Estimator (MPE) scheme.  This procedure combines hourly Digital Precipitation Arrays (DPAs) 

from radars within the jurisdiction of the Southeast River Forecast Center (SERFC) with hourly 

rain gauge data from the five Florida Water Management Districts (WMDs) and the National 

Climatic Data Center (NCDC).  FSU thoroughly quality controlled all the gauge data using an 

objective scheme described in Marzen and Fuelberg (2006).  The MPE scheme optimally 

combines the quantitative strengths of rain gauge data with the higher spatial resolution of radar 

data. 

Two different rainfall datasets were input to the Watershed Assessment Model (WAM) to 

compare simulated streamflow with each other and to observed amounts.  Careful consideration 

was given to making “clean” comparisons between the gauge-derived and multi-sensor datasets.  

The FSU quality-controlled gauge data were input to WAM using Thiessen polygon coverages.  

The MPE data were input on the high resolution 4 × 4 km Hydrologic Rainfall Analysis Project 

(HRAP) grid.  Hourly data from both sources were summed to daily amounts before insertion 

into the Suwannee River configuration of WAM.  Two United States Geological Survey (USGS) 

stream gauge sites within the Suwannee River watershed were chosen to represent catchments, or 

areas of interest (AOIs), where rainfall differences would directly impact streamflow without the 

complications of outside influences.  One site was on the Santa Fe River at Worthington Springs 

(#02321500) and the other was upstream on the New River near Lake Butler (#02321000). 

Streamflow results were presented over the two AOIs from the USGS gauges, WAM 

simulated flow using Thiessen polygons as input (FSU quality-controlled rain gauges), and 

WAM simulated flow using FSU MPE HRAP grid cells as input.  The different rainfall inputs to 

WAM significantly impacted the resulting simulated hydrographs and their comparison with 
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observed hydrographs.  Similar to the findings of mean areal precipitation (VanCleve and 

Fuelberg 2007), the MPE data usually produced less streamflow at the gauge sites than did the 

Thiessen polygons.  Sometimes the MPE-derived streamflow agreed better with observed daily 

amounts, while at other times it did not.  For the six-year comparison period (2000-2005), 

correlations (R
2
) between simulated and observed streamflow were similar among the two 

rainfall inputs, approximately 0.58-0.61.  However, the six year accumulated flow based on FSU 

MPE rainfall was much closer to the observed accumulation than was the flow based on 

Thiessen polygons.  WAM runs utilizing Thiessen polygons greatly overestimated the 

accumulated flow. 

The statistics were categorized according to high-flow and low-flow days.  Results 

showed that low-flow days offered little statistical insight into the merits of either rainfall source.  

Conversely, during high-flow days the MPE data produced a negative mean difference and mass 

balance error, while Thiessen polygons produced smaller positive mean difference and mass 

balance error. 

The results suggest that WAM did not perform well during low-flow days and drought 

conditions that occurred during part of our study period.  The greatest effort in hydrological 

modeling appears to have been aimed at perfecting the peaks during high-flow periods using the 

point-based rain gauge amounts.  This is commendable since the improved forecasting of flash 

floods is a major goal.  However, low-flow periods are very important to water resource 

managers, especially when dealing with the pollutant load of a particular water body.  WAM 

needs to be modified to better model periods of low streamflow.  The hydrography in a portion 

of the upper Santa Fe River also needs to be better delineated in WAM which might further 

improve the simulated streamflow (Bottcher 2007, personal communication). 

Annual streamflow statistics revealed other interesting findings.  Both AOIs experienced 

drought during the early years of comparison, while the latter years contained average to above 

average streamflow.  Tropical systems Frances and Jeanne caused large streamflow anomalies 

during 2004 when MPE was superior.  During years when the flow was below average, MPE 

provided the most accurate representation of annual accumulated streamflow.  Accumulations 

during the later years of average or above average rainfall were better represented by the gauge-

derived Thiessen polygons, except in 2004.  Although 2004 had nearly average streamflow, the 

majority was due to two tropical events.  During years when MPE showed the greatest 

accumulated underestimates, the MPE WAM run still correlated best with observed streamflow.  
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This implies that tweaking the hydrologic model to better utilize the MPE dataset may produce 

improved results.  The developers of WAM should seriously consider this possibility. 

An examination of individual hydrograph peaks showed that MPE-derived streamflow 

was less likely to overestimate streamflow events during average rainfall years.  Conversely, the 

Thiessen data more commonly overestimated during average rainfall years.  During drought 

years both rainfall inputs overestimated streamflow during peak events; however, MPE produced 

less overestimation.  Contrary to climatological logic, the current results suggest that the use of 

rain gauge data in WAM compounds (as opposed to cancels out) streamflow volume errors 

during longer accumulation periods, especially in drought years. 

WAM simulated streamflow also was examined according to season.  Three-month 

seasonal periods showed that the FSU MPE data underestimated streamflow accumulations 

during winter periods when stratiform precipitation is most common in Florida.  Radar 

underestimation during widespread stratiform events has been widely documented and attributed 

to the radar beam overshooting relatively low echo tops at farther distances.  Since our two AOIs 

were approximately 75 km from the nearest radar, beam overshooting may play a major role in 

MPE’s underestimation of stratiform events.  Thiessen polygon WAM runs for the three-month 

seasonal periods always overestimated accumulated daily streamflow amounts.  Although the 

MPE run also overestimated streamflow during the spring and summer, those results were closer 

to observed accumulations. 

Convective precipitation is most common during the summer months, and the MPE data 

seemed to exhibit an advantage over Thiessen polygons when simulating streamflow during 

these events.  However, correlations between simulated and observed flow during the summer 

months were not as good as accumulations with MPE data.  The weakness of the MPE WAM 

simulation seems to lie in two statistical and seasonal areas: Accumulations during 

winter/stratiform events and correlations during summer/convective events. 

Rainfall patterns significantly influenced streamflow differences between the two 

versions of precipitation data.  Rainfall maps from MPE and Thiessen polygons were compared 

to annual streamflow statistics.  Results indicated that the distribution of individual rainfall 

events in relation to rain gauge locations was an overriding factor in determining which input 

better simulated observed streamflow.   

It was not possible to determine the impact that the number of gauges in and around the 

AOIs had on the simulated streamflow results.  Instead, the placement of gauges likely is a much 
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greater factor in determining how well the rainfall is distributed to WAM.  Although more 

gauges would improve rainfall detection, it is not economically feasible to install an optimum 

number of gauges nationwide.  Instead, it would be better to perfect a multi-sensor scheme. 

Finally, we examined the impact of basin size when using the same two rainfall inputs in 

WAM.  We compared the larger Worthington Springs AOI to the smaller, upstream New River 

AOI.  Both WAM runs showed poor correlations with observed values in the smaller AOI.  In 

addition, underestimates based on mean differences and mass balance errors were more common 

in the smaller AOI.  Even the higher resolution MPE data did not show great improvement over 

the Thiessen polygons in the small AOI.  However, results from the MPE rainfall simulation 

were more consistent from large basin to small basin.  Thiessen polygons produced streamflow 

results that ranged from a large positive bias to a small negative bias.  The MPE runs showed 

consistently negative biases, with smaller changes in mean difference and mass balance error.  

We hypothesized that other model inputs may not have sufficiently high resolution to enable the 

higher-resolution rainfall data to improve the simulated streamflow.  Further study is needed on 

this topic. 

My personal experiences with WAM indicate that the FSU MPE data generally provide 

more reliable streamflow simulations.  Despite WAM’s possible inadequacies, the MPE data 

generally provided improved correlations with observed streamflow and were much better in 

estimating volume amounts.  Furthermore, during model setup, missing MPE data did not have 

as negative an impact on WAM as when gauges were missing.  Still, it is obvious that there 

currently are flaws in both data types and that there is no perfect precipitation measurement 

method.  Judgment still is the key to any modeling study. 

This study has provided a better understanding of the advantages and disadvantages of 

using each rainfall collection method for hydrologic modeling.  The results highlight intricacies 

where improvements must be made to the modeling approach from both the meteorological and 

hydrological perspectives.  Borga (2002) noted that it is difficult to separate rainfall uncertainty 

from possible hydrologic model errors, but that hydrologic modeling still is a feasible approach 

to determine basin-wide differences between gauge and radar rainfall inputs.  Although it is 

difficult to say whether inadequacies are due to a hydrologic model or its input data source, we 

hope that this study sheds more light on this issue. 

Some of the studies that were reviewed in Chapter 1 indicated that modeled streamflow 

based on radar-derived or multi-sensor precipitation was superior to that obtained from rain 
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gauge data alone (e.g., Vieux and Bedient 1998, Bedient et al. 2000, Ogden et al. 2000, Cooper 

et al. 2006a).  However, other studies indicated the opposite—that high resolution rainfall data 

did not produce better streamflow (e.g., Neary et al. 2004, Kalin and Hantush 2006).  We began 

this study with the hypothesis that MPE data clearly would produce the best results.  This 

hypothesis was based on the belief that additional input sites should produce more accurate 

streamflow.  Although our various statistics were somewhat contradictory, MPE in most 

situations did provide improved values of streamflow compared to rain gauges alone.  

Nonetheless, we believe that MPE should have been a clearer winner.  Therefore, we recommend 

that the WAM model and all its components be investigated in detail to determine whether the 

MPE data were used to maximum advantage.  The WAM model that we used only was modified 

to account for the greater number of input sites.  The model physics were not changed.  We 

believe that the model’s physics do require modification to best utilize the 140 HRAP sites 

instead of the 7 rain gauge locations.  We recommend that this research be performed by SWET, 

Inc., the developers of WAM. 

The current results only represent the accuracy of the rain gauge data and the skill of the 

WAM configuration used in this study.  Although it is hoped that our conclusions would be 

applicable to other hydrologic models, this cannot be guaranteed.  The modeling of any natural 

environment is a human simplification of a highly complex and fluid system. 

Current research at FSU (Martinaitis 2008) is assessing the MPE dataset in a different 

hydrologic model – MIKE SHE.  The model will be configured for basins over South Florida.  

The MIKE SHE model will allow additional streamflow comparisons when using different 

precipitation inputs.  Also, South Florida’s distinctly different seasonal rainfall patterns will 

provide better insight into those effects.  Finally, with the online availability of NWS MPE data, 

comparisons with the FSU MPE dataset will shed more light on how gauge density and 

modifications to the NWS MPE scheme can improve multi-sensor products. 
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