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Abstract 

 

Using Web Services and Remote Sensing to Visualize Water Balances in 

the San Marcos River Basin 

 

Daniel Bandes Siegel, M.S.E. 

The University of Texas at Austin, 2012 

 

Supervisor:  David R. Maidment 

 

The water balance equation is one of the most fundamental concepts in 

hydrology. How much precipitation a river basin receives, and where that water goes, 

defines what flora, fauna, and industry the basin can support. Models for solving this 

equation originally relied only on precipitation, air temperature, and day length, but have 

adapted as new data becomes available. Recent advances in technology, especially 

remote sensing and web services, make it cheaper and easier than ever to obtain 

hydrological data, including many variables that were previously impossible to measure. 

This thesis examines the water balance of the San Marcos River Basin and demonstrates 

how remote sensing and web services can improve our understanding of the basin’s 

hydrology. 

It was found that 72% of precipitation in the San Marcos Basin is lost to 

evapotranspiration. This percentage varies from year to year as a function of 

precipitation, but the annual volume of evapotranspiration stays almost constant. It was 

only during the second consecutive year of drought that there was an appreciable change 
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in evapotranspiration. This suggests that annual evapotranspiration can be thought of as a 

property inherent to a watershed’s hydrology, and so long as there is enough stored water 

in the soil, that demand will be met.  

The water left over after ET takes its share can either flow out of the basin 

through a river channel or stay within the basin as storage. After examining methods for 

partitioning the available water between outflow and storage, it was found that lumped 

water balance models cannot be used in the San Marcos River Basin because of its 

complex interactions with the Edwards Aquifer.  In order to better model soil moisture 

dynamics and groundwater infiltration, a distributed model will have to be developed that 

accounts for flow in and out of the aquifer. 
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Chapter 1: Introduction 

1.1 THE WATER BALANCE 

The idea that water cannot be created or destroyed is a pernicious myth. It is 

explosively reactive with a number of substances, including sodium, potassium, and 

lithium. Run an electric current through water and it will decompose into oxygen and 

hydrogen gas. Even lakes that appear placid and inert are, in fact, in a constant state of 

creative destruction. Through the process of self-ionization, water molecules dissociate 

into hydronium and hydroxide, which, in turn, combine back into water.  

Nonetheless, in standard environmental conditions, the rate of water being created 

or destroyed is infinitesimal compared to total volume. In other words, mass is 

approximately conserved. Conservation of mass implies that, if we define a closed 

volume in three-dimensional space, the difference between inflow and outflow (net flux) 

is the change in storage within the volume. Using an arbitrary river basin as our control 

volume, and assuming inter-basin transfers are negligible, the mass balance can be 

written as:  

ΔS = P – ET – Q                                         (Eq. 1.1) 

This is known as the water balance equation [Thornthwaite and Mather 1955]. Water falls 

within the basin as precipitation (P), and can leave as streamflow (Q) or 

evapotranspiration (ET). It can also be stored (ΔS) in lakes, puddles, snowpack, soil 

moisture or underground aquifers. If any three of these terms are known, Eq. 1.1 can be 

used to solve for the fourth, balancing the basin’s water budget. Records of precipitation 

and streamflow have been common for millennia, but the direct measurement of 

evapotranspiration and storage has become possible only recently. This thesis will 
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examine how new technologies like remote sensing and web services have changed the 

way we study river basins and their water budget. 

 

1.2 OBJECTIVES 

The objectives of the thesis are to: 

 Demonstrate how remote sensing and web services can be used to solve an 

arbitrary catchment’s water balance. 

 Compare the accuracy of various water balance models. 

 Develop new insights into the hydrology of the San Marcos River Basin. 

 

1.3 CONTRIBUTIONS 

The contributions of this thesis to the scientific community include: 

 The monthly water balance of the San Marcos River Basin was solved for 

2002-2009. 

 A web map was built to help visualize and disseminate the monthly water 

balances. 

 The MODIS Toolbox, a set of Python scripts developed for bringing 

MODIS data into ArcMap, has been downloaded over 600 times at the 

time of this writing 
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Chapter 2: Literature and Technology Review 

“I find it difficult to believe that we should enter the third millennium after Christ 

measuring rainfall in little buckets – and guessing evaporation” 

  – Eamonn Nash, National University of Ireland 

 

2.1 METHODS FROM THE ANALOG AGE 

2.1.1 Estimating Evapotranspiration 

Globally, 61% of terrestrial precipitation returns to the atmosphere through 

evapotranspiration before reaching the ocean [Maidment 1993]. Vaporizing all this water 

uses up half of the solar energy absorbed by the land surface [Trenberth et al. 2009]. Yet 

despite being such a dominant component of the planet’s water and energy cycle, 

evapotranspiration (ET) is extremely difficult to measure or even estimate. This is why 

the first attempts at solving the water balance equation used lysimeters to calculate ET 

indirectly [Kohnke et al. 1940]. A lysimeter is quite literally a control volume – soil 

sealed off so that all outflow can be measured. By putting the whole device on a scale, 

changes in its weight are used to track ΔS. Precipitation is easy to measure over such a 

small area, so evapotranspiration can be calculated from Eq. 1.1 as ET = P – ΔS – Q.  

Some farmers practice similar water budget accounting, using gypsum blocks or 

neutron probes to monitor soil moisture. However, soil moisture does not vary smoothly 

over landscapes like precipitation and air temperature. Natural systems tend to have 

heterogeneous soil hydraulics, making it difficult to interpolate point-scale measurements 

over the wider landscape. Furthermore, even once soil moisture is known, total storage 

cannot be calculated without accounting for underground aquifers and surface storage as 

well. This is why the more common approach is to estimate ET and solve Eq 1.1 for the 

storage term. 
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It has been understood for some time that the rate of ET can be calculated from 

the difference in water vapor content between air near the ground and air in the 

atmosphere, if the mixing rate between these two layers were known [Dalton 1802]. 

However, it was a long time before anyone could measure these variables with sufficient 

accuracy [Thornthwaite and Holtzman 1942]. Today, devices that rely on this principle 

are called flux towers. Such towers track water vapor fluxes in the air around them, 

producing a time series that can be integrated to determine the rate of water loss. This 

time series is easy to integrate over time, but difficult to integrate over space. ET, like 

soil moisture, varies too chaotically to be interpolated from point-scale measurements. 

This has motivated the development of conceptual models that calculate ET as a function 

of parameters that vary more smoothly. The first step in these conceptual models is 

invariably to calculate the maximum potential rate of ET as a function of meteorological 

conditions. Potential evapotranspiration (PET) is the rate at which ET would occur if soil 

moisture were not limiting. There have been many empirical equations developed for 

estimating PET (Table 1), and a formula derived from theoretical principles is described 

in the work of Monteith and Unsworth [1990]. Yet, as well-understood as PET has 

become, the margin of error in estimating actual ET remains substantial. 

PET is defined as the rate of ET from a well-watered landscape, so any deviation 

from this potential rate is necessarily attributed to a lack of soil moisture. As soil 

moisture decreases, the surface resistance to vapor transfer (rs) increases [Monteith and 

Unsworth 1990]. The top layer of soil dries out, and it takes more energy to evaporate 

water deeper below the surface [Prat 2002; Lehmann et al. 2008]. Also, plants close their 

stomata in response to dry conditions in order to conserve what water is left [Avissar et 

al. 1985; Hopmans and Bristow 2002]. There have been some attempts to calculate rs for  
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Source Equation Required Data 

Thornthwaite and Mather 

1957           
     

  
 
  

 
Average Temperature 

Day Length 

Hamon  

1963 
            

Average Temperature 

Day Length 

Priestly and Taylor 

1972 
        

 

   
   

Average Temperature 

Net Radiation 

Hargreaves and Samani 

1985                         
Temperature Range 

Net Radiation 

Monteith and Unsworth 

1990 
    

                 

            
 

Average Temperature 

Net Radiation 

Humidity 

Wind Speed 

Land Cover 

Allen et al.  

2005     
      

  

  
        

          
 

Average Temperature 

Net Radiation 

Humidity 

Wind Speed 

Table 1: Methods for Calculating Potential Evapotranspiration 

bare soil as a function of soil moisture [Russell 1980; Camillo and Gurney 1986], but rs in 

vegetated areas is poorly understood. Most water balance models relate ET to soil 

moisture and PET using a simplified, empirically-derived relationship. The most 

venerable such relationship is:  

                                                 (Eq. 2.1) 

where Sw is the soil water saturation percentage. This equation is used when PET > P, so 

that all of precipitation is lost to ET. The remaining moisture deficit (PET – P) is taken 

from soil moisture in direct proportion to the saturation percentage. When PET < P, it is 

assumed that ET = PET [Thornthwaite and Mather 1955]. Many of today’s water balance 

models still use the Thornthwaite equation to estimate ET, coupled with newer methods 
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for predicting runoff and infiltration [Palmer 1965; Alley 1984]. Fekete et al. [2000] 

modify it by adding a parameter (α) that can be calibrated against observed data: 

           
       

     
                            (Eq. 2.2) 

Methods for estimating ET that are not based on Thornthwaite’s equation typically rely 

on the Crop Water Stress Index, which is defined as the percent of PET that is not 

occurring: 

                                             
  

   
                                         (Eq. 2.3) 

so that CWSI = 1 when the soil is dry and CWSI = 0 when ET is occurring at the 

maximum potential rate [Jackson 1982]. One commonly used equation for estimating 

CWSI is: 

       
                                             (Eq. 2.4) 

where θ is the soil moisture content and c1 is a constant that must be calibrated for the 

catchment of interest [Vandewiele 1992]. The Simple Water Balance model avoids the 

need for calibration by assuming that CWSI = 1 – Sw, so that           [Schaake et 

al. 1996]. The Soil Water Assessment Tool (SWAT) relies on an empirical relationship 

between CWSI and the leaf-area index (LAI): 

                          
  

   

 
                   

                            
    (Eq. 2.5) 

where LAI is defined as the one-side green leaf surface area per unit area of ground 

[Neitsch et al. 2011]. The implicit assumption is that vegetation will grow and wilt in step 

with soil moisture variations, which is often true on a monthly time scale, but obviously 

can’t be valid for shorter time steps.  

Using continuous maps of PET and local measurements of Sw or LAI, any of these 

methods can be used to estimate ET at a single point. However, spatially continuous 
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maps of ET did not become possible until remotely sensed data began proliferating 

through the scientific community [Soer 1980]. Methods for estimating ET by satellite are 

detailed in Section 2.2.3, many which calculate ET directly, without relying on the 

concept of PET. This obviates the need to calculate PET as a parameter in water balance 

models, but PET will remain an important concept in water resource management 

because it has become central to how we understand climate [Thornthwaite 1948]. 

Studies of how climate change will affect future water availability have demonstrated that 

PET is a key driver of the regional microclimate [McCabe and Ayers 1989; Cowell and 

Urban 2010]. 

 

2.1.2 Solving the Water Balance 

Once ET losses have been estimated, a water balance model is used to determine 

how much of the remaining water will be discharged and how much remains in the basin 

as storage. The Thornthwaite method assumes that discharge occurs only if PET is 

satisfied entirely and soil has become saturated. Any surplus beyond this point is 

partitioned into discharge and storage according to the parameter (λ) [Thornthwaite and 

Mather 1955]. Weather Bureau meteorologist Wayne Palmer developed his ubiquitous 

drought index by splitting Thornthwaite’s soil zone into two different layers. The upper 

layer loses water at the rate of PET and the lower layer’s ET is derived from Equation 2.1 

[Palmer 1965]. Of course, it is necessary to know the maximum moisture capacity of both 

soil layers in addition to λ, so the Palmer model has three parameters that must be 

calibrated. 

The main source of error in these two models is their assumption that runoff only 

occurs once soil is saturated. Obviously, soils have a finite infiltration rate, and some 
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percentage of precipitation can become runoff even when the soil layer has room for 

more storage. A theoretical method for calculating the infiltration rate has been 

developed by Green and Ampt [1911]. Models for calculating the water balance of an 

individual storm event often use the Green-Ampt equation for infiltration. However, for 

monthly and seasonal water balance models, the relationship between precipitation and 

direct runoff must be derived empirically. Some models assume the percentage is 

constant for a given watershed: 

                                                      (Eq. 2.6) 

and calibrate α using historical records. Others use the SCS equation to predict direct 

runoff: 

   
  
 

     
                                                (Eq. 2.7) 

where Pe, is the effective precipitation (precipitation minus canopy interception and initial 

infiltration), and Ic is the infiltration capacity. Ic is a function of land cover, antecedent 

moisture content and the time step of the model [Soil Conservation Service 1972]. There 

have also been some more complex models that attempt to describe the precipitation-

runoff relationship as a function of statistical parameters describing climate in the 

catchment [Eagleson 1978; Milly 1994]. 

 In addition to direct runoff, there is also subsurface discharge, which can flow 

into streams even when the soil is not saturated. Models typically account for this by 

treating each storage layer as a linear reservoir, so that: 

          
      

     
                                       (Eq. 2.8) 

where Swc is the minimum saturation percentage at which soil will still discharge water.  

The choice of a water balance model must weigh the hydrologist’s goals against 

the cost of gathering data the model requires. Many models have been developed with 

three or more storage layers, but because the moisture capacities are correlated, it is 
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difficult to calibrate the capacity of one layer without picking arbitrary values for the 

others. This is why some have argued that, beyond two storage layers and six to eight 

parameters, more complexity does not improve runoff modeling [Jakeman and 

Hornberger 1993; Schaake et al. 1996]. In fact, for predicting runoff it is not necessary to 

solve the water balance equation at all. Empirical (or black-box) models with two or three 

parameters can predict streamflow as a function of precipitation and last month’s 

streamflow [Snyder 1963; Tuffuour and Labadie 1973; Makhlouf and Michel 1994]. So 

for flood early warning systems or reservoir management, a block-box model might 

suffice. For monitoring agricultural or ecological conditions within a watershed, which 

depend on ET and moisture storage, it is necessary to explicitly solve the water balance. 

For estimating the sustainable yield of an aquifer, the storage term must be partitioned 

between soil moisture and groundwater recharge. Regions with complex surface-aquifer 

interactions might even require the use of a groundwater model like MODFLOW to 

explain runoff characteristics. 

 If it matters where within the basin runoff is being generated, as in water quality 

modeling or erosion control, a distributed model is necessary. Unlike lumped models, 

which average all parameters over the catchment of interest, distributed models actually 

leverage the continuous nature of remotely sensed data. This means that their output is 

distributed as well, so it is possible to generate continuous maps of runoff instead of a 

lumped term expressing total discharge. These distributed runoff maps are a powerful 

tool for understanding nonpoint source pollution. Distributed water balance models also 

can create continuous maps of soil moisture, which are much more useful for agricultural 

management than a lumped storage term. Some efforts have focused on retrofitting old 

models to work with distributed parameters, while others argue that entirely new models 

must be created to fully leverage distributed input data [Lyon et al. 2004; Reed et al. 
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2004]. This is a burgeoning field of study, and cataloguing recent developments in their 

entirety is beyond the scope of this thesis. 

  The final breakthough for water balance modeling will be models that don’t need 

calibration. A truly theoretical model should be able to derive the precipitation-runoff 

relationship from a watershed’s physical characteristics [Eagleson 1978; Milly 1994]. In 

practice, all models are improved by calibration. However, many of the world’s rivers are 

still ungaged, making calibration impossible. The ability to estimate model parameters 

using remotely sensed characteristics would open up entirely new swaths of the world to 

hydrologic modeling. Uncalibrated models are also better for predicting how hydrologic 

conditions will be affected by a changing climate. Calibration implies stationarity, 

ignoring the possibility that rainfall-runoff relationships might change over time. 

Parameters that are estimated as a function of physical characteristics will change as 

those characteristics change. In the United States, it is already possible to derive the 

parameters for many popular models from the Soil Survey Geographic database 

(SSURGO) [Peschel et al. 2003; Anderson et al. 2006]. However, distributed soils data is 

expensive to gather, and most nations do not have such a comprehensive soil survey. 

Deriving model parameters from remote sensing without calibration is a nascent science, 

and it is impossible to predict the speed with which it will progress. However, the high 

cost of installing and maintaining streamflow gages is a powerful incentive to implement 

uncalibrated models, especially in the developing world. 
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2.2 REMOTE SENSING 

2.2.1 History of Remote Sensing 

Remote sensing can technically be defined as any “reconnaissance at a distance,” 

but generally refers more specifically to the collection of aerial imagery [Colwell 1983]. 

The desire to see our world from a bird’s eye view is perhaps innate to human nature, and 

the science of remote sensing actually predates the airplane. Indeed, as soon as the 

camera itself was invented, people began attaching them to balloons, kites, and even 

pigeons. Planes would be used as a weapon during WWI, and as a mode of transportation 

thereafter, but the first commercial use of the airplane was for aerial photography. In 

1909, pictures taken by Wilbur Wright from high above the Italian countryside were 

published in newspapers around the world [Campbell 2006]. 

During WWI, remote sensing was transformed from a hobby into a science. The 

military invested money in research of photogrammetry, the measurement of true 

distances from photographs. Planes were outfitted with custom camera equipment and the 

pilots trained in aerial reconnaissance (Figure 1). A scientist with the United States 

Geological Survey wrote the first textbook on remote sensing, The Face of the Earth as 

Seen From the Air. He credits “Major J.W. Bagles of the Army Engineering Corps, who 

has done much toward making the camera a valuable instrument in mapping” [Lee 1922]. 

In addition to military intelligence and cartographic surveying, the book discusses 

applications in engineering, forestry, agriculture, and hydrography. It also mentions the 

use of stereoscopic imagery to create relief images. These reliefs proved useful when 

searching for enemy installations hidden by camouflage. Another wartime innovation 

was cameras that could record their orientation at the time a photo was taken and print 

that angle on the film along with the time of day.  
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Figure 1: Aeroplane Graflex camera in action [U.S. Army 1919] 

After the war, the U.S. Government continued to drive demand for aerial 

photography. The Dust Bowl brought land use, erosion and other environmental issues 

into the national spotlight. The Agricultural Adjustment Administration (AAA) was 

created to stabilize food prices and promote soil conservation. It first began using aerial 

photography in 1934 as a way of determining the exact acreage each farmer has under 

cultivation, and to verify compliance with Federal subsidy programs.  Once gathered, the 

imagery could also used by the Department of Agriculture’s land use planners to monitor 

erosion. In 1937 alone, the AAA paid for 36 flight crews to survey 375,000 square miles 

of land. By 1941 the AAA possessed imagery of more than 90% of the country’s 

agricultural land [Monmonler 2002]. Quasi-governmental groups like the Tennessee 

Valley Authority, and the engineering firms building those enormous construction 

projects financed by Franklin Roosevelt’s New Deal, made use of aerial photography as 

well.  
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In 1936, U.S. Army Air Corps Captain Albert Stevens took a photo while aboard 

a helium balloon at 72,000 feet that shows the curvature of the Earth. This record would 

stand until after WWII, when scientists in New Mexico attached a camera to a captured 

V2 missile and shot it 65 miles into outer space – an elevation of nearly 350,000 feet. The 

camera was destroyed, but the film was recovered, protected in a steel cassette 

[Reichhardt 2006]. Clyde Holliday, the Johns Hopkins professor who designed the 

camera, told National Geographic that: 

Results of these tests now are pointing to a time when cameras may be 

mounted on guided missiles for scouting enemy territory in war, mapping 

inaccessible regions of the earth in peacetime, and even photographing 

cloud formations, storm fronts, and overcast areas over an entire continent 

in a few hours…the entire land area of the globe might be mapped in this 

way.  

Holliday’s vision was far ahead of its time. Airplanes would continue to drive the science 

of remote sensing for the next 12 years. But in 1957, the Soviet Union launched the 

satellite Sputnik (Figure 2) to an elevation of 139 miles, and it circled the Earth 1200 

times over three months. Since then, satellites have achieved everything Dr. Holliday 

imagined, and more. 

Rader was developed during this period, furtively yet simultaneously, by the US, 

UK, Germany, the USSR, Japan, the Netherlands, France, and Italy. This is the first 

example of “active” telemetry. Most remote sensing is “passive,” meaning that it 

monitors solar radiation that is reflected from objects or spectra that is emitted naturally. 

Radar is different because it actually emits radiation of its own, and monitors how much 

is reflected back. World governments made heavy use of this technology during WWII 

and David Atlas, a U.S. Air Force scientist who had written algorithms to filter out 

interference caused by rain, would later pioneer the use of radar to study precipitation. 

This thesis makes use of data from NEXRAD, a direct descendant of his work.  
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Microwave and infrared sensors were also developed during WWII, and 

afterwards were quickly adopted by the scientific community [Colwell 1956; McDaniel 

and Robinson 1962]. Microwave radiation can penetrate clouds and vegetation, but is 

absorbed by water and reflected by soil. Radiation in the near-infrared spectrum is 

reflected by vegetation, but absorbed by soil and water. By monitoring these 

wavelengths, it is possible to learn things about the land that are not reflected in the 

visible spectrum. It was because of this that Navy geographer Evelyn Pruitt first used the 

term “remote sensing,” recognizing that this sort of reconnaissance could no longer be 

called photography [Campbell 2006].  

 

Figure 2: Sputnik-1 [NASA 2012] 

The Central Intelligence Agency became interested in remote sensing during the 

mid-1950’s. Using Lockheed Martin’s new U2 spy plane, which could fly at 70,000 feet, 

the CIA began running reconnaissance missions into Soviet airspace. Imagery collected 

by U2 flights was like a fire hose of information aimed at an agency that had previously 

known almost nothing about the USSR [Miller 1956]. The U2 program provided the first 

direct assessments of Soviet missile capabilities and naval power, and in 1962 alerted 
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President Kennedy to the presence of nuclear weapons in Cuba. It also nearly set off an 

international incident in 1960, when the USSR shot down a plane and captured its pilot, 

Francis Gary Powers. A second pilot, Major Rudolf Anderson, was killed flying a secret 

mission over Cuba in 1962. Today, unmanned drones and satellites handle the lion’s 

share of reconnaissance in dangerous regions, but the military still maintains a fleet of 33 

U2’s at the time of this writing [Tirpak 2009]. Airplanes remain a popular platform for 

remote sensing in the private sphere, as well. Hiring a pilot is the quickest and cheapest 

way to get above an area of interest, and devices like LIDAR provide remarkably high-

resolution data. 

The National Aeronautics and Space Administration was formed in 1958, tasked 

with developing the capability to launch satellites into space. Much of its coverage in the 

press is devoted to photography from the Hubble Telescope, and stories of Voyager’s 

journey to Jupiter, Saturn, and beyond. However, it is important not the overlook the 

many ways satellites have improved our understanding of our own planet. Sputnik, the 

USSR’s first satellite, tracked the density of our outer atmosphere. Explorer I, the US 

Army’s response, measured radiation outside our atmosphere and led to the discovery of 

the Van Allen Belt. Declassified material shows that the CIA launched a spy satellite just 

a year later, in 1959 – the first satellite devoted to remote sensing in the proper sense 

[NRO 1988]. Satellite imagery of the Earth was first provided to the scientific community 

by NASA’s Television Infrared Observation Satellite (TIROS-1)1, launched in 1960 

(Figure 3). It was equipped with a video camera that gave the world’s scientists their first 

view of how clouds move above a storm (Figure 4), changing the way meteorologists 

practice their craft. Just 23 years later, pictures of our plant from above would become so 

                                                 
1 Built by RCA Corporation’s Astro-Electronics Division  
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commonplace, a Congressman objected to more funding to NASA, asking: “what do we 

need satellites for when we can see pictures of the weather on TV?” [NASA 2004]. 

Weather prediction had, in fact, been the impetus for much of what NASA did 

during those intervening decades. By 1965, it had launched 10 TIROS satellites. They 

recorded cloud movements, monitored hurricanes, tracked ash clouds from volcanic 

eruptions and rerouted ships around dangerous ice floes [NASA 2004]. TIROS-2 moved 

beyond traditional photography, using a scanning radiometer to measure the intensity of 

electromagnetic radiation within 5 different bands. This makes it possible to study 

invisible phenomena such as atmospheric humidity, ocean temperature, and ozone 

concentration. 

 

Figure 3: TIROS-1 [NASA 2012] 

These satellites were spin stabilized in relation to space, so as they rotated the 

Earth, the video camera only pointed at the land surface for a limited amount of time. 

They were typically designed to capture imagery of North America, ignoring the rest of 

the planet. Nimbus-1, launched in 1964, pioneered the use of stabilizers (developed for 

ballistic missile guidance systems) to keep its camera system oriented towards the Earth’s 
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surface. It traveled in a sun-synchronous, near-polar orbit, collecting imagery of the 

entire planet as Earth rotated beneath it. It orbits the planet 14 times per day, but always 

ascends over any particular place at the same solar time. This is convenient because it 

means the time series of images over any area of interest has consistent lighting. 

 

 

Figure 4:  Earth as seen from TIROS-1 [NASA 2012] 

In 1966, the Applications Technology Satellite (ATS-1) was the first to achieve 

geosynchronous orbit. It was launched in a trajectory perpendicular to that of Nimbus-1, 

and with angular velocity identical to that of the Earth, allowing it to maintain a constant 

position 22,300 miles above the equator. Today, the National Weather Service relies 

heavily on the Geostationary Operational Environmental Satellites (GOES) program. 

GOES-13 sits at 75°W, GOES-15 at 135°W, and GOES-14 is located between them, 

ready to take over should either malfunction. GOES maintains a constant vigil over the 

Atlantic and Pacific Ocean, as well as the American continents. Sensors transmit an 

image every 15 minutes with 4 km spatial resolution, and the Space Environment 
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Monitor keeps an eye on solar activity. When a hurricane, tornado, or hailstorm 

approaches the United States, GOES is the Government’s early warning system. 

However, because geosynchronous orbit is only possible above the equatorial plane, 

distortion is extreme near the poles. Also, because all three satellites are located near the 

U.S., they are unable to see about half the globe. 

To complete its picture of the global weather system, NOAA maintains five Polar 

Operational Environment Satellite (POES) in sun-synchronous orbit. Since 1978, they 

have been equipped with an Advanced Very High Resolution Radiometer (AVHRR) and 

TIROS Operational Vertical Sounder (TOVS). AVHRR has wide bands in the red and 

infrared spectrum that are used to map cloud and ocean temperature with 1 km resolution. 

Each AVHRR produces one or two complete images of the Earth every day. TOVS 

monitors a wide range of very narrow bands in the infrared and microwave spectrum, 

furthering the study of atmospheric ozone, temperature, and humidity. This global 

monitoring system is what makes it possible to predict next week’s weather. It also relays 

emergency distress signals as part of a transnational Search and Rescue Satellite Aided 

Tracking (SARSAT) program that saves 300 lives a year [NASA 2004]. The European 

Organization for the Exploitation of Meteorological Satellites (EUMETSAT) has its own 

version of POES, first launched in 2006. It carries a Search and Rescue Repeater 

(SARR), Space Environment Monitor, High-resolution Infrared Sounder, AVHRR, and 

some active and passive microwave instruments. A second, similar satellite is planned for 

launch later this year. NASA’s next generation of polar-orbiting weather satellites is 

called the Joint Polar Satellite System (JPSS). The instruments it will rely on are 

currently being tested by the Suomi National Polar-orbiting Partnership (NPP), which 

was launched in October, 2011. 
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The Earth Resources Technology Satellite, later renamed Landsat-1, was 

launched in 1972 (Figure 5). It carried a video camera and an experimental new device 

called the Multispectral Scanner (MSS). The MSS was designed to meet specifications 

requested by the United States Geological Survey (USGS), capturing four spectral bands 

at 60 m resolution – green, red and two infrared bands. The high spatial resolution, and 

the fact that it was designed for studying land surfaces instead of weather, made Landsat 

somewhat controversial politically [Waldrop 1982]. However, the data was invaluable 

scientifically, and the next four Landsat missions also carried a MSS. A similar device 

called the Thematic Mapper replaced it on Landsat 6 and 7. Landsat 7 is still active at the 

time of this writing, making the Landsat program the longest continuous source of remote 

sensing imagery. In 2008, the USGS opened up this invaluable archive to the public for 

free, and in early 2013 the Landsat Data Continuity Mission will launch, ensuring that the 

collection of MSS-like data will continue for many more years. 

 

Figure 5:  Landsat-1 [NASA 2012] 
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In 1988, NASA’s Earth System Science Committee wrote an influential report 

calling on the agency to move beyond its focus on gathering imagery. If the goal is to 

better understand terrestrial systems, NASA should plan missions to measure the specific 

variables that scientists need [NASA 1988]. For example, the Tropical Rainfall 

Measuring Mission (TRMM) was launched in 1997 to gather precipitation data from  the 

vast swaths of the globe that lack in-situ measurement networks. It uses passive 

microwave sensors and the world’s first spaceborne radar to estimate rainfall and create 

three-dimensional images of rainstorms. The uncertainty is still high compared with 

ground-based radar systems, but TRMM is indispensible for studying precipitation over 

the ocean and ungaged landscapes [Iguchi el al. 2000; Huffman et al. 2007]. One of the 

reasons TRMM has proven so useful is that it is not sun-synchronous. It fills in the 

temporal gaps between POES overpasses. NASA is currently working with the Japanese 

Aerospace Exploration Agency (JAXA) on a Global Precipitation Measurement (GPM) 

mission that will build on TRMM’s success. 

Terra, a sun-synchronous satellite launched in 2000, contained a full load of 

similarly focused instruments. The Clouds and the Earth’s Radiant Energy System 

(CERES) tracks extremely wide bands in order to help solve the planet’s energy balance. 

The Multi-Angle Imaging Spectroradiometer (MISR) sees the same point from nine 

different angles. The Measurements of Pollution in the Troposphere (MOPITT) 

instrument is specifically tuned to track carbon monoxide and methane. The Advanced 

Spaceborne Thermal Emission and Reflection Radiometer (ASTER) takes high 

resolution, stereoscopic images. This thesis makes heavy use of the final device carried 

by Terra: the Moderate-Resolution Imaging Spectroradiometer (MODIS). MODIS has a 

similar field-of-view to AVHRR, taking a complete image of the Earth each day with 1  
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MOD09 Surface Reflectance 

MOD10 Snow Cover 

MOD11 Land Temperature and Emissivity 

MOD12 Land Cover 

MOD13 Vegetative Indices 

MOD14 Thermal Anomalies and Fire 

MOD15 Leaf Area Index and FPAR 

MOD16 Evapotranspiration 

MOD17 Primary Productivity 

MOD43 Albedo 

MOD44 Water Mask and Canopy Cover 

Table 2: MODIS Land Surface Data Products 

km resolution. It monitors reflectance in 36 narrow spectral bands, providing data that 

scientists have used in many novel ways (Table 2). A second MODIS instrument was 

launched aboard the satellite Aqua in 2002, so that every place on Earth has two MODIS 

overpass times. Aqua also holds another CERES, an Advanced Microwave Scanning 

Radiometer (AMSR), and a suite of devices for tracking atmospheric humidity.   

Another project NASA launched in 2000 is the Shuttle Radar Topography 

Mission (SRTM), a spaceborne radar attached to the Space Shuttle Endeavour, which 

circled the Earth for 11 days. The goal was to create a digital elevation model of the area 

between 56°S and 60°N with 30 meter resolution. Although only 90 meter data was 

released for the area outside the United States, this remained the world’s best map of 

surface elevation until 2009, when NASA released the ASTER GDEM. Using a full 

decade’s worth of stereoscopic imagery, NASA was able to put together a 30 meter DEM 

covering 99% of the Earth’s surface (83°S to 83°N). One year after that, the German  
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Aerospace Center launched TanDEM-X, a pair of satellites that fly with just a few 

hundred meters between them. The goal is to create a global DEM with 12 meter 

resolution, although the mission is not yet complete. 

The Gravity Recovery and Climate Experiment (GRACE) is also a pair of linked 

satellites. Launched in 2002, the GRACE satellites remain 137 miles apart from each 

other, but are able to measure changes in that distance to within a single micrometer. This 

makes it possible to map the Earth’s gravitation field with exceptional accuracy. GRACE 

is so sensitive to variation in the Earth’s mass that scientists use it to track the depletion 

of underground aquifers [Swenson et al. 2003; Rodell et al. 2006; Strassberg et al. 2008]. 

As NASA continues to focus on deriving specific scientific variables, the niche 

they left behind was filled by private companies, and the provision of true-color imagery 

became a for-profit business. A French company called Spot Image launched a satellite 

with 10 meter resolution in 1986. GeoEye, based in Virginia, launched a satellite with 1 

meter resolution called IKONOS in 1999. The WorldView-2, launched in 2009 and 

operated by DigitalGlobe, captures images with a resolution of 0.5 meters.  

 

2.2.2 Remote Sensing in Hydrology 

The most obvious use of remote sensing in hydrology is the identification and 

delineation of water bodies. A scientist with aerial imagery can map lake and river 

networks far more quickly than a traditional surveyor, especially in difficult terrain [Lee 

1922]. Today, spectral analysis has obviated the need to even trace these features by 

hand. Because water absorbs energy in the microwave spectrum, an algorithm that 

searches for pixels with low intensity of microwave emissivity can quickly delineate the 
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open water within an image. Clouds are transparent to microwaves, and vegetation is 

semitransparent, so microwave reconnaissance is possible in any weather or climate.  

The penetrative power of microwaves even makes it possible to sense water 

hidden within the soil itself – up to 5 cm deep at 1.4 GHz [Schmugge 1980]. Numerous 

agricultural studies have used planes equipped with microwave sensors to track soil 

moisture [Schmugge et al. 1974; Jackson 1995]. NASA’s Earth Observing System 

monitors global soil moisture using the Advanced Microwave Scanning Radiometer 

(AMSR), which is carried by the satellite Aqua. The European Space Agency’s Soil 

Moisture and Ocean Salinity (SMOS) satellite was launched in 2009, and carries an even 

more advanced Microwave Imaging Radiometer with Aperture Synthesis (MIRAS). An 

instrument called AMSR2 is planned as part of Japan’s Global Change Observation 

Mission (GCOM), which launches next year. These satellites can tell us a lot about how 

the surface moisture of the Earth varies over time and space, but it is important to 

remember that water many meters below the surface can still be hydrologically active. As 

mentioned in the previous section, data from GRACE can be used to track changes in 

total water storage, but this includes lakes, snowpack and underground aquifers in 

addition to soil moisture.   

 Of course, in hydrological modeling it is not enough to know how much water is 

currently stored in the soil. It is also imperative to know the maximum amount of water 

that can potentially be stored in the soil. There are many different equations used to 

model the precipitation/runoff relationship, but the U.S. Soil Conservation Service (SCS) 

estimates this using a parameter called the curve number. Depending on how accurate the 

results need to be, curve number can be estimated from land cover; land cover and soil 

type; or land cover, soil type and antecedent moisture content [Ragan and Jackson 1980]. 
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Historically, these parameters have been used as lumped averages, but new developments 

in GIS make it possible to use the SCS method as a distributed model. 

 Distributed flow routing requires a thorough understanding of how runoff flows 

over the landscape. Using a Geographic Information System (GIS), it is possible to derive 

this information from standard elevation data. Elevation can be stored as a triangulated 

irregular network (TIN), but digital elevation models (DEM) are the standard in 

hydrology [Maidment 2002]. A DEM uses the raster format (a grid of square cells), and 

each cell has value equal to the mean elevation within it. Global sources of elevation data 

are discussed in Section 2.2.1, and some countries have national DEMs with better 

resolution. A GIS software program like Esri’s ArcGIS can be used to determine which 

direction water contained within each cell will flow, based on the elevation of 

neighboring cells. The result is a flow direction raster, which can be used to derive a river 

network and associated drainage basins.  

Using an Esri geodatabase, it is possible to store the geometry of these derived 

data in a table, along with other attributes. It is helpful to organize the geodatabase 

according to the Arc Hydro Data Model, which defines relationships between the 

common hydrological features: each river segment has a catchment, each monitoring 

point has a time series, etc. [Maidment 2002]. To take advantage of recent advances in 

remote sensing and web services, hydrological models will become increasingly data 

intensive, which makes having a formalized data model more crucial than ever.  
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2.2.3 Remotely Sensed Parameters Used In This Thesis 

Vegetative Indices 

Landsat’s Multispectral Scanner (MSS) was designed with two infrared bands 

because these wavelengths are the most useful for monitoring terrestrial vegetation. 

Chlorophyll absorbs visible light but reflects radiation in the near-infrared spectrum. Soil 

tends to reflect radiation in both wavelengths, but not very strongly, and water absorbs 

both. This means that pixels with very high reflectance in the near-infrared spectrum are 

most likely covered in vegetation. In order to correct for the effect of solar zenith angle, 

vegetative indices are usually expressed as a ratio between the near-infrared reflectance 

and red reflectance. The most venerable such index is the Normalized Difference 

Vegetative Index (NDVI), which is conveniently bound between negative and positive 

unity [Rouse et al. 1974]: 

     
         

         
                                            (Eq. 2.9) 

Where      is the reflectance of red light and      is reflectance in the near-infrared 

spectrum. NDVI has no physical meaning, but is an effective index for visualizing spatial 

and temporal variation in vegetation density (Figure 6). Using the ratio method 

normalizes the effect of multiplicative noise like solar illumination, but not additive noise 

like atmospheric interference. Also, it does not vary linearly with increased vegetation 

cover, instead becoming saturated too quickly and approaching unity asymptotically. The 

Enhanced Vegetative Index (EVI) was designed to fix these problems: 

       
         

                          
                            (Eq. 2.10) 

The increased linearity and reduced signal-to-noise of EVI make it more useful for 

estimating biophysical parameters such as evapotranspiration and primary productivity  
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Figure 6: Map of NDVI 

[Huete et al. 1994]. However, Landsat and AVHRR did not monitor the reflectance of 

blue light; we can only study changes in EVI back to the launch of MODIS in 2000. For 

this reason, hydrologic models in need of calibration and studies of long-term vegetation 

dynamics often still rely on NDVI, which has an uninterrupted record back to 1972. In 

recent years, however, there has been a trend away from both these indices, towards 

theoretical models that rely on parameters with physical meaning. 

 

Evapotranspiration 

Empirical relationships have been derived to determine the ET/PET ratio as a 

function of land surface temperature and NDVI [Moran et al. 1994; Jiang and Islam 

2003; Wang et al. 2006]. However, the most common approach to estimating ET from 

remotely sensed data is the residual method [Soer 1980; Bastiaanssen et al. 1998; Su 

2002]. Because energy must be conserved as well as mass, it is possible to calculate ET 

as a residual of the energy balance equation: 
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                                              (Eq. 2.11) 

where Rn is the net solar radiation, G is the ground energy flux, λET is the latent heat flux 

and H is sensible heat. Rn varies with season and latitude, but also with cloud cover and 

land use. Most attempts at estimating Rn from satellite data follow the procedure laid out 

by Bisht et al. [2005]. G, the amount of energy absorbed by the ground, has been found to 

vary between 5% and 30% of Rn, during the day, depending on vegetation cover, and 

most of that energy is released back into the atmosphere at night [Su 2002]. The sensible 

heat is, of course, a function of surface temperature. Treating the land surface as an 

electrical analogue, the sensible heat is defined as: 

      
     

  
                                       (Eq. 2.12) 

The difference between surface temperature (Ts) and air temperature (Ta), and the 

aerodynamic resistance to heat transfer (ra), drives the sensible heat flux. Ta can be 

estimated from infrared sounding, and Ts is measured from infrared emissions using the 

split-window algorithm [Price 1984]. ra, however, cannot be calculated from remotely 

sensed data: 

                                

                                          (Eq. 2.13) 

 

Where z oh is the roughness height for heat transfer, u is the wind speed at height z, d is 

the zero plane displacement height, k=0.41 and zom is the roughness height for 

momentum transfer. In general the atmospheric stability correction (ψ) is close to 0, 

although ignoring it can cause observable error during the transitional period from day to 

night and vice versa [Monteith and Unsworth 1990]. The wind speed cannot be estimated 

by satellite, and zom and zoh are difficult to estimate even if you are physically standing at 

the site. Most studies assign them a reasonable value, but this is difficult because they 
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commonly range over several orders of magnitude. All theoretical models must estimate 

ra somehow, but the residual method is especially sensitive to error in this parameter, as 

Eq. 2.12 makes clear.  

 The Penman-Monteith equation for ET is much less sensitive to error in ra, 

because the term appears in both the numerator and denominator: 

    
                 

            
                                   (Eq. 2.14) 

The equation is mostly driven by Rn, rs, and the vapor pressure deficit (es-e). Vapor 

pressure deficit is, in turn, a function of air temperature and humidity. When the surface 

resistance, rs, is 0, this equation is identical to Penman’s original equation for calculating 

evaporation from open water [Penman 1948]. All terrestrial surfaces have some 

resistance to water loss. PET is typically calculated by assuming rs = 70 s/m, which is the 

resistance of well-watered soil covered with grass [Allen et al. 2005]. Most natural 

environments have resistance significantly higher than this. Theoretical approaches to 

estimating rs from remote sensing are being developed, but are still in the preliminary 

stages [Jones 1999; Guilioni et al. 2008]. Most ET algorithms develop an empirical 

relationship between rs and a vegetative index. If the area of interest and time step are 

both large, and the equation is calibrated, this can produce good estimates. 

 In February, 2011, NASA released an official ET data product derived from 

MODIS data, called MOD16. The MOD16 algorithm is based on the Penman-Monteith 

equation, but uses two-source model, which means that evaporation and transpiration are 

treated separately [Shuttleworth and Wallace 1985; Norman et al. 1995]. For a full 

description of how rs is estimated for bare soil and the canopy surface, refer to the work 

of Mu et al. [2011]. They report a mean absolute bias of 0.31 mm/day compared to flux 

towers, about 24% relative error.  
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Land Cover 

Land cover classification is not an exact science. Land cover types do not have a 

unique spectral signature. However, it is possible to derive empirical relationships 

between certain spectral patterns and a land cover class they are often are associated with. 

Using just the four bands measured by Landsat-1, it is possible to classify a pixel as one 

of nine land cover types. High resolution airplane imagery can be used to partition each 

of those categories into a number of subtypes. [Anderson et al. 1976]. Most studies today 

use the classification scheme developed by the International Geosphere-Biosphere 

Programme (IGBP) [Belward and Loveland 1995]. Even though the IGBP makes some 

distinctions more precise than the Anderson Level 2 scheme (Table 3), classification 

algorithms have improved to the point where this is possible with Landsat or even 1 km 

data. 

The first global land cover dataset was derived from AVHRR [DeFries and 

Townshend 1994]. The United States has a National Land Cover Database (NLCD) based 

on the IGBP classes derived from Landsat, and the European Commission commissioned 

the Global Land Cover 2000 Project (GLC-2000), derived from SPOT. The MODIS land 

cover classification algorithm (MLCCA) uses the IGBP classes, and makes significantly 

fewer miscalculations than was possible with AVHRR data [Straher et al. 1999]. The 

algorithm is a decision tree that determines the land cover of each pixel based on its EVI 

and reflectance in the seven bands that are visible or near infrared. The correlation 

between these parameters and land use class is based on a training site database. This 

database and the algorithm that analyses it are refined over time based on user feedback 

and validation activities. Each update adds another year to the land cover time series, but 

also improves the land cover maps of all the previous years. Changes in land cover can 
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rapidly transform the hydrology of a watershed, and have even been shown to affect 

regional climate [Avila et al. 2012].  

 

Anderson Level 1 Anderson Level 2 IGBP 

Urban 

Residential 

Commercial 

Industrial 

Utilities 

Mixed Urban 

Urban 

Agricultural 

Cropland ad Pasture 

Orchards and Vineyards 

Confined Feeding 

Other Agricultural 

Cropland 

Vegetation Mosaic 

Rangeland 
Herbaceous Rangeland 

Shrub and Brush 

Mixed Rangeland 

Woody Savanna 

Savanna 

Grassland 

Open Shrubland 

Closed Shrubland 

Forest 
Deciduous 

Evergreen 

Mixed Forest 

Evergreen Needleleaf 

Evergreen Broadleaf 

Deciduous Needleleaf 

Deciduous Broadleaf 

Mixed Forest 

Water 
Streams and Canals 

Lakes and Reservoirs 

Bays and Estuaries 

Water 

Wetland 
Forested Wetland 

Non-forested Wetland 
Wetlands 

Barren 

Salt Flats 

Beaches 

Bare Rock 

Sandy (non-beach) 

Mixed Barren 

Barren 

Tundra 

Shrub Tundra 

Herbaceous Tundra 

Bare Ground Tundra 

Wet Tundra 

Mixed Tundra 

Barren 

Perrenial Ice/Snow 
Snowfields 

Glaciers 
Snow and Ice 

Table 3: Land Cover Classification Systems 
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2.3 WEB  SERVICES 

2.3.1 WaterOneFlow 

A web service is “a software system designed to support interoperable machine-

to-machine interaction over a network” [W3C 2004]. Each web service is comprised of 

methods and operations that machines can use to communicate. Typically, one machine 

sends a request addressed with a uniform resource identifier (URI); the identified 

machine sends back a response. For example, the World Wide Web uses Hypertext 

Transfer Protocol version 1.1 (HTTP/1.1), which has four main operations: GET, POST, 

PUT, and DELETE [W3C 1999]. Because all other web services function through the 

World Wide Web, they must map back to HTTP/1.1 and some combination of these four 

operations.  

The architecture behind HTTP/1.1 was built following the Representational State 

Transfer (REST) concept, which requires that each request contain all the information 

necessary to process it. This increases scalability, because the server does not have to 

keep track of session information, but decreases performance, because requests cannot 

take advantage of memory or context [Fielding 2000]. The most commonly used non-

RESTful web service is the Simple Object Access Protocol (SOAP), which was designed 

by Microsoft and maintained by the World Wide Web Consortium (W3C). Unlike REST, 

which is an architectural concept, SOAP is a completely standardized protocol. Requests 

and responses are encoded in Extensible Markup Language (XML), and each must 

include a header and a body wrapped in an envelope. The SOAP client converts these 

messages to HTTP/1.1 for transport over the web.  

The Consortium of Universities for the Advancement of Hydrologic Science, Inc. 

(CUAHSI) has developed a web service for transferring hydrologic observations and 

associated metadata. This service, called WaterOneFlow, has four main operations: 
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GetSites, GetSiteInfo, GetVariableInfo, and GetValues [Whiteaker 2010]. 

WaterOneFlow uses the SOAP protocol, which means the all messages are encoded in 

XML. The responses, more specifically, are encoded in Water Markup Language 

(WaterML), a standardized dialect of XML designed to accommodate time series 

observations. The Open Geospatial Consortium (OGC) and World Meteorological 

Organization (WMO) have created a Hydrology Domain Working Group to help steward 

the process of designing WaterML 2.0, which will be the official OGC standard for 

encoding hydrological data. A number of local, state, and federal agencies have already 

implemented services, including the U.S. Geological Survey and Environmental 

Protection Agency. The governments of Canada, Australia and Germany have plans to 

follow suit. As WaterOneFlow continues to gain international acceptance, including the 

OGC’s stamp of approval, it has the potential to become a lingua franca for sharing 

hydrological data. 

 

2.3.2 Web Mapping Services 

WMS 

The OGC service standard for sharing geospatially-referenced map images is Web 

Mapping Service (WMS). WMS has three primary methods: GetCapabilities, GetMap, 

and GetFeatureInfo [OGC 2006]. These methods can be called RESTfully via HTTP 

GET or using XML via HTTP POST. GetCapabilities is used to query service-level 

metadata (title, author, geographic extent, coordinate reference system, etc.), which are 

returned encoded in XML. The GetMap method allows users to define a geographic 

extent and receive an image of that region with specified height, width, and format 

(JPEG, PNG, etc.). The GetFeatureInfo method can be used to request information about 
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the features at given geographic point, although this method is very loosely defined, and 

different implementations handle it differently [Seppi 2010].  

 

WFS 

The OGC’s Web Feature Service (WFS) was designed for accessing and 

manipulating individual geographic features. Its three main methods are GetCapabilites, 

DescribeFeatureType, and GetFeature [OGC 2005]. These methods can be invoked via 

HTTP GET, HTTP POST, or SOAP. GetCapabilities is used for service-layer metadata, 

while DecribeFeatureType queries metadata for a specific feature, including its geometry 

and attributes. The GetFeature method retrieves the feature itself, which is delivered in 

Geographic Markup Language (GML), another dialect of XML. Features described in a 

GML document can be drawn and analyzed using GIS software.  

 

ArcGIS for Server 

The ArcGIS software suite includes a number of geographically-enabled web 

services including a map service, feature service, image service, geoprocessing service 

and network analyst service. Each ArcGIS web service has a unique URL that can be 

used to make HTTP requests. The response is encoded in Javascript Object Notation 

(JSON), a lightweight text-based format equivalent to, but distinct from, XML. In 

addition to this RESTful interface, each web service can also communicate through 

SOAP. These web services are open source, so that other companies can communicate 

using the same protocol. For example, the KISTERS WIKSI system can respond to 

queries in the same JSON format used by Esri map services, making it easier to draw 

them in web applications. 
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Chapter 3: Creating a Web Map 

 

3.1 GATHERING DATA FOR THE SAN MARCOS RIVER BASIN 

3.1.1 Hydrography 

The source of the San Marcos River is a cluster of artesian springs near the town 

of San Marcos, TX. These springs are fed by the Edwards Aquifer, a fissured block 

limestone that runs perpendicular to the surface flow in the region. It underlies the 

Brazos, Colorado, Guadalupe, and Nueces river basins, including the cities of Austin and 

San Antonio. The hydrology that governs flow in this network of karstic fissures is 

complex, but its recharge zones are protected by local law because most of San Antonio’s 

drinking water is pumped from the aquifer. The springs near San Marcos provide 

baseflow that keeps the river moving during dry Texas summers. The thin, western 

“neck” of the basin is drained by the Blanco River, which empties into the San Marcos 

just a few kilometers after the springs. The second major tributrary, Plum Creek, flows 

through Lockhart and empties into the San Marcos near Luling.  

The northern edge of the San Marcos drainage basin marks the divide between the 

Colorado and Guadalupe watersheds (Figure 7). Onion Creek and the Pedernales River 

drain the land north of the basin, flowing northeasterly into the Colorado River near 

Austin. The San Marcos River flows to the southeast, combining with the Guadalupe near  
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Figure 7: The San Marcos River Basin 

Gonzales, about 100 kilometers east of San Antonio. In order to bring the basin’s 

hydrography into ArcGIS, streamlines for Texas were downloaded from the National 

Hydrography Dataset (Figure 8). The National Hydrography Dataset (NHD) is the 

surface water component of the U.S. National Map. The data is collected United States 

Geological Survey administrates a stewardship process which delegates to each state the 

responsibility of maintaining and improving a GIS database.  NHDPlus, developed in 

collaboration with the EPA, includes value-added attributes like mean annual flow and 

slope for each stream segment [Horizon Systems 2010].  
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Figure 8: The National Hydrography Dataset for Texas 

Using the “clip” tool in ArcMap, it is possible to extract those flowlines that lie 

within the San Marcos River Basin: 

 

 

Figure 9: Extracting San Marcos streamlines 
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Before displaying the result, a classification system is applied that draws the 

thickness of each stream segment according to its mean annual flow: 

 

Figure 10: Symbolizing Streamlines 

This creates a cleaner, more visually intuitive representation of stream 

connectivity within the river basin (Figure 11). Deriving this stream network from a 

DEM and modeling the mean annual flow in each segment would take several weeks, but 

using NHD the author was able to complete all above steps in less than an hour.  

 

3.1.2 Streamflow 

There are eight USGS stream gages in the San Marcos River basin (Figure 11). 

Unfortunately, the gage right near the mouth at Ottine, TX is no longer operational. In 

order to reconstruct a record of discharge from the basin, the streamflow measured in the 

San Marcos River at Luling and Plum Creek near Luling are added together. 

Approximately 12% of the drainage basin lies downstream of these two gages, and the 

bias this creates in discharge estimates is investigated below. 
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Figure 11: USGS Stream Gages in the San Marcos River Basin 

The USGS shares its streamflow records using WaterOneFlow, so retrieving all 

the necessary data took just a few minutes. The author used HydroExcel to download 

mean daily flow over the past decade for both gages: 

 

 

Figure 12: Downloading USGS streamflow records for the San Marcos River at Luling 
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This time series was reaggregated into mean monthly flow using the program’s 

pivot table. The gage on Plum Creek near Luling was not added until late 2001, so this 

study begins with the 2002 water year, 10/1/2001 – 9/30/2002.  

 

3.1.3 Precipitation 

The National Weather Service divides the Continental United States into thirteen 

river forecast centers (Figure 13). These centers are charged with monitoring hydrologic 

conditions and precipitation forecasts within their respective region to anticipate 

flooding. Hourly precipitation data is gathered using WSR-88D Next-Generation Radar 

(NEXRAD) and compared to rainfall gages on the ground. The bias in the radar field is 

removed and any gaps in the data are filled in with satellite estimates. The final product is 

known as a multi-sensor precipitation estimate (MPE). The West Gulf River Forecast 

Center (WGRFC) is currently sharing its entire MPE time series (hourly data dating back 

to 1995) through a WaterOneFlow service hosted by the University of Texas at 

Arlington. NEXRAD gathers spatially continuous data, but web services for sharing 

raster time series are still under development. The UT-Arlington service converts the 

rasters into a grid of point-based time series in order to serve the data through 

WaterOneFlow. Hopefully will not become common practice, as new innovations like the 

OGC’s Web Coverage Service and Esri’s Image Server make it easier to share spatially 

continuous data. 
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Figure 13: National Weather Service River Forecast Centers [NOAA 2012] 

 

 

Figure 14: MPE Virtual Rain Gages in the San Marcos River Basin 
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MPE rasters have 4 km resolution, so representing each cell as a point in its center 

produces a grid of “virtual rain gages” spaced evenly every 4 km (Figure 14). Each 

virtual gage has a site code so that it can be queried through WaterOneFlow. However, 

downloading the time series from each using HydroExcel is infeasible. Instead, a python 

script was written to iterate through all of them, using the GetValuesObject method: 

http://watershed.uta.edu/nws_wgrfc_daily_mpe_recent_values/cuahsi_1_1

.asmx/GetValuesObject?location=%SITECODE%&variable=NWS-

WGRFC:MPE&startDate="2000-1-1"&endDate="2009-12-

31"&authToken= 

This is the same WaterOneFlow method that HydroExcel would use, but the 

python script iterates through each SITECODE without the user entering them 

manually. Once the response has been aggregated into monthly averages, the 

result is a table with 29,280 rows, each row representing the average precipitation 

at one of the 244 virtual gages during one of the 120 months from 2000-2009. 

This table can be added to ArcMap as a feature layer, and a classification scheme 

applied that symbolizes each gage according to amount of precipitation it 

measures: 

 
Figure 15: Symbolizing Precipitation Gages 

http://watershed.uta.edu/nws_wgrfc_daily_mpe_recent_values/cuahsi_1_1.asmx/GetValuesObject?location=%25SITECODE%25&variable=NWS-WGRFC:MPE&startDate=%222000-1-1%22&endDate=%222009-12-31%22&authToken
http://watershed.uta.edu/nws_wgrfc_daily_mpe_recent_values/cuahsi_1_1.asmx/GetValuesObject?location=%25SITECODE%25&variable=NWS-WGRFC:MPE&startDate=%222000-1-1%22&endDate=%222009-12-31%22&authToken
http://watershed.uta.edu/nws_wgrfc_daily_mpe_recent_values/cuahsi_1_1.asmx/GetValuesObject?location=%25SITECODE%25&variable=NWS-WGRFC:MPE&startDate=%222000-1-1%22&endDate=%222009-12-31%22&authToken
http://watershed.uta.edu/nws_wgrfc_daily_mpe_recent_values/cuahsi_1_1.asmx/GetValuesObject?location=%25SITECODE%25&variable=NWS-WGRFC:MPE&startDate=%222000-1-1%22&endDate=%222009-12-31%22&authToken
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Before the precipitation layer can be drawn, it must be time-enabled: 

 
Figure 16: Enabling time in ArcMap 

This tells ArcMap which attribute column contains information about time. Once 

the layer has been time-enabled, a time slider can be used to see how precipitation in the 

basin varies temporally. The spatial variation of precipitation in San Marcos varies as 

well, even between months with similar volumes of total rain: 

 
Figure 17: Precipitation in November and December, 2001 
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3.1.4 Evapotranspiration 

NASA satellite data is shared through a web portal: 

 
Figure 18: NASA’s Data Portal [http://reverb.echo.nasa.gov] 

 The user sets a temporal and spatial extent, searches for a specific variable, then 

chooses which of the matching files are to be downloaded. The data are stored in 

Hierarchal Data Format (HDF). Each 3 megabyte HDF file contains a number of 

overlapping layers for one place and time. When an HDF file is brought into ArcMap, the 

user is presented with the subdataset selection window: 

 
Figure 19: ArcMap Subdataset Selection 
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The MOD16 product contains four layers: evapotranspiration, latent heat, 

potential evapotranspiration, and potential latent heat. All four layers have the same 

spatial and temporal extent, which is why ArcMap can only display one at a time. Once 

the correct layer has been drawn as a raster, a few tools must be used to filter out the 

anomalies, convert the data into standard units, and reproject the raster into a more useful 

spatial reference. Since MODIS was launched, there has only been a decade of data 

collected, and this study is using a relatively coarse monthly time step. Still, that is 120 

HDF files that must be downloaded and processed. In order to avoid doing this by hand, 

the author wrote a python script that streamlines the process. As more scripts had to 

written for downloading PET, NDVI, etc., the collection of tools became a toolbox2: 

 
Figure 20: The MODIS Toolbox 

Clicking on one of the scripts presents the user with a dialogue box: 

 
Figure 21: Import Evapotranspiration tool 

Enter the date and tile, the script will download the correct HDF file, convert it 

into a raster, and save it as a TIF or GRID. However, the real power of tools like this is 

that they can be used as building blocks in larger models. For example, the San Marcos 

                                                 
2 Available Online: http://resources.arcgis.com/gallery/file/geoprocessing/details?entryID=9CC382D2-

1422-2418-34F8-DC9F97B24052 

http://resources.arcgis.com/gallery/file/geoprocessing/details?entryID=9CC382D2-1422-2418-34F8-DC9F97B24052
http://resources.arcgis.com/gallery/file/geoprocessing/details?entryID=9CC382D2-1422-2418-34F8-DC9F97B24052
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River Basin overlaps two MODIS tiles: h09v05 and h09v06. In order to quickly 

download all the necessary tiles, a model was created where the user only inputs a date, 

and the model downloads both tiles on that date, appends them together, and extracts the 

part within the San Marcos basin: 

 
Figure 22: Import Evapotranspiration in the San Marcos River Basin 

Using a “batch run” in ArcMap, it is easy to quickly iterate through all 120 

months, creating a time series of ET in the San Marcos Basin. The rasters were combined 

into mosaic dataset, time-enabled, and given the following symbology: 

 

 

Figure 23: Symbolizing Evapotranspiration  
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Figure 24: Evapotranspiration in the San Marcos River Basin, April 2004   

  The gap near the middle is the city of San Marcos. Urban areas are filtered out by 

the MOD16 algorithm because some of its basic assumptions are not valid there [Mu 

2009]. There is a flux tower maintained by Texas State University in Freeman Ranch, a 

study site near San Marcos. The data from this flux tower, 31 meteorological variables in 

all, is served through WaterML3. The author used HydroExcel to download the half-

hourly ET measurements from this flux tower for 2000-2010, and used a pivot table to 

calculate monthly averages. Compared to what MOD16 estimated at that same point, the 

root mean square error was found to be 0.75 mm/day. There was a definite tendency for 

MOD16 to overestimate, with BIAS = +0.51 mm/day. However, a positive bias for one 

specific pixel does not indicate that the algorithm as a whole shares this bias. 

  

                                                 
3 http://hiscentral.cuahsi.org/pub_network.aspx?n=151 
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3.2 SOLVING THE WATER BALANCE 

During April 2004, an average of 4.1 inches of rain fell across the San Marcos 

River Basin - 364.5 million cubic meters (MCM) of water. On average, 1.9 mm/day was 

lost to ET, which comes out to 2.25 inches (197 MCM) over thirty days. Subtracting the 

two values tells us that the basin had 167.5 MCM of available water that month. 

Summing the recorded outflow from the stream gages tells us that 34.5 MCM was 

discharged from the basin, accounting for 21% of the available water. The residual, 133 

MCM, is the change in storage. This residual was calculated for every month of the 

decade: 

 

Figure 25: Storage by Month   

The ΔS term has precise meaning in theory, but in practice is difficult to verify. 

The GRACE satellites can detect changes in water storage on a continental scale, but are 

not sensitive enough to discern such a small watershed from the surrounding landscape. 

With a calibrated model, it is possible to derive maps of soil moisture from high-

resoultion microwave imagery. Also, the Land Data Assimilation System (LDAS) runs a 

hydrologic model called VIC at hourly intervals for the entire United States, estimating 

soil moisture with 1/8 degree resolution. However, soil moisture is not the same thing as 
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storage. It is impossible to measure ΔS without accounting for surface storage, both 

anthropogenic and natural. Thus, even as GRACE changes the way we understand 

storage in river basins like the Mississippi and Amazon, we must continue to calculate ΔS 

in small catchments as the residual of the water balance equation. 

 

3.3 VISUALIZING THE WATER BALANCE 

In ArcMap it is possible to display the precipitation, evapotranspiration, and 

discharge at the same time, as overlapping layers. Moving the time slider affects all three 

layers at once, so we can see how they vary over time. Figures 26 - 30 shows a time 

series of five months: April to August, 2004. As discussed above, 133 MCM of water 

was added to storage during April 2004. In May, higher temperatures lead to higher ET. 

Because there was only half as much precipitation, 108 MCM of water had to be taken 

out of storage just to meet the ET demand. Interestingly, there was still 23 MCM of 

discharge from the basin, about 10% of total precipitation. This most likely represents 

direct runoff, a result of the finite soil permeability. In June, there was a large rainstorm, 

resulting in greatly increased storage and streamflow. In July, there was little rain, and 

134 MCM had to be taken out of storage to meet the demand of ET. Fascinatingly, 

another 120 MCM was taken out of storage on top of that, so streamflow was four times 

the April total, despite getting less than half as much precipitation. This demonstrates the 

importance of subsurface flow. The excess soil moisture from June’s rainstorm continued 

to discharge into riverbeds a month later, and an attempt to model streamflow as a 

function of precipitation alone would not account for this. By August, this excess storage 

was used up, and all the components of the water balance are nearly identical to what 

they had been in May. 
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Figure 26:  Water Balance in April, 2004 

 

 

Figure 27:  Water Balance in May, 2004 
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Figure 28:  Water Balance in June, 2004 

 

 

Figure 29:  Water Balance in July, 2004 
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Figure 30:  Water Balance in August, 2004 

 

 

Figure 31: Sharing a Map Service 
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3.4 SHARING A WEB MAP 

Using ArcGIS for Server, it is easy to share this visualization with others. In 

ArcMap, just go to File / Share As… / Service (Figure 31). A dialogue box allows the 

user to name the service and customize the paramters, and after clicking “Publish,” a Map 

Service is created. The San Marcos Water Balance map service can be accessed through 

the World Wide Web.4 For example in ArcGIS Online, clicking “Add Layer from the 

Web” brings up a dialogue that allows users to add data from an ArcGIS Map Service, 

WMS, KML or CSV (Figure 32). Unfortunately, ArcGIS Online does not support 

graphing, but the Map Service could also be accessed from a Javascript application, 

which would make it possible to show the bar graph with calculated storage. 

 

 

Figure 32: Importing a Map Service into ArcGIS Online 

 

 

 

 

                                                 
4 http://bit.ly/GMFCII 
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Chapter 4: Hydrology of the San Marcos River Basin 

 

4.1 PRECIPITATION 

A graph showing total precipitation in the San Marcos River Basin for each 

month is shown below: 

 
Figure 33: Precipitation in the San Marcos River Basin 

A time series like this is necessary for calibrating models, but actually tells us 

very little about the basin’s hydrology. The patterns it contains are not apparent at first 

glance. Time series analysis must re-aggregate the data, slicing and dicing it into more 

interesting shapes. For example, we can isolate the seasonal variation by calculating the 

average precipitation for each calendar month: 

 

Figure 34: Average Monthly Precipitation 
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This shows that precipitation was generally higher in the summer and lower in the 

winter. Of course, it is possible that the opposite was true in previous decades – this is too 

small a sample size to make generalizations about the regional climate. Nonetheless, 

understanding how precipitation varied seasonally during the period of interest is 

necessary in order to understand variations in other water balance parameters during this 

period.  

For looking at long term trends, we re-aggregate the data into annual averages: 

 

Figure 35: Average Annual Precipitation 

While 2007 received the most precipitation of any year, we can see that the period 

from 2006-2009 as a whole was relatively dry. We will examine below how the 

hydrology of the basin changes during such droughts, as compared to the “normal” period 

from 2001 – 2005. 

 

4.2 EVAPOTRANSPIRATION 

4.2.1 Spatial Variation 

A script from the MODIS toolbox was used to download ET and PET for the 

summer months (June, July, and August of each year). Using the “raster calculator” tool  
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in   

Figure 36: Average Summer ET (left) and PET (right) 

ArcMap, all 30 images were averaged together to produce a map of average summer 

condtions in the San Marcos Basin. The average PET is 6.5 mm/day, and there is little 

spatial variation because temperature and cloud cover do not vary much across an area so 

small. Actual ET, in contrast, averages 2.26 mm/day throughout most of the basin, except 

for a few areas in the middle greater than 5.5 mm/day (Figure 36). PET is no higher in 

these areas; it is the ET/PET ratio that has changed. In most of the basin, Crop Water 

Stress Index = 0.66, meaning that ET occurs at one-third the potential rate. In the high-ET 

areas CWSI = 0.15 -- remarkably low for a natural ecosystem.  

 

Figure 37: Land Cover in the San Marcos River Basin  
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According to the MOD12 land cover classification algorithm, the San Marcos 

Basin is dominated by grasslands and woody savanna (Figure 37). It should be expected 

that areas with deep-rooted trees have higher rates of transpiration, and Figure 37 

confirms that all the high ET areas fall within the woody savanna region. However, not 

all of the woody savanna has high ET, which suggests that other variables are affecting 

ET as well.  

As mentioned in Section 2.1.1, changes in CWSI are usually driven by soil 

moisture availability. The physics governing subsurface flow are complex, which is why 

a distributed water balance model requires such detailed data about soils and surface 

topology. Building such a model for the San Marcos Basin is beyond the scope of this 

thesis. Luckily, it is not necessary. The high-ET areas, which are transpiring at 85% of 

the potential rate, have such high soil moisture availability because they are sitting atop 

the Edwards Aquifer (Figure 38). This also explains why the grasslands give way to 

woody savanna in this area. 

 

 

Figure 38: Summer Evapotranspiration and the Edwards Aquifer 
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4.2.2 Temporal Variation 

 ET varies in a distinctly seasonal way: it steadily increases each month for the 

first half of the year, and steadily decreases each month for the second half. This closely 

tracks the variation in PET (Figure 39). The difference is that PET appears almost 

constant from April to September, while ET is noticeably lower in April, August and 

September than in May through July. This is because the former months received less 

average precipitation than the latter (Figure 34). However, it is impossible to know if this 

is a consistent feature of the local climate or random statistical variation.  

 

  

Figure 39: Average Monthly ET (left) and PET (right) 

 

 

Figure 40: Average Annual ET (left) and PET (right) 
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Figure 41: Crop Water Stress Index, Monthly (left) and Annual (right)  

Average annual ET is almost identical from year to year, despite major variations 

in PET. The only exception is 2009, which is actually the year with the highest average 

PET. There is no direct correlation between annual ET and precipitation, either. So long 

as there is enough available water, annual ET from the San Marcos Basin is about 1700 

MCM, an average of 1.5 mm/day. As we will see in the next section, 2009 was the year 

soil moisture rain out. This is why ET was so low that year despite having the same 

precipitation as 2008 and a higher rate of PET.  

 

4.3 STORAGE 

The annual variation shows that years with above average precipitation tend to 

have positive storage, while years with below average precipitation have negative 

storage. This is an intuitive result: water is being stored during wet years for use during 

drier ones. However, storage cannot be modeled solely a function of precipitation. 

Precipitation was about the same in 2005 as compared to 2003, yet in 2005 a much 

greater percentage of that water became stream flow.  In 2009, precipitation was similar 

to in 2008 and 2006, yet not nearly as much water was taken out of storage. This is 
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because both 2006 and 2008 followed years with adequate rainfall. In 2009, it was the 

second year in a row of below average precipitation, and storage ran out. This also 

explains why ET dropped so precipitously that year. 

 

Figure 42: Average Storage, Monthly (left) and Annual (right) 

The seasonal variation shows that water is being stored during the winter and used 

during the summer. But unlike with annual storage, monthly storage is not primarily 

driven by precipitation. Figure 34 shows that average precipitation is just as high in June 

and July as in November. The difference is ET. Despite the large amount of precipitation 

falling in July, ET demands all that water and more, so storage is negative. In November, 

the same amount of rain falls, yet the temperature is low and little water evaporates.  

  

4.4 STREAMFLOW 

 Discharge from the San Marcos Basin is complex and very difficult to model. 

This is perhaps because one of the central assumptions behind the water balance equation 

is not valid here. Inter-basin transfers are not, in fact, negligible. The Edwards aquifer 

links the Brazos, Colorado, Guadalupe, and Nueces river basins together, and the patterns 

governing its flow are not well understood. In order help illuminate this hidden source of 
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flow, the times series from USGS’s gage at San Marcos was downloaded. Because this 

gage sits on the San Marcos River before its confluence with the Blanco, its drainage area  

is very small. The flow at this point is assumed to represent baseflow, the discharge 

coming from the San Marcos springs. As Figure 43 shows, there is little pattern to the 

variation is baseflow beyond the direct relationship with runoff. When runoff is high, 

baseflow increases, and when runoff is scarce, baseflow decreases. However, the 

variations in baseflow are extremely muted compared to runoff, and during the worst 

drought years it is clearly water from the aquifer that drives flow in the San Marcos 

River.  

 

  

Figure 43: Average Outflow, Monthly (left) and Annual (right) 

 

 

 Monthly Annual 

Precipitation 80.2 84.2 

Streamflow 23.9 34.8 

Evapotranspiration 98 5.8 

Storage 65.2 44.8 

Table 4: Standard Deviation of Water Balance Parameters, in MCM 
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Chapter 5: Conclusion 

 

5.1 IMPLICATIONS OF THIS DEMONSTRATION 

 This thesis seeks to demonstrate how recent advances in technology are changing 

the science of hydrology.  Precipitation, which was once measured in buckets, is now 

mapped three dimensionally by radar and satellite. Evapotranspiration, long estimated 

according to “rules of thumb” and simplistic empirical equations, is monitored by NASA 

and distributed as a free data product. Developing models that fully leverage these new 

capabilities will be a major focus of hydrological research in the coming years.  

The most obvious change is that remote sensing makes it possible to directly 

measure variables that previously had to be calculated in the model. This allows models 

to become more complex without expanding the number of parameters that must be 

calibrated. For example, the Thornthwaite Water Balance Model takes precipitation, 

potential evapotranspiration, soil moisture capacity, and the fraction remaining parameter 

as inputs, and calculates actual evapotranspiration, streamflow, soil moisture, and total 

storage, as explained in Section 2.1.2. This study downloaded streamflow records from a 

USGS web service and actual evapotranspiration from NASA. As a result, estimating 

potential evapotranspiration, soil moisture capacity, and the fraction remaining parameter 

was not necessary, and the model has three less sources of uncertainty. In fact, this study 

calculated monthly storage in the basin without calibrating any parameters at all.  
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As previously discussed, uncalibrated models are advantageous for two reasons: 

they can be used in regions that lack historical observation records, and they can be 

tweaked to examine how a changing climate will affect the results. With access to direct 

measurements of soil moisture from AMSR and total storage from GRACE, it would be 

possible to build an even more complex model that partitions the storage term between 

soil moisture, surface storage and aquifer recharge. 

Of course, streamflow gages are only common in certain regions of the world. 

Remote sensing can measure precipitation and evapotranspiration anywhere on the 

Earth’s surface, but streamflow still must be measured in situ. Installing and maintaining 

stream gages is expensive, so there is a strong incentive to continue improving models 

that do not require observed streamflow. These models estimate streamflow by 

partitioning the available water between discharge and storage. Available water, which is 

the precipitation minus evapotranspiration, can be taken from global datasets or 

calculated from local observations. Some of the methods for partitioning it, which are 

discussed in section 2.1.2, can take advantage of remotely sensed data. Newer models 

like SWAT and Sac-SMA leverage remotely sensed data better than older ones like 

Thornthwaite’s and Palmer’s. However, there is ample room for improvement. Now that 

data on available water is so readily available, the author expects that this will be a 

fruitful field for research in the coming years. 

Just like remote sensing makes it cheaper to gather data, web services make it 

cheaper to share data. This thesis solved the San Marcos River Basin’s monthly water 

balance using only data that is freely available on the internet. It demonstrates a new 

paradigm in which anyone with an internet connection can explore their local 

environment and begin asking questions about the quality and availability of water 

resources. In other words, hydrological science is becoming democratized. A new 
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generation of citizen scientists and environmental activists are developing the capacity to 

do their own analysis and challenge the common assumptions of the scientific 

establishment.  

Professional scientists should strive to encourage this kind of public engagement, 

so that local perspectives and expertise are not ignored. It is no longer enough to publish 

results in a scientific journal; it is crucial that scientists share data through web services, 

so that others can try and reproduce their results. Furthermore, once the results are 

confirmed, scientists need to consider ways that their analysis can facilitate further 

research. Derived data should be mapped and shared through WMS. Useful scripts should 

be posted in a resource center or shared as a geoprocessing service. This will not only 

allow the general public to become engaged with the scientific process, it will also make 

it easier for scientists to engage with each other. 

 

5.2 DIRECTIONS FOR FUTURE RESEARCH 

The following steps are recommended to further the research begun in this thesis: 

 Techniques for remotely sensing soil moisture should be explored, and 

used to model storage dynamics in the San Marcos River Basin. 

 A framework for modeling interactions with the Edwards Aquifer needs to 

be developed. 

 A system for pushing new data into the San Marcos Water Balance Map 

Service should be built to keep the web map up to date. 

  A distributed model of the San Marcos River Basin could be developed to 

study subsurface flow and water quality issues. 
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