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Abstract 

 

Cost of desalinating brackish groundwater using stochastic estimates of 

groundwater storage volumes and salinity 

Alysa K. Suydam, MSEER 

The University of Texas at Austin, 2022 

 

Supervisor:  Bridget R. Scanlon 

 

Strategic water planning in Texas is an important way to ensure Texans have 

enough water. With increasing climate extremes (droughts and floods) and climate 

change, new drought resistant supplies, such as brackish groundwater desalination, will 

become more important in the overall water portfolio in Texas. Current brackish 

groundwater studies produced by the state provide deterministic estimates of brackish 

groundwater storage volumes and groundwater salinity estimates. These estimates have 

high uncertainties; however, these uncertainties are not quantified or communicated. In 

this thesis two stochastic workflows were developed to reevaluate results of a 

deterministic brackish groundwater study: Monte Carlo simulation to produce stochastic 

storage estimates and ensemble learning to produce stochastic groundwater salinity 

estimates. These workflows were tested against the results of deterministic estimates, 

showing that the stochastic P50 storage estimate was about two times greater than the 

deterministic storage estimate when a lithologically appropriate specific yield distribution 

was sampled. The stochastic analysis also revealed that the aquifer storage estimates are 

highly uncertain due to a lack of measured data in the brackish aquifers. In reprocessing 
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data from the original deterministic analysis, uncertainty in salinity estimates was found 

to increase with increasing salinity, which is expected due to the limited number of 

brackish and saline water quality samples in the public record. Finally, the stochastic 

estimates of storage and salinity were used to assess the cost of desalinating groundwater 

from a San Antonio Water System project in the 2022 State Water Plan. Results show 

that brackish groundwater salinity uncertainties had a greater effect on the cost of 

desalinated groundwater than the uncertainties in the storage volume estimates. Overall, 

by developing stochastic workflows and estimates, stakeholders can target specific data 

to acquire to reduce uncertainties for specific projects. The additional context provided 

by uncertainty analysis could greatly benefit stakeholders. 
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1. INTRODUCTION 

As harmful as the 2010 to 2014 drought in Texas was (TWDB, 2021a),  climate extremes are 

projected to increase and cause longer term droughts with periodic extreme floods (Nielsen-

Gammon et al., 2020). Stakeholders need to consider investing in more reliable, drought resistant 

water supplies. Reliance on surface water, whether reservoirs or rivers, leaves populations 

vulnerable when drought grips the state. Existing water supplies are projected to decline by 18% 

by the end of the 2070 decade due to fresh groundwater depletion and sedimentation of 

reservoirs, and the population in Texas is projected to increase by more than 70% (TWDB, 

2021a); therefore, increasing water supply will be critical. State water planning efforts have 

identified several innovative approaches to enhancing water supplies, including aquifer storage 

and recovery (ASR), wastewater reuse, and brackish groundwater and seawater desalination. The 

Texas Water Development Board (TWDB) is the state agency in Texas responsible for strategic 

water planning and conducts basic research and data collection to support planning efforts.  

One TWDB program, the Brackish Resources Aquifer Characterization System 

(BRACS), involves mapping aquifer salinity and calculating storage volume estimates of 

brackish groundwater in the state’s aquifers. Although TWDB provides this information to the 

public, to date TWDB has not provided maps or volumes with uncertainty estimates. With newer 

technologies, quantifying the risk involved in developing brackish groundwater provides 

important context to assess the cost of desalination. The objective of this thesis was to show how 

a deterministic brackish groundwater salinity and storage volume model may be reprocessed to 

produce stochastic estimates of storage and salinity. Output from the Upper Coastal Plains 

Central (UCPC) deterministic analysis (Meyer et al., 2020) was reprocessed using stochastic 

analysis to assess the cost of the “[San Antonio Water System] expanded brackish groundwater” 

project from the 2021 Region L Regional Water Plan (Black and Veatch, 2020). 
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1.1 Past State Water Planning in Texas 

The TWDB and predecessor agencies have conducted strategic water planning in Texas since 

1961 following the “drought of record,” which occurred from October 1950 to February 1957  

throughout much of the state (TWDB, 2021a). With the first State Water Plan (SWP) in 1961, 

the Texas Board of Water Engineers (TBWE)1 published a top-down plan. The plan suggested an 

optimistic view of the water future in Texas and predicted a secure water future by 1980 if 45 

new reservoirs were constructed and properly developed (TBWE, 1961). Additionally, the report 

indicated that with groundwater in the supply mix, water resources would be plentiful. Although 

this SWP was the first since the drought of record, it was published after a relatively wet period 

which may explain the optimism in the plan (Figure 1). This is echoed by the plateau of total 

reservoir capacity and the rapid decline in the rate at which reservoirs were built in the state 

beginning in the 1970s (Figure 2). The decrease in constructing new reservoirs can also be 

attributed to the most favorable sites having been built. 

 
1 Predecessor agency of the TWDB. 
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Figure 1. Palmer drought severity index by month from 1920 to 2021. Call outs indicate when the drought of record occurred and when Sta te Water Plans (SWP) 

were published. Data modified from NOAA National Centers for Environmental Information (2021). 
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Figure 2. Cumulative number of reservoirs in Texas and cumulative reservoir capacity in Texas. Data modified 
from Texas State Historical Association (2021) and North Texas Municipal Water District (2021). maf = million 

acre-feet2. 

The 1968 SWP had a much less optimistic tone because the “presently available water 

resources are grossly inadequate to meet Texas’ future economically justified water needs” and 

pointed out that there were “limits of the State’s developable water resources” (TWDB, 1968). 

Planners evaluated a range of water supply options beyond reliance on surface reservoirs and 

groundwater, and discussed adding reuse and reclamation of wastewater, desalination, weather 

modification, and even imported water from the Mississippi River. The goal of importing 12 -13 

million acre-feet (maf)/yr from the Mississippi was never realized. 

The next SWP in 1984 was another top-down plan and listed similar supply strategies as 

the 1968 plan (TWDB, 1984). This plan was the first to discuss water conservation as a strategy. 

Additionally, the novel idea of secondary recovery of capillary water via “air drive, 

 
2 1 acre-foot = 325,851 gallons or 1,234 cubic meters 
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surfactant/foam, thermal, vibration, and electro-osmosis” techniques was discussed. This plan 

also introduced some modern elements to the SWP including demand projections. They 

estimated that demand could outpace supply as early as 2000 if new water supply strategies were 

not enacted and suggested irrigated agriculture could suffer as a result.  

Although the 1990 SWP is not notable for suggesting new strategies and similarly 

predicting future water supply to be barely sufficient, what is notable about this plan is that they 

list oil and gas brine disposal as a concern for groundwater quality (TWDB, 1990). At the time, 

they estimated subsurface disposal of about five billion gallons of wastewater, and in 2020 the 

Texas Railroad Commission (RRC) listed 406 billion gallons of fluids were injected into Class II 

wells (RRC, 2022).3 

Although the 1997 SWP followed a brief drought that was preceded by a relatively wet 

period (Figure 1), the tone of the plan changed markedly. The report included a statement that 

the “era of plentiful water when an area’s needs could be readily met with new water supply 

development is mostly past” (TWDB, 1997). This plan stressed that new water supplies were 

required, and that if new strategies were not pursued the state could be left dry. This plan was the 

first to use regional water planning areas and no longer mentioned trying to import water from 

the Mississippi River. Instead, interbasin transfers within the state were suggested. Additionally, 

construction of new reservoirs largely plateaued in the 1990s, and the 1997 SWP mentions that 

“the older traditional methods of just building a new water supply are not only less politically 

and regulatively [sic] feasible, but increasingly more costly” (TWDB, 1997). This plan included 

building eight new reservoirs. Another important difference between this plan and older plans is 

that despite still being top-down, the participant group in the plan was broadened to include the 

Texas Natural Resource Conservation Commission (predecessor agency of the Texas 

 
3 The H10 Filing System query from the RRC does not allow the user to query injection volumes by Class II well 
type; therefore, the 2021 volume includes injection from enhanced oil recovery, disposal, liquid hydrocarbon 
storage, and brine mining wells. 
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Commission on Environmental Quality), the Texas Parks and Wildlife Department, and other 

smaller groups that participated and provided feedback. 

Following Senate Bill 1 (S.B. 1) from the 1997 Texas Legislature, the 2002 SWP was the 

first bottom-up plan ("S.B. 1," 1997). In terms of water needs, this plan is largely similar to 

recent plans. They estimated that with supplies current in 2002, under a repeated drought of 

record of the 1950s, there would be a need of more than 8 maf in 2060 (TWDB, 2002). Twelve 

of the 16 regional planning groups were unable to provide plans for their 50-year water needs, 

largely due to an inability to find economic water sources for irrigation.  

The 2007 and 2012 plans have water supply recommendations that mirror modern current 

plans. Both plans estimate the state will have significant water needs under a repeated drought of 

record if new strategies are not implemented. They call for conservation, new reservoirs, 

increased groundwater use, groundwater and seawater desalination, wastewater reuse, and other 

innovative strategies such as brush control and weather modification (TWDB, 2007, 2012). The 

2012 plan added aquifer storage and recovery (ASR), which is often seen as a way to store water 

underground without evaporation. 

Although the 2017 plan echoes many findings from previous plans, such as investment in 

water infrastructure and supply to provide Texans with water under a repeated drought of record, 

the 2017 plan is the first to follow the establishment of the State Water Implementation Fund for 

Texas (SWIFT) and State Water Implementation Revenue Fund for Texas (SWIRFT) from the 

83rd legislature’s Senate Joint Resolution 1 ("S.J.R. 1," 2013). SWIFT funding mainly provides 

low interest loans for water strategies in state water plans. This funding was established due to 

decreased federal funding for large projects, such as funding for new reservoirs (TWDB, 2016a). 

As of November 2021,  approximately $9.2 billion of SWIFT funding has been committed to 

about 300 projects (TWDB, 2021b). 
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1.2 The 2022 State Water Plan 

The current SWP is the 2022 plan with two main takeaways. First, the 2022 plan assumes the 

greatest need for water will occur under a recurrence of the drought of record, and second, that 

there will not be enough water in Texas even if all of the strategies are implemented under a 

recurrence of a drought of record. Nielsen-Gammon et al. (2020) stress that stakeholders in the 

state water planning process need to consider how climate change will exacerbate the drought of 

record. This means that the projected water needs from the 2022 SWP, despite the assumption 

that all strategies are enacted, could be greater. Rainfall amounts could decrease, reservoirs and 

rivers could become drier, and traditional water supply strategies could get stressed under more 

severe drought conditions linked to climate change. 

Much of the new water supplies from the 2022 SWP rely on both new major reservoirs 

and “other surface water.” A total of 22 new major reservoirs are planned to supply water by the 

2070 decade, with 14 expected to provide supply by the 2030 decade. This is despite no major 

reservoir for water supply being constructed between the impoundment of the Gilmer Reservoir 

in 2001 (Texas State Historical Association, 2021) and the construction of Bois D’Arc Lake 

beginning in 2018 (North Texas Municipal Water District, 2021). New reservoirs are challenging 

to build for a number of reasons, including cost and site selection. “Other surface water” includes 

constructing minor reservoirs (individual capacity less than 5,000 acre-feet[af]) and building 

pipelines to connect water users to existing surface water. Surface water is expected to supply 

approximately 37% of water needs for Texas by 2070 (TWDB, 2021a); however, surface water 

would likely be the most unreliable water supply during drought.  

Other strategies considered include agricultural, municipal, and industrial conservation; 

indirect, direct potable, and other direct reuse; increased groundwater use; groundwater and 

seawater desalination; aquifer storage and recovery; and conjunctive use of surface water and 

groundwater. Conservation is projected to account for about 21% of the state’s water 

management strategies by the 2070 decade, reuse 15%, groundwater 13%, seawater desalination 
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2%, and ASR is projected to supply approximately 2% of the total new 7.7 million af (maf) per 

year by the 2070 decade. Specifically, brackish groundwater desalination is projected to supply 

about 2% of projected water use or 157,000 af per year by the 2070 decade (TWDB, 2021a). 

 

1.3 Why Brackish Groundwater? 

Because drought may become more frequent and intense (Nielsen-Gammon et al., 2020), 

stakeholders will require drought resistant water supplies. The current water supply in Texas is  

about 17.7 maf (TWDB, 2021a). Combined with various state water plan’s continued reliance on 

surface water in the future, more municipalities may add brackish groundwater desalination to 

their water supply portfolio. Brackish groundwater is seen as a drought resistant resource, and it 

is largely underutilized in the state as it currently supplies about 100,000 af per year (about 

0.56% of current supply) and is projected to supply an additional 57,000 af per year by decade 

2070 (Suydam & Mancha, 2022). 

Although increased use of brackish groundwater will reduce fresh-water demand, it is 

unlikely to be the ultimate solution to water supply during drought. Conservatively, brackish 

groundwater is not a sustainable resource. Groundwater can be saline due to processes that occur 

over geologic time, such as the deposition of original connate water or leaching of aquifer matrix 

minerals, or through anthropogenic activities such as oil and gas exploration and agriculture 

(Richter & Kreitler, 1991; van Weert & van der Gun, 2012; Winslow & Kister, 1956). Recharge 

of brackish groundwater is likely negligible. If brackish groundwater in Texas aquifers has 

meteoric origins, it would take millennia to leach enough minerals to become saline without 

dissolving significant evaporites. Pumping would readily outpace recharge of brackish 

groundwater. More research, including basic investigations on aquifer properties and age dating 

brackish groundwater, is necessary to manage brackish aquifers. 

Although data on brackish aquifers is limited, agencies in Texas are conducting research 

to build basic knowledge about the resource. In 2003, the state contracted a reconnaissance study 
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to estimate brackish groundwater volumes. This study found that there is about 2.5 billion af of 

brackish groundwater in the state’s aquifers (LBG-Guyton, 2003). In 2009, the Texas Legislature 

funded the Brackish Resources Aquifer Characterization System (BRACS) to map brackish 

aquifers, map groundwater salinity, and to estimate volumes of brackish groundwater in the 

State. Since its inception, BRACS has completed 13 studies and contracts (Figure 3) that 

estimate there is about 3.8 billion af of brackish groundwater with more of the state left to map 

(Andrews & Croskrey, 2019; Croskrey et al., 2019; Finch et al., 2016; Lupton et al., 2016; 

Meyer et al., 2020; Meyer et al., 2014; Meyer et al., 2012; Robinson et al., 2019; Robinson et al., 

2018; Wise, 2014; Young et al., 2016).  
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Figure 3. Map of completed studies and contracts from the BRACS program from Suydam and Mancha (2022). 

BRACS projects include mapping of brackish aquifers and estimating salinity primarily 

using interpretations from geophysical well logs (1950s to present). In the past, surface casing 

requirements for oil and gas wells were less stringent than current standards with less surface 

casing; therefore, many of the older geophysical logs are more useful to interpret shallow aquifer 

salinity than newer logs which are from wells with much more surface casing (Figure 4). Making 

stratigraphic, lithologic, and salinity interpretations from publicly available data, which includes 
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many generations of tools, is certain to have errors. BRACS studies present deterministic 

estimates of storage and salinity and do not include uncertainty estimates. There are few 

stochastic groundwater studies in Texas, and none from the TWDB (Foster & White, 2016; 

Foster et al., 2021; White et al., 2020). The objective of this work was to apply stochastic 

methods to quantify uncertainties in brackish groundwater volumes and salinity and how these 

uncertainties affect the cost of brackish groundwater desalination. 

 

 
Figure 4. Shallowest resistivity measurement and year the well was drilled in the Upper Coastal Plains Central study area.   

Currently, there are many unknowns associated with brackish groundwater resources that 

are not explicitly expressed in deterministic estimates produced by the TWDB. Brackish 

groundwater has less directly measured data than the fresh portions of aquifers. There are 

relatively few measured water quality samples, few wells from which aquifer tests or static water 

level measurements can be made, and few measurements of deep aquifer properties such as 

porosity or specific yield. Collecting all of these data is much less appealing than collecting data 
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from fresh-water aquifers because it will be more expensive. Many water wells are drilled 

because the water is needed for consumption. Fresh water requires less treatment; therefore, our 

understanding of aquifers is strongly biased to fresh groundwater as it is more developed. 

Despite the lack of directly measured data, the BRACS department at the TWDB maps brackish 

aquifers using indirect methods (geophysical well log interpretation) and is one of the few 

programs in the nation mapping state level brackish groundwater resources (Stanton et al., 2017). 

Despite this progressive work, uncertainty quantification would provide a helpful context layer 

to target what data would help most to improve estimates. There are numerous public 

groundwater studies available in Texas, and people interested in investing in desalination 

infrastructure may find the added uncertainty analysis useful when making decisions. To help 

illustrate the stochastic methodologies applied when reprocessing the deterministic data, the 

study selected for reprocessing is described along with the deterministic methods to estimate 

groundwater volume and salinity and the methods used to make the stochastic volume and 

salinity estimates. 

 

1.4 Upper Coastal Plains Central (UCPC) study 

The UCPC study includes the Wilcox Group, Carrizo Sand, Queen City Sand, Sparta Sand, and 

Yegua Formation between the San Antonio River and Colorado River in Central Texas (Figure 

5). These sedimentary units were deposited during the Paleocene and Eocene and generally dip 

toward the Gulf Coast (Figure 6). A more thorough discussion of the geologic setting is available 

in Meyer et al. (2020). The study area encompasses a rapidly growing part of the state and will 

need new water supplies for projected population growth (Figure 7). The UCPC study resulted in 

a report detailing the methodology used to estimate groundwater salinity and volume, database 

tables, and GIS datasets. Database tables include summaries of aquifer assignments to wells in 

the study area, measured water quality, stratigraphic picks from well logs, and net sand analysis 

from both geophysical and driller well logs. GIS datasets include point data derived from 
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database tables, raster interpolations of stratigraphic surfaces and net sand analyses, estimated 

salinity polygons for studied aquifer units, and other contextual information. Appendices 13.4 

and 13.5 of the UCPC report fully list this information. Data interpreted and analyzed in the 

UCPC report came from a variety of sources including the Groundwater Database (GWDB), 

geophysical well logs from both the Bureau of Economic Geology (BEG) and Texas Railroad 

Commission (RRC), Submitted Driller’s Report database (SDR), and the Texas Commission on 

Environmental Quality (TCEQ). Below is a summary of relevant data from the UCPC report: 

• Stratigraphic picks and analysis from geophysical well logs in both database table 

and GIS (point files, raster interpolations) formats 

• Lithologic analysis from geophysical well logs and driller descriptions in both 

database table and GIS (point files, raster interpolations) formats 

• Groundwater salinity estimates from geophysical well log analysis in both 

database table and GIS (point files, polygon files) formats 

• Porosity interpreted from geophysical well logs in database tables 

• Measured water quality analysis in database tables 

• Aquifer footprints in GIS (polygon files) format 
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Figure 5. Upper Coastal Plains Central study area from Meyer et al. (2020). 
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Figure 6. Stratigraphic column depicting the depositional epochs of the UCPC study aquifers, their USGS aquifer 

names, Texas aquifer names, and the aquifer system from Meyer et al. (2020). 
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Figure 7. Estimated change in Texas' population by county from 2020 to 2070. Data are from TWDB (2019). 
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2. BRACKISH GROUNDWATER VOLUME ESTIMATES 

The first key component to be tested was the estimated groundwater storage volume in the study 

aquifers. In section 2.2 the specific yield values used in the UCPC report were evaluated. 

Measured specific yield from brackish aquifers is quite limited. 

 

2.1 Deterministic Volume Methods 

To determine groundwater volume in the UCPC report, Meyer et al. (2020) estimated aquifer 

storage using a fairly simple equation (Equation 1). 

 

Equation 1  

 

Where: 

 V = volume, acre-feet 

 A = area, acres 

 ST = saturated thickness, feet 

Outcrop: In the outcrop, the saturated thickness is equal to the static water level 

thickness multiplied by the net sand percentage. 

Subcrop: In the subcrop, the saturated thickness is equal to the net sand thickness. 

 Sy = specific yield, decimal 

Meyer et al. (2020) did not estimate the confined storage volume due to insufficient data 

availability and assumed the volume would be small in comparison to the total storage volume. 

Other authors found the limited data available for brackish aquifers insufficient to estimate 

groundwater storage and calculated the groundwater present as a percent of the total subsurface 

volume (Stanton et al., 2017). Estimating total aquifer storage by calculating the unconfined 

storage represents an upper boundary volume estimate, as wells cannot produce 100% of storage. 

To perform this calculation, Meyer et al. (2020) used interpolated rasters and volume grid ESRI 

polygon file. They assigned the raster values from the aquifer unit top and bottom 

depth/elevation to the polygon grid cells, assigned net sand raster values, and assigned static 
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water level values in the outcrop. For each 250- by 250-foot grid cell, they calculated volume 

using Equation 1 and they summed the groundwater volume estimated from 2,634,229 grid cells. 

Most of the data used to generate the rasters was derived from geophysical well log 

interpretation. Meyer et al. (2020) interpreted logs from 1,207 wells to generate 4,652 

stratigraphic picks, interpreted logs from 635 wells to generate 82,012 lithology picks, 

incorporated driller descriptions from 1,834 wells for an additional 27,818 lithology picks, and 

then used a modified spline interpolation method called TopoToRaster to make the stratigraphic 

surface and net sand interpolations. 

The deterministic UCPC study utilized specific yield values from the appropriate GAM 

models (Deeds et al., 2010; Young et al., 2018). In the GAM models, the Sy was applied to the 

entire aquifer thickness, rather than to the net sand thickness, as was done in the UCPC study. 

Most of the brackish resources in the state occur in the confined subcrop of aquifers. Estimating 

total aquifer storage with Sy in confined aquifers has been performed in numerous BRACS 

studies and contracts, and was additionally performed by LBG-Guyton (2003) in their 

reconnaissance study of brackish volumes in the state. Estimating total aquifer storage with the 

unconfined component of storage represents an upper bound because wells cannot produce 100% 

of storage. 

Although, in theory, a confined aquifer can become unconfined if the static water level 

drops to or below the top of the aquifer, there are few examples of this in literature. One example 

is the Arapahoe Aquifer in Colorado, which is reported to have transitioned to an unconfined 

aquifer in 2005-2006 in the Castle Rock area (Raynolds, 2013). The Arapahoe Aquifer is the 

second deepest of four aquifers that compose the Denver Basin Aquifer System (Figure 8, 

Paschke et al., 2011), and the Castle Rock area overlies the Arapahoe Aquifer subcrop. Another 

example of an aquifer transitioning from confined to unconfined is the Trinity Aquifer in 

McLennan County, Texas. Yelderman et al. (2020) conducted a 24-hour pump test in a well 

completed in the confined portion of the Trinity, but near the unconfined outcrop. They found 

that when the static water level fell below the top of the aquifer well yield decreased by about 
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25%; however, the rate at which the static water level was falling decreased. Literature review 

did not return examples of brackish groundwater being pumped such that a confined aquifer 

became unconfined, so the use of Sy variables to estimate total aquifer storage in confined 

aquifers should be further investigated. 

 

 
Figure 8. Block diagram of the Denver Basin Aquifer System from Paschke et al. (2011). 

 

2.2 Stochastic Volume Methods 

Monte Carlo simulation (MCS) was used to generate stochastic groundwater volume estimates 

from the deterministic model. Substantial data preparation was required before MCS could be 

performed, including sampling from spatially debiased histograms. The process can be 

summarized as follows: 

1. Decluster net sand thickness distribution 

2. Select appropriate Sy distribution 

3. Perform 100,000 MCS realizations 
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DECLUSTERING NET SAND DISTRIBUTIONS 

To estimate volume, the net sand thickness for an aquifer unit was used as the saturated thickness 

from Equation 1. The UCPC study provided net sand thickness point data for each of the five 

mapped aquifer units. Because stochastic estimation reproduces whatever bias went into making 

a dataset, the net sand thickness distributions used in the volume calculations were spatially 

debiased. Specifically, oil and gas wells are drilled to maximize hydrocarbon production, but not 

to make an evenly distributed sample grid. To debias the distribution of sample data in the study 

area, which were predominantly oil and gas wells, a cell-based declustering routine using the 

GeostatsPy library in python was applied (Pyrcz et al., 2021) which was modeled from a routine 

assembled by Pyrcz (2020a). Cell-based declustering uses a grid of various cell sizes, moves the 

grid around the data area, and assigns weights to data points based on how dense they are within 

a grid cell. More data in a cell results in lower weights applied to the data, which are then used to 

calculate an average. This process is repeated many times using different cell sizes and grid 

placements, and the optimum set of weights is selected based on whether the weighted average is 

maximized or minimized. The ultimate goal of cell-based declustering is to generate a debiased 

histogram to sample from during MCS. Cell-based declustering specifically debiases data based 

on the tendency to sample data in clusters (e.g., drilling oil and gas wells where there are oil and 

gas deposits). For net sand distribution declustering, 50 cell sizes between 25 x 25-feet and 

250,000 x 250,000-feet were tested along with 10 different grid offsets for each tested cell size to 

select the optimal cell size to debias the data.  

SPECIFIC YIELD DISTRIBUTIONS 

Single Sy values were used in the UCPC study from the corresponding Groundwater Availability 

Models (GAMs). These GAM Sy values were: 1) developed for the entire aquifer thickness, not 

just the net sand thickness, and 2) derived from literature review (Deeds et al., 2010; Young et 

al., 2018). Lv et al. (2021) conducted a comprehensive review of Sy and found that permeability, 

lithologic texture, water table depth, the amount of time a test was conducted, and whether the 
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water table is rising or falling all affect the Sy value. Because the Sy values from the UCPC study 

were developed for the entire aquifer thickness, Sy distributions based on literature review for 

defined lithologies were used in this study. Sy values based on lithologically appropriate 

distributions should better capture important factors like lithologic texture and permeability  than 

a generic value developed for an entire aquifer thickness. Morris and Johnson (1967) summarize 

and present Sy data as a minimum, average, and maximum measured values based on rock and 

sediment type (Table 1). Primary recovery factors in oil and gas production refer to the portion 

of hydrocarbons that can be recovered with a completed well and a pump without enhancing 

recovery with water injection wells or water flooding the reservoir (Schlumberger, 2021). 

Specific yield is loosely similar to primary recovery factor in that both are strongly affected by 

permeability. The distribution of Sy was modeled with a triangular distribution. Rose (2001) 

suggests modeling recovery factors with a lognormal distribution, and a triangular distribution 

captures the asymmetry of a lognormal distribution. Minimum and maximum Sy values were 

used for a material from Morris and Johnson (1967) as the ends of the triangular distributions, 

and the average Sy as the peak value for the triangular distribution. 

 
Table 1. Porosity and specific yield for selected lithologies from Morris and Johnson (1967). 

Material 

Porosity Specific yield 

Min. Avg. Max. Min. Avg. Max. 

Unconsolidated alluvial deposits 

Clay 0.34 0.42 0.57 0.01 0.06 0.18 

Silt 0.34 0.46 0.61 0.01 0.2 0.39 

Fine sand 0.26 0.43 0.53 0.01 0.33 0.46 

Medium sand 0.29 0.39 0.49 0.16 0.32 0.46 

Coarse sand 0.31 0.39 0.46 0.18 0.3 0.43 

Clastic sedimentary rocks 

Fine sandstone 0.14 0.33 0.49 0.02 0.21 0.4 

Medium sandstone 0.3 0.37 0.44 0.12 0.27 0.41 

Siltstone 0.29 0.35 0.48 0.01 0.12 0.33 

Claystone 0.41 0.43 0.45       

Shale 0.01 0.06 0.1       

Carbonate rocks 

Limestone 0.07 0.3 0.56 0.02 0.14 0.36 
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ESTIMATING GROUNDWATER STORAGE WITH MONTE CARLO SIMULATION 

MCS was used to stochastically estimate groundwater storage volumes for each of the five 

mapped aquifer units in the UCPC study. Groundwater storage volume can be broken down into 

two components, confined and unconfined storage volumes (Dingman, 2015; Fetter, 2001; 

Freeze & Cherry, 1979). Unconfined storage occurs when the static water level is at the top of 

the aquifer (fully saturated) or within the aquifer (partially saturated). Confined storage 

coefficients are used when the potentiometric water surface, or static water level within a well, 

occurs above the top of the aquifer. For this report, the following equations were considered: 

 

Equation 2 Storage (or storage volume, groundwater storage, total aquifer storage): 

 

Equation 3 Confined storage:  

Equation 4 Unconfined storage:  

 

where: 

 V = storage volume 

 A = area 

 S = Storativity 

Δh = positive distance between the static water level elevation in a well and the aquifer 

top elevation 

ST = saturated thickness 

Static water level data are insufficient for much of the brackish portion of aquifers in 

Texas, which makes estimating confined storage difficult. Aquifer storage was estimated by 

calculating only the unconfined storage component. Because groundwater volumes were regional 

estimates and rounded to the nearest million acre-foot, confined storage is about three orders of 

magnitude lower. However, for a specific desalination development, confined storage would 

likely be important and site-specific data should be collected. Approximate low and high 

estimates of confined storage from existing static water level data suggest that confined storage 

could add as little as no additional af to a high estimate of an additional 10 maf to the regional 

volume estimate. The low estimates in Table 2 are based on the confined aquifer storage from 

averaging the difference between the static water level (SWL) elevation (from 2000 to 2018) and 

the aquifer unit top elevation. Only measurements with a SWL above the top of the aquifer were 
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used to calculate high estimates of confined storage (data from Meyer et al., 2020). The volume 

from confined storage is likely somewhere between the low and high estimate, and likely a small 

percent of the total storage volume. For these reasons, the total aquifer storage was selected by 

calculating the unconfined storage volume (Equation 4). 
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Table 2. Summary of approximate estimation of confined storage. These numbers are rounded to the nearest maf. SWLE minus aquifer TE are averaged values. 
Note: SWLE = Static water level elevation. TE = Top elevation. 

Aquifer 
unit 

Area (sq 
mi) 

Low SWLE minus 
Aquifer TE 

# of 
samples 

Low 
storativity 

Low confined 
storage (ac-ft) 

High SWLE 
minus Aquifer TE 

# of 
samples 

High 
Storativity 

High confined 
storage (ac-ft) 

Wilcox 5,842 0 2,374 0.00005  -  545 321 0.005 10,000,000 

Carrizo 4,441 392 3,304 0.00005  -  538 2,528 0.005 8,000,000 

Queen 
City 3,687 24 564 0.00005  -  204 191 0.005 2,000,000 

Sparta 3,045 358 345 0.00005  -  479 263 0.005 5,000,000 

Yegua 2,470 24 268 0.00005  -  261 66 0.005 2,000,000 

 
Table 3. Stochastic volume estimation components and parameters. 

Aquifer 

unit 

Saturated thickness 

Net sand thickness declustering parameters 
Specific yield  

Triangular distribution parameters 

Area 

(sq 

mi) 

# of MCS 

realizations 

# of 
tested 
cell 

sizes 

cell size 
minimum 

(ft) 

cell size 
maximum 

(ft) 

# of 
tested 
grid 

offsets 

Maximize 
or 

minimize? 

Naïve 
mean 

(ft) 

Declustered 

mean (ft) Material Min Peak Max 

Wilcox  50   25   250,000   10  Maximize  710   848  
Fine 
sandstone 0.02 0.21 0.4  5,842   100,000  

Carrizo  50   25   250,000   10  Maximize  418   482  
Medium 
sandstone 0.12 0.27 0.41  4,441   100,000  

Queen 
City  50   25   250,000   10  Maximize  211   228  

Fine 
sandstone 0.02 0.21 0.4  3,687   100,000  

Sparta  50   25   250,000   10  Minimize  58   49  
Fine 
sandstone 0.02 0.21 0.4  3,045   100,000  

Yegua  50   25   250,000   10  Maximize  284   325  
Fine 
sandstone 0.02 0.21 0.4  2,470   100,000  
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A total of 100,000 MCS realizations were performed using Equation 4 to build a 

distribution of storage volume estimates for each of the five aquifer units from the UCPC report. 

Area was maintained constant and derived from the aquifer footprint within the study area, 

random samples were selected from an aquifer’s spatially debiased net sand thickness 

distribution as the saturated thickness, and random samples were drawn from the appropriate 

constructed Sy distribution (Table 3). From the resulting storage volume distribution, P10, P50, 

and P904 volumes were selected to represent low, most likely, and high estimates of groundwater 

storage. Next, volume estimation specifics are described for each of the five aquifers mapped in 

the UCPC study. 

WILCOX STORAGE VOLUME ESTIMATION 

The Sy value used in the UCPC report and lithology appropriate Sy distributions were tested. 

When the MCS routine was performed using the UCPC Sy value, the P50 volume estimate was 

found to be largely similar to the deterministic UCPC groundwater volume estimate, which 

represented the P54 of the distribution (Figure 9). Given that the P50 volume from the MCS 

estimate is comparatively quite similar to the deterministic estimate increased confidence that 

MCS could be used to estimate the groundwater volume for the Wilcox Group within the study 

area. 

The range of values (minimum, mean, maximum) presented for fine sandstone in Morris 

and Johnson (1967) was used to construct the Sy distribution for the Wilcox. Fine sandstone was 

selected for two main reasons. First, the Sy value used by the UCPC study is 0.1 and is based on 

the Sy value from the GAM for the Calvert Bluff and Hooper formations (Young et al., 2018) 

and suggests it would yield less than the Carrizo (GAM Sy = 0.15). Second, the lithologic 

description presented in Meyer et al. (2020) states the Wilcox sandstones are “very fine to fine-

grained.” MCS was again used to estimate groundwater storage volumes, except Sy values were 

 
4 Statistical percentile definitions were used in this report rather than petroleum exploration percentile definitions. 
The P10 is the estimate that exceeds 10% of the distribution’s estimates, the P50 estimate exceeds 50% of the 
distribution estimates, and the P90 exceeds 90% of the distribution estimates. 
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drawn from the constructed distribution rather than the static report value. The stochastic volume 

distribution for the Wilcox using the modified routine for this report is presented in Figure 10. 

 

Figure 9. Stochastic storage distribution for the Wilcox aquifer using the specific yield value from Meyer et al. 

(2020). 

 
Figure 10. Stochastic storage estimates for the Wilcox aquifer using a lithology appropriate specific yield 

distribution. 
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CARRIZO STORAGE VOLUME ESTIMATION 

Similar to the Wilcox Group, stochastic volume estimation for the Carrizo using the UCPC Sy 

value was tested and the deterministic estimate (P46) was found to be close to the stochastic P50 

(Figure 11). This provided confidence in using MCS to estimate Carrizo groundwater storage 

volumes, and then stochastic estimation using a lithology appropriate Sy distribution was 

performed. The medium sandstone distribution was selected because the Carrizo GAM used a 

higher Sy than the Wilcox (Young et al., 2018), and Meyer et al. (2020) describe the Carrizo as 

“mostly composed of medium-grained sands with a minor amount of sandy clays.” The 

stochastic volume distribution for the Carrizo using the modified routine for this report is 

presented in Figure 12. 

 

 
Figure 11. Stochastic storage distribution for the Carrizo aquifer using the specific yield value from Meyer et al. 

(2020). 
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Figure 12. Stochastic storage estimates for the Carrizo aquifer using a lithology appropriate specific yield 

distribution. 

QUEEN CITY STORAGE VOLUME ESTIMATION 

Stochastic estimation of Queen City storage volumes was tested using the UCPC Sy value in 

MCS, and the deterministic estimate was found to be the P53 volume (Figure 13). When 

selecting a Sy range from Morris and Johnson (1967), the fine sandstone range was selected 

because Meyer et al. (2020) describe the Queen City as “made up of sand, sandy silty clay, 

lignite, and bentonite.” This description includes more fine-grained materials than the Carrizo, 

and the Queen City GAM used a Sy value of 0.1, which is the same as the Wilcox (Young et al., 

2018). The stochastic volume distribution for the Queen City using the modified routine for this 

report is presented in Figure 14. 
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Figure 13. Stochastic storage distribution for the Queen City aquifer using the specific yield value from Meyer et al. 

(2020). 

 
Figure 14. Stochastic storage estimates for the Queen City aquifer using a lithology appropriate specific yield 

distribution. 
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SPARTA STORAGE VOLUME ESTIMATION 

Testing stochastic volume estimation for the Sparta revealed the deterministic volume estimate to 

be the P58 storage estimate (Figure 15). Because the volume was similar, a distribution of Sy 

based on the fine sandstone values from Morris and Johnson (1967) was used in the modified 

MCS. Fine sandstone was selected because the GAM Sy used the same value as the Wilcox and 

Queen City (Young et al., 2018), and Meyer et al. (2020) describe the Sparta as “sand, sandy 

clay, glauconitic sand, and limonite.” This lithologic description includes more fine-grained 

sediments than the Carrizo description. The stochastic volume distribution for the Sparta using 

the modified routine for this report is presented in Figure 16. 

 

 
Figure 15. Stochastic storage distribution for the Sparta aquifer using the specific yield value from Meyer et al. 

(2020). 
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Figure 16. Stochastic storage estimates for the Sparta aquifer using a lithology appropriate specific yield 

distribution. 

YEGUA STORAGE VOLUME ESTIMATION 

The stochastic volume estimation using the UCPC Sy value determined the UCPC estimate to be 

the P39 which is more dissimilar to the P50 than the other aquifer units (Figure 17). The UCPC 

Sy value is taken from the GAM (Deeds et al., 2010), and Meyer et al. (2020) describe the Yegua 

as “made up of sand, sandy clay, and clay.” The spatially debiased net sand thickness appears to 

be bimodal, rather than the skewed unimodal distributions of the other aquifer units. Perhaps the 

net sand distribution contributed to the difference in deterministic and P50 volume estimates, or 

the Sy value selected by Meyer et. al (2020) was too small. The fine sandstone distribution based 

on Morris and Johnson (1967) was selected because the Yegua sand character in the type logs 

from Meyer et al. (2020, figures 7.8.2-1 and 7.8.2-2) appear less blocky than the Carrizo (Meyer 

et al., 2020; figures 7.2.2-1 and 7.2.2-1) and have more interbedded clays like the Wilcox (Meyer 

et al., 2020; figures 7.1.2-1 and 7.1.2-2) or Queen City (Meyer et al., 2020; figures 7.4.2-1 and 

7.4.2-2). The stochastic volume distribution for the Yegua using the modified routine for this 

report is presented in Figure 18. 
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Figure 17. Stochastic storage distribution for the Yegua aquifer using the specific yield value from Meyer et al. 

(2020). Note the bimodal distribution inherited from the bimodal net sand thickness distribution. 

 

 
Figure 18. Stochastic storage estimates for the Yegua aquifer using a lithology appropriate specific yield 

distribution. 
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2.3 Volume Results 

The stochastic volume estimation routine using lithology appropriate Sy developed to reprocess 

Meyer et al. (2020) consistently shows that the stochastic P50 groundwater storage volume is 

higher than deterministic estimates. In testing MCS to estimate groundwater storage volumes 

using the same data and Sy values as Meyer et al. (2020), deterministic estimates and P50 

estimates of storage volumes were largely similar. This provided confidence that differences in 

volumes using MCS and a lithology appropriate Sy distribution were due to the Sy distribution 

and not the MCS methodology. Using lithology appropriate Sy distributions shows the 

deterministic storage volume estimate to be on average 62% of the P50 storage volume estimate 

(Table 4). Aside from changing the P50 of the distribution, sampling from a distribution of Sy 

changed the shape of the resulting storage distribution (Figures 10, 12, 14, 16, and 18). Sampling 

from the Sy distributions made the resulting Yegua groundwater storage distribution appear less 

bimodal, and generally all the resulting groundwater storage distributions are positively skewed. 

 
Table 4. Stochastic storage volume estimates (P10, P50, and P90) using the specific yield distribution and the 

deterministic storage volume estimate from Meyer et al. (2020). maf = million acre-feet 

Aquifer 

unit 

P10 

volume 

(maf) 

Deterministic volume 

(maf) 

P50 

volume 

(maf) 

P90 

volume 

(maf) 

Deterministic 

volume % of 

P50 volume 

Wilcox  39   321   555   1,449   58  

Carrizo  95   204   356   641   57  

Queen 

City  21   52   95   226   55  

Sparta  1   11   17   44   65  

Yegua  6   78   105   213   74  

Total  162   666   1,128   2,573   - 

Additionally, stochastic estimation allowed quantification of the range in storage volumes 

using an 80% confidence interval (i.e., P10 to P90). Storage volumes using existing data are 

fairly uncertain, as the P10 estimates are 10s of maf and the P90 is as high as 1000s of maf. At 

the 80% confidence interval Wilcox groundwater storage volume estimates range 1,410 maf (2.5 
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times the P50 volume), Carrizo storage volumes range 546 maf (1.5 times the P50 volume), 

Queen City storage volumes range 205 maf (2.2 times the P50 volume), Sparta storage volumes 

range 43 maf (2.5 times the P50 volume), and Yegua storage volumes range 207 maf (2 times the 

P50 volume). 

 

2.4 Volume Discussion 

Stochastic estimation of groundwater storage revealed three main concepts. First, MCS can be 

used to stochastically estimate groundwater storage. Using the same data and Sy values from 

Meyer et al. (2020), the resultant P50 volume estimate is similar to the deterministic estimate. It 

would be difficult to quantify the error for the deterministic estimate based on the data used in 

Meyer et al. (2020). The saturated thickness was derived from the aquifer net sand thickness, 

which was derived from log interpretation. Because hundreds of logs with varying tools from 

many decades of logging in central Texas were interpreted, error associated with the various 

tools would be difficult to determine. Stochastic estimation using MCS is not computationally 

intensive and provides an approach to develop an uncertainty range for the storage estimate using 

the existing deterministic model. 

Second, stochastic volume estimates are likely to prove significant given the wide range 

at the 80% confidence interval. For example, the Carrizo aquifer is a common target for water 

wells given its high quality and yield. Carrizo storage estimates (Figure 12) are positively 

skewed with P10 storage estimates of 95 maf, P50 volumes of 356 maf, and P90 volumes of 641 

maf. If someone developing groundwater resources in the Carrizo expects average storage 

volumes, they may be disappointed with a median storage volume which is less than the average. 

The Wilcox, Queen City, Sparta, and Yegua all have modes well below the P50 storage volume 

estimate and could similarly disappoint groundwater developers. On the other hand, if someone 

developing groundwater resources had the stochastic estimates and storage distributions, they 

could appropriately set expectations. 
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Finally, comparing the deterministic results from Meyer et al. (2020) to the stochastic 

results using lithology appropriate Sy ranges reveals the need for more Sy data to be collected. 

Deterministic estimates were as low as the 25th percentile (Carrizo) and as high as the 40th 

percentile (Yegua) in the updated routine that sampled from Sy distributions. To achieve a 

specified water supply volume, a low Sy aquifer would require more wells than a higher Sy 

aquifer. Drilling wells can be one of the most expensive capital costs for a groundwater supply 

project, especially for a brackish groundwater project as the wells are typically deeper than 

freshwater projects. Collecting Sy data, whether from existing core at a core library or from pilot 

wells, can help constrain the significant uncertainty introduced by Sy.
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3. SALINITY ESTIMATES 

One of the key variables to test in brackish water is its salinity. Higher salinity groundwater costs 

more to desalinate and generates more brine than lower salinity groundwater, and more 

production wells may be required for higher salinity groundwater to meet the same potable water 

demand. A recent survey of municipal desalination facilities in the U.S. found that cost data 

related to the desalination of brackish groundwater is not readily available (Mickley, 2018). A 

more limited and older survey conducted by Arroyo and Shirazi (2012) found that in 2012, the 

total production cost of desalinated water in Texas was $357 to $782 per acre-foot (af). Adjusted 

for an average 2% inflation from 2000 to 2021 (U.S. Bureau of Labor Statistics, 2021), this is 

equivalent to $870 to $1,906 in 2021. The survey conducted by Arroyo and Shirazi (2012) found 

the average water production cost of plants targeting groundwater with 2,500 to 3,000 mg/L total 

dissolved solids (TDS) to be $435 per af ($646 per af in 2022 dollars), and the average cost for 

plants targeting groundwater with 3,500 mg/L TDS to be $676 per af ($1005 per af in 2022 

dollars). By comparison, fresh groundwater is much cheaper to produce for system distribution. 

Increased use of the Carrizo Aquifer by San Antonio Water System (fresh groundwater) is 

estimated to cost between $40 and $51 per af (Black and Veatch, 2020). 

 

3.1 Deterministic Salinity Methods 

Groundwater salinity may be estimated from geophysical well logs and specifically from tools 

that measure resistivity. Resistivity tools may measure the shallow, flushed zone of a well; the 

deep, uninvaded zone of a well; or somewhere in between (Figure 19). Archie (1942) established 

the fundamental empirical relationship between the resistivity of the fluid saturated formation as 

measured by the resistivity tool and the resistivity of the formation fluid. Knowledge of borehole 

conditions, lithology, porosity, and fluid composition allows for groundwater resistivity to be 



 51 

estimated from resistivity logs. With appropriate TDS and conductivity (inverse of resistivity) 

relationships, groundwater salinity may be estimated in terms that make sense to the average 

stakeholder. Common aquifer salinity estimation routines that utilize log analysis include 

locating the formation of interest on a geophysical well log, selecting appropriate depths on the 

log to analyze, estimating salinity using a method based on Archie’s equation, posting salinity 

estimates to a map, and grouping or interpolating salinity estimates as the study requires. This 

process results in a deterministic, best estimate of groundwater salinity. 

 



 52 

 
Figure 19. Schematic diagram of a well bore with mud invasion in the flushed zone and the uninvaded zone. From 

Schlumberger (2009). 

A common form and method to estimate groundwater salinity from Archie’s equation is 

the Rwa minimum method, or apparent water resistivity: 

 

Equation 5   

This form of Archie’s equation assumes the formation fluid is 100% saturated with 

groundwater. Additionally, it estimates the groundwater resistivity (Rwa) from the log measured 

deep resistivity value (Ro), porosity (ϕ), and cementation exponent (m). Meyer et al. (2020) 

utilized this equation in estimating salinity from well logs. They selected depths to analyze from 
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logs, read the deep resistivity measurement, estimated porosity with either an aquifer unit 

average porosity or depth-porosity relationship, and used a constant cementation exponent based 

on advice from Torres-Verdin (2019). 

To convert an Rwa to TDS, Meyer et al. (2020) used a sodium chloride equivalent routine. 

Using the measured water quality from the aquifers in the study, they calculated sodium chloride 

equivalent concentrations using multipliers from Schlumberger Chart GEN-4 (Schlumberger, 

2009). They converted sodium chloride equivalent Rwa to TDS based on empirically derived 

conversion factors, and then converted the sodium chloride equivalent TDS to a TDS based on 

the study area groundwater composition using additional empirically derived conversion factors. 

 

3.2 Stochastic Salinity Methods 

Meyer et al. (2020) fully describe the steps utilized in the Rwa minimum method, and the same 

routine with modifications was used in this study. First, TDS-conductivity relationships were 

established for the aquifer units using the native groundwater chemistry rather than utilizing a 

sodium chloride equivalent routine. Using a sodium chloride equivalent routine based on 

Schlumberger GEN-4 chart does not account for ion pairing, which will make groundwater 

appear less conductive than a groundwater composed of NaCl with the same mg/L TDS. In 

effect, ignoring ion pairing can make the groundwater appear less saline, and as such this study 

established TDS-conductivity relationships from the native groundwater samples. 

Aside from using the direct TDS-conductivity relationships using the native water 

chemistry, more measured water quality data were added with the software PHREEQC (USGS, 

2021). Meyer et al. (2020) derived much of their measured water quality data from the 

Groundwater Database (TWDB, 2019c), and not all measured water quality data from the 

GWDB has measured specific conductance. Some samples have measured individual 

constituents, and with these measurements a specific conductance could be calculated using 

PHREEQC for the water sample. This added 147 data points to the TDS-conductivity models, 
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and it included 35 brackish samples and 1 very saline sample. The measured data used to map 

brackish groundwater data is biased toward fresher water samples, and importantly the data 

added exist in an under sampled range. 

Other changes in estimating salinity are stochastic estimation of TDS. From the Rwa 

minimum methodology, creating stochastic models of porosity-depth and TDS-conductivity 

made sense. Ensemble learning was used, and specifically ensemble bagging was used to 

generate P10, P50, and P90 relationships between porosity and depth for an aquifer unit and 

relationships between TDS and conductivity. Because the Rwa minimum method has many 

variables with dependencies, ensemble bagging was used to make stochastic variable 

relationships. Another approach could have been MCS, but simple MCS does not retain variable 

dependencies. 

To generate the stochastic relationships, similar routines were used to develop TDS-

conductivity and porosity-depth relationships: 

1. Cell based declustering routine of the variable of interest (porosity estimates or 

groundwater conductivity measurements) 

2. Bootstrap the dataset 

3. Perform linear and/or 2nd degree polynomial regression. Record equation coefficients to 

an array 

4. Repeat bootstrap and regression a sufficient number of times (i.e., 10,000 realizations) 

5. From final array of coefficients, select P10, P50, and P90 values 

Cell based declustering was used to reduce bias in the dataset of interest caused by the 

location of samples. Often, water wells might be clustered near population centers, and clusters 

are not spatially representative. The same python library used to decluster the net sand thickness 

data, GeostatsPy (Pyrcz et al., 2021), was used to decluster log-derived porosity estimates or 

groundwater conductivity measurements. Debiased histograms were sampled from during 

ensemble bagging of regressions of the data. 
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By bootstrapping the data and performing regressions on the bootstrapped sample 

(ensemble learning), model variance was reduced, and an uncertainty model was developed by 

selecting P10, P50, and P90 relationships. Both linear and 2nd degree polynomial regressions are 

sensitive to outlier data, and bootstrapping the regression reduces the effect of potential outlier 

data on the final model. To select either a linear or 2nd degree polynomial model for a specific 

relationship, the mean square error for the P50 linear and 2nd degree polynomial regressions was 

calculated, the results were compared, and the regression with the lowest mean square error in 

the P50 model was selected. Comparing models with different levels of complexity is part  of the 

model tuning process 

A more common error measure, and more easily interpreted error measure, would be 

Pearson’s correlation coefficient (or R2), but Pearson’s correlation coefficient is unsuitable for 

non-linear regressions (Pyrcz, 2020b). Because it assumes data are linear, it will not capture non-

linear data structures and assign higher error. Additionally, it is not a robust measure of error and 

is more sensitive to outliers than other error measures. Because linear and non-linear models 

were being compared during model tuning, mean square error was used to assess model fit rather 

than Pearson’s correlation coefficient. 

POROSITY AND DEPTH RELATIONSHIPS 

Ensemble bagging was used to develop stochastic relationships between porosity and depth to 

preserve the variable dependencies. Data from the UCPC study had resistivity measurements 

from a log tied to the depth of log interpretation (Df), but the same logs did not have porosity 

measurements (ϕ). By creating stochastic relationships, the salinity calculations could be 

reprocessed and P10, P50, and P90 porosity estimates were used for a specific depth rather than 

randomly sampling the porosity distribution. 

The parameters used in preparing the stochastic porosity-depth relationships are 

summarized in 
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Table 5, and the resulting equations are listed below (Equation 6 through Equation 20). Df  

is the formation depth the calculation was performed at, and ϕ is the resulting porosity estimate.  

Wilcox Porosity-Depth relationships 

Equation 6 P10:  

Equation 7 P50:  

Equation 8 P90:  

Carrizo Porosity-Depth relationships 

Equation 9 P10:  

Equation 10 P50:  

Equation 11 P90:  

Queen City Porosity-Depth relationships 

Equation 12 P10:  

Equation 13 P50:  

Equation 14 P90:  

Sparta Porosity-Depth relationships 

Equation 15 P10:  

Equation 16 P50:  

Equation 17 P90:  

Yegua Porosity-Depth relationships 

Equation 18 P10:  

Equation 19 P50:  

Equation 20 P90:  
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Table 5. Stochastic porosity estimation declustering parameters. *Cell-based declustering did not converge on a 
solution; therefore, a weight of 1 was selected for all data. 

Aquifer 

unit 

Porosity distribution 

Cell-based declustering parameters 

# of tested 

cell sizes 

cell size 

minimum 

(ft) 

cell size 

maximum 

(ft) 

# of tested 

grid 

offsets 

Maximize 

or 

minimize? 

Naïve 

mean 

Declustered 

mean 

Wilcox 50 25 500,000 10 Minimized 31.7% 30.3% 

Carrizo 50 25 500,000 10 Minimized 34.9% 33.5% 

Queen 

City 50 25 500,000 10 Minimized 34.4% 32.5% 

Sparta * * * * * 35.2% * 

Yegua 50 25 500,000 10 Maximized 38.7% 39.8% 

 

TDS AND CONDUCTIVITY RELATIONSHIPS 

TDS-conductivity relationships were established using a similar procedure to that used for  

porosity-depth relationships. The conductivity data were spatially debiased and ensemble 

bagging was used to generate P10, P50, and P90 linear and 2nd degree polynomial regressions. 

Then, either the linear or 2nd degree polynomial models were retained depending on which P50 

regression had the lowest mean square error. Regressions were prepared for only the available 

data range for one main reason. Very saline water typically has a different geochemical 

composition than fresh water. Very saline water is typically dominated by sodium chloride, and 

fresh water can proportionally have more bicarbonate, magnesium, sulfate, etc. These divalent 

ions are more likely to form ion pairs than sodium chloride and contribute less to conductivity 

than a similar concentration of sodium chloride (Stumm & Morgan, 1996). Beyond the measured 

salinity range it was assumed that the increase in salinity was due to sodium chloride, which is a 

similar assumption used in Meyer et al. (2020). The extrapolated leg of the TDS-conductivity 

relationship was constructed such that the slope of the extrapolated leg is 0.56 (sodium chloride 

water slope) and that it picks up where the interpolated leg ends (Figure 20 through Figure 24). 
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Declustering parameters are summarized in 
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Table 6 and the resulting P10, P50, and P90 regressions for each aquifer unit are listed below 

(Equation 21 through Equation 50). Calculations to convert estimated groundwater conductivity 

to estimated TDS were performed for conductivities at 75 degrees Fahrenheit (Cw75). 
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Wilcox TDS-Conductivity relationships; 0 <= Cw75 <= 8,344 

Equation 21 P10:   

Equation 22 P50:   

Equation 23 P90:   

Wilcox TDS-Conductivity relationships; Cw75 > 8,344 

Equation 24 P10:  

Equation 25 P50:  

Equation 26 P90:  

 

 
Figure 20. P10, P50, and P90 TDS-conductivity models for the Wilcox. The interpolated part of the model was 
derived from ensemble bagging, and the extrapolated part of the model was constructed such that the slope is a NaCl 

solution. 
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Carrizo TDS-Conductivity relationships; 0 <= Cw75 <= 4,492 

Equation 27 P10:   

Equation 28 P50:  

Equation 29 P90:  

Carrizo TDS-Conductivity relationships; Cw75 > 4,492 

Equation 30 P10:   

Equation 31 P50:   

Equation 32 P90:   

 

 
Figure 21. P10, P50, and P90 TDS-conductivity models for the Carrizo. The interpolated part of the model was 

derived from ensemble bagging, and the extrapolated part of the model was constructed such that the slope is a NaCl 

solution. 
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Queen City TDS-Conductivity relationships; 0 <= Cw75 <= 8,624 

Equation 33 P10:   

Equation 34 P50:   

Equation 35 P90:   

Queen City TDS-Conductivity relationships; Cw75 > 8,624 

Equation 36 P10:   

Equation 37 P50:   

Equation 38 P90:   

 

 
Figure 22. P10, P50, and P90 TDS-conductivity models for the Queen City. The interpolated part of the model was 
derived from ensemble bagging, and the extrapolated part of the model was constructed such that the slope is a NaCl 

solution. 
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Sparta TDS-Conductivity relationships; 0 <= Cw75 <= 16,240 

Equation 39 P10:   

Equation 40 P50:   

Equation 41 P90:   

Sparta TDS-Conductivity relationships; Cw75 > 16,240 

Equation 42 P10:  

Equation 43 P50:   

Equation 44 P90:   

 

 
Figure 23. P10, P50, and P90 TDS-conductivity models for the Sparta. The interpolated part of the model was 
derived from ensemble bagging, and the extrapolated part of the model was constructed such that the slope is a NaCl 

solution slope. 
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Yegua TDS-Conductivity relationships; 0 <= Cw75 <= 6,740 

Equation 45 P10:  

Equation 46 P50:  

Equation 47 P90:  

Yegua TDS-Conductivity relationships; Cw75 > 6,740 

Equation 48 P10:  

Equation 49 P50:  

Equation 50 P90:  

 

 
Figure 24. P10, P50, and P90 TDS-conductivity models for the Yegua. The interpolated part of the model was 
derived from ensemble bagging, and the extrapolated part of the model was constructed such that the slope is a NaCl 

solution slope. 
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Table 6. Stochastic TDS-conductivity declustering parameters. *Cell-based declustering did not converge on a 
solution; therefore, a weight of 1 was selected for all data. 

Aquifer 

unit 

Conductance distribution 

Cell-based declustering parameters 

# of tested 

cell sizes 

cell size 

minimum 

(ft) 

cell size 

maximum 

(ft) 

# of tested 

grid 

offsets 

Maximize 

or 

minimize? 

Naïve 

mean 

Declustered 

mean 

Wilcox 50 25 250,000 10 Maximized 1239 1478 

Carrizo * * * * * * * 

Queen 

City 50 25 250,000 10 Maximized 1283 1408 

Sparta 50 25 250,000 10 10 1966 2223 

Yegua 50 25 250,000 10 Maximized 2223 2569 

 

STOCHASTIC SALINITY ESTIMATES 

To generate stochastic estimates of salinity, TDS for each depth analyzed in the UCPC report  

was recalculated. Instead of using the deterministic porosity value, the P10, P50, and P90 

porosities derived from the regressions were used. Instead of using a deterministic relationship of 

TDS and conductivity, the P10, P50, and P90 regressions were used to estimate TDS from 

conductivity. This resulted in nine salinity estimates for each depth analyzed in the UCPC report 

from the combinations of P10, P50, and P90 porosity estimates and TDS-conductivity 

relationships. The following combinations were retained for mapping: 

• P10 TDS-conductivity relationship and P90 porosity as the estimated P10 salinity value 

• P50 TDS-conductivity relationship and P50 porosity as the estimated P50 salinity value 

• P90 TDS-conductivity relationship and P10 porosity as the estimated P90 salinity value 

Using the salinity estimation data provided by Meyer et al. (2020), which was a cleaned 

up version of UCPC_TDScalc_wx_pt.dbf, UCPC_TDScalc_cz_pt.dbf, 

UCPC_TDScalc_qc_pt.dbf, UCPC_TDScalc_sp_pt.dbf, UCPC_TDScalc_y_pt.dbf, stochastic 

salinity estimates were calculated. Steps are detailed below. 
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1. The starting data table had the following data for each calculation depth: 

a. Well ID 

b. Surface temperature 

c. Log run number, top and bottom depth 

d. Log run bottom hole temperature 

e. Salinity estimation depth 

f. UCPC estimated TDS 

g. Log measured deep resistivity 

h. Cementation exponent, m 

i. UCPC porosity 

j. Latitude in the GAM projection 

GAM Projection 

Projection: Albers 

False Easting: 4,921,250 

False Northing: 19,685,000 

Central Meridian: -100 

Standard Parallel: 27.5 

Standard Parallel 2: 35 

Latitude of Origin: 31.25 

Linear Unit: US Foot 

k. Longitude in the GAM projection 

l. Surface elevation 

m. Aquifer unit top depth and elevation 

n. Aquifer unit bottom depth and elevation 

2. Calculate P10, P50, and P90 porosity using the salinity estimation depth for each data 

point. 

3. Calculate corrected bottom hole depth using same routine as Meyer et al. (2020). 

4. Calculate formation temperature at the salinity estimation depth (Meyer et al., 2020). 

5. Calculate the formation water resistivity using the P10, P50, and P90 porosity-depth 

relationships and Equation 5. Low, likely, and high resistivity estimates produced. 

6. Convert resistivities to resistivities at 75 degrees Fahrenheit for standard comparisons 

(Meyer et al., 2020). 

7. Convert resistivities to conductivities (Meyer et al., 2020). Low, likely, and high 

resistivities converted to low, likely, and high conductivities. 
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8. Calculate low, likely, and high TDS estimates for each low, likely, and high conductivity 

estimate using the stochastic TDS-conductivity relationships (Equation 21 through 

Equation 50). 

9. Retain the TDS estimate produced using the P10 TDS-conductivity and P90 porosity-

depth relationships as the P10 TDS estimated value, the P50 TDS-conductivity and P50 

porosity-depth relationships as the P50 TDS estimated value, the P90 TDS-conductivity 

and P10 porosity-depth relationships as the P90 TDS estimated value. 

MAPPING SALINITY CLASSES 

The UCPC report mapped salinity as salinity classes (Winslow & Kister, 1956). They often 

found that in thicker aquifers, like the Wilcox, there were distinct vertical salinity classes within 

the same aquifer unit. In some wells, the net sand thickness for the Wilcox can exceed 2,000 feet. 

Typically, as depth in an aquifer increases, salinity increases as deeper sands are likely further 

from outcrop and recharge. Additionally, some sand bodies may be better connected to others 

and receive more groundwater flow. When displaying this information on a plan view map, they 

used mixed salinity classes. For example, if a large enough group of wells showed fresh, slightly 

saline, and moderately saline water in the Wilcox group, they would be mapped in plan view as a 

fresh, slightly saline, and moderately saline salinity class regardless of the vertical order of 

salinity classes. This study displays salinity maps as a weighted average salinity for a formation 

per well on a plan view map for the P50 salinity map. To calculate the weighted average, the 

thickness between calculation depths was selected as the weight. When Meyer et al. (2020) 

originally analyzed the logs for salinity, they looked for significant changes in the resistivity log 

and selected calculation depths often represent the start of a new pattern in the resistivity log 

(and which often corresponds to a new salinity class). For the first calculation depth in a 

sequence, the thickness from the top of the unit to the first calculation was included as part of the 

weighting thickness, and for the final calculation in a sequence the distance to the bottom of the 

unit was selected as the weighting thickness. 
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To interpolate the P10, P50, and P90 salinity maps for each aquifer unit, the 

TopoToRaster tool from ESRI (Esri Inc., 2020) was used. TopoToRaster is a modified spline 

interpolation, and this interpolation technique was selected so that the same interpolation 

techniques as the UCPC report were used. Contours from the salinity raster maps were made and 

then used to generate the salinity maps as salinity class polygons.  

3.3 Salinity Estimation Results 

Stochastic estimation of salinity provided a couple of insights. As salinity increases, the 

uncertainty in the estimation increases. This is depicted by the TDS-conductivity relationships 

for each aquifer unit (Figure 20 through Figure 24). As conductivity increases, the distance 

between the P10 and P90 estimate of salinity widens, and this is especially apparent for the 

Sparta. If uncertainty was not increasing with salinity, the distance would be expected to remain 

the same or decrease. To assesses which TDS-conductivity model had the most uncertainty, the 

P10 and P90 TDS using the maximum measured conductivity for each aquifer unit  was 

calculated, the P10 TDS was subtracted from the P90 TDS, and then the difference was divided 

by the maximum recorded conductivity (
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Table 7). This measure also ranks the Sparta as having the most uncertainty. The Sparta has the 

least measured water quality samples and the largest range in TDS, which means the Sparta is 

more sparsely sampled than the other aquifer units. Curiously, the Yegua has the least 

uncertainty in the measured range despite having relatively few samples. This is likely due to the 

Yegua’s linear model, rather than 2nd degree polynomial model. 
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Table 7. P10, P50, and P90 TDS estimates using the aquifer specific equations at their maximum recorded 

conductivity. 

Aquifer 

unit 

# of 

samples 

Maximum 

conductivity 

P10 

TDS 

P50 

TDS 

P90 

TDS 

P90 minus 

P10 

(P90-P10)/(max 

conductivity) 

Wilcox  614   8,334   4,545   4,873   5,202   657  0.0788 

Carrizo  650   4,492   3,065   3,468   3,900   835  0.1859 

Queen 

City  159   8,624   3,937   4,703   5,447   1,510  0.1751 

Sparta  73   16,240   4,405   8,378   10,879   6,474  0.3986 

Yegua  82   6,740   3,873   4,113   4,386   513  0.0761 

The Carrizo aquifer within the study area ranked 2nd in uncertainty, and this is likely due 

to the distribution of samples. The Carrizo has the highest number of samples, but they are 

overwhelmingly fresh. As salinity increases, there are fewer samples to guide regression and the 

range of possibilities increases. 

Another way to evaluate the stochastic salinity results is to examine salinity maps of the 

aquifers. Figure 25 through Figure 29 display the P50 salinity map, and two “delta” maps (i.e., 

P90 minus P50 and P50 minus P10). Generally, P10 salinity maps appear less saline than P50 

maps, and P50 maps less saline than P90 maps. The Sparta maps have the most dramatic change 

from P10 to P50 to P90, as in the P10 delta map most of the water appears to be moderately 

saline, and in the P90 delta map most of the water appears to be very saline. The Yegua appears 

to have the second most change in P10, P50, and P90 salinity maps, and the Wilcox appears to 

have the least amount of change. 

When the brackish groundwater footprint (slightly saline and moderately saline salinity 

classes) is considered, there is not much change for the Wilcox, Carrizo, and Queen City aquifers 

(
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Table 8). Three of the aquifers become less brackish (Wilcox, Sparta, Yegua), and increase in 

very saline and brine salinity classes, and two aquifers become more brackish at the expense of 

fresh water (Carrizo, Queen City) (Figure 30). 
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Table 8. Stochastic brackish salinity class area estimates. 

Aquifer 

unit 

P10 

brackis

h area 

(sq mi) 

% of 

total 

aquife

r area 

Deterministi

c brackish 

area (sq mi) 

% of 

total 

aquife

r area 

P50 

brackis

h area 

(sq mi) 

% of 

total 

aquifer 

area 

P90 

brackish 

area (sq 

mi) 

% of 

total 

aquifer 

area 

P90%-

P10% 

Wilcox 3400 58 3354 57 3327 57 3210 55 -3 

Carrizo 1377 31 1508 34 1514 34 1619 36 5 

Queen 
City 1472 34 1605 44 1546 42 1612 44 4 

Sparta 2512 83 1504 49 1474 48 1380 45 -37 

Yegua 2111 85 2012 81 1996 81 1838 74 -11 
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Figure 25. P50 minus P10 salinity map, P50 salinity map, and P90 minus P50 salinity map for the Wilcox. 
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Figure 26. P50 minus P10 salinity map, P50 salinity map, and P90 minus P50 salinity map for the Carrizo. 
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Figure 27. P50 minus P10 salinity map, P50 salinity map, and P90 minus P50 salinity map for the Queen City. 
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Figure 28. P50 minus P10 salinity map, P50 salinity map, and P90 minus P50 salinity map for the Sparta. 
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Figure 29. P50 minus P10 salinity map, P50 salinity map, and P90 minus P50 salinity map for the Yegua . 
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Figure 30. Stochastic salinity class area per aquifer. 
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3.4 Salinity Estimation Discussion 

Stochastic estimation of salinity provided three main insights that would be important for 

developing brackish groundwater desalination. First, collecting more higher salinity samples 

would help constrain uncertainty. Given that uncertainty increased as salinity increased, this is an 

obvious way to reduce uncertainty. This likely also has implications for the cost of desalinated 

groundwater, as less saline water needs less energy to desalinate, and would therefore cost less. 

The relatively reduced uncertainty in estimation would look increasingly attractive to target. 

Another insight that is of interest is that by using stochastic concepts, such as ensemble 

learning, a deterministic model can be reprocessed to generate a stochastic model. Although 

Meyer et al. (2020) describe their methodologies, someone reading the report would not know 

what sort of uncertainty range exists for a given estimate. Uncertainty can be communicated and 

displayed to a stakeholder by displaying the P50 salinity maps and delta maps or by showing the 

80% confidence interval for a given calculation. Someone targeting the Wilcox for desalination 

may be relieved to see that P10 and P90 maps are not wildly different from the P50 map, 

whereas someone targeting the Sparta for desalination may pause when they see the P10 map 

compared to the P50 map. 

Although stochastic methods can provide critical context to the data, users of the data 

should still conduct site specific studies, and understanding the local geology is still important. 

The results of the regional study show that there may not be much difference between the P10 

and P90 salinity class maps for four of the aquifers, but at a local scale there may be important 

differences. Within the study area, the Sparta is reasonably represented by a single depositional 

sequence (Ricoy & Brown, 1977) and is relatively thin with a maximum net sand thickness of 

about 140 feet. By comparison, the Wilcox represents three depositional sequences (Hooper 

Formation, Simsboro Formation, and Calvert Bluff Formation) and has a maximum net sand 

thickness of about 2,000 feet (Meyer et al., 2020). Aside from disparities in the range and 
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sparseness of the sampled water quality data, it is possible that the thicker aquifer units, which 

have more net sand, have important salinity variations that may be averaged out. However, 

because the Sparta is so thin in comparison, there is no averaging out and there may be more 

dramatic differences in the stochastic salinity maps as a result. Someone interested in developin g 

brackish groundwater for desalination would need to conduct a site-specific study. There likely 

are important patterns masked by regional mapping that could include mappable vertical salinity 

horizons, more highly connected sand bodies, better porosity, and cleaner sands, etc. 
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4. OTHER BRACKISH GROUNDWATER USE CONSIDERATIONS 

There are other aspects of brackish groundwater development that stakeholders should consider 

aside from volumes, salinity, and estimated uncertainties. Two considerations that deserve more 

research, but are less well developed due to the dearth of direct measurements from brackish 

reservoirs, are ideas around sustainability of brackish groundwater use and comingling of 

brackish groundwater and injected wastewater. 

 

4.1 Brackish Groundwater Sustainability 

Stakeholders should consider brackish groundwater sustainability when planning projects to 

develop the resource. Although there are abundant volumes of brackish groundwater in the state, 

this groundwater likely has negligible recharge. Groundwater can be saline due to original 

deposition of connate water, mineralization over time, or encroachment of salt water  (Richter & 

Kreitler, 1991; van Weert & van der Gun, 2012; Winslow & Kister, 1956). Each of these 

processes likely takes longer than the time span in which humans can pump and utilize the 

resource. This means fresh water supplies could be drawn down and degraded if there is 

insufficient hydrologic separation or saline waters could encroach on brackish groundwater and 

impair the brackish resources. Insufficient data makes evaluating the sustainability of brackish 

groundwater challenging (Stanton & Dennehy, 2017). 

If there is negligible recharge to the brackish portions of aquifers, utilizing the resource 

would be mining. Stakeholders could find this acceptable, but they should plan accordingly. Data 

should be collected to estimate the life of the resource given plans for use, and the long-term 

implications on water supply should be considered. If once wells are drilled and data suggest 

volumes are closer to P10 volume estimates, users should either scale back or develop plans for 
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new water supplies. If project scope is not appropriately adjusted, it could become unnecessarily 

expensive as the P10 volume scenario in chapter 5.1 suggests, and there would likely be 

undesired consequences like subsidence or groundwater quality degradation. 

More widespread use of brackish groundwater could follow accelerated trends observed 

in fresh-water aquifers. An analysis of groundwater use in Texas by Mace (2021) revealed that 

Texans plan to unsustainably draw from 6 of the 8 major aquifers and 10 of the 13 minor 

aquifers by 2070. Development of brackish groundwater resources in Texas is in its infancy 

compared to fresh groundwater resources but could very well follow a similar unsustainable 

route unless groundwater conservation districts or legislators establish guardrails. Brackish 

groundwater is unlikely to replace fresh-water resources, but it could augment supplies in times 

of drought or in dry parts of the state, and responsible management should be considered. 

 

4.2 Injected Wastewater 

Disposal injection practices in Texas may affect water quality of brackish resources. There are 

six classes of injection wells, and five of the six have been delegated by the Environmental 

Protection Agency (EPA) to the TCEQ or RRC in Texas (EPA, 2021b). The Safe Drinking 

Water Act (SDWA) requires that underground injection not “[endanger] drinking water sources” 

or underground sources of drinking water (USDWs) unless it is an “exempted aquifer” ("The 

Safe Drinking Water Act," 1996). 40 CFR § 144.3 defines USDWs as aquifers that supply public 

water systems or have less than 10,000 mg/L total dissolved solids and are not “exempted 

aquifers.” This definition of USDW includes the brackish groundwater examined in this report 

(1,000-10,000 mg/L TDS), and this refers to disposal injection adjacent to brackish groundwater 

resources and for “exempted aquifers” could be within brackish groundwater. 

Likely the most abundant fluid disposed via injection wells in Texas is produced water 

from oil and gas wells. The TCEQ Central Registry (CR) database lists 974 regulated entities, 
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which include numerous Class V wells used for environmental remediation or aquifer storage 

and recovery facilities (TCEQ, 2022). The RRC inventory of UIC wells for 2020 was 54,247; 

which includes enhanced oil recovery wells (72%), disposal wells (26%), liquid hydrocarbon 

storage (1%), and brine mining wells (<1%) (Maguire, 2021). The number of RRC regulated 

wells eclipses the number of TCEQ regulated UIC entities. Additionally, injection volumes have 

steadily increased from more than 270 billion gallons in 2007 to more than 406 billion gallons in 

2020 (RRC, 2022).  

With so much injection disposal occurring in the state, it is possible that some has 

degraded USDW. The EPA “found no significant issues regarding possible contamination of 

USDWs” following the RRC’s effort to provide maps of exempted aquifers to the EPA 

(Maguire, 2021), but mapping by the TWDB found that there are Class II wells potentially 

injecting into USDW (TWDB, 2016b, 2019b). TWDB salinity mapping of brackish groundwater 

relies on interpretation of oil and gas geophysical well logs. The RRC does not have public 

documentation of how they determine where USDW are located, so in the absence of directly 

measured data or reported methodology the public cannot determine if injection into USDW has 

occurred. Additionally, Texas has numerous “exempted aquifers” which are aquifers or 

reservoirs with TDS less than 10,000 mg/L but are exempt from SDWA protections.  

Exempted aquifers are often portions of aquifers that were used for injection prior to the 

passing of the SDWA in 1974 or they are used for hydrocarbon or mineral extraction (i.e., 

uranium mining) (RRC, 2021). Texas has the most aquifer exemptions in the nation (2,815), and 

at least 1,940 are less than 3,000 feet below ground surface (EPA, 2021a). In the national 

assessment of brackish groundwater by Stanton et al. (2017), they assessed brackish groundwater 

up to 3,000 feet below ground surface due to availability of data. Additionally, Stanton et al. 

(2017) state that “although groundwater reservoirs with dissolved-solids concentrations greater 

than the brackish salinity range (1,000 to 10,000 mg/L) may still be useful for some purposes, 
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these bodies of water have been approved for injecting wastewater of low quality, such as brines 

and industrial byproducts, and may be less suitable for development.” Brackish groundwater 

reservoirs have many more unknowns than fresh-water aquifers due to data availability. 

Additionally, different agencies have interpreted indirect measurements using different methods 

and derived different conclusions regarding where the transition from brackish to saline water 

lies. When these facts are considered with permitted injection into brackish groundwater sources, 

stakeholders will need to include investigating injection activities in a site-specific study. Aside 

from the increased cost associated with desalinating produced water brines (Scanlon et al., 2020), 

little is known about the effects to human health of produced water (Mueller, 2021). 

In addition to the potential migration of injected wastewater, there are concerns related to 

the pressure of the disposal basins. Ge et al. (2022) summarize some of the effects of injection 

disposal in the context of the Delaware Basin, which includes increased seismicity, regional 

pressure increases that can cause artesian conditions, and the potential for “anthropogenic 

dissolution of the overlying evaporites.” As the disposal basin pressures increase, the injected 

wastewater will need to go somewhere. In the case of a well in Crane County, Texas, this 

“somewhere” turned into a geyser (Gold, 2022a). There are many plugged and abandoned oil and 

gas wells in Texas, and a significant number of orphaned wells. Both well construction and 

plugging construction will contribute to whether a plugged well will act as a conduit for injected 

disposal water to comingle with shallower aquifers. Although Chevron plugged the well that was 

spewing brine, it is not apparent if they evaluated the well integrity and brine may be flowing 

from a “high-pressure zone to a lower-pressure zone” (Gold, 2022b), and a lower-pressure zone 

could be an overlying brackish aquifer that was not permitted for injection disposal due to being 

a USDW. 
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5. REGIONAL WATER PLAN CASE – “SAWS EXPANDED 

BRACKISH GROUNDWATER PROJECT” 

The “SAWS Expanded Brackish Groundwater Project” was selected for analysis from the 2021 

Region L water plan (Black and Veatch, 2020) to test how uncertainty affects the cost of 

desalination for several reasons. San Antonio Water System (SAWS) is a publicly owned water 

utility that serves a growing population in the vicinity of Bexar County (Figure 7). SAWS 

utilizes several innovative water supply strategies, including reuse, ASR, and groundwater 

desalination to avoid overuse of the Edwards Aquifer (SAWS, 2017). SAWS has pursued water 

conservation efforts and has reduced the per capita per day consumption from 255 gallons in 

1982 to 117 gallons in 2016. Although per capita demand from SAWS has been reduced by 35% 

between 1982 and 2016, their total demand base grew by 150%, and as such SAWS diversified 

their water portfolio. 

The “SAWS Expanded Brackish Groundwater Project” is conceptualized as a series of 

four expansions (Phases 2 through 5) to their existing groundwater desalination facility at 

H2Oaks (Black and Veatch, 2020). This analysis focused on Phase 2, which is anticipated to go 

online in the 2040 decade and supply 13,440 af/year. Although the expansion is expected to go 

online in the 2040 decade, it was modeled to go online this year for the cost analysis in this 

report. Several assumptions were utilized to estimate the cost of this project using the Uniform 

Costing Model (UCM) from the TWDB (HDR & Freese and Nichols, 2018). These assumptions, 

as gleaned from Black and Veatch (2020), are presented in Table 9. Additional information used 

to recreate the Phase 2 cost estimate was provided by SAWS Project Manager Mr. Kevin 

Morrison, P.G. (Morrison, 2022). 
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Table 9. Key cost variables for Phase 2 expansion described in Black & Veatch (2020). gpm = gallons per minute 

Variable Value Units 

Supply yield  13,440  ac-ft/year 

Production well yield  800  gpm 

Production well depth  2,300  feet 

Raw water TDS  1,500  mg/L 

Supply water TDS  450  mg/L 

Raw water to treat  70  % 

RO efficiency  90  % 

Production wells  14    

Injection wells  2    

Life of loan 20 Years 

Energy cost $0.08 /kW-hr 

 

Although the cost estimates presented in Black and Veatch (2020) could not be exactly 

recreated, the variables from Table 9 and variables obtained by email communication with Mr. 

Morrison were used to create a new “base” case from which the results of stochastic estimation 

of volume and salinity and further sensitivity analysis could be compared. The cost estimate for 

Phase 2 presented in Black and Veatch (2020) and the cost estimate in this study are presented in 

Table 10. Because the cost of desalinated water in the recreation of the Phase 2 estimate from 

Black and Veatch (2020) was equal to the cost they estimated after debt service is completed and 

99% of the cost with debt service, the remaining variables that are of less interest to this study 

(like length of pipe per well) are approximately represented. This recreation was used at the new 

base case UCM model. 
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Table 10. Base case cost estimates for Phase 2 from Black and Veatch (2021) and this study. 

Item 

Estimated costs 

(Black and 

Veatch, 2020) 

Estimated costs 

(this study) 

Primary pump station  $ 4,824,000   $ 4,726,000  

Transmission pipeline  $ 4,397,000   $ 4,397,000  

Well fields  $ 42,271,000   $ 42,649,000  

Water treatment plant  $ 27,291,000   $ 27,291,000  

Total cost of facilities  $ 78,783,000   $ 79,063,000  

      

Engineering and feasibility studies, legal 

assistance, financing, bond counsel, and 

contingencies  $ 27,354,000   $ 27,452,000  

Environmental and archaeology studies and 

mitigation  $ 1,661,000   $ 310,000  

Land acquisition and surveying  $ 1,993,000   $ 1,508,000  

Interest during construction  $ 6,039,000   $ 5,959,000  

Total cost of project  $ 115,830,000   $ 114,292,000  

      

Annual Cost     

Debt service (20 years)  $ 8,150,000   $ 8,042,000  

Operation and maintenance     

 Pipeline, wells, and storage tanks  $ 467,000   $ 470,000  

 Intakes and pump stations  $ 121,000   $ 118,000  

 Water treatment Plant  $ 5,117,000   $ 5,117,000  

Pumping energy costs  $ 723,000   $ 722,000  

Total annual cost  $ 14,578,000   $ 14,469,000  

      

Available project yield (ac-ft/yr)  13,440   13,440  

Annual cost of water (per ac-ft)  $ 1,085   $ 1,077  

Annual cost of water after debt service is 

completed (per ac-ft)  $ 478   $ 478  

Annual cost of water (per 1,000 gallons)  $ 3.33   $ 3.30  

Annual cost of water after debt service is 

completed (per 1,000 gallons)  $ 1.47   $ 1.47  
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5.1 Testing Stochastic Model Results on Cost of Desalinated Groundwater 

To test how stochastic estimates of storage volume and salinity effect the cost of desalinated 

groundwater, input variables from the base case UCM were modified following the stochastic 

analysis workflow described in Chapters 2 and 3. Generally, as salinity increases the cost of 

desalination is expected to increase because the energy required for reverse osmosis increases 

(Watson et al., 2003). 

SALINITY 

To test how stochastic salinity estimates affect the cost of desalination, the following tasks were 

performed: 

• the generalized map of proposed well fields in Black and Veatch (2020) was 

georeferenced 

• the Phase 2 well field was digitized 

• the P10, P50, and P90 Wilcox salinity raster cells whose centroid are within the 

Phase 2 polygon were selected 

• an average salinity for the P10, P50, and P90 salinity estimates was calculated. 

With the updated average salinity, the “Source Water TDS (mg/L)” field on the “Well 

Field” tab of the UCM was updated, and then the “Fraction of raw water to desalination” field 

was adjusted such that the resulting “Product Water TDS (mg/L)” was as close to 450 mg/L as 

possible. This resulted in a new value for “Peak Desalted Water Needed” which was then used to 

update the “Capacity (MGD)” field for the water treatment plant on the “Costing Form” tab of 

the UCM. Updated cost estimates for the P10, P50, and P90 salinities are presented in Table 11.
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Table 11. Estimated cost of items from the UCM for tested scenarios. 

  Estimated costs 

Item 
Black and 

Veatch (2020) 

"Base" case mimicking 

Black and Veatch (2020) 
P50 case 

TDS P10 

(1341 mg/L) 

TDS P90 

(1558 mg/L) 

Primary pump station  $     4,824,000   $     4,726,000   $     4,726,000   $     4,726,000   $     4,726,000  

Transmission pipeline  $     4,397,000   $     4,397,000   $     4,397,000   $     4,397,000   $     4,397,000  

Well fields  $   42,271,000   $   42,649,000   $   41,784,000   $   41,784,000   $   41,784,000  

Water treatment plant  $   27,291,000   $   27,291,000   $   27,119,000   $   25,982,000   $   27,894,000  

Total cost of facilities  $   78,783,000   $   79,063,000   $   78,026,000   $   76,889,000   $   78,801,000  

            

Engineering and feasibility studies, 

legal assistance, financing, bond 

counsel, and contingencies  $   27,354,000   $   27,452,000   $   27,089,000   $   26,691,000   $   27,360,000  

Environmental and archaeology 

studies and mitigation  $     1,661,000   $        310,000   $        310,000   $        309,000   $        311,000  

Land acquisition and surveying  $     1,993,000   $     1,508,000   $     1,507,000   $     1,506,000   $     1,508,000  

Interest during construction  $     6,039,000   $     5,959,000   $     5,882,000   $     5,797,000   $     5,939,000  

Total cost of project  $ 115,830,000   $ 114,292,000   $ 112,814,000   $ 111,192,000   $ 113,919,000  

            

Annual Cost           

Debt service (20 years)  $     8,150,000   $     8,042,000   $     7,938,000   $     7,824,000   $     8,015,000  

Operation and maintenance           

     Pipeline, wells, and storage tanks  $        467,000   $        470,000   $        462,000   $        462,000   $        462,000  

     Intakes and pump stations  $        121,000   $        118,000   $        118,000   $        118,000   $        118,000  

     Water treatment Plant  $     5,117,000   $     5,117,000   $     5,079,000   $     4,856,000   $     5,236,000  

Pumping energy costs  $        723,000   $        722,000   $        540,000   $        540,000   $        540,000  

Total annual cost  $   14,578,000   $   14,469,000   $   14,137,000   $   13,800,000   $   14,371,000  
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Table 11 continued 

  Estimated costs 

Item 
Black and 

Veatch (2020) 

"Base" case mimicking 

Black and Veatch (2020) 
P50 case 

TDS P10 

(1341 mg/L) 

TDS P90 

(1558 mg/L) 

Annual pumping energy demands 

(kW-hr) 

             

9,039,148  9,002,164 9,002,164 9,002,164 9,002,164 

Annual raw water demand (ac-

ft/yr) 

                 

14,485     14,485     14,471     14,426     14,500  

Available project yield (ac-ft/yr) 

                 

13,440     13,440     13,440     13,440     13,440  

Annual cost of water (per ac-ft)  $           1,085   $          1,077   $            1,052   $            1,027   $             1,069  

Annual cost of water after debt 

service is completed (per ac-ft)  $              478   $             478   $               461   $               445   $                473  

Annual cost of water (per 1,000 

gallons)  $             3.33   $            3.30   $              3.23   $              3.15   $               3.28  

Annual cost of water after debt 

service is completed (per 1,000 

gallons)  $             1.47   $           1.47   $              1.42   $              1.36   $               1.45  
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VOLUME 

The UCM does not handle how estimated storage volumes would affect cost of desalinated 

groundwater, and unlike salinity, a rigorous analysis could not be performed. Additionally, 

without a site-specific groundwater flow model, it is challenging to capture how well field 

production will affect the larger, regional aquifer. Ideally, a site-specific groundwater flow 

model would be constructed, and the storage volume analysis would use the groundwater flow 

model. The analysis conducted in this study does not capture how well yields decrease when 

confined aquifers transition to unconfined aquifers (Raynolds, 2013; Yelderman et al., 2020), 

and it does not consider whether the static water level drops below the well screen or pump level. 

Declining well yield would likely increase the cost of the finished water. The addition of this 

information would further refine the uncertainty quantification. 

The analysis conducted for this study has significant simplifying assumptions. The same 

volume estimation routine outlined in Chapter 2 was used to develop site-specific P10, P50, and 

P90 storage volume estimates. Instead of using all the Wilcox net sand point data, the Phase 2 

well field was buffered by 10 miles to sample from wells whose geology and lithology is more 

likely to mimic that of the well field. Additionally, the Phase 2 well field was buffered by 3 miles 

for storage volume calculations because drawdown will be highest within and near the well field 

and this buffered well field was used as the area in Equation 4 (56 square miles). After 100,000 

MCS volume estimation realizations, the P10 volume was 435,000 af, the P50 volume was 

3,116,000 af, and the P90 volume was 7,032,000 af. The volume distribution is presented in 

Figure 31.  

A spreadsheet model was made that used the stochastic volume estimates, and it 

subtracted the amount of raw water needed per year of the project from the total estimated 

volume. This report does not suggest that both the confined and unconfined storage volumes of 

an aquifer should be produced, as this is to be addressed by policy. Additionally, if both the 
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confined and unconfined storage volume of an aquifer is produced, undesired effects like 

subsidence, water quality degradation, and aquifer mining could occur. The simple accounting 

model created (total estimated storage minus annual production) is meant to be a first pass 

analysis in incorporating uncertainty in the cost of desalinating groundwater. In addition to 

subtracting annual production from the total storage estimate, the cases of no recharge, P50 

precipitation derived recharge, and P90 precipitation derived recharge were considered for the 

life of the well field and these values were added to the total volume annually. Young et al. 

(2018) updated the estimated recharge for the Wilcox Aquifer, and they presented 3 sets of 

recharge values in inches per year. The values developed from the “Two Watersheds in Southern 

Region” (Table 3.3.5b; Young et al., 2018) were selected as they are closest to the Phase 2 well 

field. Because numbers were provided in inches per year, the recharge area was estimated by 

assuming recharge will flow down dip and an approximate 9-mile-wide stretch of outcrop updip 

of the buffered Phase 2 well field was selected (Figure 32). A groundwater flow model would 

provide better estimation of recharge to the well field. 
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Figure 31. Distribution of groundwater storage estimates for the Phase 2 expansion of the desalination plant at 

H2Oaks. 
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Figure 32. Phase 2 expansion well field, 3-mile buffer, and the section of Wilcox outcrop used to calculate recharge. 

ADDITIONAL MODIFICATIONS FROM THE BASE CASE 

In discussion with Mr. Morrison (2022), he indicated that a well yield of 800 gallons per minute 

(gpm) used in the cost estimate prepared by Black & Veatch (2020) to be optimistic and that 600 

gpm might be more realistic. To assess this, Wilcox aquifer test information compiled from 

Meyer et al. (2020) was examined. A definition query was performed such that only aquifer tests 

performed by pumps (rather than handbailing a well or performing the test by jetting the well)  

from wells that were completed in the Wilcox or the Wilcox and underlying Midway were 

considered. The aquifer tests were restricted to tests performed by pumps because SAWS will 

install pumps on their wells, and well tests performed by handbailing a well are for domestic 

uses. A cluster of wells resulted from this query (Figure 33), and the well furthest from the 
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proposed well field was less than 12 miles away so all wells in the cluster were included. The 

average well yield from the cluster was 757 gpm, so a well yield of 750 gpm was used for the 

likely well yield. Variations in well yield should directly affect the well count which is one of the 

most important capital development costs. Ideally, scenarios with a low, likely, and high well 

yield would have been tested using the UCM, but it does not appear to be sensitive enough to 

meaningfully test this. Allowing well yield to reflect aquifer parameters, like specific yield, 

would be a significant improvement to the UCM. To circumvent this limitation, the “well field” 

and “pumping energy” P50 cost components from the UCM were divided by the number of wells 

(16). Then, the number of wells required to produce the raw water needed assuming well yields 

of 600 gpm and 800 gpm were calculated and the “well field” and “pumping energy” cost 

components in the investment schedule were updated. If wells yielded 600 gpm, 18 production 

wells would be needed, and if wells yielded 800 gpm, 14 production wells would be needed to 

operate 95% of the time compared to the base case. 
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Figure 33. Phase 2 well field and the well tests used to estimate yield. 

Another variable modified was the cost of energy. The UCM has a default suggested cost 

of $0.08 per kW-hour. Supplemental information provided by Mr. Morrison indicated that they 

estimated the cost of energy to be $0.06 per kW-hour, and this was assumed to be the likely cost 

of energy. Then, the suggested cost from the UCM was considered a high cost of energy and free 

energy was used as the low cost. Free energy was considered as the low cost to see how an end 

case scenario where abundant renewable energy is available would affect the cost of desalinated 

groundwater. Updated cost estimates for the low, likely, and high energy costs are presented in 

Table 11. 

Because these projects appear to be mainly financed through debt, funding from the State 

Water Implementation Fund for Texas (SWIFT) was assessed to see the effect on the 

attractiveness of a project. SWIFT was created following the passing of Proposition 6 in 2013 



 97 

and authorized $2 billion to be withdrawn from the State’s Rainy Day Fund to establish SWIFT 

(TWDB, 2020). SWIFT funding is meant to help fund water, wastewater, and flood mitigation 

projects by offering below market price loans. To score a proposed project, various criteria are 

considered including whether the project serves a large population, whether the project appears 

in the State Water Plan, and the effect of the project on water conservation among other criteria 

(TWDB, 2020). The Phase 2 project appears to satisfy many of the criteria, and as such testing 

SWIFT funding appeared appropriate. No SWIFT financing and all SWIFT financing was 

considered. A project receiving 100% SWIFT financing is not unlikely as many of the recently 

awarded water supply projects are enhancements, which cost less than building a new facility, 

and $194 million was awarded to the Brushy Creek Regional Utility Authority for a water supply 

project on 7/22/2021 (TWDB, 2022). 

Finally, OPEX inflation was also considered. The UCM appears to use a fixed cost of 

construction, studies, consumables, etc. to create a cost estimate for the supplied water. This 

approach is likely fine for CAPEX because construction was estimated to take 2 years, but 

because the life of the loan is likely to be 20 years, OPEX inflation might affect the cost of 

consumables and the resulting cost of desalinated groundwater over the life of the loan. The 

Consumer Price Index (CPI) for urban consumers from 2000 to 2021 (U.S. Bureau of Labor 

Statistics, 2021) was used to calculate the average inflation rate, which was found to be 2%. A 

low inflation rate of 0% annual inflation was selected, and 4% annual inflation was selected for 

the high rate. 

INTERNAL RATE OF RETURN ANALYSIS 

One way to examine the cost of desalinated groundwater and how uncertainty affects the cost is 

to simply compare the cost to produce the water to existing residential water rates. The UCM 

results in the cost to produce water from a project both during and after loan repayment. By this 

metric and considering the base case, during debt service this would be quite costly as it would 
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cost $0.3228 per 100 gallons which is approximately equal to the 2nd highest residential (within 

city limits) price tier (Figure 34). After debt service is completed the cost is $0.1415 per 100 

gallons and appears much more affordable (SAWS, 2022). 

 

 
Figure 34. Residential water rates for San Antonio Water System (SAWS) customers. From SAWS (2021). 

However, if the time value of money is considered, additional insights, not present in a 

static analysis, can be gained. An analysis of internal rate of return (IRR) from five broad 

scenarios was conducted to obtain a more realistic cost of a groundwater desalination project. 

The scenarios included a low, likely, and high value analysis, and the tested scenarios were 

stochastic groundwater salinity, stochastic storage volumes, OPEX inflation rate, well yield, and 

energy cost. 

In constructing the IRR analyses, a workflow that had three main steps was developed. 

First, on a groundwater production schedule it was assumed no pumping would occur until year 

3 when construction was completed. The “Peak Desalted Water Needed” for the scenario from 

the UCM run was used to deduct annual volumes from the total remaining estimated 

groundwater storage volume and the estimated recharge was added. The analysis timeline was 50 

years because the estimated useable life of a water supply plant is 50 years (IRS, 2021). If the 
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estimated storage reached zero af before the 50 years were up, pumping did not occur that year, 

but recharge was allowed. As soon as enough recharge allowed for a full year’s worth of 

pumping, another year of pumping was allowed. This is a modeling simplification as a real plant 

would not likely operate according to these rules. 

Next, an expenditure schedule consisting of debt service, capital expenditures, and 

operations and maintenance expenditures for the life of the plant was defined. Debt service 

payments were derived from the UCM. A construction loan with an interest rate of  3% and 

return on investment of 0.5% was used for years 1 and 2, which was suggested by the UCM. 

Year 3 refinanced the loan (3.5%) and added construction loan interest to the new total loan. The 

refinanced loan was paid from years 3 to 22. Capital expenditures were derived from the UCM 

run and were distributed over years 1 and 2. Operation and maintenance expenditures were 

derived from the UCM and did not begin until year 3 after construction was completed and 

pumping began. Depreciation of the Phase 2 expansion was modeled according to IRS (2021), 

which specifies straight line depreciation over 25 years if the facility was “placed into service 

after June 12, 1996.” Finally, it was assumed SAWS would not be taxed and has a tax rate of 0% 

based on guidance from Texas Comptroller of Public Accounts (2008), and an IRR of 8% was 

assumed to be appropriate. 

The project free cash flow (FCF) was calculated, and then the debt service was subtracted 

to calculate the equity free cash flow (EFCF). From the EFCF, the IRR, or the discounting rate 

needed so net present value is equal to zero, was calculated using the built in IRR Excel function. 

A basic equation was used to determine FCF: 

 

Equation 51  

 

Where: 

 EBITDA = Earnings before interest, taxes, and depreciation 

 D = Depreciation expense 

 T = Tax rate 

 ΔNWC = Change in net working capital 
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 CAPEX = Capital expenditures 

 From Titman and Martin (2016) 

All of these calculations were done in an Excel model with linked cells such that drivers could be 

updated and subsequently the IRR would update. Goal Seek was used in Excel to find the sales 

price for each of the tested scenarios that resulted in an IRR of 8%. Table 12 summarizes the 

scenarios tested, the relevant variables that were changed, and the resulting cost per acre-foot 

sales price. 

The OPEX inflation rate was found to have the most effect on IRR and storage volume 

was found to have the least effect on IRR (Figure 35). Aside from OPEX, well yield had a 

significant effect on IRR. Well yield is directly tied to the number of wells needed to achieve a 

specific delivery volume, and the wells are a significant portion of the capital expenditures. The 

financial modeling suggests that conducting more high-quality pump tests and collecting more 

aquifer parameters can constrain uncertainty in the cost of desalinating brackish groundwater 

associated with well yield. Additionally, this data would improve storage volume estimates. 

Between stochastic estimates of storage volume and salinity, estimated salinity had the 

greater effect on IRR for this specific project. This is expected as salinity will significantly affect 

the cost through energy needed for desalination, volume of raw water needed for a target 

delivery salinity, and through energy needed to pump the groundwater. This project is not 

pursuing very saline water, yet the tested range (1,341 to 1,558 mg/L TDS) still proved 

significant. Although the target water is in a comparatively well sampled salinity range of the 

Wilcox, and although this reduces uncertainty, it still had a greater impact of the price of the 

finished water. Stochastic salinity maps could guide well field selection, as project developers 

could look for potential well fields that have low and tight P10 to P90 salinity estimates. 

The tornado diagram in Figure 35 suggests that site specific salinity mapping will be 

essential to appropriately place a well field and determine the scale and scope of the project. 

Collecting salinity data and generating higher resolution salinity mapping will better constrain 
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estimated groundwater salinity. Further, as wells are installed in a well field, high-quality pump 

tests should be conducted to collect aquifer parameters, like specific yield, that can be used to 

reduce cost uncertainty tied to the production well yield and the storage volume estimates. 

This analysis had significant simplifying assumptions. A groundwater flow model of the 

well field would better reflect reality during pumping. Additionally, if SAWS found that they 

were dewatering the aquifer with their well field, they could stop pumping. This analysis does 

not capture how production from the well field would affect the surrounding aquifer. Updip fresh 

groundwater could be degraded from over production in the well field, and potentially more 

saline groundwater could be pulled from downdip. 

SWIFT FUNDING 

Instead of performing a low, likely, and high SWIFT funding analysis, it was assumed that the 

project could be 100% financed through SWIFT funding, and then the cost of the finished water 

to achieve an IRR of 8% for the P50 case was recalculated. The lending rates for the 2021 

SWIFT bonds were used, as these are the most recently available rates (TWDB, 2021c). If it is 

assumed the project receives SWIFT funding in 2022, the SWIFT loan could have an interest 

rate of 2.2%. Next, this interest rate was substituted for the default rate from the UCM in the 

Excel model. SWIFT funding reduced the price of the finished water from $1,818 per af to 

$1,764 per af. The project is paid off as early as year 15 both with and without SWIFT funding, 

but SWIFT funding allows lower costs to be passed to rate payers. If SAWS can tolerate an IRR 

as low as 5% for this project, they could reduce the cost of desalinated brackish groundwater to 

$1,593 per af, although this would increase the project pay-off year to year 20.  



 102 

 
Table 12. Various cases tested to observe their effect on IRR. The Base case estimated from Black and Veatch (2020) did not use volume as variable. Vol = 
Groundwater Storage volume. IR = OPEX inflation rate. SA energy cost = cost of energy in San Antonio from Morrison (2022). * = some years do not have 

groundwater production. ** = the production wells operate for 95% of the time. 

Case 
Salinity (TDS 

mg/L) 
Volume (acre-feet) 

# 
production 

wells 

Production 
well yield 

(gpm) 

Energy 
cost 

(kW/hr) 

Inflation 
rate 

Supply 
water 

yield/year 

Sale price, $/acre-
foot (IRR = 8%) 

 

"Base" base  1,500  ? ? 14 800  $    0.08  2%       13,440    
 

TDS P10 P10  1,341  P50  3,116,000  14 750  $    0.06  2%       13,440   $           1,778.00  
 

TDS P50 P50  1,444  P50  3,116,000  14 750  $    0.06  2%       13,440   $           1,818.00  
 

TDS P90 P90  1,558  P50  3,116,000  14 750  $    0.06  2%       13,440   $           1,845.50  
 

Vol P10 P50  1,444  P10     435,000  14 750  $    0.06  2%  13,440*   $           1,874.00  
 

Vol P50 P50  1,444  P50  3,116,000  14 750  $    0.06  2%       13,440   $           1,818.00   

Vol P90 P50  1,444  P90  7,032,000  14 750  $    0.06  2%       13,440   $           1,818.00  
 

600 GPM P50  1,444  P50  3,116,000  18 600  $    0.06  2%       13,440   $           2,001.00  
 

750 GPM P50  1,444  P50  3,116,000  14 750  $    0.06  2%       13,440   $           1,818.00  
 

800 GPM P50  1,444  P50  3,116,000  14** 800  $    0.06  2%       13,440   $           1,815.00  
 

IR 0% P50  1,444  P50  3,116,000  14 750  $    0.06  0%       13,440   $           1,650.83  
 

IR 2% P50  1,444  P50  3,116,000  14 750  $    0.06  2%       13,440   $           1,818.00   

IR 4% P50  1,444  P50  3,116,000  14 750  $    0.06  4%       13,440   $           2,089.00  
 

Free energy P50  1,444  P50  3,116,000  14 750  $       -    2%       13,440   $           1,763.00  
 

SA energy cost P50  1,444  P50  3,116,000  14 750  $    0.06  2%       13,440   $           1,818.00  
 

High energy cost P50  1,444  P50  3,116,000  14 750  $    0.08  2%       13,440   $           1,836.00  
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Figure 35. Tornado diagram ranking variables by their effect on the IRR.
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6. CONCLUSIONS 

The goal of this thesis was to determine if stochastic analysis of brackish groundwater 

resources would inform the estimated costs of desalinated groundwater. Stochastic 

techniques were used to reprocess a deterministic brackish groundwater mapping study 

with three main conclusions. First, stochastic estimation reasonably replicated the 

brackish groundwater storage volume and salinity estimates in the study area. When 

using the same variables, including Sy, P50 stochastic storage volume estimates provided 

similar estimates to the deterministic estimate. Additionally, P50 salinity maps appeared 

largely similar to deterministic maps. Second, the stochastic estimation routine with 

lithology appropriate Sy distributions applied to the UCPC study (Meyer et al., 2020) 

found the deterministic estimates to be on average 61% of the P50 estimated storage 

volume. Third, stakeholders that select a brackish groundwater mapping study from the 

TWDB need to collect additional data before acting on the results. Calculating a vertical 

average salinity, as was done in this thesis, may mask depositional salinity patterns in 

thicker aquifers like the Wilcox aquifer. When averaged out, the stochastic salinity class 

results appear largely similar, whereas in the thinner, more sparsely sampled Sparta 

aquifer the differences between the P10 and P90 salinity class maps appear to be much 

greater. Specifically, stakeholders should refine the regional salinity mapping, and they 

should collect specific yield data from any wells installed.  

These results inform the expected cost of desalinated groundwater. Results of 

stochastic estimation of brackish groundwater storage volumes and salinity were tested 

on a cost model developed for the TWDB and a proposed WMS from SAWS (Phase 2 

expansion of their groundwater desalination facility). A EFCF and IRR analysis was 

conducted to find what an acre-foot of finished groundwater would need to be sold for to 
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achieve an IRR of 8%. When the results derived from stochastic analysis and additional 

relevant variables were tested, it was found that variables stakeholders cannot control 

have the most influence on IRR. OPEX inflation rate yielded the widest range in sales 

price of finished water, but between the estimated storage volume and groundwater 

salinity associated with the project, salinity had more influence. Site-specific mapping 

and collecting additional salinity data can reduce the salinity estimate uncertainty. 

Further, stochastic mapping could be used to select optimal sites for well fields. 

Finally, although SWIFT funding may be an attractive way to finance water 

infrastructure projects, it appears that higher cost savings can be passed to rate payers by 

properly understanding the local geology and appropriately developing project scope, 

which is exhibited by the influence of production well yield on the cost of the finished 

water.  

The main conclusions from this project are also recommendations to the TWDB 

and stakeholders. Uncertainty analysis can reveal what the biggest unknowns for a 

project are, and the TWDB should use stochastic estimation in its BRACS mapping 

projects. With limited directly measured data, brackish groundwater currently has many 

unknowns. Finding ways to communicate these unknowns to stakeholders will better help 

them develop water sources to ensure Texan’s needs are met. Stochastic  techniques, and 

more importantly knowledge of local geology and interpretation techniques, can provide 

computationally inexpensive ways to reveal the uncertainty embedded in the results of a 

brackish groundwater mapping study. 
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