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ABSTRACT 

 

Increasing demand in energy, water, and food industries necessitates 

considerations of the inextricable links between them to support sustainable growth. This 

dissertation explores the role of water in the energy-water-food nexus through discussion 

of three research projects.  The first research project explores the energy-water nexus by 

discussing optimized solar-driven desalination systems for providing drinking water in 

remote areas.  Many remote communities are disproportionately affected by water 

scarcity.  Some regions have access to saline water sources, making desalination a viable 

method for mitigating water scarcity.  However, these regions may lack access to central 

power, making solar driven desalination a potential solution. The objective of this 

research was to develop process models to simulate the non-steady operation of solar 

driven desalination technologies.  Models were used to quantify the system efficiency or 

cost of water.  Non-linear multi-variable optimization was performed to optimize the 

system by adjusting equipment sizes and operating parameters.  In all cases, membrane 

distillation systems were more expensive than traditional solar desalination technologies.  

However, the cost of membrane distillation systems may be reduced by reducing costs of 

membrane modules and solar thermal collectors.  

The second research project explores the water-food nexus by discussing methods 

of recovering nutrients from domestic wastewater to secure a novel fertilizer source for 

sustainable food production.  Phosphorous, an essential fertilizer component, is in short 

supply. However, there are high levels of phosphorous in municipal wastewater.  

Methods of recovering phosphorous are of great interest.  Struvite (MgNH4PO4·6H2O) is 
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an insoluble mineral that forms in waters rich in phosphorous, especially in municipal 

wastewater treatment plants. Struvite scaling in processing equipment and pipes causes 

significant processing problems, but can be beneficial in a controlled environment as it 

can be recovered and used as fertilizer to help mitigate current phosphorous shortages.  

Current struvite control technologies, including ferric chloride, make recovery difficult, 

so alternatives are needed.  A potential alternative is application of residual biogas, a 

byproduct of wastewater treatment rich in carbon dioxide, to lower the pH of wastewater 

as struvite is more soluble at low pH.  CO2 may be easily stripped from solution, allowing 

for more economical struvite recovery.  The purpose of this study was to investigate the 

feasibility of using residual carbon dioxide for struvite control.  Bench- and pilot-scale 

experiments demonstrated the feasibility of using carbon dioxide to prevent struvite 

formation.  Models were developed to predict the pH upon carbon dioxide addition and 

validated using experimental results.  Finally, the models were used to develop a design 

tool to facilitate rapid implementation of sustainable struvite control systems at any 

wastewater treatment plant.  This will allow for economical recovery of nutrients from 

wastewater to support expansion of sustainable farming practices. 

In the third and final project, the efficacy of a novel ion exchange material for 

removal of silica from cooling tower water was investigated.  Silica is ubiquitous in 

industrial wastewaters and causes several scaling, prohibiting the recovery and reuse of 

wastewater.  Calcined hydrotalcite (HTC) was demonstrated to be effective in selectively 

removing silica in batch and continuous experiments in the presence of competing 

cations.  This technology represents a low-cost solution to silica scaling and will help 

reduce the water requirements of power generation and other industrial processes. 



 22 

CHAPTER 1 

INTRODUCTION 

 

1.1. Motivation 

The energy, water, and food industries are essential for sustaining human life and 

modern economies.  Demand in all three industries is expected to increase while 

resources supporting these industries become more scarce.  Interconnections between the 

energy, water, and food industries may lead to trade-offs, resulting in resources wasted 

between the industries, or in synergies that result in equitable distribution of resources. 

The energy-water-food nexus refers to efforts to reduce trade-offs and increase synergies 

between these three industries in order to meet increasing demand sustainably.   

The Food and Agriculture Organization (FAO) of the United Nations (UN) 

developed a procedure to guide decision makers in exploring said synergies and trade-

offs in regards to a proposed intervention [1].  First, “interlinkage matrices” are 

developed by identifying synergies and trade-offs between sustainable energy, water, and 

food security.  The FAO also recommends consideration of trade-offs and synergies as 

related to human resources, such as labor and cost.  Second, linkages are quantified 

through measurement of “indicators.”  Some indicators are measurements of a resource’s 

productivity and are calculated as the amount of a resource consumed or produced per 

unit of another resource.  Other indicators are merely measurements of fractions of 

populations with access to energy, water, or food.  An increase in some indicators may 

result in greater sustainability (synergies), while an increase in others may result in 

reduced sustainability (trade-offs).  Finally, indicators are calculated for each proposed 
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intervention and compared to a reference.  A proposed intervention is considered “nexus-

friendly” if it increases indicators associated with synergies and decreases indicators 

associated with trade-offs.  This methodology enables decision making towards 

simultaneous sustainability of the energy, water, and food industries.  However, 

additional research is needed to explore novel technologies that improve the status of the 

energy-water-food nexus. 

This work describes several research projects related to the energy-water-food 

nexus.  In order to understand the impact of these investigations, several key 

interlinkages in [1] were selected, and associated indicators were identified.  The research 

projects described herein attempt to increase those indicators associated with synergies 

and decrease those associated with trade-offs.  First, solar desalination systems were 

optimized to design low-cost and energy efficient solutions to water scarcity in remote 

communities.  Such investigations may provide additional drinking and irrigation water 

in dry communities, a food-water synergy.  However, desalination requires a large 

amount of energy and is expensive, which constitute an energy-water and capital-water 

trade-off, respectively.  Several indicators may be used to measure such impacts.  This 

work will ultimately lead to a decrease in the cost per unit of treated water and energy 

consumed per unit water.  Additionally, this work will lead to a decrease in the percent of 

rural populations without access to improved drinking water sources.   

A novel scaling prevention system in which carbon dioxide was used to prevent 

the formation of struvite in wastewater treatment plants was developed.  This 

methodology facilitates the recovery of struvite, a mineral rich in nitrogen and 

phosphorous that may be used as a fertilizer.  This is expected to increase the fraction of 
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fertilizer used from a sustainable source (such as wastewater) over the total fertilizer 

usage.  This is an indicator for the food-water synergy: recycled nutrient can be used as 

fertilizer instead of mineral fertilizers.  Finally, a novel ion exchange material was 

investigated for its ability to selectively remove silica from cooling tower water, 

facilitating reuse of wastewater and reducing overall water demands in power plants.   

 

1.2. Process Modeling and Optimization of Solar Desalination Systems 

Drought and water shortages are a serious global problem.  According to a report 

published by The Nature Conservancy, over 2.7 billion people are impacted by water 

scarcity for at least a portion of each year [2].  Population growth and climate change are 

expected to increase this number to well over five billion by 2025 [3].  Many drought-

stricken areas also have high poverty rates, so coping with water shortages is especially 

challenging and the consequences are far-reaching.   Not only do water shortages 

decrease the availability of drinking water, but they also reduce crop production, a major 

source of income for much of the world.  Therefore, development of new sources of 

water is a critical issue for the global eradication of poverty.  Many developing countries 

have access to seawater or brackish groundwater.  In fact, more than 25% of Africans live 

within 100 kilometers of the coast [4].  Therefore, desalination is a feasible alternative for 

mitigating drought in many poverty-stricken areas.  However, desalinating saline water 

for potable use is an energy intensive, and therefore expensive, process; research in this 

area has focused on making desalination technologies more energy efficient or 

developing new desalination technologies that use less energy [5, 6].  Great strides have 

been made in this area, but it has not been determined which of these technologies is best 
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suited for desalination in developing communities. 

Economic considerations are especially important for developing communities, so 

it is critical that desalination systems are optimized to ensure that the systems are as 

inexpensive as possible.  The large energy consumption associated with desalination is a 

driver of its high cost.  Previously, many researchers have assumed that minimizing 

energy consumption or maximizing energy efficiency will lead to a minimized cost.  

However, this assumption has not been evaluated in detail and the relationship between 

cost and efficiency is not well understood.   

1.2.1. Types of Desalination Systems 

In general, desalination is the 

process of separating water from 

solutions containing dissolved 

species.  Desalination processes can 

be separated into two categories: 

thermal processes and membrane 

processes [7].  Thermal 

desalination processes are energy 

intensive due to the high heat of vaporization of water. While membrane processes still 

require energy to pressurize streams, they generally have smaller energy requirements 

than thermal processes and are thus preferred in most applications [8].  However, thermal 

desalination processes may be superior to membrane processes in certain circumstances 

[9]. 

Reverse osmosis (RO) currently holds the largest market share for off-grid 

Fig. 1. Off-grid desalination market share [10]. 
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desalination [10].  While RO has lower energy consumption than thermal desalination 

processes, it has many disadvantages such as high potential for scaling and the need for 

pretreatment [11].  Therefore, it is important to consider alternatives.  Membrane 

distillation (MD) is a desalination technology that may be considered a hybrid thermal-

membrane process [7].  Therefore, MD may have advantages of both thermal and 

membrane processes.  While MD has a large energy demand to supply the heat of 

vaporization of water, it may utilize low-temperature heat instead of electricity and it may 

operate with less membrane fouling than pressure-driven systems [12].  Because MD is a 

relatively new desalination technology, it has not been quantitatively compared to other 

more established desalination alternatives. 

Previously, several researchers have attempted to model off-grid desalination 

systems and estimate their cost or efficiency [5-6, 8, 13-17].  While most of these studies 

provide good order of magnitude estimations, there are important factors that were 

ignored or estimated using heuristics.  Most works did not use a comprehensive process 

model; they neglected important considerations such as unsteady operation.  Many 

studies did not perform optimization.  Some studies calculate and optimize energy 

efficiency, and assume that energy efficiency correlates directly to cost, even though this 

has not been investigated.  Most importantly, previous studies generally considered only 

one desalination method and cited cost estimates for competing technologies calculated 

by other investigators.  However, as cost estimates are highly variable, a cost comparison 

between systems is only valid if calculated under the same assumptions. To our 

knowledge, no investigator has performed such a comparison. Kahyet [18] performed a 

review of energy consumption analysis and water production cost determination for solar 
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MD where energy efficiency and economic studies are shown to report highly variable 

results; energy efficiencies and costs reported vary by as much as four orders of 

magnitude.  This is due to the lack of a standardized method for performing these 

calculations.  He provides equations and heuristics most commonly used in these studies, 

and a call for researchers to use these standardized methods in future studies in order to 

reduce variability and make publications by different authors comparable.  

1.2.2. Membrane Distillation 

MD is an emerging technology that may be classified as a hybrid thermal-

membrane process [7].  In MD, saline water is heated to a temperature below the boiling 

point of water and is contacted with a hydrophobic micro-porous membrane.  The 

membrane will not allow liquid water to pass through the pores due to its hydrophobicity; 

however, water vapor may pass through the pores if a water vapor pressure difference is 

created across the membrane [19].  A vapor pressure difference can be generated in one 

of four ways, as shown in Fig. 2. In direct contact membrane distillation (DCMD), the 

permeate side of the membrane is contacted with cooled water.  In air-gap membrane 

distillation (AGMD), the permeate side is contacted with a layer of stagnant air.  Water 

vapor that passes through the membrane is condensed on a cooled wall past the air gap.  

In sweeping gas membrane distillation (SGMD), dry air is passed over the permeate side 

of the membrane and collects water vapor, which is condensed in an external condenser.  

Finally, in vacuum membrane distillation (VMD), a vacuum is created on the permeate 

side of the membrane, reducing the vapor pressure.  Again, the water vapor is collected 

and condensed in an external condenser [20].  
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Because MD involves evaporating water across a membrane, the heat of 

vaporization of water must be supplied as in all thermal desalination processes.  

However, the use of a membrane provides greater surface area for evaporation, so it may 

be implemented in a compact installation [19].  It is also associated with less scaling and 

maintenance than RO and other thermal processes, so it may be advantageous for off-grid 

use [12].  Finally, unlike RO, MD is relatively insensitive to feed water salinity, so it may 

outperform RO for highly saline applications [19].  While off-grid MD systems have 

been well proven, few researchers have developed comprehensive process models or 

optimized the process, so it cannot be said with certainty how they compare to traditional 

desalination methods for off-grid applications. 

There are several methods for performing quantitative analyses of MD systems.  

Most obvious is to calculate the cost of water.  One possible method is to calculate the 

cost of water so that the system breaks even at the end of its lifetime, as described in [18].  

However, cost calculations are difficult to perform and may be inaccurate.  Therefore, 

many authors chose to quantify energy efficiency, which may be calculated as thermal 

efficiency or gained output ratio (GOR).  The thermal efficiency is the heat required to 

evaporate the distilled water divided by the thermal energy input [12].  The GOR is the 
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heat required to evaporate water divided by the total energy input, including electrical 

energy [18]. 

Saffarini et al. performed an economic analysis of three solar powered MD 

systems: DCMD, AGMD, and VMD [13].  They calculated the cost of water production 

from steady-state process models developed by other authors using a flat-sheet membrane 

model.  Capital and operating costs were calculated from the process models and various 

heuristics, prorated to the end of the plant life, and normalized to the annual water 

production rate to determine the amortized cost of water.  Estimates of the cost of water 

produced by solar powered MD range between $12.7/m3 and $18.3/m3, depending on the 

configuration and use of energy recovery.  They concluded that DCMD coupled with a 

heat exchanger for thermal energy recovery was the most cost effective configuration, 

while AGMD was the most expensive. Cost estimates exceed those for photovoltaic 

reverse osmosis (PV-RO) systems. 

Banat et al. performed an economic analysis of two solar-driven spiral-wound 

AGMD systems [14].  One system was a compact system for the treatment of brackish 

water located in northern Jordan.  The other was a larger system for the treatment of 

seawater located in southern operation and maintenance costs, including labor and 

membrane replacement.  They concluded that water produced from the compact unit and 

large unit cost approximately $15/m3 and $18/m3, respectively. 

Chang et al. performed an economic analysis and optimization of an AGMD 

system [17].  Heat was provided to the system using solar thermal collectors, but grid 

electricity was used to provide electrical power.  They calculated equipment sizes using a 

pseudo-steady state approach by specifying temperature differences during a specified 
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operating period.  The membrane was modeled from first principles in Aspen Custom 

Modeler.  The cost of water was calculated from the pseudo-steady process model and 

optimized using a quadratic programming algorithm.  The decision variables were the 

area of the solar collectors and various flow rates.  The optimized cost of water was about 

$6/m3. 

Zuo et al. evaluated the energy efficiency and economics of a DCMD system with 

Aspen Plus [5].  They investigated the effects of several variables on the flux, water 

production rate, energy efficiency, and cost.  The variables investigated include 

membrane area, feed temperature, permeate velocity, feed velocity, and temperature 

difference in a heat exchanger.  Their water production costs varied from about $1/m3 to 

$2/m3 and their GOR varied from 30% to 80%.   

Al-Obaidani et al. investigated the potential of MD for seawater desalination by 

performing a sensitivity analysis on the thermal efficiency and cost of MD [6].  They 

studied the effects of operating conditions and membrane characteristics on 

transmembrane flux, thermal efficiency, and cost.  They found that an increase in the 

temperature gradient across the membrane increased both flux and thermal efficiency.  

System performance was improved for membranes with low thermal conductivity and 

high porosity.  They estimated that the cost of water produced using a DCMD system is 

approximately $1.17/m3, which is comparable to waters produced from other thermal 

desalination systems, and a thermal efficiency of around 70%. 

1.2.3. Reverse Osmosis 

In RO, pressurized saline water is forced through a semi-permeable membrane 

against an osmotic pressure gradient [8].  In most applications, RO has a smaller overall 
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energy demand than thermal systems, but it does not utilize heat, so all required energy 

must be provided as mechanical energy [8].  However, RO has several disadvantages that 

may make it inappropriate for developing communities.  First, due to the high operating 

pressure, RO membranes are especially susceptible to scaling.  Therefore, they require 

additional pretreatment, frequent backwash, and membrane replacement [11]. In off-grid 

operation, power supply may fluctuate significantly throughout the day.  This may pose 

problems for RO, as RO membranes develop flaws when exposed to fluctuating pressure 

that may lead to a decreased lifetime [15].  Finally, the feed water pressure required to 

produce a certain flux is a strong function of feed water salinity; RO has a high power 

requirement for highly saline applications [21].  

Laborde et al. developed an optimization strategy for small-scale RO desalination 

powered by solar energy using a membrane simulation model, Hydranautics 98 [8].  They 

considered the effects of membrane type and configuration, and various factors affecting 

the efficiency of the high-pressure pump.  It was concluded that a serial arrangement of 

membranes minimizes energy use, but a parallel arrangement produces higher quality 

water.  They also determined that seawater desalination requires 7.0 kW/m3 and costs 

$7.8/m3 and brackish water desalination requires 0.84 kW/m3 and costs $3.3/m3. While 

Laborde et al. did not perform any formal optimization, they presented a useful 

framework for the design and optimization of solar RO desalination systems and 

highlight important design considerations. 

Richards et al. investigated the effect of variation in solar irradiance on solar-

powered RO performance at the bench scale [15].  They concluded that good quality 

permeate was produced for solar irradiance from 300 to 1200 W/m2, regardless of the 
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magnitude of applied fluctuations.  However, the system must shut down below 300 

W/m2.  After these shutdown periods, the membranes exhibited a period of poor 

performance; the flux was reduced and the permeate salinity increased for a few minutes 

before steady state values were recovered.  However, higher irradiance led to shorter 

recovery times.  They concluded that use of fluctuating solar irradiance could be 

beneficial under certain conditions.  When the operating pressure dropped below the 

osmotic pressure, the flow pattern in the membrane reversed and osmosis occurred.  This 

resulted in a naturally induced backwash process that may dislodge weakly bound scale 

and increase membrane lifetime.  However, the effect of variations in operating pressure 

on membrane lifetime, which is thought to be detrimental, was not investigated. 

Bourouni et al. designed and optimized renewable energy RO systems using a 

genetic optimization algorithm [16]. They considered RO systems powered by 

photovoltaic panels and wind turbines (separately and together), both with and without 

batteries.  The systems could overproduce and store excess water in order to make up for 

periods of low production that coincide with periods of low sunlight or low wind speeds.  

System energy demand and water and energy production were calculated heuristically. 

They calculated and minimized the lifetime cost of the system considering feed water 

quantity and quality, product specification, available renewable energy resource (sunlight 

and wind), technology maturity, and various site specifications such as location.  They 

used a genetic algorithm to select the values of several decision variables that provide a 

minimized lifetime cost.  The decision variables included type and number of 

membranes, PV panels, wind turbines, and batteries, as well as running hours, pump 

power, and type of back-up system. They concluded that photovoltaic energy is 
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prohibitively expensive and that a wind powered systems is the most economical option.   

1.2.4. Research Objectives  

The objective of this work is to develop several process models of various solar 

powered desalination systems. The process models were used along with non-linear 

multi-variable optimization algorithms to design systems with minimal cost or maximal 

efficiency.  In the first study (Appendix A), a process model was developed for an 

SGMD system utilizing a hollow fiber membrane module.  The model was used to 

calculated the cost as a function of several decision variables, including sizes of 

equipment, flow rates of various streams, and operating times.  The particle swarm 

algorithm was used to select decision variable values leading to a minimal cost of water.  

A household system was optimally designed to produce 240 L/day.  Water from this 

system costs $0.0847/L.  The operation of the optimal system was analyzed to identify 

areas of improvement.  This work is published in Desalination [22].  The paper was a 

collaboration between all listed coauthors.  My contributions included developing several 

parts of the process model, improving upon other models developed previously by 

another student, analyzing results, and writing the final paper.  This work resulted in a 

greater understanding of costs associated with solar driven MD, especially for small scale 

systems.  Additionally, this work helped to identify areas of future research that would be 

especially impactful to the cost of water, including development of cheaper membranes 

and improvement of energy storage devices.  Finally, this work was used as a framework 

for future studies of solar desalination, described below. 

The objective of the second study (Appendix B) was to investigate relationships 

between cost and energy efficiency.  The process model described in Appendix A was 
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used to calculate the efficiency of the solar MD system.  The efficiency was optimized by 

adjusting various decision variables.  The design and operation of the energy efficient 

system was compared to that of the cost efficient system described in Appendix A.  It 

was shown that efficiency- and cost-optimal systems do not coincide, and future studies 

should not consider the two parameters interchangeable.  This work has not been 

submitted for publication, but is being prepared for submission to Desalination.  While 

the process model used in this study includes work from others (described above), I 

adapted the process model for energy efficiency optimization and analyzed results.  This 

work provides greater understand of the relationships between cost and efficiency of 

thermal desalination technologies, a topic critical to the simultaneous development of 

water and energy infrastructure. 

In the third study (Appendix C), the effect of seasonal variation of solar irradiance 

on the solar MD system was investigated.  The process model described in Appendix A 

was adapted to model year-round operation, as opposed to operation on a single day, and 

to include water storage.  On days in which solar irradiation is less intense (ie, in winter), 

the system may still meet water demand by either storing water or storing energy to 

produce water without sunlight. However, a system optimized for cost simply utilized a 

larger PV and thermal collector array to generate enough energy to meet demands in 

winter months.  This work has not been submitted for publication, but may be included in 

future publications.  As with Appendix B, the process model used in this study included 

work from others (described above), while I adapted the process model for optimization 

of annual operation and analyzed results.  This work resulted in a greater understanding 

of trade-offs between energy and water storage and in the performance of solar water 
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treatment systems is various systems.  Additionally, this work may be used as a 

framework for future studies that consider variations in weather leading to solar 

irradiation fluctuations or to investigate the impact of climate change on solar water 

treatment. 

The fourth study (Appendix D) presents the first quantitative comparison between 

the MD configurations.  The process model presented in Appendix A was adapted to 

model solar DCMD systems.  The DCMD system was optimized to treat water of two 

salinities and compared to similar optimal SGMD systems.  It was found that SGMD 

provided cost savings for both salinities due to its higher efficiency.  This work was a 

collaboration between the University of Arizona and Yale University.  First principles 

models of MD operated under each configuration were developed by researchers at the 

University of Arizona and Yale University.  I was responsible for development of the 

process models, performing the optimization, and analyzing results.  This work has not 

been submitted for publication, but is being prepared for submission to Desalination.  The 

work is a major contribution to the field of membrane distillation, as it is the first 

quantitative comparison between MD configurations. 

In the fifth and final study (Appendix E), a solar RO process was modeled and 

optimized to provide a quantitative comparison to the above solar MD systems.  While 

similar studies have been performed previously, it is difficult to perform direct 

comparisons due variations in simulations or cost calculations, described in detail above.  

It was found that solar RO is cheaper the all MD systems considered previously.  

However, the cost of water was a stronger function of feed water salinity that observed 

for MD systems, so MD may be cost-competitive for very saline waters.  In this study, I 



 36 

developed this process model, performed the optimization, and analyzed the results.  This 

study has not been submitted for publication, but may be included in a publication with 

Appendix D. 

 

1.3. Sustainable Struvite Control Using Carbon Dioxide from Anaerobic Digester Gas 

Struvite is a mineral containing magnesium, ammonium, and phosphate 

(MgNH4PO4·6H2O).  It is poorly soluble and is a common constituent of scale in 

wastewater treatment plants.  Struvite precipitation in processing equipment and pipes 

can cause significant processing problems, including expensive cleaning and temporary 

plant shutdown [23].  Existing solutions to struvite scaling are associated with many 

disadvantages, including high cost and safety concerns, so alternatives are needed [24].  

The proposed solution is to use the carbon dioxide in biogas in place of traditional scale 

inhibitors to lower the pH of wastewater thus preventing struvite formation.  The use of 

carbon dioxide for struvite formation is beneficial for several reasons.  First, it is not 

associated with safety or environmental concerns, as are traditional scale inhibitors.  

Second, it is a by-product of the anaerobic digestions process, so its use as a scale 

inhibitor is cost free.  Finally, carbon dioxide facilitates the recovery of struvite, which 

may be used as a fertilizer. 

1.3.1. Anaerobic Digestion and Biogas 

Following passage of regulations in 1991 prohibiting disposal of sewage sludge at 

sea, treatment of sludge via anaerobic digestion has increased in application [23].  

Anaerobic digestion is a biological process in which organic and inorganic matter is 

reduced in the absence of oxygen.  In municipal wastewater treatment, solid waste is 
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separated from liquid waste during primary treatment and is digested anaerobically.  The 

process results in the destruction of organic compounds, generation of reduced forms of 

inorganic compounds (such as hydrogen sulfide), and deactivation of pathogens [25].  

The resulting solid product is dewatered and may be applied as fertilizer. 

Coinciding with the 1991 sludge disposal regulations were regulations limiting 

release of nitrogen and phosphorous into bodies of water.  These regulations resulted in 

implementation of biological nutrient removal in wastewater treatment plants [23].  

While environmentally beneficial, implementation of secondary treatment impacts the 

anaerobic digestion process.  In enhanced biological phosphorous removal, phosphate is 

incorporated into the sludge phase by phosphate accumulating microorganisms.  This 

phosphate-enriched sludge is anaerobically digested, releasing phosphate into solution.  

Solutions rich in phosphate, ammonia, and magnesium (also found in anaerobic 

digesters) are prone to formation of struvite (MgNH4PO4·6H2O) [25].  Since the addition 

of regulations on nutrient disposal, struvite scaling in anaerobic digesters and associated 

dewatering equipment has become a considerable problem.  While addition of expensive 

and dangerous anti-scaling agents may mitigate struvite formation, more sustainable 

solutions may be provided by the digestion process. 

Several gases are produced during the anaerobic digestion process, including 

methane, carbon dioxide, hydrogen sulfide, and other trace gases.  This mixture of gases 

is called biogas [25].  In recent years, biogas has been identified as an important player in 

the renewable energy market, as it is a sustainable source of methane [26].  Therefore, 

methodologies of removing methane from biogas, or upgrading biogas, have become 

important subjects of research.  Sun et al. performed a review of available biogas 
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upgrading technologies, provided guidelines for selecting the appropriate technology, and 

suggested uses for biogas products, including recovered methane and carbon dioxide 

[26].  There are several commercialized biogas upgrading technologies available, 

including water scrubbing, cryogenic separation, pressure swing adsorption, and 

membrane-based separation processes.  The processes differ in their energy use, cost, 

ability to recover methane or remove impurities and non-condensable gases.  Recovered 

methane may be used a fuel for stoves, turbines, vehicles, and fuel cells, or may be sold 

into natural gas grids.  In fact, in some cases, recovery of methane from biogas may 

provide enough energy to meet the energy demands of the plant.  However, the biogas 

remaining after upgrading is less valuable.  Residual biogas is composed mostly of 

carbon dioxide and often vented to the atmosphere after methane recovery.  Several uses 

of carbon dioxide from biogas have been suggested, including for enhanced oil recovery, 

algae growth, and to neutralize high pH slurries resulting from aluminum extraction.  

However, reuse of carbon dioxide from biogas is beyond the current state of practice.   

Carbon dioxide has been successfully used as an alternative to strong acid for 

neutralizing high-pH water derived from tunnel construction [27].  pH of several 

synthetic and real wastewaters was reduced from 9-11 to 5.5-6.2.  Solutions with lower 

alkalinity reached a lower pH.  They noted that care should be taken when discharging 

streams treated with CO2, as waters with aqueous CO2 concentrations in excess of 20 

mg/L may be toxic to aquatic life.  This study aims to investigate the feasibility of using 

carbon dioxide from biogas to prevent the formation of struvite. 

1.3.2. Struvite Prevention 

Struvite formation was first identified in digested sludge in 1939 [23].  A 
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systematic study of struvite formation was first performed in 1972 [28].  Severe struvite 

scaling was discovered in digester lines and proved difficult to remove with mechanical 

methods.  Only acid washing was successful in removing scale, although difficult to 

perform.  Future scaling issues were prevented by diluting digester streams with 

secondary effluent at a ratio of 1:1. 

Additional struvite mitigation technologies were investigated by Buchanan et al. 

[24].  They formed DI water solutions capable of forming struvite with concentrations of 

magnesium, ammonium, and phosphate representative of wastewater lagoons.  Several 

commercial scale inhibitors were tested, including water-soluble polymers, phosphonates, 

complexing agents, and chelating agents.  Anti-scaling agents were added to samples at 

various concentrations.  The efficacy of the inhibitor was evaluated by comparison to an 

untreated control in terms of its ability to delay struvite formation by fifteen minutes, to 

reduce the average particle size, and to reduce the number of particles formed.  Of the 

twenty struvite inhibitors tested, seven were found to be effective in preventing struvite 

formation.  They included water soluble polymers Acumer 1000 (Rohm and Haas Co.), 

Cyanamer P-70 (FMC Co.), and Kelig 4000 (Lignotech USA), phosphonates Mayoquest 

1500 (Mayo Chemical Co.) and Millsperse 956 (Drew Chemical), and the phosphate-

complexing agent ferric chloride.  Dosage recommendations for the seven agents were 

reported.  Additionally, the seven products were ranked based on their cost, and safety 

and environmental risk.  Millsperse 956 ranked first, with low cost of treatment and 

moderate safety and environmental risk, while Mayquest 1500 ranked last, with a very 

high cost and high risk.  Notably, ferric chloride ranked second to last, with high cost and 

risk.  Since the publication of this study, ferric chloride and other related ferric salts have 
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become the most common method of preventing struvite formation [29]. 

Doyle et al. [30] performed a study of methodologies for preventing struvite 

formation.  They evaluated the ability of seven commercial scale inhibitors and chelating 

agents to reduce the amount of struvite scale formed on impellers in anaerobically 

digested sludge liquor. Of the commercial scale inhibitors, only one reduced the amount 

of scale formed, but only by 50%.  Three chelating agents were also tested, including 

nitrilotriacetic acid (NTA), acetyl acetone, and ethylenediaminetetraacetic acid (EDTA).  

Acetyl acetone increased the amount of scale formed, NTA decreased the mass by about 

60%, and EDTA prevented formation of struvite almost completely.  While EDTA was 

the most effective scale inhibitor tested, Doyle et al. note that environmental effects of 

EDTA after discharge from the wastewater treatment plant are not well understood, so it 

should be used with caution.  Therefore, more environmentally friendly methods of 

sturvite mitigation are needed.  

1.3.3. Phosphorous Recovery 

While struvite scaling is a major nuisance in wastewater treatment plants, it may 

be sold as a fertilizer if formed in a controlled location, such as a crystallizer.  Not only 

does this provide additional income to the plant, it is also an important component in 

mitigating phosphorous shortages.  Currently, phosphorous is provided to crops using 

phosphate salts, which are mined from mineral stores of phosphorous.  However, these 

stores are running low [31].  Therefore, methods of recovering phosphorous from 

wastewater as struvite have been researched thoroughly; commercialized solutions to 

struvite recovery are now available [31].  However, recent studies have called into 

question the feasibility of such systems. Experience with full-scale struvite recovery 
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systems has shown that the sale of struvite does not pay back the cost of the system [31]; 

it accounts for only one third of the cost of chemicals alone.  The high cost of struvite 

recovery systems requires the sale price of struvite to be higher than traditional mineral 

phosphorous fertilizer.  In fact, struvite is often marketed as a premium niche-market 

fertilizer, reducing the market for recovered phosphorous [31].  Cost reductions are 

critical to the wide-spread adoption of sustainable fertilizer sources.  Therefore, it is 

important to reduce the costs of struvite recovery systems in order to provide an 

economic solution for upcoming phosphorous shortages. 

Jordaan et al. [32] suggested a novel methodology for recovering struvite from 

wastewater.  They performed a feasibility study on an aerated crystallizer.  Aeration 

removes carbon dioxide from wastewater streams, raising the pH and allowing for 

precipitation of struvite without chemical addition.  The study demonstrated the 

feasibility of using aeration to precipitate 80% of recoverable struvite over extended 

operating periods.  This allows for elimination of chemical additives from struvite 

recovery systems, which constitute a large portion of the operating cost.  However, such 

systems are only feasible when waters are supersaturated with CO2. 

It is thought that phosphorous recovered from wastewaters treated with ferric ions 

may be poorly bioavailable due to binding with iron [31].  In fact, iron has been detected 

in samples of struvite precipitate from wastewater [33].  This may make beneficial reuse 

of phosphorous impossible when ferric chloride is used to prevent struvite scaling.  It is 

clear that implementation of struvite recovery is dependent on the methodology of 

struvite prevention employed prior to recovery.  Use of carbon dioxide for struvite 

prevention would be greatly beneficial in this regard.  It may be stripped from solution to 
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allow for cost-efficient struvite recovery in systems proposed by [32].  This would result 

in iron-free struvite, which would be a more suitable replacement for disappearing 

phosphorous resources. 

1.3.4. Research Objectives 

The objective of this research is to evaluate the feasibility of using carbon dioxide 

to prevent the formation of struvite.  First, a water chemistry model was developed to 

predict the pH of wastewater samples upon addition of carbon dioxide.  The model was 

then validated with bench scale experiments, in which carbon dioxide was injected into 

wastewater samples under various pressures.  Second, a pilot system was constructed to 

investigate alternatives for full scale implementation of CO2-based scaling prevention 

systems.  Finally, the validated models and results from the pilot study were used to 

develop a protocol that allows for rapid design of struvite prevention systems from easily 

measured water quality parameters.  This work has been for publication, and it in review 

in the Journal of Environmental Engineering.  My contributions to this work included 

developing the water chemistry model, conducting bench experiments, developing the 

design protocol, contributing to the design and construction of bench and pilot scale 

reactors, and writing of the final paper.  This work resulted in the development of a novel 

scaling prevention system that will facilitate economic recovery of struvite from 

wastewater, a feasible method for mitigating current phosphorous shortages.  

Additionally, a design protocol was developed that will facilitate introduction of this 

technology into practice.  Ultimately, this work will increase the fraction of phosphorous 

fertilizer used from a sustainable source, and will lead to greater synergy between the 

water and food industries. 
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1.4. Removal of Dissolved Silica Using Calcined Hydrotalcite in Real-Life Applications 

While desalination is a viable method of mitigating water scarcity in remote and 

developing regions, reuse of domestic and industrial wastewaters represents a viable 

water source in industrialized regions  [34].  While these waters can often be treated to 

potable standards, there are many operational challenges in these treatment schemes that 

prevent wide-scale adoption of wastewater recycling or direct potable reuse.  One such 

operational issue is scaling associated with waters high in silica, which is ubiquitous in 

industrial wastewaters such as waters recycled from cooling towers in power plants [35].  

Low-cost silica removal pretreatments are needed to prevent silica scaling and facilitate 

water reuse.  If implemented in power plants, this will decrease the fresh water 

withdrawals needed to support power generation. 

Membrane process, such as MD and RO, are effective at removing silica, but are 

energy intensive.  Their high cost may prohibit use of reclaimed wastewater as an 

economical water source.  However, ion exchange materials are capable of removing 

silica at lower costs [36-38] .  Sasan, et al. [36] studied a metal-organic framework 

(MOF) hydrotalcite (HTC) as a selective and regenerable material for the removal of 

silica from cooling water.  This study demonstrated that HTC, when heat treated 

(calcined), can remove greater than 95% of silica for several regeneration cycles, and that 

exchange sites responsible for removing silica were not affected by the presence of 

competing ions, including sulfate and chloride.  However, all experiments in this study 

were performed with synthetic cooling tower water.  It is unknown if synthetic cooling 

tower water behaves comparably to real cooling tower water.  Further studies are needed 

to investigate if HTC is a viable ion exchange material for removing silica for real 
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wastewaters.  

The objective of this study is to study is to investigate the ability of calcined HTC 

to remove silica from wastewater under real-life applications.  Bench scale batch and 

continuous experiments demonstrated that calcined HTC behaves similarly in samples of 

cooling tower was as in synthetic industrial wastewater.  My contributions to this work 

include conducting bench experiments, contributing to data analysis, and writing of a 

final report.  The report was submitted to Sandia National Laboratories as an internal 

report.  This work demonstrated the applicability of a novel ion exchange material for 

removal of silica from cooling tower water.  This simple technology may be used as a 

pretreatment to prevent scale formation, facilitating reuse of industrial wastewater within 

power plants, and reducing fresh water requirements of power generation. 
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CHAPTER 2 

SUMMARY AND FUTURE WORK 

 

2.1. Process Modeling and Optimization of Solar Desalination Systems  

In the work presented here, several studies were performed investigating optimal 

solar desalination systems to provide low cost water to remote communities using 

minimal energy.  In the first study, a non-steady process model was developed to 

simulate a solar driven sweeping gas membrane distillation (MD) system.  System design 

and operation was optimized to minimize the cost of water.  The minimized cost of water 

was $84.7/m3 for a system designed to provide 240 L of potable water per day. It was 

found that membrane modules and solar thermal collectors made up the most significant 

portion of the cost and reliance on electrical and thermal energy storage was minimized. 

In the second study, the non-steady process model was optimized for energy 

efficiency instead of cost.  Energy efficiency was calculated using four different 

parameters, including the thermal efficiency and gained output ratio (GOR) calculated 

using total solar energy collected and usable energy collected (ie neglecting the 

contribution of energy that cannot be used because energy storage devices are full).  It 

was found that systems optimized for energy efficiency calculated using usable energy 

were a better approximation of the cost optimal system than system optimized for energy 

efficiency calculated from total energy collected.  However, systems optimized for 

efficiency were more expensive than the cost-optimal systems. 

In the third study, the process model was adapted to model annual operation 

instead of daily operation as in previous studies.  A potable water storage tank was 
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included to investigate trade-offs between energy and water storage to provide water in 

winter, when solar irradiation is low.  Instead, however, the system optimized for annual 

operation utilized larger solar collector areas to meet water demand in the winter, instead 

of storing energy or water.  In the future, systems should be optimized for annual 

operation considering the effects of weather, including chances of clouds, to design 

optimal systems that are resilient in uncertain weather.  

In the fourth study, the process model was adapted to model direct contact MD 

(DCMD), in addition to sweeping gas MD (SGMD).  Recovery of the heat of 

vaporization of water was also included.  Systems were optimized to provide 10 m3/day 

of water distilled from two different salinities: 3.5% and 15%.  For both salinities, SGMD 

was cheaper than DCMD.  The DCMD systems were less efficient, and therefore 

required a larger thermal collector area to produce the same amount of water.  A higher 

efficiency led to a lower cost in this case because the thermal collectors made up a larger 

portion of the cost.  This is contrary to observations in previous appendices, in which 

improvements in efficiency did not lead to improvements in cost because thermal 

collectors were less important to the cost than membrane modules.  Additionally, in both 

systems, recovery of the heat of vaporization did not have significant effect on the cost of 

water. In the future, air gap and vacuum MD should be included in the study to provide a 

quantitative comparison between all four common MD configurations. 

In the fifth and final study, a solar driven reverse osmosis (RO) system was 

modeled and optimized to provide a basis of comparison for the solar MD systems 

optimized in Appendix D.  For both 3.5% and 15% salinity water, solar RO was cheaper 

than solar MD systems.  However, the cost of water was a stronger function of salinity 
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for RO than for MD, so it is clear the MD may become cost competitive for high salinity 

waters with additional research.  Additionally, it was found that an optimal RO system 

operated 24 hours per day, whereas optimal MD systems operated only during daylight 

hours. 

This body of research provides greater understanding of costs associated with 

various solar driven desalination systems.  Additionally, relationships between cost and 

energy efficiency were exposed.  Such work enables researchers to understand major 

contributors to the cost and energy use of solar desalination systems so that they may 

target their research to most effectively reduce cost and energy use. 

Future efforts wishing to reduce the cost of MD systems should focus on reducing 

costs associated with the membrane module or solar collector array.  This could be 

accomplished by reducing the unit cost of these components, or by improving the flux of 

MD membranes (reducing number of modules required) or decreasing the thermal energy 

requirements of the system (reducing the thermal collector area).  The impact of these 

efforts depends on the magnitude of their importance in a particular design.  For example, 

membranes made up a larger portion of the cost of the system presented in Appendix A.  

As shown in Appendix B, improvements in efficiency that let to reductions in the thermal 

collector area did not reduce cost.  However, cheaper membranes were used in the system 

presented in Appendix D, elevating the significance of the cost of the solar thermal 

collector field. In this case, improvements in efficiency observed between DCMD and 

SGMD led to reduced cost.  Additional work is needed to understand this trade-off in 

detail. 

Additionally, RO systems should be optimized for efficiency.  Comparison 
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between the efficiency- and cost- optimal systems should be made in the manner 

presented in Appendix B to determine relationships between cost and efficiency for 

pressure-driven systems.  Fundamental differences between cost-efficiency relationships 

in pressure-driven and thermal desalination systems should be examined.  Ultimately, this 

work will lead to a greater understanding of trade-offs between cost and efficiency to 

facilitate development of cheap desalination technologies that minimize energy use. 

Finally, desalination systems should be optimized considering holistic energy and 

water needs of remote households, so unusable energy from desalination may be directed 

to water heating or household electrical needs.  In these systems, energy directed towards 

desalination should be minimized to provide energy for other uses.  This will result in 

maximally efficient desalination systems, while simultaneously meeting all energy and 

water demands of remote households by a holistic consideration of energy and water 

costs.   

 

2.2. Sustainable Struvite Control Using Carbon Dioxide from Anaerobic Digester Gas 

A novel scaling prevention system was investigated in which carbon dioxide is 

injected into wastewater treatment lines affected by struvite scaling.  CO2 is thought to be 

advantageous over traditional struvite scale inhibitors, including ferric chloride, due to its 

low cost, improved environmental and safety implications, and the fact that it is a 

byproduct of the wastewater treatment process.  Additionally, use of CO2 for scaling 

prevention facilitates recovery of struvite, which may be used to substitute disappearing 

mineral stores of phosphorous fertilizer. 
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It was found that use of CO2 is feasible for preventing the formation of struvite.  

A water chemistry model successfully predicted the pH as a function of applied CO2 

pressure for waters of various mineral alkalinities.  At the pilot scale, application of CO2 

into a tank was found to be more effective than direct application into a line.  Finally, a 

design protocol was developed to facilitate commercialization.  The design protocol 

allows for the identification of design alternatives from easily measurable water quality 

parameters.  Additional work, including system optimization, is needed to understand 

trade-offs between large tank sizes and high operating pressures.  Additional studies are 

needed to understand the implications of using residual biogas instead of industrial CO2, 

including effects on the water chemistry and safety considerations. Finally, the CO2 based 

struvite prevention system presented here should be incorporated with struvite recovery 

systems to provide a sustainable source of fertilizer recovered from wastewater. 

 

2.3. Removal of Dissolved Silica Using Calcined Hydrotalcite in Real-Life 

Applications 

Currently, implementation of the reuse of industrial wastewaters is prohibited by 

operational issues, including scaling problems.  A novel ion exchange material, calcined 

hydrotalcite, was investigated for its ability to selectively remove silica, a compound 

commonly responsible for scaling in the reuse of cooling tower water in power plants.  It 

was found that calcined hydrotalcite was capable of removing silica from cooling tower 

water in the presence of ions competing for exchange sites.  It was concluded that this 

technology is a viable means of removing silica from water, facilitating the reuse of 

cooling tower water and ultimately reducing the overall water demand of energy 
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production. 

 

2.4. Conclusion 

The work provided herein provides insight into the role of water in the energy-

water-food nexus.  Investigations into optimal solar desalination technology led to greater 

understanding of the cost and energy efficiency of water production in remote 

communities.  These studies provide a road map to reducing the unit cost of water and 

energy consumed per unit water produced, that will ultimately lead to increased 

feasibility of solar desalination systems and a decrease in the percent of rural populations 

without access to improved drinking water sources.   

Two novel scaling prevention systems were demonstrated to be feasible.  One, 

utilizing carbon dioxide to prevent struvite scaling in wastewater treatment plant, will 

increase recovery of nutrients from wastewater and the fraction of fertilizer used from a 

sustainable source.  In the second, a selective ion exchange material was found to be 

effective in the removal of silica from cooling tower water.  This will facilitate economic 

reuse of wastewater in power plants, and will ultimately reduce the water demand of 

power generation.  These investigations of the role of water in the energy-water-food 

nexus provide greater insight into methods of improving synergies and reducing trade-

offs between the three industries.  Ultimately, this will lead to greater sustainability 

between the energy, water, and food industries in a growing global economy. 
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Abstract 

Water scarcity is especially impactful in remote and impoverished communities 

without access to centralized water treatment plants.  In areas with access to a saline 

water source, point-of-use desalination by solar-driven membrane distillation (MD) is a 

possible method for mitigating water scarcity.  To evaluate the applicability of MD, a 

comprehensive process model was developed and used to design an economically 

optimal system.  Thermal energy for distillation was provided by solar thermal collectors, 
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and electricity was provided using photovoltaic collectors.  Distillation was performed 

using sweeping-gas MD. The cost of water in the optimized system was approximately 

$85/m3.  Membrane modules and solar thermal collectors made up the largest portion of 

the cost.  Neither thermal nor electrical energy storage was economical within current 

technologies.  The model developed provides a template to optimize MD membrane 

characteristics specialized for point-of-use applications. 

 

A1. Introduction 

Over 2.7 billion people are impacted by water scarcity [39].  Population growth 

and climate change may increase that number to over five billion by 2025 [3].  Many 

drought-stricken areas also have high poverty rates, which makes coping with water 

shortages especially challenging.  However, the possibility of access to seawater or 

brackish ground water makes desalination a feasible alternative for mitigating drought. 

Desalination is energy intensive and therefore relatively expensive. A large fraction of 

impoverished communities is remote and not electrified; energy requirements must be 

met without access to a centralized power grid.  Point-of-use solar-driven desalination 

technologies may be appropriate for mitigating water scarcity under these circumstances.  

One example is membrane distillation (MD), a thermal process in which the energy 

required for desalination can be provided as solar thermal energy, rather than 

photovoltaic (PV) energy.  Under some circumstances, this provides substantial cost 

savings over pressure-driven systems [9]. 

Khayet [18] reviewed energy consumption and cost of MD systems.  Reported 
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Fig. A1. Reported MD water production costs (adjusted for inflation since publication 
[40]) as a function of daily water production.  System configuration, energy source, and 

methods for cost calculation varied.  Details are given in [18]. 
 

unit energy consumption varied by three orders of magnitude, and costs varied by nearly 

four orders of magnitude (Fig. A1).  Few studies have considered the cost of small scale 

MD systems.  Four studies shown in Fig. A1 calculated costs for MD systems with daily 

water production rates relevant to a point-of-use desalination system [14, 41-43], with 

costs varying from $4.04/m3 [42] to $130/m3 [41]. Overall, enough is known about solar 

driven MD technology to suggest that it may provide adequate water production for 

point-of-use applications.  However, additional understanding is needed to anticipate cost 
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savings that are likely to accrue from technology maturation, improved membrane design 

and selection, and system optimization. 

To date, few researchers have attempted to optimize MD system design. Chang et 

al. [17] provided a cost estimate and optimization for air-gap MD.  In that study, thermal 

energy was provided by solar thermal collectors and grid electricity was used to provide 

electrical power to the system.  Membrane performance was modeled from first 

principles using Aspen Custom Modeler.  The cost of water was calculated from a 

pseudo-steady process model and optimized using a quadratic programming algorithm.  

The cost of water from the optimized system varied from $5.16-$15.7/m3 for systems 

with capacities varying from 100-1,000 kg of water produced per day.  As expected, 

water produced from small capacity systems was more expensive.  Optimization 

improved calculated costs relative to cost estimates performed without optimization.  

While the results demonstrated the benefit of system optimization, next generation 

modeling research is needed to address important factors not covered in past studies. 

These include the effects of using PV electricity instead of grid power and introducing 

energy storage components into the system, consideration of different MD operating 

modes, such as sweeping gas MD (SGMD), and optimization of additional decision 

variables, including those related to equipment sizes and the times at which the system 

operates.  

Here we present a detailed process model developed to predict the cost of water 

from a point-of-use SGMD system. Water production rates are determined from first 

principles using a state-of-the-art membrane model for hollow-fiber modules [44], and 

the cost of water was calculated using standardized methods [18].  An optimization 
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algorithm was added to minimize the unit cost of water.  The economically optimal 

system was used to evaluate the economic feasibility of SGMD and to make 

recommendations for future research.  Results indicate that water produced from an 

optimal solar-driven SGMD designed to produce 240 L/day costs approximately $85/m3 

and remains economically uncompetitive.  The operation of the optimal system was 

analyzed to show that neither electrical nor thermal energy storage provide economic 

benefit.  Further work is needed to develop economical energy storage devices and 

membranes specialized for MD to improve competitiveness of the technology for point-

of-use solar desalination. 

 

A2. Navajo Nation Case Study 

The process model presented here is based in part on a pilot system constructed 

on the Navajo Nation in the southwest United States.  The Navajo Nation has a low 

population density; therefore, a large percentage of the population lives without access to 

centralized power or water.  A point-of-use solar MD pilot system was constructed to 

desalinate brackish groundwater to provide drinking water to remote households. The 

process model and cost calculations presented here are based on this pilot system [45]. 

Note that consideration of a remote point-of-use desalination system has several 

effects on the optimization study presented here.  First, the system capacity is small (240 

L/day), so cost estimated here will be higher than for larger systems.  Second, land is 

readily available, so no plant footprint constraints apply and no size constraints are placed 

upon the solar collector field.  Finally, this study considers only the treatment of brackish 

groundwater, not the supply.  The costs of well drilling and water distribution are not 
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included in the process model and it is assumed that water is infinitely available.  There 

are no restrictions on the recovery of the membrane or on flow rates of untreated water 

entering the system (streams 3 and 9 in Fig. A3).  

The SGMD system simulated is shown in Fig. A2.  Solar irradiation is collected 

by independent flat-plate photovoltaic (PV) and thermal arrays.  The PV collectors, 

arranged in parallel, are used to power the pumps and blowers and charge the battery.  

When there is insufficient electric power from the PV collectors, the battery discharges to 

satisfy the power demand. The thermal collectors are used to heat the heat exchange 

fluid, a 50% by volume mixture of propylene glycol and water, which is circulated 

through a heat exchanger in the hot water tank at a volumetric flow rate, QG, (stream 1, 

Fig. A2) to heat the untreated water.  The glycol solution is returned to the thermal 

collectors (stream 2) to complete the glycol loop.  The heated water is fed into the lumen 

side of the membrane module (stream 4) at flow rate of QHW.  Note that multiple 

membranes are arranged in parallel.  After the module, the remaining brine is returned to 

the hot water tank (stream 5) to complete the hot water loop.  Untreated makeup water 

(stream 3) is fed into the hot water tank at a flow rate equal to the permeate production 

rate to maintain a constant liquid volume.  A temperature limitation is included to protect 

the membrane modules from brine temperatures higher than 90 oC, which may damage 

the membranes [46]. In the system described in [45], the control system defocuses the 

concentrated cogeneration system and increases the glycol flow rate when the 

temperature exceeds 90 oC.  While the temperature limitation is included in the process 

model, the control system is not modeled.  Instead, the brine temperature is reset to its 

maximum when the temperature exceeds 90 oC. 
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Fig. A2. Solar SGMD System Schematic.  Fluid flows are shown as solid lines and 
electrical energy transmission is indicated by dotted lines.   Process decision variables are 

in italics.  Fluid/energy transmission lines and variables are identified. 
 

Ambient air is fed into the shell side of the membrane module (stream 8) at a flow 

rate of QAIR.  The humid air stream leaving the membrane module (stream 7) is fed to a 

condenser. The air stream is cooled using an ambient cooling water stream, assumed to 

be taken from the same source as the untreated water, at a flow rate of QCW (stream 9).  

After the condenser, the cooling water stream is discarded (stream 6).  Rejected air leaves 

the condenser in stream 10, and the condensed permeate is collected in stream 11.  

Condensate is blended with untreated water to produce a potable blend.  Here the ratio of 

untreated to treated water is 2:1, selected to bring a typical brackish groundwater sample 

to 500 mg/L total dissolved solids, the secondary maximum contaminant level for potable 

water [45]. 
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A3. Modeling Methods  

A3.1. Process Model and Optimization Overview 

The SGMD process is modeled and optimized using methods discussed below 

and algorithms included in MATLAB 2016a.  A schematic describing the process model 

and optimization is provided in Fig. A3.  The optimization algorithm selects decision 

variable values and sends them to the process model.  Decision variables considered in 

this study, including various equipment sizes, flow rates, and operational parameters, are 

listed in Table A2.  The process model calculates system design parameters and models 

one day of operation to calculate the process variables as a function of time and the water 

produced in a day. Next, the model calculates the amortized cost of water. If the cost of 

water is non-optimal, the optimization algorithm selects new decision variable values, 

and the process is repeated until the cost of water can no longer be reduced. 

The process described in section A2 was simulated and used to calculate the cost 

of water as a function of the decision variables and design constraints as shown in Fig. 

A3.  First, the process model is initialized, a step in which values of the decision 

variables, the design constraint, and other constants are loaded into the program.  The 

constraint for this problem was the water production requirement (L/day); constants 

include location settings (altitude, latitude, longitude, and ambient temperature for the 

period of operation simulated), feed water salinity (expressed as NaCl molarity), and 

thermodynamic constants.  Since the model runs for a single day, the date selected for 

optimization must be representative of the period of interest from the perspective of 

design.  Parameter values selected are summarized in the Supplementary Information 

(section A6.9).  Note that many values are site specific; results are sensitive to location, 
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regional weather characteristics, and raw water characteristics. 
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Fig. A3.  Optimization and process model schematic. 
 
 

Second, the system head loss, pump power, and battery bank size are calculated 

from decision variables, constraints, and constants set in the previous step.  Third, initial 

conditions, including the fluid temperature and battery state of charge (SOC), are selected 
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before the algorithm enters a loop in which system performance is modeled over one day 

of operation. 

The daylong operating period simulated is broken down into three periods: pre-

operation, operation, and post-operation: (1) Pre-operation runs from midnight to the start 

of the operating period; the start time is a decision variable; (2) operation runs from the 

beginning to the end of the operating period, also a decision variable; and (3) post-

operation extends from the end of the operating period to midnight.  During the pre- and 

post-operating periods, the system is not running and only environmental heat losses 

from the hot water tank are calculated.   

The operating period is further broken down into two operational modes: tank 

heating mode and water production mode.  In the tank heating mode, the glycol loop 

transports heat from the solar collectors into the hot water tank, but all other fluid loops 

are inactive and no water is produced.  In the water production mode, the system is fully 

operational, and water is produced via membrane distillation.  During water production, 

the solar irradiance, fluid temperatures, and water produced are calculated for each time 

step.  The model operates identically during heating mode, although no water is 

produced.  The times at which water production begins and ends are decision variables; 

the system operates in heating mode between the start time and water production start 

time. 

The aim is to simulate daylong operations, not startup.  To achieve this, the 

conditions of process variables at the end of the day are compared to the initial 

conditions.  If they do not match, the time loop runs again with the initial conditions set 

to the final conditions from the previous run.  This process repeats until the initial and 
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final conditions are essentially equal.  Finally, the model calculates the equipment and 

operational costs, applies a penalty if the water production requirement is unmet, and 

calculates the amortized cost of water.  Penalties were large enough to eliminate solutions 

that do not meet the water production constraint from consideration by the optimization 

algorithm.  At this point, the process model returns the cost of water to the optimization 

algorithm, which selects new decision variables.  This process is repeated until the 

optimization algorithm accepts the solution as optimal. 

A3.2. System Design 

After initialization, calculations are performed to size pumps and batteries as 

functions of specified design relationships and constraints.  The performance 

relationships presented below are later used to simulate process operation (section A3.3) 

and calculate the cost of water (section A3.4). 

A3.2.1. Head Loss and Pump Power 

The system head loss is calculated for the air, brine, cooling water, and glycol 

streams as a function of the decision variables using the Darcy-Weisbach equation [47].  

The power required to overcome the head losses and deliver the required flow rates is 

then determined.  Detailed calculation procedures are provided in the Supplementary 

Information (section A6.1). 

A3.2.2. Battery Bank 

After power requirements for pumping air, brine, cooling water, and glycol 

streams are calculated, the total system power requirement during the water production 

period, Pdemand, is determined from Eq. A1.  

 Pdemand=Phwpump+Papump+Pgpump
+Pcwpump (A1) 
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where Phwpump, Papump, Pgpump
, and Pcwpump are the pump powers required to circulate the 

hot water, air, glycol, and cooling water, respectively.  The battery system size is 

determined from the total power requirement and battery inefficiencies, including the 

charging and discharging efficiency and the depth of discharge (DOD).  The DOD is the 

fraction of the total capacity utilized.  There is an inverse relationship between expected 

battery life and the depth of discharge (described in section A3.3.5).  The DOD is treated 

as a decision variable in the model presented here to consider trade-offs associated with 

the depleting battery life through use.  Detailed methods for determining the number of 

batteries are given in the Supplementary Information (section A6.2).  

A3.3. Process Simulation 

The operation portion of the process model simulates the physical performance of 

the system during each time step. Each quantity in the operational section is calculated 

once per time step. This includes the solar irradiance and power, temperatures and flow 

rates of relevant streams, and the battery SOC.  The goal of the process simulation is to 

calculate the water produced during a day of operation.  This value is compared to the 

water production requirement, and a penalty is applied if the production requirement is 

not satisfied. 

A3.3.1. Solar Radiation and Power 

This first part of the operational model is the calculation of solar radiation 

available for the SGMD system. The solar radiation model is used to find the normal 

beam and diffuse radiation intensities in Watts per square meter at the location of the 

system, both of which can be converted into electrical and thermal energy.  Next, the 

thermal power, 𝑃"#, and electrical power, 𝑃$%, are determined as a function of the normal 
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beam and diffuse radiations, and the solar thermal and PV collector geometries and areas.  

Methods adapted from Duffie and Beckman [48] are detailed in the Supplementary 

Information (section A6.3).  

A3.3.2. Hot Water Tank 

The temperature of the water in the hot water tank is calculated from an energy 

balance using a control volume that includes the hot water tank and the thermal collectors 

(Eq. A2).  

 dE
dt

=ETH+EHWi+EMW-EHWo-EELHT (A2) 

 

When multiplied by the time increment,  dE
dt

 represents the accumulation of 

thermal energy in the control volume;  ETH, EHWi,  and EMW are the energy inputs due to 

the solar thermal collectors, the water entering the hot water tank from the modules, and 

the makeup water entering the hot water tank during the time step, respectively; EHWo and 

EELHT are the energy outputs due to the water leaving the hot water tank and 

environmental losses from control volume. 

Note that inclusion of the thermal collectors in the hot water tank energy balance 

neglects effects of the glycol heat exchanger located in the hot water tank and assumes 

that all thermal energy collected is transferred to the tank.  This is equivalent to assuming 

the glycol heat exchanger is of infinite surface area.  Modeling of this heat exchanger, 

which is included in the hot water tank from Lochinvar [49], would require 

experimentation on various hot water tank sizes and is outside the scope of this work.  

Future models should include an empirically-based model of this heat exchanger. 

Eq. A2 simplifies to Eq. A3 based on the following assumptions: (i) The tank is 
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well mixed so that the temperature of water in the tank is equal to the temperature of 

water leaving the tank, and (ii) environmental losses from areas in the control volume 

other than the hot water tank can be neglected. 

 ρwVHTcpw
dTHWo

dt
= 

Pth+cpwQHWiTHWi+cpwQMWTMW-cpwQHWoTHWo-	UtankAtank THWo-Tamb  

(A3) 

 

Here, rw is the density of liquid water; VHT is the volume of water in the hot water 

tank; cpw is the specific heat capacity of liquid water; THWo is the temperature of the hot 

water leaving the tank; Pth remains the rate at which thermal energy is provided by the 

solar thermal collectors, as calculated by Eq. A39 of the Supplementary Information; 

QHWi, QHWO, and QMW are the volumetric flow rates of hot water entering and leaving the 

hot water tank and makeup water entering the tank, respectively; THWi, THWo, TMW, and 

Tamb are the temperatures of the hot water entering and exiting the tank, the makeup 

water, and the ambient air; Utank is the overall coefficient for heat transfer between the 

water in the hot water tank and the surrounding environment; and Atank is the surface area 

of the hot water tank available for heat transfer to the environment. Utank and Atank are 

calculated from manufacturer-provided information, as detailed in the Supplementary 

Information (section A6.5). 

To maintain a constant volume in the tank, the flow rate of makeup water must be 

equal to the permeate flow rate, QP(t).  A mass balance on the membrane module shows 

that the return flow of brine to the hot water tank is equal to the flow of hot water from 

the tank minus the permeate produced, or QHWi(t) = QHWo(t) - QP(t).  Additionally, it is 

assumed that the makeup water enters the tank at ambient temperature.  Finally, the time 
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derivative of THWo is estimated using a forward-difference first order formula, substituted 

into Eq. A3 and solved for THWo.  The result is shown in Eq. A4. A time step (Dt) of one 

minute is used in this study. 

 THWo t+∆t = 

𝑇()* 𝑡 +
∆𝑡

𝜌/𝑉(1𝑐$/
𝑃"#(𝑡) + 𝑐$/ 𝑄()* − 𝑄7(𝑡) 𝑇()8(𝑡) + 𝑐$/𝑄7(𝑡)𝑇9:;

− 𝑐$/𝑄()*𝑇()*(𝑡) −	𝑈"9=>𝐴"9=> 𝑇()*(𝑡) − 𝑇9:;  

(A4) 

 

 The permeate flow rate, QP(t), and THWi(t) are calculated in the membrane model 

for time t, as described in section A3.3.3.  A detailed derivation of Eq. A4 may be found 

in Supplementary Information (section A6.4). 

 A temperature control system should be included in the hot water tank to prevent 

the water from heating to above 90 oC, since higher temperatures will damage the 

membrane.  However, the control system was not modeled here.  Instead, if the 

temperature exceeds 90 oC during any time step, the program restores the 90 oC value.  

This simplification neglects the effects that the control system may have on the rest of the 

process, including, for example, power required to adjust control elements in the system 

to maintain the temperature below the set point. 

If the water production period selected is shorter than the system’s operating 

period, water is not produced during a fraction of the operating period.  The hot water 

tank temperature is then calculated from Eq. A4, setting the permeate flow rate to zero 

and the temperature of water returned to the tank (THWi) equal to the temperature in the 

tank (THWo).  

During the system operation period, as selected by the optimization algorithm, the 
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hot water tank temperature is calculated as a function of time from Eq. A4.  Outside the 

operating period, the system is off, no water is produced and glycol is not circulated to 

transfer heat from the thermal collectors to the tank.  Under these conditions, the only 

term remaining in the tank energy balance is the heat loss to the environment (Eq. A5). 

 THWo t+∆t =THWo t -
∆t

ρwVHTcpw
UtankAtank THWo(t)-Tamb  (A5) 

 

A3.3.3. Membrane Module 

 The water production rate, temperature of the air-water gas stream, and the 

temperature of the brine returning to the hot water tank are calculated using a hollow 

fiber membrane distillation (HFMD) model developed previously [44].  Inputs to the 

HFMD model include the temperature of the inlet hot water, hot water flow rate, and air 

flow rate entering the membrane module. The model calculates the temperature of the 

exit air, temperature of the hot water, and permeate flow rate leaving the membrane 

module. The HFMD model is based on detailed energy and mass balances in discretized 

sections of the hollow fiber module.  The model accounts for thermal convection on the 

brine and permeate sides of the membrane, diffusion/conduction through the membrane, 

and convective mass transfer on the permeate side. This predictive model was validated 

against experimental data obtained using a variety of commercial membranes [44, 50].  

The characteristics of the membranes used in this work are listed in Table A1. 

A3.3.4. Condenser 

 The condenser model calculates the amount of liquid water that is condensed from 

the gas stream exiting the membrane module.  It is assumed that the air exiting the 

condenser is saturated with water and that environmental heat losses are negligible. Due 
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to the relatively small scale of the application, a plate-and-frame condenser is taken as the 

basis for the model.  

Table A1. Characteristics of membrane module used in process simulation [46]. 
Module cost $1500 

Membrane area 1.03 m2 

Module length 12.7 cm 

Module diameter 6.35 cm 

Porosity 0.25 

Tortuosity 7 

Number of fibers 6454 

Fiber outer diameter 400 µm 

Fiber inner diameter 300 µm 

Pore diameter 0.03 µm 

 

 Four equations based on mass and energy balances, provided in the 

Supplementary Information (section A6.6), are solved for the temperature of the cooling 

water exiting the condenser (TCWo), the heat duty (q), the mass flow rate of water 

condensed (𝑚)A), and the temperature of the air leaving the condenser (TAIRo).  

Condensate accumulated over the daily water production period is the daily water 

production. 

A3.3.5. Battery 

When the available PV power exceeds system power requirements, excess power 

charges the batteries until they are at full capacity.  Conversely, when available power is 

less than power demand, the batteries discharge to meet the power requirement until they 
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reach their maximum DOD.  In this way, battery operation is governed by the SOC, 

defined as the charge stored in the battery divided by the battery capacity.  SOC is 

calculated using Eq. A6 [51].  

 
SOC t+∆t =SOC t -

ηBCD∆t
EMAX·V

Pdemand t -PPV(t)  
(A6) 

 

where hBCD is the battery charge/discharge efficiency, EMAX is the battery capacity, V is 

the battery voltage, Pdemand	is the power demand of the system, and PPV is the power 

generated by the photovoltaic panels, as determined in section A6.3 of the Supplementary 

Information.  The power demand depends on the operation mode and related decision 

variables at time t.  If the system is in heating mode, the power demand is equal to the 

power required to run the glycol pump.  When the system is in water production mode, 

the power demand is equal to the power required to run all four pumps.  No power is 

required when the system is in off mode. 

When the batteries are fully charged, the calculated SOC(t+Dt) may exceed 1.0 if 

the excess power entering the battery results in a full charge at some point during Dt.  If 

so, the model will reset SOC to 1.0.  If the calculated SOC(t+Dt) falls below the 

minimum charge allowed by the DOD, battery capacity has been exhausted, and the SOC 

is reset to its minimum value (1 - DOD), system operation is halted, and water 

production ceases.   

It is important to consider the trade-offs associated with battery use.  Running the 

battery allows the system to produce water when power demand exceeds PV power 

availability, but additional costs are associated with discharging the battery due to 
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accompanying reductions to its lifetime.  Battery lifetime in years is related to the battery 

use using the Ah-throughput method [51], in which lifetime is quantified by considering 

the charge that passes in and out of a battery (throughput).  In the Ah-throughput method, 

the battery lifetime is calculated by dividing the total throughput over its lifetime by the 

throughput over one year, as shown in Eq. A7. 

 Lifetime=
2DODEMAXCFail

365 Pdemand t -PPV(t)
V ∆tday

 (A7) 

 

where CFail is the number of cycles to battery failure; a cycle is defined as charging and 

discharging the battery completely one time.  The number of cycles to failure may be 

calculated as a function of DOD from manufacturer specifications, as in Eq. A8 [52]. 

 
CFail=

-17,647DOD+6764.7, 0.1≤DOD<0.3
-4125DOD+2980, 0.3≤DOD<0.5
-1111DOD+1411.1, 0.5≤DOD<1

 
(A8) 

 

Note that the Ah-throughput method used to determine Eq. A7 calculates the 

usable throughput available over the battery’s lifetime (given in the numerator of Eq. 

A7).  This method does not consider the fact that operation at low SOC shortens battery 

life further; this effect is neglected in this analysis, as are effects associated with 

temperature and other environmental conditions that may be detrimental to battery life. 

A3.3.6. Initial Condition Adjustment 

At the start of the program, fluid temperatures are set equal to the ambient 

temperature, and the battery is at its maximum state of charge (SOC = 1).  At the end of 

the first time loop (i.e. simulation for a full 24 hours), the final values of the fluid 

temperature and SOC are compared to the initial condition.  If the sum of absolute 
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percent differences for these two variables exceeds an arbitrary tolerance, the time loop 

runs again with the initial conditions set equal to the values at the end of the previous 

day.  This process is repeated until the initial and final conditions of each variable are 

essentially equal.  Cost calculations can then be undertaken. This initial condition 

adjustment ensures that the optimization is carried out for a system with constant day-to-

day operation instead of a system that is operating during a transition period.   

A3.4. Economic Calculations 

A3.4.1. Equipment Cost Calculation 

 Functions relating equipment costs to scale were developed from manufacturers’ 

data for the pumps, blowers, hot water tank, condensers, and solar arrays.  Cost functions 

are given in the Supplementary Information (section A6.7). Unit costs of off-the-shelf 

components such as membrane modules and batteries were taken as constant from 

manufacturers’ data [46] [52].  The total cost of each component was calculated by 

multiplying the unit cost by the number of units (modules, etc.) used in the design.   

 The model estimates equipment fittings and installation costs as 25% of the major 

equipment cost [18].  The model also includes miscellaneous costs for piping, additional 

storage tanks, air filters, and control systems.  These costs are assumed to be independent 

of decision variable values and were calculated from a solar-driven sweeping gas MD 

pilot system constructed in the Navajo Nation [45].  

A3.4.2. Cost Penalty 

An important aspect of the process optimization is the need to satisfy the target 

potable water demand. The optimization problem presented here is rather complex due to 

the relatively large number of decision variables; under those circumstances, 
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specification of a water demand constraint makes difficult the convergence of constrained 

optimization algorithms. For this reason, we have included this constraint as a penalty, as 

originally described by Homaifar et al. [53].  The penalty cost (Eq. A9) is added to the 

equipment cost if the actual production is less than the production goal.  The coefficient 

in the penalty cost function ($1,000) is sufficiently strict to eliminate solutions that do not 

meet the water demand requirement.  The production goal and actual production are 

given in liters per day of a potable blend; the penalty is in dollars. 

 Penalty=1,000 Production Goal-Actual Production 2 (A9) 

 

Note that the production goal is specified in L/day of potable water produced.  As 

described in section A2, distilled water must be blended with two parts untreated brackish 

water to comply with secondary drinking water standards.  Note also that no penalty is 

applied when the actual production exceeds the production goal.  However, the amortized 

water cost calculation described in section A3.4.3 assumes that water is only sold to meet 

demand, and that water produced in excess of the production goal is valueless.  Solutions 

resulting in water production exceeding the production goal will be associated with 

higher costs that provide no economic benefit in the sale of water.  Therefore, the 

optimization algorithm is unlikely to select solutions that overproduce water.  

A3.4.3. Amortized Water Cost 

The objective function to be minimized during system optimization is the cost per 

liter of water that must be charged so that the net present value of the system is equal to 

zero at the end of the system lifetime.  It was calculated using methods adapted from 

Seider et al. [54] and Khayet [18], including calculation of membrane and battery 
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replacement, labor, and other operational costs.  The system lifetime was taken as 20 

years, and the interest rate as 5%.  Additional parameters used and assumptions made are 

detailed in the Supplementary Information (section A6.8). 

A3.5. Optimization 

The SGMD process is modeled as described in section A3.1-A3.4 and optimized 

using algorithms available in MATLAB 2016a (see below).  The amortized water cost, 

calculated by the process model, is minimized using several non-linear optimization 

algorithms available in MATLAB.  The objective of the optimization is to find values for 

decision variables that produce the lowest unit cost for water while satisfying the 

production constraint.  The following procedure is used in the application of each 

optimization technique: 

1. Enter initial values for each decision variable. 

2. Run global optimization algorithm, detailed below. 

3. Change initial values of each decision variable to the optimized values found in step 

2. 

4. Repeat steps 2 and 3 until the decision variable values selected by the optimization 

algorithm equal the input values. 

Note that the optimization algorithm is restricted in the range of decision variables 

values from which it can select.  That is, the user must provide a range of acceptable 

values for each decision variable, as well as an initial guess.  Additionally, the 

optimization algorithm is confined to selection of decision variables values from a set of 

whole numbers to prevent selection of a nonphysical value (such as non-integer values 

for membrane modules) or from values that differ by a defined increment to guarantee a 
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finite number of possible solutions.  This ensures that the algorithm terminates.  Values 

provided to the optimization algorithm, as well as their method of selection, are given in 

the Supplementary Information (section A6.9). 

The optimization algorithms tested in this work include four available in 

MATLAB: (i) genetic, (ii) particle swarm, (iii) pattern search, and (iv) simulated 

annealing algorithms [55].  Each algorithm selects values of decision variables to test 

using a specified method and calculates the objective function value as a function of the 

decision variables.  It compares the objective function value to previous calculations in 

order to determine if an optimum has been reached.  If the objective function value is not 

optimized, it selects new decision variable values to test.  This continues until the 

algorithm arrives at the optimal solution (further manipulation of the decision variables 

cannot reduce the objective function value).  The methods differ in the route taken to 

decision variable optima.   

For example, the particle swarm algorithm selects decision variable values to test 

in a method inspired by the social swarming behavior of birds and insects [56].  In the 

particle swarm algorithm, an initial swarm of particles is generated.  Each particle is 

associated with a location in the decision variable space, a velocity, and an objective 

function value. In each iteration, a particle moves to a new position per its current 

position and velocity.  The objective function value is calculated for each particle.  Each 

particle is then assigned a new velocity based on its previous velocity, locations 

associated with the particle’s best objective function value, and locations associated with 

the best objective function values of its neighbors.  Repetition of this algorithm results in 

the particles swarming around an optimal location, corresponding to the optimal objective 
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function value.  At this point, the algorithm terminates [57].   

Results from each algorithm were compared in terms of computational time 

required to identify an optimum and the quality of the optimum.  Calculations showed 

that the particle swarm algorithm was the best on both counts, and it was subsequently 

used for all simulations.  Parameters associated with the particle swarm algorithm were 

set equal to their default values [58].  Parameters are listed in the Supplementary 

Information (Table A6). All MATLAB code used in this study is available from the 

MathWorks file exchange depository. 

A3.6. Decision Variable Partial Derivative Analysis 

Further analysis was carried out to determine the sensitivity of the amortized cost 

to variation in each of the decision variables in the optimized system. Normalized partial 

derivatives were calculated using both forward and backward difference methods to 

evaluate the behavior of the objective functions on both sides of the optimum.  This was 

done by varying the optimum value of each decision variable by a certain percentage in 

either direction (Eqs. A10 and A11).  

 ∂c

∂( x
xopt

)
Forward

=
c xopt+∆x -c xopt

∆x
xopt 

(A10) 

 ∂c

∂( x
xopt

)
Backward

=
c xopt -c xopt-∆x

∆x
xopt 

(A11) 

 

Here, c is the amortized water cost calculated using the objective function, and x 

represents each decision variable. xopt is the decision variable value at the optimum, and 

Dx was selected to be 5% of the optimal decision variable value.  The addition or 
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subtraction of Dx often results in a decision variable value that fails to meet the water 

production requirement. The costs calculated for such solutions include a penalty, as 

described in section A3.4.2, resulting in an artificially high cost.  As these solutions are 

infeasible, they were not included in the partial derivative analysis.   

 

A4. Results and Discussion 

A4.1. Optimization Results 

An optimization was performed using the following design constraints: 

• Potable water production requirement: 240 L/day  

• Location: Leupp, Navajo Nation, Arizona, USA 

• Day: March 20th 

• Feed water salinity: 0 M 

Note that the feed water salinity was set to 0 M.  This is equivalent to neglecting 

the effect of salinity on the vapor pressure of water, which is the driving force for water 

across the membrane.  However, this simplification is not expected to have a large effect 

on cost or optimal design, as vapor pressure is a weak function of salinity.  March 20th 

was selected as a representative day for optimization; it is the spring equinox and 

represents a median value for both solar irradiance intensity and length of day.  The price 

of water to recover capital and O&M costs for an optimally designed SMD system 

designed to produce 240 L/day of a potable blend is approximately $84.7/m3 over a 

twenty-year lifetime.  Values of each decision variable in the optimally designed and 

operated system are presented in Table A2.   
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Table A2. Optimized cost of water and decision variables for the system specified above 

Cost of Water $84.7/m3 

Thermal collector area, Ath 27 m2 

Photovoltaic collector area, Apv 4 m2 

Hot water tank volume, VHT 100 L 

Hot water flow rate, QHW 2.7 L/min 

Air flow rate, QAIR 140 L/min 

Cooling water flow rate, QCW 50 L/min 

Glycol flow rate, QG 10 L/min 

Number of membrane modules, Nmod 5 modules 

Battery depth of discharge, DOD 0.65 

Condenser area, Acond 0.3 m2 

System start time, tstart 6:00 AM 

System end time, tend 4:10 PM 

Water production start time, tstartwater 7:00 AM 

Water production end time, tendwater 4:10 PM 

 

The capital cost of the optimally designed SGMD system is approximately $35,000. The 

contribution of each major piece of equipment is shown in Fig. A4.  Yard piping and 

related capital costs such as site preparation and contractor’s fees make up almost half of 

the total capital cost.  The membrane modules and thermal collectors make up the biggest 

fractions of major equipment costs. 
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Fig. A4. Capital cost breakdown for the optimized SMD system. The total capital cost 
was $35,400. 

                  

 
Fig. A5. Average annual operating cost breakdown for the optimized SMD system.  The 

operating cost averages $1,700 per year. 
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The annual operating cost of the optimally designed system averages 

approximately $1,700 per year.  As shown in Fig. A5, the largest fraction of the operating 

cost (67%) goes to replacement of the membrane modules (assumed to have a lifetime of  

5 years, in line with the manufacturer’s recommendation).  Maintenance costs make up 

the remaining 33% of the operating cost and include expenses associated with routine 

replacement of fittings and minor pieces of equipment, such as pumps.  Costs associated 

with labor and brine disposal are also included in the operating expenses, but are 

negligible.  Additionally, battery replacement is included in the calculation of the 

operating cost.  However, the batteries are used so little in the optimal design that their 

lifetime exceeds the lifetime of the plant. 

Note that the cost of water reported here exceed most previously reported costs, 

which range from $0.40/m3 to $130/m3.  Much of this cost difference is due to the 

relatively small scale of this system; all studies reporting a cost less than $1/m3 produced 

more than 75,000 L/day [18].  However, as can be seen in Fig. A1, costs reported here 

exceed costs of similarly sized systems by a factor of at least 2.5 [14, 17, 43].  This is due 

to several factors, including neglect of some economic considerations or use of low-cost 

equipment.    

Fane el al. [43] calculated the capital cost of a solar hollow fiber MD system to be 

between $10,000 and $15,000 ($21,000 to $32,000 in today’s dollars).  After adjustment 

for inflation [40], the capital expense reported here is close to this range.  However, Fane 

el al. neglect operating expenses, so their reported cost of water is an underestimation.  

Inclusion of operating expenses here represents a more accurate cost of water produced 

from a small-scale solar powered hollow fiber MD system. 
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In a few places, equipment used here may already exceed costs of available 

alternatives.  For example, the hollow fiber membranes selected here cost $1,500/m2, 

whereas the flat-sheet membranes used in Chang et al. [17] cost approximately $410/m2 

and the spiral wound membrane assembly used in Banat & Jwaied [14] cost $108/m2.  It 

is clear from this analysis that spiral wound membranes provide cost savings over hollow 

fiber membranes.  However, the hollow fiber membrane modules used in this study are 

the only commercially available compact MD modules.  While commercialized flat sheet 

modules exist and provide costs savings, their large footprint is a disadvantage over 

hollow fiber or spiral wound membranes. Further work is needed to commercialize and 

optimize spiral wound membranes for MD. 

A4.2. Operation of Optimal System 

The process model was used to simulate the operation of the optimal system 

throughout a single, representative day of operation.  Fig. A6 shows the normal beam and 

diffuse solar irradiation as a function of time throughout the day.   After sunrise (6:15 

am), both the normal beam and diffuse radiation increase until noon and then decrease 

until sunset (5:30 pm).  The normal beam irradiation is approximately an order of 

magnitude higher than the diffuse irradiation.  Fig. A7 shows the power produced by both 

the thermal and the PV solar collectors as function of time on the day modeled.  Note that 

power produced by the collectors reaches zero before sunset.  This is because the 

collectors are angled away from the setting sun. 

Fig. A8 illustrates the relationship between the electric power generated, power 

demand, and battery SOC throughout the day.  During daylight hours, the power 

generated increases from sunrise until noon and decreases from noon until sunset. 
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Fig. A6. Clear sky ground level solar irradiation as a function of time for one day. Time = 
0 hours represents 12 am, while T = 24 hours represents 12 am of the following day.    

 

Fig. A7. Thermal and electrical power generated as a function of time during one day.  
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After sunrise at approximately 6:00 AM, the glycol loop turns on and operates 

only the glycol pump, allowing the hot water tank to heat up.  During that time, the 

system power demand is 0.26 W.  At 7:00 AM, shortly after sunrise, water production 

begins and continues until sunset.  During this period, the power demand is 606 W.  The 

power demand is zero outside of the operating period selected by the optimization 

algorithm. When the power demand exceeds the power requirement, the battery 

discharges to satisfy demand.  Conversely, when the power generated exceeds the 

demand, the battery charges.  Note that the battery supplements PV power to produce 

water from about 1 PM to 4:10 PM; the system never operates off battery power alone. 

Note that the battery never discharges completely. In fact, the battery is over 96% 

charged at the end of the operating period selected via optimization.  While the DOD 

selected by the optimization algorithm was 0.65, the battery never discharges to its 

minimum allowable charge so the functional DOD is 0.04.  This is somewhat 

counterintuitive, as there is substantial electrical energy remaining in the batteries that 

could be used to operate the system during the night and produce more water.  However, 

the results of the optimization algorithm indicate that reduction of battery life due to 

additional use costs more than the value of incremental water produced at the optimized 

unit cost.  It can be concluded from this analysis that electrical energy storage provides 

limited net economic benefit in the solar-driven SGMD context.   

Fig. A9 illustrates the temperature in the hot water tank and water production rate 

throughout the day in the optimized system.  At midnight, the system is off and no water 

is produced.  From there, the temperature in the hot water tank decreases slowly due to 

environmental losses.  Immediately after sunrise, there is sufficient PV power available to  
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Fig. A8a. Electrical power generation and demand as a function of time for one day. The 
power demand from 5 to 7 am is shown to show the start of the glycol pump.  

Fig. A8b. Battery state of charge as a function of time for one day.   
 

0

100

200

300

400

500

600

700

800

900

0 2 4 6 8 10 12 14 16 18 20 22 24

Po
w

er
 (W

)

Time (h)

PV Power Generated Power Demand

a

0.95

0.96

0.97

0.98

0.99

1

0 2 4 6 8 10 12 14 16 18 20 22 24

St
at

e 
of

 C
ha

rg
e

Time (h)

b

0
1
2
3

5 6 7



 83 

 

 

Fig. A9a. Hot water tank temperature as a function of time for one day of operation in the 
optimal SMD system.   

Fig. A9b. Water production rate as a function of time for one day of operation in the 
optimal SMD system.  
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begin circulating the glycol loop in order to transfer heat into the hot water tank. 

After sunrise (6:00 AM), water temperature in the hot water tank increases to 

about 80 oC before water production is initiated.  Thereafter, the hot water tank continues 

to heat up, but at a slower rate since the heat of water evaporation must be provided.  At 

about 8:00 AM, the hot water tank temperature stabilizes at 90 ºC due to the temperature 

limit included in the model.  After about 2 pm, the temperature begins to decrease and 

continues to do so until the end of the operating period.  The operating period ends at 

4:10 PM, after which the hot water tank temperature decreases more slowly, again due to 

environmental losses alone.   

As expected, the water production rate is a strong function of the temperature in 

the hot water tank.  Integration under the water production rate curve gives 80.02 L per 

day of distilled water produced.  Blending one part distilled water with two parts 

untreated water gives 240.06 L of a potable blend per day.  This is nearly exactly equal to 

the water production target.  These values, and the system operation, are highly 

dependent on the day selected for modeling and optimizing the process.  For example, the 

system optimized for operation on March 20th produces 229.83 L/day on June 20th (the 

summer solstice) and 143.19 L/day on December 20th (the winter solstice).  The water 

production in summer is slightly less than the production requirement.  This is because 

the selected value for the solar collector slope is non-optimal for summer operation, so 

the solar thermal and PV power collected is slightly less than in the spring [59].  The 

water production is insufficient in winter due to the shorter day.  Further work is needed 

to optimize the system for annual operation. 

It is interesting to note that the system reaches its maximum temperature and 
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maximum water production rate early in the day, at approximately 8:00 AM.  After this 

time, additional thermal energy collected cannot go to increasing the temperature in the 

hot water tank without exceeding temperature limits of the MD membrane; it must go 

towards replacing the heat lost to evaporation of water.  Thus, at least part of the 

available thermal heat is wasted.  During the period of operation at the maximum 

temperature, the heat of evaporation of water accounts for approximately 70% of the 

thermal energy collected.  The remaining 30% is unusable.  One could hypothesize that 

wasting heat is not economical and should be reduced.  This can be accomplished by 

reducing the thermal collector area.  Doing so would also lead to a reduced capital cost.  

However, a lower thermal collector area would also lead to a longer startup time, and 

thus a shorter period of operation at the maximum temperature and water production rate.  

In other words, there is a trade-off associated with the thermal collector area: a large 

collector area leads to larger average water production rates at higher thermal collector 

cost, while a small collector area reduces capital cost and wasted heat, but has lower 

average rate of production.  The optimization algorithm selected a relatively large 

collector area, indicating that an increase in capital cost is balanced by the increase in the 

time operating at the maximum temperature.  Similar arguments surround the number of 

membrane modules selected.  That is, wasted thermal energy could be minimized by 

increasing the number of membrane modules.  This would be sub-optimal, however, 

since the increase membrane costs would apparently outweigh benefits derived from a 

higher water production rate, shorter operating time and less waste thermal energy. 

 This is similar to the findings of other studies, which conclude that high 

operating temperature leads to improved energy efficiency in MD systems [60].  This 
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analysis provides some evidence that improvements in efficiency may lead to cost 

improvements.  However, the cost-optimal system presented here is highly inefficient, as 

much of the thermal energy produced cannot be used.  Future studies could be used to 

optimize first- and second-law efficiency in order to further investigate the relationship 

between cost and efficiency for solar desalination systems. 

The optimally designed system includes a 100 L hot water tank, which is the 

smallest volume available from the vendor [49].  A small hot water tank costs relatively 

little and heats up quickly at the start of system operation, supporting more hours of daily 

operation at the maximum water production rate.  However, a small tank will also cool 

quickly at night, lowering the number of evening hours during which the system remains 

operational.  To expose these relationships, the unit cost of water and volume of water 

produced by the SMD system are calculated for three different hot water tank sizes: 100 

L, the optimal size, 1,000 L, and 10,000 L, the largest available size.  Results are 

summarized in Table A3. Calculations are performed with all other decision variables 

constant at their optima.   

Fig. A10 shows the hot water tank temperature and water production rates for the 

three different hot water tank sizes as functions of time.  Not surprisingly, the 1,000 L hot 

Table A3. Cost of water and water production for three different hot water tank sizes 
Hot Water Tank 

Volume (L) 

Cost of Water ($/m3) Water Production Rate 

(L/day) 

100 84.7 240 

1,000 118 231 

10,000 452 96 
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Fig. A10a. Hot water tank temperature as a function of time for one day of operation 
using three different hot water tank sizes.  

 Fig. A10b. Water production rate as a function of time for one day of operation using 
three different hot water tank sizes.   
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water tank reaches the maximum allowable temperature of 90 oC, and thus its maximum 

water production rate, after the smaller hot water tank.  While it maintains its temperature 

longer, it fails to produce enough water to meet the water production requirement due to 

its slow startup.  There is no economic benefit to the higher cost associated with a larger 

tank, so the amortized cost of water is higher than for the optimal hot tank size.  This 

effect is especially evident for the largest hot water tank size, which never reaches the 

maximum temperature or water production rate.  Little water is produced to pay back the 

cost associated with a very large tank, so the cost of water is high.  

The largest hot water tank can be made more economical by (1) increasing the 

thermal collector area to increase the temperature in the hot water tank, (2) extending the 

operating window, and (3) further discharging the battery so that the system operates into 

the night.  However, the results of the optimization indicate that the increase in capital 

cost associated with a larger hot water tank and thermal collector area and the increase in 

operating costs associated with a longer operating period outweigh the economic benefits 

associated with heat storage.  It must be concluded that thermal energy storage is 

economically infeasible, much like electrical energy storage.  Previous studies have come 

to similar conclusions for both thermal [61] and electrical energy storage in solar 

desalination [62, 63].  Future studies might consider replacing the hot water tank with a 

direct heat exchanger to determine if any amount of energy storage is economically 

justified. 

A4.3. Decision Variable Partial Derivative Analysis 

The importance of each decision variable to the cost of water is evaluated by 

estimating the normalized partial derivative of the amortized water cost near the global 
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optimum with respect to each decision variable.  First, normalized partial derivatives are 

estimated using a forward difference method, as in Eq. A10.  Results are shown in Fig. 

A11.  As expected, all partial derivatives are greater than or equal to zero.  This indicates 

that the cost of water increases as the decision variable value increases above the 

optimum value, supporting the idea that the identified optima represent a true optimum.   

For a few decision variables, an incremental increase in the variable value resulted in a 

design that failed to meet the water production requirement.  These variables include the 

air flow rate and the water production start and end time.  Of the remaining decision 

variables, the number of membrane modules and thermal collector area have the largest 

partial derivatives, indicating that they have an important effect on the cost of water when 

increased relative to their optimum values.  This result is intuitive, as the modules and 

thermal collectors make up the largest fraction of the equipment cost, as shown in Fig. 

A4. 

To evaluate the behavior of the objective function when decision variables are 

decreased individually, normalized partial derivatives are estimated using a reverse 

difference method, as in Eq. A11.  It should be noted that all partial derivatives are less 

than or equal to zero.  This indicates that the cost of water increases as the decision 

variable value decreases away from its optimum, evidence that the solution identified by 

the optimization algorithm is a true optimum.  However, an incremental decrease in 

nearly all the decision variables results in failure to satisfy the water production 

constraint and are omitted here as trivial.  
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Fig. A11. Normalized forward partial derivatives of the amortized cost of water near the 
optimum with respect to each decision variable. 
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for cost recovery over a 20-year service life is $84.7 per cubic meter, which is higher than 

costs of water available from alternative sources.  The total capital cost is $35,000, about 

half of which was for equipment.  The membrane modules and thermal collectors 

comprise the biggest fraction of the equipment cost.  The average annual operating cost is 

about $1,700 per year.  Membrane replacement costs are the largest fraction of operating 

cost.  Additionally, partial derivatives of the total present value cost with respect to each 

decision variable indicate that the number of membrane modules and thermal collector 

area have the largest effect on the amortized cost of water.  This, combined with the fact 

that they make up the largest fraction of the equipment cost, indicate that future work in 

MD should be focused on improving the economics of these processes. 

The optimized cost reported here exceeds most previously reported costs [17-18, 

43].  Other studies neglect important cost considerations, such as miscellaneous capital 

expenses or the cost of electricity.  In a few places, equipment costs used here may 

already exceed those of available alternatives.  Further work is needed to model and 

optimize the use of compact membranes specialized for MD. 

The optimization algorithm selected the smallest hot tank size available, 

indicating that the thermal energy storage associated with a larger hot water tank is 

uneconomical, and the overall design may be improved by further limiting hot water 

storage. Several other decision variables, including the photovoltaic collector area, flow 

rates, and operating period configuration, are selected to minimize battery use, suggesting 

that neither thermal nor electrical energy storage leads to economy in solar-driven SGMD 

water purification.  Pilot systems like that described by Barnhart et al. [45] could be 

improved by designing systems for limited reliance on energy storage.  Additionally, 
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selection of a smaller hot water tank and larger thermal collector area than that used by 

Barnhart et al. [45] would facilitate a larger average operating temperature and lower cost 

of water.  Although the solution is specific to geographic conditions (latitude, longitude 

and raw water quality) at Leupp, AZ, using March 20 as a representative day, this 

solution and accompanying analysis provides general guidance related to the cost of 

water purification via SGMD and the sensitivity of those costs to equipment-related and 

operational decision variables.  The same or similar methods can be used for solar-driven 

SGMD system optimization in any geographic location. 

A5.2. Recommendations 

The model and methods presented can be used to estimate the effects of design 

constraints and the impact of geographic variables on the cost of water purification by 

solar SGMD.  Major equipment costs inform recommendations regarding improvements 

necessary to make this technology economically competitive.  Additional work is 

necessary to illustrate the effect of the water production constraint (economies of scale) 

and location on optimization results.  Finally, results are highly sensitive to the day 

selected for modeling of daily water production due to variations in solar irradiation and 

weather.  Future models should consider annual operation to account for the effect of this 

constraint. 

The model can be used to optimize membrane characteristics such as pore size, 

thickness, and module dimensions rather than to optimize the SGMD system design as 

presented here.  This will help inform the development of membranes specialized for 

MD.  Next steps include extending this methodology to system optimization for spiral 

wound membrane modules as opposed to hollow fiber membranes of a single type. Spiral 
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wound membrane modules have been associated with higher permeate fluxes and show 

promise for improving energy efficiency and cost of MD [64-65].   

 

A6. Supplementary Information 

A6.1. Head Loss and Pump Power 

The first step in the design section of the model is to calculate the air, brine, and 

glycol pipe head losses as a function of the decision variables.  The flow through the 

system may be divided into two categories: individual flow and total flow.  Lines with 

individual flow carry process fluids to individual membrane modules, and have a flow 

rate equal to the corresponding decision variable specified in the initialization.  Lines 

with total flow carry process fluids throughout the rest of the process, and have a flow 

rate equal to the specified flow rate times the number of modules.  The first step in head 

loss calculation is to determine the Reynolds number, Re, as in Eq. A12, for each fluid i, 

including water, air, and glycol, for both the individual and total flow sections of piping. 

 
Rei=

ρiQidhi

µi
πdhi

2

4

 
(A12) 

 

ρ is the density, Q is the volumetric flow rate, µ is the viscosity, and dh is the 

hydraulic diameter.  

Next, the friction factors, ffi, for each fluid i are calculated assuming a smooth 

pipe.  Eq. A13 is used when the Reynolds number is less than 2100 and Eq. A14 for 

Reynolds numbers greater than or equal to 2100.  

 ffi=
Rei
64 ,Rei<2100 (A13) 
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ffi=0.0055 1+

106

Rei

1
8

 ,Rei≥2100 
(A14) 

 

Finally, the piping head loss, Hpipe, for each fluid is calculated using the Darcy-

Weisbach equation (Eq. A15) [47].  

     
Hipipe=ffi·

Lpi

dhi
·
ρi
2

·
4Qi

πdhi
2

2

 
(A15) 

 

Lp is the length of pipe. 

The head losses through the membrane module, Hamod and Hhwmod, were 

calculated experimentally using Eqs. A16 and A17.  Both equations are best fits of 

experimental data determined from experiments described in Karanikola et al. [44], as 

shown in Figs. A12 and A13.  Head losses are given in kPa, and flow rates are in L/min.  

Note that both QAIR and QHW are decision variables to be selected by the optimization 

algorithm, which may select flow rate values outside the range in which the Eqs. A16 and 

A17 apply.  It is assumed that these equations still apply outside the range in which they 

were tested experimentally.  While there is no evidence to support this claim, it is 

assumed to have little effect on the optimized system.   

 Hamod=6.8512lnQAIR-18.747, 20 L/ min ≤QAIR≤ 80 L/min (A16) 

 	𝐻#/:*O = 0.4874𝑄() − 0.0458, 1	𝐿/𝑚𝑖𝑛 ≤ 𝑄() ≤ 	3	𝐿/𝑚𝑖𝑛 (A17) 

 

The total head loss for each fluid is calculated by summing head losses through 

individual components, as shown in Eqs. A18 through A21.  The head losses experienced 
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by the air, HaTOT, are from the piping, condenser, and membrane modules. The head 

losses experienced by the hot water, HhwTOT, are from the piping and membrane modules. 

The head losses experienced by the glycol, HgTOT
, are from piping losses only and the 

head losses experienced by the cooling water, HcwTOT, are from losses in the condenser.  

Note that multiple membrane modules are arranged in parallel.  

 HaTOT= Hamod+Hacond+Hapipe+HaTpipe (A18) 

 HhwTOT= Hhwmod+Hhwpipe+HhwTpipe (A19) 

 HgTOT
= HgTpipe

 (A20) 

 HcwTOT= Hcwcond (A21) 

 

Hapipe and Hhwpipe are the piping head losses through sections of air and hot water 

piping containing individual module flow, while HaTpipe and HhwTpipe are the piping head 

losses through sections of air and hot water piping containing total process flow.  	Hacond 

and Hcwcond are the head losses experienced by the air and water due to the condensers, 

taken from manufacturer specifications [66].  The head losses due to the pretreatment 

filters, pump attachments, and gauges are neglected. 

After the system head losses are calculated, the power required to overcome the 

head losses and deliver the required flow rates is determined. The total pump power for 

each fluid i, Ppump, is calculated from Eq. A22. 

 
Pipump=

HiTOTQi
ηi

 
(A22) 
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Fig. A12. Air-side pressure drop through the membrane module as a function of air flow 
rate.  Data measured in [44] are shown as circles.  The dotted curve represents a best fit 
curve determined using Excel’s least squares method.  The best fit curve is given in Eq. 

A16.  The R2 value for the fit is 0.9891. 

 

Fig. A13. Water-side pressure drop through the membrane module as a function of hot 
water flow rate.  Data measured in [44] are shown as circles.  The dotted curve represents 

a best fit curve determined using Excel’s least squares method.  The best fit curve is 
given in Eq. A17.  The R2 value for the fit is 0.9998. 
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HTOT is the total head loss calculated from Eqs. A18-A21, Q is the flow rate, and η 

is the efficiency, which was assumed to be 50%. Note that Q in this equation represents 

the total flow rate of each fluid; QAIR and QHW must be multiplied by the number of 

modules in this equation. 

A6.2. Battery Bank Sizing 

As described in the manuscript, the total system power requirement during the 

water production period, Pdemand, is determined from Eq. A23.  

 Pdemand=Phwpump+Papump+Pgpump
+Pcwpump (A23) 

 

where Phwpump, Papump, Pgpump
, and Pcwpump are the pump powers required to circulate the 

hot water, air, glycol, and cooling water, respectively.  The battery system size is 

determined from the total power requirement. The amount of time that the system is to be 

powered by the batteries alone, tdischarge, is assumed to 15 hours.  The value was selected 

so that the battery bank would be capable of producing water for one day in the case that 

power is not generated due to cloud cover or other operational difficulties. The power 

requirement during water production, which is a constant, is assumed to represent 

operations throughout tdischarge.  This ignores the possibility that results of the 

optimization may require the system to operate the glycol loop alone, heating the brine 

without water production.  In that case, the power demand is equal to the glycol 

circulation power requirement alone.  It is important to note that using the total power 

demand to size the battery system represents a conservative approach to battery design.  

The battery capacity is a non-linear function of the discharge time in hours (Eq. 

A24).  This relationship relates only to the discharge of 12 V lead-acid batteries.  Eq. A24 
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is developed using a least squares regression analysis to fit the manufacturer-provided 

data [52]. The average sustainable discharge current, I, is shown in Eq. A25. 

 
EMAX=13.8 ln tdischarge +84.4, 1 h ≤ tdischarge ≤ 120 h (A24) 

 
I=

EMAX

tdischarge
 (A25) 

 

where tdischarge is the discharge time in hours and EMAX is the battery capacity in Ampere 

hours. Eq. A24 fits the data in the range 1 h ≤ tdischarge ≤ 120 h. 

The average power each battery can provide, Pb, for the specified discharge time 

is given by Eq. A26.  

 Pb=IV (A26) 

 

where I is the sustainable discharge current calculated in Eq. A25 and V is the battery 

voltage [52]. 

For an ideal battery system in series configuration with no inefficiencies, the 

number of batteries necessary, Nbideal, is given by Eq. A27. 

 Nbideal=
Pdemand

Pb
 (A27) 

 

Battery banks, however, have several factors that can decrease their energy 

storage capacity and the power that is delivered to the system. The depth of discharge 

(DOD) is the fraction of the total capacity utilized.  There is an inverse relationship 

between expected battery life and the depth of discharge (described in section A3.3.5). 
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The DOD is treated as a decision variable in the model presented here. The battery 

charging and discharging efficiency, hBCD, also reduces useful battery capacity, as some 

energy is lost in charging and discharging the battery.  Here the battery charging and 

discharging efficiency is set to 80% [52]. The overall relationship between the actual 

number of batteries required and the number required in a theoretical situation in which 

inefficiencies are absent is indicated in Eq. A28. 

 
Nbactual=

Nbideal
DOD·ηbcd

 (A28) 

 

Note that the usable battery capacity may be increased by increasing the battery 

discharge time or by increasing the depth of discharge.  Usable battery capacity should be 

variable, and including either discharge time or DOD as decision variables would 

accomplish this.  Testing of the process model indicated that the depth of discharge had a 

minor effect on the cost of water, but the discharge time had no effect at all.  This is due 

to the fact that Eq. A24 is insensitive to the discharge time except for very short 

discharge times.  Therefore, the depth of discharge was treated as a decision variable, and 

the discharge time was kept constant at a value of 15 hours to allow for approximately 

one day of water production without solar power. 

A6.3. Solar Radiation and Power 

This first part of the operational model is the simulation of solar radiation 

available for the SGMD system. The goal of the solar radiation model is to find the 

diffuse and normal beam radiation reaching the surface of the Earth at the location of the 

system. These quantities will determine how much thermal and photovoltaic energy is 

available at a certain time of the day and year. The methods have been adapted from 
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Duffie and Beckman [48].  

First, the solar time must be calculated as a function of standard clock time.  Solar 

time is related to the position of the sun in the sky, while standard clock time is related to 

the relevant time zone.  Solar time is calculated from Eq. A29. 

 tsol=tst+4 Lst-Lloc  

+ 9.87 sin 1.978 n-81 -7.53 cos 0.989 n-81 -1.5 sin 0.989 n-81  

(A29) 

 

t is the standard clock time, Lst is the standard meridian for the local time zone 

and Lloc is the longitude of the site, measured in degrees west.  Next, the extraterrestrial 

radiation, Gon, is calculation from Eq. A30. 

 
𝐺*= = 𝐺[\ 1.00011

+ 0.034221 cos
360(𝑛 − 1)

365
+ 0.00128 sin

360 𝑛 − 1
365

+ 0.000719 + 0.000077 sin
720(𝑛 − 1)

365
 

(A30) 

 

Gsc is the solar constant and is related to the radiation output from the sun per unit 

time and area; n is the day of the year.  Next, several angles associated with solar 

radiation are calculated.  d is the declination and is calculated from Eq. A31.  The 

declination is the angular position of the sun at solar noon with respect to the plane of the 

equator. 

 
δ=23.45sin(

360 284+n
365

) 
(A31) 
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The hour angle, w, is calculated from Eq. A32.  The hour angle represents the 

sun’s angular displacement east or west of the local meridian throughout the day.  Note 

that the conversion factor (1o/4 min) is necessary to covert minutes, the unit on tsol, to 

degrees, the unit on w.  

 ω= 720-tsol *
1
4

 (A32) 

 

The zenith angle, qz is calculated from Eq. A33.  The zenith angle is the angle of 

incidence of the beam radiation on a horizontal surface.  

 θz= arccos(cos δ cos φ cos ω + sin δ sin�(φ)) (A33) 

 

 d and w are calculated form Eqs. A31 and A32.  j is the latitude of the site. 

The clear sky normal beam radiation, Gcnb, may be calculated from Eq. A34. 

 Gcnb=TbGon (A34) 

 

Gon is calculated from Eq. A30 and Tb, the atmospheric transmittance for beam 

radiation is calculation from Eq. A35. 

 Tb=r0 0.4237-0.00821 6-a 2 + 

r1 0.5055+0.00595 6.5-a 2 e(-
rk 0.2711+ 0.01858 2.5-a 2

cos θz
) 

(A35) 

 

r0, r1, and rk are correction factors based on climate type and time of year; a is the 

altitude of the site.  The clear sky diffuse radiation, Gcd, may be calculated from Eq. A36. 
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 Gcd=GonTd cos θz  (A36) 

 

Gon is calculated from Eq. A30. Td is the ratio of diffuse radiation to direct 

radiation and is calculated from Eq. A37. 

  Td=0.2710-0.2939Tb (A37) 

 

Photovoltaics and thermal solar collectors can make use of diffuse and direct 

radiation. Gcnb and Gcd are calculated as a function of time and used to calculate the 

power generated from the solar thermal and PV collectors.  The amount of energy the 

photovoltaics or solar collectors can absorb is directly related to the array area, angle, and 

converting efficiency. 

First, the angle of incidence, qi, between the solar collector and the sun is 

calculated from Eq. A38.  

 

𝜃8 = 𝑎𝑟𝑐𝑐𝑜𝑠(𝑠𝑖𝑛 𝛿 𝑠𝑖𝑛 𝜑 𝑐𝑜𝑠 𝛽 	

− 𝑠𝑖𝑛 𝛿 𝑐𝑜𝑠 𝜑 𝑠𝑖𝑛 𝛽 𝑐𝑜𝑠 𝛾

+ 𝑐𝑜𝑠 𝛿 𝑐𝑜𝑠 𝜑 𝑐𝑜𝑠 𝛽 𝑐𝑜𝑠 𝜔

+ 𝑐𝑜𝑠 𝛿 𝑠𝑖𝑛 𝜑 𝑠𝑖𝑛 𝛽 𝑐𝑜𝑠 𝛾 𝑐𝑜𝑠 𝜔

+ 𝑐𝑜𝑠 𝛿 𝑠𝑖𝑛 𝛽 𝑠𝑖𝑛 𝛾 𝑠𝑖𝑛 𝜔 )	 

(A38) 

 

d is the declination calculated from Eq. A31, j is the latitude of the site, b is the 

slope of the collector, g is the collector azimuth angle, and w is the hour angle calculated 

from Eq. A32. 

Next, the thermal power, Pth, and electrical power, Ppv, can be determined from 



 103 

Eqs. A39 and A40.  

 Pth=Athηtherm Gcd+Gcnb cos θi  (A39) 

 Ppv=Apvηpv Gcd+Gcnb cos θi  (A40) 

 

Ath and Apv are the areas of the thermal collector and PV collector. htherm and hpv 

are the efficiencies of the thermal and PV collectors.  The solar collector efficiency was 

assumed to be 50% [48], and the photovoltaic efficiency 20% [67]. Gcnb is the direct 

beam radiation and is calculated from Eq. A34. Gcd is the diffuse radiation and is 

calculated from Eq. A36. qi is calculated from Eq. A38.   

Before sunrise and after sunset, the sun is behind the earth, so the true solar 

irradiation is zero.  However, the equations for solar irradiation will yield real, but 

physically meaningless, values for those times.  Therefore, the solar irradiance is set to 

zero before sunrise and after sunset, calculated below.  First, the time between sunrise 

and noon (which is identical to the time between noon and sunset), tnoon, is calculated 

from Eq. A41.   

 
tnoon=

60
15

arccos -tan(φ)tan(δ)  (A41) 

 

j is the latitude and d is the declination calculated from Eq. A31. tnoon is used to 

calculate the time of sunrise (tsunrise) and sunset (tsunset) in Eq. A42. 

 
tsunrise=720-tnoon,	tsunset=720+tnoon (A42) 
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A6.4. Hot Water Tank Energy Balance Derivation 

Eq. A2 in the manuscript may be transformed into Eq. A4 as described here.  The 

time derivative of THWo is estimated using a forward-difference first order formula, Eq. 

A43. Eq. A43 is substituted into Eq. A3 in the main text and solved for THWo(t+Dt) (Eq. 

A44).  A time step of one minute is used in this study. 

dTHWo

dt
≈

THWo t+∆t -THWo t
∆t

 
(A43) 

THWo t+∆t = 

𝑇()* 𝑡 +
∆𝑡

𝜌/𝑉(1𝑐$/
𝑃"ℎ(𝑡) + 𝑐$/𝑄()8(𝑡)𝑇()8(𝑡) + 𝑐$/𝑄l)(𝑡)𝑇l)(𝑡)

− 𝑐$/𝑄()*𝑇()*(𝑡) −	𝑈"9=>𝐴"9=> 𝑇()*(𝑡) − 𝑇9:;  

 

(A44) 

A mass balance on the membrane module shows that QHWi(t) = QHWo – QP(t).  

Assuming that the makeup water enters the tank at ambient temperature, substitution into 

Eq. A44 yields Eq. A45 (Eq. A4 in the main text). 

 THWo t+∆t = 

𝑇()* 𝑡 +
∆𝑡

𝜌/𝑉(1𝑐$/
𝑃"ℎ(𝑡) + 𝑐$/ 𝑄()* − 𝑄7(𝑡) 𝑇()8(𝑡) + 𝑐$/𝑄7(𝑡)𝑇9:;

− 𝑐$/𝑄()*𝑇()*(𝑡) −	𝑈"9=>𝐴"9=> 𝑇()*(𝑡) − 𝑇9:;  

(A45) 

 

The permeate flow rate, QP(t), and THWi(t) are calculated in the membrane model 

for time t, as described in section A3.3.3 in the main text. 

A6.5. Hot Water Tank Environmental Losses 

The manufacturer provides the dimensions and temperature losses for several 
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different tank volumes [49].  The temperature loss is an approximation of the rate of 

change of temperature when there is a 77oF temperature difference across the wall of the 

hot water tank when no glycol is being circulated through the tank.  A heat balance was 

performed on a tank of variable volume and area when environmental losses are the only 

sources of heat loss.  A heat balance is given in Eq. A46. 

 dE
dt

=-EELHT (A46) 

 

Eq. A46 simplified to give Eq. A47.  

 VHTρwcpw
dTtank

dt
=-UtankAtank Ttank-Tamb  (A47) 

 

VHT is the volume of the hot tank, Ttank is the temperature of water in the hot tank, 

Utank is the overall heat transfer coefficient, Atank is the area available for heat exchange, 

and Tamb is the ambient temperature. 

Eq. A47 may be rearranged to give a linear relationship between the rate of 

change of temperature (provided by the manufacturer) and the tank area to volume ratio 

(Eq. A48).  A line of best fit of the manufacturer provided data was found in Excel (Fig. 

A14). The overall heat transfer coefficient may be calculation from the slope of the line 

of best fit, as in Eqs. A49 and A50. 

 dTtank

dt
=-

Utank Ttank-Tamb

ρwcpw

Atank

VHT
 

=-2*10-5 Atank
VHT

 

(A48) 

 
slope=-

Utank Ttank-Tamb

ρwcpw
 

(A49) 
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Utank=-

slope×ρwcpw

Ttank-Tamb
 

(A50) 

 

Fig. A14. Heat loss as a function of the specific area of the hot tank.  Manufacturer’s data 
are shown as circles [49].  The dotted curve represents a best fit curve determined using 
Excel’s least squares method.  The best fit curve is given in Eq. A48.  The R2 value for 
the fit is 0.9058.  The overall heat transfer coefficient may be calculated from the fitted 

data using Eq. A50. 

 

Fig. A15. Hot water tank area as a function of volume. Manufacturer’s data are shown as 
circles [49].  The dotted curve represents a best fit curve determined using Excel’s least 

squares method.  The best fit curve is given in Eq. A52.  The R2 value for the fit is 
0.9801. 
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Therefore, the overall head transfer coefficient may be calculated from Eq. A51. 

 
Utank=-

2*10-5×ρwcpw

Ttank-Tamb
 

(A51) 

 

The tank area was calculated by plotting tank area calculated from manufacturer’s 

data vs tank volume.  A power function was fitted to the plot in Excel (Fig. A15).  This 

resulted in Eq. A52, which may be used to calculate tank area as a function of volume, a 

decision variable. 

 Atank=0.1628VHT
0.5377,100 L≤	VHT≤450 L (A52) 

 

A6.6. Condenser 

As described in the main text, the condenser model calculates the amount of 

liquid water that is condensed from the gas stream exiting the membrane module by 

solving a system of four equations, assuming that the air exiting the condenser is 

saturated with water and that environmental heat losses may be neglected.  The system of 

equations describing the condenser are derived here. 

First, several parameters associated with the condenser are calculated.  The 

overall heat transfer coefficient, Utank, the log mean temperature difference, ∆TL, the mass 

fraction of water in air at the inlet and outlet,	𝑤8 and 𝑤*, and other associated parameters 

are defined in Eqs. A53-A62 below.  The overall heat transfer coefficient (Ucond) was 

calculated using Eq. A53.   

 Ucond=
1

1
hCW

+ xW
kW

+ 1
hAIR

 (A53) 
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 hCW and hAIR are the individual heat transfer coefficients on the cooling water and 

air sides of the condenser, xW is the thickness of the condenser wall, and kW is the 

conductivity of the wall [66].  hCW and hAIR are calculated from a heat transfer coefficient 

correlation from McCabe et al. [68], as in Eq. A54 for each side i of the condenser 

(cooling water and air sides). 

 
hi=

0.37ki

dhi

dhimi

Sµi

0.67 cpiµi
ki

0.33
 

(A54) 

 

ki is the thermal conductivity, dhi	is the hydraulic diameter, mi is the mass flow 

rate, S is the cross sectional area of the flow channel, µi is the viscosity, and cpi is the 

specific heat capacity.  The hydraulic diameter is calculated in Eq. A55 [68].  The flow 

channel is assumed to be rectangular, so the cross sectional area (S) is calculated in Eq. 

A56.  

 dhi=2s (A55) 

 S=s·wCond (A56) 

 

s is the condenser plate spacing and wCond is the condenser width.  The log mean 

temperature difference is calculation from Eq. A57. 

 ∆𝑇n =
∆𝑇o − ∆𝑇p
𝑙𝑛 ∆𝑇o ∆𝑇p

 (A57) 

 

DT1 and DT2 are calculated from Eqs. A58 and A59. 

 ∆T1=TAIRo-TCWi (A58) 
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 ∆T2=TAIRi-TCWo (A59) 

 

TAIRi and TAIRo are the inlet and outlet temperatures on the air side and TCWi and 

TCWo are the inlet and outlet temperatures on the cooling water side.  The mass fraction of 

water in the air entering the condenser, wi, is calculated from Eq. A60. 

 
wi=

QPρw
QAIRρAIR

 
(A60) 

 

QP is the permeate flow rate leaving the membrane modules calculated from the 

membrane model.  The mass fraction of water in the air exiting the condenser, wo, is 

calculated from Eq. A61, assuming that the air exiting the condenser is saturated with 

water.   

 
wo=

P*MW

PT-P* MAIR
 

(A61) 

 

MW and MAIR are the molar masses of air and water and PT is the total pressure. P* 

is the vapor pressure of water and is calculated from Antoine’s equation, as seen in Eq. 

A62. 

 
P*=10A- B

TAIRo+C 
(A62) 

  

 A, B, and C are the coefficients of Antoine’s equation for water. 

 Energy and mass balances were performed on the cooling water and air sides of 

the condenser, as in Eqs. A63 – A66. 
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Energy balance, cooling water side q=QCWρwcpw
(TCWo-TCWi) (A63) 

Energy balance, air side q=QAIRρAIRcpa
TAIRi-TAIRo +mWC∆Hvap (A64) 

Overall Heat Transfer coefficient q=AcondUcond∆TL (A65) 

Mass balance, water on the air side mwc=(wi-wo)QAIRρAIR (A66) 

 

QCW and QAIR are the cooling water and air flow rates, rW and rAIR are the liquid 

water and air densities, TCWi and TAIRi are the inlet temperatures on the cooling water and 

air sides, DHvap is the heat of vaporization of water, cpw
 and cpa

	 are the heat capacities of 

air and water, and Acond is the heat exchange area of the condenser.  Eqs. A63 – A66 were 

solved for the temperature of the cooling water exiting the condenser (TCWo), the heat 

duty (q), the water condensed (mWC), and the temperature of the air leaving the condenser 

(TAIRo).  The water condensed in the condenser is summed over the day in order to 

calculate the daily water production. 

A6.7. Equipment Cost Function Determination 

The equipment cost is calculated from the system design.  Pump cost and blower 

cost are calculated as a function of pump power calculated previously (Figs. A16 and 

A17 respectively). These relationships are based on the types of hot water pump and 

blower that were used in the Navajo pilot system described in the main text [45]: a 

regenerative three phase Pacific blower and a Grainger hot water circulator pump, 

respectively [69-70]. The pump power term in Eqs. A67 and A68 are in kW, and the 

calculated costs are in dollars. These equations were found using the Excel least squares 

regression analysis to fit a linear trend line to data provided in the appropriate 

specifications. For simplicity, the glycol pump-cost relationship is assumed to be similar 
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to the hot water pump-cost relationship, and the frequency of the glycol pump is kept 

constant throughout the simulation.  

 Costhwpump=3181.5·Phwpump
0.4178, 0.1 kW ≤Phwpump≤1.5 kW (A67) 

 Costblower=675.35·Papump
0.5135 , 1.5 kW ≤Pblower≤5 kW (A68) 

 

The heated storage tank was assumed to cost $10/L based on Squire stainless steel 

indirect water heaters [49].  

  

Fig. A16. Hot water pump cost as a function of 
pump power. The circles represent hot water 
pump costs [70], and the dotted line displays 

Eq. A67.  The R2 value for the curve fit is 
0.9805. 

Fig. A17. Blower cost as a function of 
power. The circles represent hot water 
pump costs [69], and the dotted line 

displays Eq. A68. The R2 value for the 
curve fit is 0.9719. 

 

Condenser cost as a function of area was not readily available from 

manufacturers, so an alternative method was used to develop the condenser cost function.  

A cost function for a plate-and-frame heat exchanger as a function of area was found in 

literature [54].  This cost function provides a good estimate of condenser cost for larger 
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small scale considered in this work.  Specifications and cost for a single condenser was 

substituted into the cost function and the coefficient was adjusted so the actual and 

predicted costs were identical.  It was assumed that change in scale did not affect the 

exponent in the power function.  The results of this analysis is shown in Eq. A69. 

 Costcondenser=1337·Acond
0.42  (A69) 

  

 Acond is given is m2 and Costcondenser is in dollars.  This method has not been 

validated from manufacturer specifications, so it may be inaccurate.  However, the 

condenser is a small fraction of the cost and the condenser area is not an important 

decision variable, as shown in the results section.  Therefore, any error introduced by this 

cost function should have little effect on the simulation.  

The costs of the solar components of the system are simply the area multiplied by 

the unit cost.  Values used for testing were obtained by finding $/m2 prices at online 

retailers [71-72]. 

A6.8. Amortized Water Cost Calculation 

The amortized cost of water was calculated in order to quantify the cost of the 

system.  This is the parameter used as the objective function during optimization.  The 

amortized cost of water represents the cost per liter of water that should be charged in 

order for the venture to break even at the end of the system lifetime.  The amortized cost 

of water was calculated using methods adapted from Seider et al. [54] and Khayet [18].   

In order to calculate the amortized cost of water, the model must calculate the net 

present value of the system at the end of its lifetime.  The following assumptions were 

made in this calculation: 
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• The venture will be not-for-profit, so the tax rate is 0%. 

• The interest rate is 5% [18]. 

• The plant lifetime is 20 years [18, 54]. 

• Depreciation is calculated using the MACRS model with a 20-year plant life. 

• The total depreciable capital is equal to 141.6% of the equipment cost and is 

composed of the following costs [54]: 

o Equipment cost (Calculated as in section A6.7). 

o Site preparation, including surveying, surface clearing, excavation, and 

other operations (Assumed to be equal to 20% of the equipment cost). 

o Well drilling and other service facilities (Neglected). 

o Contingencies (Assumed to be equal to 21.6% of the equipment cost). 

• The total capital investment is equal to 144.4% of the equipment cost and is 

composed of the following costs [54]: 

o Total depreciable capital (Detailed above). 

o Land (Neglected.  It is likely that this point-of-use system will be located 

on its user’s land). 

o Service facilities (Neglected.  Small scale operations do not need service 

facilities) 

o Royalties to patent holder (Neglected.  No products or processes requiring 

patents are considered here.) 

o Startup (Assumed to be equal to 2% of the total depreciable capital) 

• The total capital investment is made in the first year of the venture. 

• The working capital is equal to 15% of the total capital investment.  The working 
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capital is invested in the first year of operation, but is returned to the investor at 

the end of the plant lifetime [54]. 

• Fixed annual costs (FC) are calculated from Eq. A70, where I is the interest rate, 

N is the plant lifetime, and TDC is the total depreciable capital [18]. 

 
FC=

I 1+i N

1+i N-1
TDC 

(A70) 

• Annual maintenance costs are equal to 20% of the fixed annual costs [18]. 

• Labor costs $0.05/m3 of water produced [18]. 

• Brine disposal costs $0.0015/m3 of water produced [18]. 

• The cost of inlet water, both to be desalinated and for use as cooling water, is 

neglected. 

• The membrane modules are replaced after 5 years of use in accordance with 

manufacturer recommendations [46]. 

• The batteries are replaced as often as is dictated by their use and depth of 

discharge, described in section A3.3.5 in the main text.  The effect on battery life 

of temperature and other factors is neglected. 

• Other equipment is assumed to last the lifetime of the plant. 

• The plant will take one year to build, so that water production and sale begins in 

the second year. 

• The water production rate is the same every day of the year. 

• Water is sold to meet the water production requirement at the amortized cost of 

water (described in section A3.4.3 in the main text).  Water produced in excess of 

the water production requirement is not sold. 
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• The scrap value of equipment at the end of its lifetime is zero. 

Subtracting depreciation and annual costs from annual sales and multiplying by 

one minus the tax rate gives the earnings in each year of operation.  The annual cash flow 

is the earnings and depreciation minus any capital investments made in that year.  The 

annual cash flow is prorated to present value at the specified interest rate.  The net 

present value is the sum of the annual cash flow over the venture.  The model solves for 

the amortized cost of water required so that the net present value is equal to zero using a 

nonlinear solving algorithm.  

A6.9. Parameters Used in Optimization 

The optimization algorithm requires that the user specifies allowable ranges for 

each decision variable and a guess at the optimum decision variable value.  The ranges, 

listed in Table A4, were selected based on either physical limitations, such as the length 

of the day, minimum sizes available for purchase, or reasonable operational bounds.  The 

range was expanded if an optimal decision variable was identified at an edge of the range, 

except in the case when the range was identified due to a physical limitation.  The 

optimal value guess was selected based on previous experience with the optimization 

algorithm and process model.  Additionally, as described in the main text, the 

optimization algorithm is only allowed to select decision variable values in certain 

increments to ensure that there are a finite number of possible solutions and the algorithm 

will terminate in a reasonable time frame.  Selected increments are also shown in Table 

A4. 
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Table A4. Decision variable parameters used in the optimization algorithm 
Decision Variable, x xmin xmax Dx xguess 

Thermal collector area, Ath (m2) 20 60 1 29 

Photovoltaic collector area, Apv (m2) 1 50 1 2 

Hot water tank volume, VHT (L) 100 1500 100 100 

Hot water flow rate, QHW (L/min) 1 3 0.1 0.3 

Air flow rate, QAIR (L/min) 40 400 20 40 

Cooling water flow rate, QCW (L/min) 40 200 10 50 

Glycol flow rate, QG (L/min) 10 30 5 10 

Number of membrane modules, Nmod 1 20 1 7 

Battery depth of discharge, DOD 0.10 0.80 0.05 0.65 

Condenser area, Acond (m2) 0.1 1 0.1 0.3 

System start time, tstart (min) 10 720 10 90 

System end time, tend (min) 720 1400 10 1400 

Water production start time, tstartwater (min) 10 720 10 90 

Water production end time, tendwater (min) 720 1400 10 1400 

 

Additional parameters used in the optimization, including thermodynamic data, 

constant costs, and location-specific data, are listed in Table A5.  Default parameters used 

by the particle swarm optimization algorithm are listed in Table A6. 

Table A5. Constant parameters used in the optimization. 
Parameter Value 

Site altitude, a 1.4 km 

Antoine’s constant, A 8.02765 
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Antoine’s constant, B 1750.286 

Antoine’s constant, C 235 

Cost of battery, Costbattery $314/battery 

Constant cost, Costconstant $9524 

Cost of membrane module, Costmembrane $1500/module 

Heat capacity of air, cpa 1012 J/(kg K) 

Cost of piping, Costpiping $40/m 

Cost of PV collectors, Costpv $250/m2 

Heat capacity of water, cpw 4186 J/(kg K) 

Cost of solar thermal collectors, Costth $160/m2 

Hydraulic diameter of piping containing air, dha 0.0508 m 

Hydraulic diameter of piping containing water, dhw 0.0191 m 

Solar constant, Gsc 1367 W/m2 

Air head loss through the condenser, Hacond 10.0 kPa 

Cooling water head loss through the condenser, 

Hcwcond 

8.62 kPa 

Interest rate, i 0.05 

Conductivity of air, ka 0.025 W/(m K) 

Conductivity of water, kW 16.2 W/(m K) 

Conductivity of condenser wall, kw 0.59 W/(m K) 

Longitude, Lloc 111.01o 

Length of pipe containing individual air flow, Lpa 3 m 

Length of pipe containing total air flow, LpaT 3 m 
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Length of pipe containing individual water flow, Lpw 3 m 

Length of pipe containing total water flow, LpwT 5 m 

Standard meridian of the local time zone, Lst 120o 

Molecular weight of air, MAIR 29 g/mol 

Molecular weight of water, MW 18.0152 g/mol 

Day of the year, n 79th day 

Total pressure, PT 1 atm 

Climate modifier 0, r0 1 

Climate modifier 1, r1 1 

Climate modifier k, rk 1 

Condenser spacing, s 0.00289 m 

Ambient temperature, Tamb 25o 

Hot water tank overall heat transfer coefficient, Utank 1.955 W/(m2 

oC) 

Battery voltage, V 12 V 

Condenser width, wCond 0.050038 m 

Condenser wall thickness, xw 0.0004 m 

Solar collector slope, b 45o 

Solar collector azimuth angle, g 35o 

Heat of vaporization of water, DHvap 2257 kJ/kg 

Efficiency of blower, ha 0.5 

Battery charge/discharge efficiency, hbcd 0.8 

Efficiency of glycol pump, hg 0.5 
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Efficiency of water pump, hw 0.5 

Efficiency of PV collectors, hpw 0.2 

Efficiency of solar thermal collectors, htherm 0.5 

Viscosity of air, µa 2.075x10-5 Pa s 

Viscosity of glycol, µg 0.0028 Pa s 

Viscosity of water, µw 8.62x10-4 Pa s 

Density of air, ra 0.0012 g/mL 

Density of glycol, rg 1.1132 g/mL 

Density of water, rw 0.9999 g/mL 

Latitude, j 35.29o 

 
Table A6. Default parameters used by the particle swarm optimization algorithm 

Parameter Name Value 

Function tolerance 1 x 10-6 

Inertia range 0.1 – 1.1 

Initial swarm span 200 

Maximum iterations 2800 

Maximum stall iterations 20 

Maximum time Infinity 

Maximum stall time Infinity 

Minimum neighbors fraction 0.25 

Objective limit -Infinity 

Self adjustment limit 1.49 
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Social adjustment limit 1.49 

Swarm size 100 

 

A6.10. Comparison of Optimization Algorithms 

A study was conducted to compare several optimization algorithms available in 

Matlab and identify the most suitable algorithm for solving the optimization problem 

presented here.  The solar SGMD process was optimized using four different algorithms 

following the procedure outlined in section A3.5.  The total computing time and final 

optimal cost were recorded.  Algorithms were ranked based first on their ability to reach 

the lowest objective function value and second based on their normalized computing 

time.  The normalized computing time was calculated by dividing the computing time by 

the shortest computing time of algorithms that found the lowest objective function value 

(particle swarm algorithm).  The results are provided in Table A7.  Note that the pattern 

search algorithm had the shortest computing time.  However, it was unable to find the 

minimum objective function value, so it may not be used to solve the problem presented 

here.  Of the remaining algorithms, all were able to find the same optimum, but the 

particle swarm algorithm had the shortest computing time, and was thus used in this 

study. 
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Table A7. Ranking of optimization algorithms in MATLAB 2016a. 
Ranking Algorithm Normalized Computing Time 

1 Particle Swarm Algorithm 1 

2 Simulated Annealing 

Algorithm 

3.65 

3 Genetic Algorithm 8.87 

4 Pattern Search Algorithm a > 0.26 

a Algorithm was unable to find the optimal solution 
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APPENDIX B 

MAXIMIZATION OF EFFICIENCY IN SOLAR DRIVEN SWEEPING 

GAS MEMBRANE DISTILLATION SYSTEMS 

 

B1. Motivation 

Previous studies have attempted to reduce the energy consumption or improve 

energy efficiency of membrane distillation (MD) systems [18].  Often, the intention of 

such work is to reduce the cost and increase competitiveness of MD.  However, while 

energy efficiency is an important consideration in MD, its relationship to cost is not well 

understood.  For example, as shown in Appendix A, a solar MD system designed to 

minimize cost may be energy inefficient since cost-optimal operation may lead to energy 

waste.  However, it is not known under what conditions the cost-optimal system can be 

operated at maximum efficiency.  The relationship between cost and efficiency is 

especially important considering relationships between energy generation and water 

resources development.  While increased efficiency in MD systems reduces trade-offs 

between energy requirements and water use, the effect of this intervention on the cost of 

water is unknown.   Understanding the connection between water supply and energy 

generation is essential to quantifying the impact of solar MD on the energy-water-food 

nexus.  In this appendix, the solar sweeping gas membrane distillation (SGMD) system 

was optimized for energy efficiency instead of cost.  The configurations of the cost-

optimal and energy-optimal systems are then compared for illustration. 
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B2. Methods 

A SGMD system was modeled as described in Appendix A (Sections A2, A3.1-

A3.3, and A6.1-A6.6).  The process model was then used to calculate energy efficiency 

using several different methods.  Energy efficiency was then optimized using the particle 

swarm algorithm subject to the process constraints used for cost optimization.  Finally, 

the energy-optimal and cost-optimal system configurations and operating rules were 

compared.   

B2.1. Efficiency Quantification 

Two parameters are commonly used to quantify the efficiency of thermal 

desalination systems: the thermal efficiency and the gained output ratio (GOR).  The 

thermal efficiency is the energy required to evaporate water divided by the total thermal 

energy entering the system.  Similarly, the GOR is the energy required to evaporate water 

divided by the total energy entering the system (thermal and electrical) [18].  For the 

solar MD system described in Appendix A, the thermal efficiency and GOR are given by 

Eqs. B1 and B2. 

 
ηth=

∆Hvap QP(t)dt1440
0

Pth(t)dt1440
0

 
(B1) 

 
ηGOR=

∆Hvap QP(t)dt1440
0

Pth(t)dt1440
0 + Ppv(t)dt1440

0

 
(B2) 

 

where hth and hGOR are the thermal efficiency and GOR, DHvap is the heat of 

vaporization of water, QP(t) is the permeate flow rate, Pth(t) and Ppv(t) are the power 

collected by the solar thermal and photovoltaic (PV) collectors.  The time, t, is given in 
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minutes and the efficiencies are calculated for a 24 hour period.  Qp is calculated in 

Section A3.3.3 and Pth and Ppv are calculated in Section A6.3. 

Note that, as shown in Appendix A, a cost-optimal SGMD system wastes solar 

energy; when solar energy is most abundant, the hot water tank is at its maximum 

temperature.  While much of the thermal energy collected during that time goes to 

replacing the energy used to evaporate water, a significant fraction must be wasted by the 

temperature control system since it cannot be transferred to the tank without raising the 

water temperature to levels that damage the MD membrane.  A similar situation occurs 

for electrical energy if the algorithm selects a solution in which the battery becomes fully 

charged during peak sunlight hours.  If this “unusable” energy is included in the 

efficiency optimization, the algorithm can select decision variables that minimize the 

amount of wasted energy, rather than selecting a system that operates efficiently.  

Therefore, it may be more appropriate to define Eqs. B1 and B2 in terms of usable energy 

rather than total energy collected.  This is shown in Eqs. B3 and B4, in which the 

subscript u indicates usable energy, as opposed to total energy collected. 

 
ηth,u=

∆Hvap QP(t)dt1440
0

Pth,u(t)dt1440
0

 
(B3) 

 
ηGOR,u=

∆Hvap QP(t)dt1440
0

Pth,u(t)dt1440
0 + Ppv,u(t)dt1440

0

 
(B4) 

 

The usable thermal energy, Pth,u, is equal to Pth when the tank is not at its 

maximum temperature.  When the temperature in the tank is at its maximum, Pth,u may be 

calculated from the heat balance on the hot water tank (Eq. A4), where Pth,u is the thermal 
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energy input required to maintain the temperature in the tank at its maximum.  

Rearrangement of Eq. A4, with THWo(t+Dt) set equal to THWo(t) results in Eq. B5. 

 Pth,u(t)= 

-cpw QHW-QP t THWi t -cpwQP t Tamb+cpwQHWTHWo t  

+UtankAtank THWo(t)-Tamb  

(B5) 

 

Here, cpw is the specific heat capacity of liquid water; QHW and QP are the 

volumetric flow rates of water leaving the hot water tank and permeate, respectively; 

THWi, THWo, and Tamb are the temperatures of the hot water entering and exiting the tank, 

and the ambient air; Utank is the overall coefficient for heat transfer between the water in 

the hot water tank and the surrounding environment; and Atank is the surface area of the 

hot water tank available for heat transfer to the environment. Utank and Atank are calculated 

from manufacturer-provided information, as detailed in Appendix A (section A6.5).  

A similar method may be used to calculate Ppv,u from Eq. A6, where Ppv,u is the 

PV energy input required to maintain the battery at its maximum state of charge.  It is 

clear that if SOC(t) and SOC(t+Dt) are equal to one in Eq. A6, then Ppv,u is equal to the 

power demand at time t.  As with the usable thermal energy calculation above, this only 

applies when the battery is full.  Otherwise, Ppv,u is equal to Ppv.   

B2.2. Efficiency Penalty 

To ensure that the optimized system meets the constraint of daily water 

production, the objective function must be penalized if the water production requirement 

is not met.  In the cost optimization, this was accomplished by adding a penalty function 

to the cost if the constraint was violated.  In this case, use of a penalty function is not 
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necessary, since we are interested in maximizing the objective function instead of 

minimizing it.  Therefore, in the case that the actual water produced was less than the 

requirement, the efficiency was set equal to zero, making its selection impossible during 

the optimization. 

As with the cost optimization, no penalty was applied if the actual water produced 

exceeded the requirement.  Note that, in Eqs. B1-B4, the integral in the numerator 

( QP(t)dt1440
0 ) was replaced with the heat of vaporization of water times the daily water 

production requirement if the system overproduced water.  As described in section 

A3.4.3, water is used only to meet demand (the water production requirement); additional 

water is not used and is discarded.  Therefore, energy used to distill discarded water 

should not be used in the calculation of efficiency. 

 

B3. Results and Discussion 

B3.1. Optimization Results 

The optimization study reported in Section A3.5 was repeated here to maximize 

Eqs. B1-B4.  Results from each of the four optimizations are shown in Tables B1 and B2, 

along with solutions for the cost optimization reported in Appendix A (first column) for 

comparison.  Note first that maximization of Eqs. B1 and B2 resulted in the same 

solution, as did maximization of Eqs. B3 and B4.  This indicates that inclusion of 

electrical energy in the efficiency definition (use of GOR as opposed to thermal 

efficiency) has no effect on the optimization.  This is because electrical energy 

requirements are small in comparison to thermal energy requirements, and thus has no 

effect on the optimization. Therefore, only the GOR optimizations will be considered 
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from this point forward (Eqs. B2 and B4).  These will be referred to as the B2-optimal 

and B4-optimal systems.  

Note second that the cost-, B2-, and B4- optimal systems vary considerably, both 

in their cost and efficiencies (Table B1), and in their optimal decision variable values 

(Table B2).  This is significant given previous studies that assume that an improvement in 

efficiency will reduce cost [18].  For the solar system presented here, it is clear that this is 

not the case. 

Table B1. Cost and efficiencies for optimization of five different objective functions. 
Objective 

Function 

Cost Eq. B1 Eq. B2 Eq. B3 Eq. B4 

Cost $84.7/m3 $193/m3 $193/m3 $151/m3 $151/m3 

ηth 0.2687 0.3481 0.3481 0.1857 0.1857 

ηGOR 0.2341 0.3164 0.3164 0.1220 0.1220 

ηth,u 0.3288 0.3487 0.3487 0.3659 0.3659 

ηGOR,u 0.2783 0.3169 0.3169 0.3440 0.3440 

 

Table B2. Decision variable values for optimization of five different objective functions. 
Objective Function Cost Eq. B1 Eq. B2 Eq. B3 Eq. B4 

Thermal collector area, Ath (m2) 27 30  30  46 46 

Photovoltaic collector area, Apv (m2) 4 3 3 24 24 

Hot water tank volume, VHT (L) 100 100 100 100 100 

Hot water flow rate, QHW (L/min) 2.7 1.1 1.1 2.2 2.2 

Air flow rate, QAIR (L/min) 140 40 40 40 40 
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Cooling water flow rate, QCW (L/min) 50 100 100 50 50 

Glycol flow rate, QG (L/min) 10 10 10 10 10 

Number of membrane modules, Nmod 5 15 15 8 8 

Battery depth of discharge, DOD 0.65 0.25 0.25 0.45 0.45 

Condenser area, Acond (m2) 0.3 0.5 0.5 0.5 0.5 

System start time, tstart 6:00 7:30 7:30 8:00 8:00 

System end time, tend 16:10 12:40 12:40 17:00 17:00 

Water production start time, 𝒕𝒔𝒕𝒂𝒓𝒕𝒘𝒂𝒕𝒆𝒓 7:00 7:30 7:30 8:20 8:20 

Water production end time, 𝒕𝒆𝒏𝒅𝒘𝒂𝒕𝒆𝒓 16:10 12:40 12:40 17:00 17:00 

 

 B3.2. Operation of B2-Optimal System 

As in Appendix A, the process model was used to simulate the B2-optimal 

system.  Fig. B1 shows the relationship between the electrical power demand and the PV 

power generated as a function of time throughout the day.  As shown previously, the PV 

power generated increases from the beginning of the operating period until noon and 

decreases from noon until sunset. 

Fig. B2 shows the temperature in the hot water tank and the water production rate 

as a function of time.  At midnight, the system is off and no water is produced, so the 

temperature decreases due to environmental heat loss.  When the water production period 

begins at 7:30 AM, the temperature in the tank increases sharply.  Water production 

continues until about 12:40 PM (end of the water production period), at which time the 

temperature decreases slowly again due to environmental losses.  Note that the operating 

period is extremely short in the B2-optimal system.  The reasons for this are discussed in  



 

 129 

 

Fig. B1. Electrical power generation and demand as a function of time for one day of 
operation in the B2-optimal SGMD system.  

  

detail in Section B3.4. 

B3.3. Operation of B4-Optimal System 

 As in Appendix A, the process model was used to simulate the B4-optimal 

system.  Fig. B3 shows the relationship between the electrical power demand, PV power 

generated, and the battery state of charge (SOC) as a function of time throughout the day.  

At 8:00 AM, the glycol pump circulates glycol through the solar thermal collectors, 

transferring energy to heat the hot water tank.  During that time, the system power 

demand is 0.26 W.  Shortly later, at 8:20 AM, water production begins and continues 

until 5:00 PM, shortly after sunset.  During this period, the power demand is 208 W.  The 

power demand is zero outside of the operating period selected by the optimization  

0

100

200

300

400

500

600

0 2 4 6 8 10 12 14 16 18 20 22 24

Po
w

er
 (W

)

Time (h)

PV Power Power Demand



 

 130 

  

 

 

Fig. B2a. Hot water tank temperature as a function of time for one day of operation in the 
B2-optimal SGMD system.   

Fig. B2b. Water production rate as a function of time for one day of operation in the B2-
optimal SGMD system.  
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Fig. B3a. Electrical power generation and demand as a function of time for one day of 
operation in the B4-optimal SGMD system.  

Fig. B3b. Battery state of charge as a function of time for one day of operation in the B4-
optimal SGMD system.   

 

0

1000

2000

3000

4000

5000

6000

0 2 4 6 8 10 12 14 16 18 20 22 24

Po
w

er
 (W

)

Time (h)

PV Power Generated Power Demand

a

0.95

0.96

0.97

0.98

0.99

1

0 2 4 6 8 10 12 14 16 18 20 22 24

St
at

e 
of

 C
ha

rg
e

Time (h)

b



 

 132 

algorithm.  As expected, the battery discharges when the power demand exceeds the 

power generated and charges when the generation exceeds the demand. 

Note that the battery supplements PV power for the last hour of the operating 

period.  This uses very little of the available battery capacity, which is over 99% charged 

at the end of the operating period.  While the DOD selected by the optimization algorithm 

was 0.45, the battery never discharges to its minimum allowable charge so the functional  

DOD is 0.01.  While the battery use is limited in the cost-optimal system, it is used less in 

the B4-optimal system.  This is discussed in detail in section B3.4. 

Fig. B4 shows the temperature in the hot water tank and the water production rate 

as a function of time.  At midnight, the system is off and no water is produced, so the 

temperature decreases due to environmental heat loss.  When the operating period begins 

at 8 AM, the temperature in the tank increases sharply until it reaches its maximum 

temperature shortly after.  Water production is initiated at 8:20 AM, after the hot water 

has reached its maximum temperature.  Water production continues at its maximum 

temperature until shortly before 4 PM, at which point the temperature decreases quickly 

until the end of the operating period (5:00 PM).  After this point, the temperature 

decreases slowly again due to environmental losses alone. 

B3.4. Comparison of Cost- and Efficiency- Optimal Systems 

As can be seen from Tables B1 and B2, the cost- and efficiency-optimal solutions 

differ considerably.  Water produced from the cost-optimal system costs $84.7/m3, 

compared to $151/m3 from the B4-optimal system and $193/ m3 from the B2-optimal 

system.  These changes are due to differences in several key decision variables that lead 

to differences in operation.  The effects of these differences are discussed in detail in this  
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Fig. B4a. Hot water tank temperature as a function of time for one day of operation in the 
efficiency-optimal SGMD system.   

Fig. B4b. Water production rate as a function of time for one day of operation in the 
efficiency-optimal SGMD system.  
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section. 

 While the B2-optimal system is quite different, the cost- and B4-optimal systems 

have several similarities.  They have a short pre-heating period, following by a long 

period of water production at the maximum temperature.  Both use only a small fraction 

of battery capacity for pump operation.  However, there are a few key differences in the 

solutions that lead to a higher cost in the B4-optimal solution, and a lower efficiency in 

the cost-optimal solution. 

The cost-optimal system uses more battery capacity than the B4-optimal system.  

This is due to several factors.  First, lower gas and liquid flow rates in the efficiency-

optimal solution resulted in a 65.7% reduction in the total power requirement during the 

water production period.  Second, the efficiency-optimal PV area was 500% larger than 

the cost-optimal PV area.  Finally, the efficiency-optimal system begins operation two 

hours later, and water production 1.33 hours later than the cost-optimal system, so the 

battery does not discharge to meet demand as the sun is rising.  In combination, these 

three factors result in a reduced reliance on the battery. 

It is intuitive that battery reliance is reduced in pursuit of an efficiency-optimal 

solution.  From an energy stand point, it does not matter when energy is used; the power 

required to operate a pump is not dependent on the time of day.  Electrical energy storage 

provides no efficiency change.  However, storing energy in the battery results in some 

energy loss due to the charging and discharging efficiency (described in Section A3.3.5).  

Since this loss provides no benefit, the efficiency is higher if electrical energy is used 

immediately.  This effect is exaggerated in the B2-optimal system, in which the power 

requirement, PV area, and operation period were selected such that the battery was not 
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used at all.  For similar reasons, energy storage is reduced in the cost-optimal system 

(discussed in detail in Appendix A); that is, energy storage provides little economic 

benefit because it diminishes the energy efficiency of the system. Use of stored energy 

results in loss of both energy due to unavoidable inefficiencies and reduction of battery 

life. 

Additional differences between the cost- and B4-optimal systems lie in the 

thermal configurations and operations of the systems.  The B4-optimal thermal collector 

area was 70.4% larger than the cost-optimal thermal collector area.  This resulted in a 

high rate of change of temperature in the hot water tank; the cost-optimal system takes 

approximately two hours to reach its maximum temperature, while the B4-optimal system 

take less than ten minutes.  The high rate of temperature change is also a result of the 

operating period configuration; as stated above, the B4-optimal system begins operation 

and water production later in the day than the cost-optimal system.    

This result is not altogether surprising; it is well known that a high operating 

temperature leads to more efficient water production [60].  However, the magnitude of 

the effect is surprising. The cost-optimal solution begins operating at a relatively high 

temperature of 85 oC.  However, the efficiency-optimal solution begins operation at 90 

oC, the maximum operating temperature.  The efficiency is so strongly related to 

temperature that an efficiency-optimal solution minimizes the amount of time that it 

operates at temperatures less than 90 oC by increasing the thermal collector area and 

operating later in the day.  

However, the same trend is not observed for the B2-optimal system, which 

operates at the maximum temperature for less than two hours.  The result is 
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counterintuitive, considering the effect of temperature on efficiency discussed above.  

Optimization of Eq. B2 resulted in a system that minimized wasted thermal energy, rather 

than maximizing the overall energy efficiency of the desalination system, as seen in the 

B4-optimal system.  Efficiency in the use of thermal energy is achieved by operating at a 

higher permeate flow rate for a short period to reach the same water production objective.  

This requires a 200% increase in the number of membrane modules over the cost-optimal 

system, which is largely responsible for the cost increase in the B2-optimal system.  The 

higher permeate flow rate resulted in a greater rate of heat removal from the hot water 

tank, which was replaced by solar thermal energy, so nearly all thermal energy was used.  

In fact, the B2-optimal system is able to use more than 99.9% of the thermal energy 

collected to operate the system.  For comparison, the cost- optimal system wastes 9.43% 

of the total thermal energy collected.  This is surprising; one would predict that wasting 

energy would be expensive considering the high cost of the thermal collectors (Fig. A4).  

However, the analysis shows that this is not the case.  It is cheaper to have a high thermal 

collector area to heat the tank quickly, operate for a long period, and use fewer 

membranes, even if this results in some wasted energy. 

Note that energy wasted in the desalination system need not be wasted entirely; it 

may be repurposed for other household uses.  Excess PV energy may be used for lighting 

and cooking, and excess thermal energy may be used for air or water heating.  Future 

optimization studies should focus on optimization of systems that simultaneously satisfy 

several water and energy needs of remote households.  This would minimize wasted 

energy and yield the cheapest solution providing comprehensive energy and water 

resources in remote communities.  
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B4. Conclusion 

In this appendix, the non-steady process model of a solar SGMD system 

described in Appendix A was redesigned to optimize energy efficiency.  Four different 

energy efficiency parameters were developed, including thermal efficiency and gained 

output ratio, both defined based off total energy collected and usable energy collected.  

The four efficiency parameters were optimized.  The resulting system was compared to 

the cost-optimal system presented in Appendix A.  Efficiency-optimal systems were more 

expensive than the cost-optimal system, indicating that cost and energy efficiency are not 

interchangeable. 
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APPENDIX C 

OPTIMIZATION OF A SOLAR DRIVEN MEMBRANE DISTLLATION 

SYSTEM FOR ANNUAL OPERATION 

 

C1. Introduction 

In previous appendices, solar membrane distillation (MD) systems were 

optimized for cost and energy efficiency.  It was demonstrated that solar MD is a feasible 

solution to water scarcity in remote areas.  However, in these analyses, water production 

was modeled for operation on a specific day of the year and location: March 20th in 

Leupp, Arizona.  It is not known how the optimal systems identified previously operate in 

other seasons.  Additionally, it is not known if a system optimized for year-round 

operation differs from one optimized for single-day operation.  In this appendix, the solar 

MD model described in previous appendices was adapted to model year-round operation.  

It was optimized to design system a system with minimal cost.  The operation of both the 

single day- and annual-optimum systems were analyzed and used to evaluate benefits of 

energy and water storage. 

 

C2. Methods 

C2.1. Process Model and Optimization Overview 

A schematic describing the process model and optimization is shown in Fig. C1.  

Methods used here are similar to those described in Appendix A, with several key 

differences including the addition of a potable water storage tank and modeling of annual 

operation.  In the modeling of annual operation, the addition of a potable water storage 
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Fig. C1. Optimization and process model schematic. 
 
	

tank allows for consideration of water storage, suggested in [16]; water may be produced  

in excess of the water demand in the summer, when solar irradiance is plentiful, and 

stored for use in the winter, when low solar irradiance leads to lower water production 

rates.  This allows for exploration of trade-offs associated with water and energy storage.  

It is conceivable that a system optimized for annual operation may meet water 
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demand year-round in one of three ways:  

1) It may select a larger system so that water demand is met even in the winter months. 

2) It may store excess energy produced in the summer and use it to produce water in the 

winter. 

3) It may store excess water produced in the summer and use it to meet water demand in 

the winter. 

Optimization of systems for year-round operation allows for quantitative 

comparison of the three options above.  Note that solutions storing water for long periods 

of time should use disinfectants to prevent microbial growth.  However, costs associated 

with disinfection are not included here.  

As in previous appendices, the optimization algorithm selects values of decision 

variables and sends them to the process model.  The process model begins by designing 

the system, which includes sizing of the pumps and battery bank.  Next, the operation of 

the system is simulated for each day in the year.  Finally, the cost of water is calculated 

and returned to the optimization algorithm.  If the cost is not optimal, new decision 

variable values are selected and the process repeats until the minimum cost and 

corresponding optimal decision variable values are identified. 

Annual operation simulation begins with the initialization of monthly simulation.  

In this section, matrices are created for the storage of variables as a function of time and 

day of the month. Additionally, it is assumed that the solar irradiation profile for an entire 

month is equal to the profile on the fifteenth day of the month, so that operation during 

each month may reach a constant day-to-day operation as in previous models. 

Next, the model proceeds with the daily simulation in which operation is 
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simulated for day 1 of the month.  The daily simulation is very similar to that described in 

Appendix A, except for the addition of the potable water storage tank (described in 

Section C2.2).  After the day 1 performance is simulated, time-dependent variables are 

stored in the monthly operation matrix.  Next, simulation for day 2 begins.  The initial 

conditions for day 2 are set equal to the corresponding condition at the end of day 1.  

Daily simulation continues until the final condition is equal to the initial condition 

(constant day-to-day operation).  After this point, it is assumed that any remaining days in 

the month operate according to the day-to-day simulation, since the solar irradiation is 

constant within the month.  This completes monthly simulation.  Monthly simulation is 

repeated for each month until annual operation is simulated.  Finally, the cost of water is 

calculated as described in Appendix A.   

C2.2. Potable Water Storage Tank Model 

Condensed permeate leaving the system is blended with untreated water to create 

a potable blend and stored in a potable water storage tank.  Water is withdrawn from the 

tank to meet demand.  A volume balance on water in the tank results in Eq. C1. 

 VP t+∆t -VP t
∆t

=QPi t -Qd t  
(C1) 

 

where Vp is the volume of potable water stored in the tank. Qpi is the flow rate of potable 

water entering the tank from the SGMD system and Qd is the flow rate of potable water 

leaving the system to meet demand.  Qpi is calculated from the solar SGMD process 

model, as described in Appendix A.  Qd is a function of time throughout the day and is 

determined from the per person water demand, and the number of people served by the 

system.  The per person water demand function used for this system is shown in Fig. C2 



 

 142 

[73].  Eq. C1 was solved for Vp(t + Dt), as shown in Eq. C2. 

 VP t+∆t =VP t +∆t QPi t -Qd t  (C2) 

	

	

Fig. C2. Water demand as a function of time throughout the day [73]. 
 

 

Note that, in the calculation of Vp(t + Dt), one of three conditions may be met:  

1) The tank is neither full nor empty at t + Dt (0 < Vp(t + Dt) < VPT).  In this case, 

Qd(t) is met entirely by the water stored in the tank and the tank continues to fill.   

2) Additional water entering the tank at time t results in the tank filling (Vp(t + 

Dt) > VPT).  In this case, Qd(t) is met entirely by the water stored in the tank, but potable 

water entering the tank in excess of VPT must be discarded because there is insufficient 

storage capacity.   
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3) Potable water withdrawals result in the tank emptying (Vp(t + Dt) < 0).  In this 

case, part of Qd(t) is met by Qp(t).  However, any demand not met by produced water 

must be met by water purchased from another source. 

In this study, water produced by the system was supplemented with purchased 

water in order to meet demand.  This becomes an additional operating expense in the 

economic calculations.  It was assumed that purchased water costs $200/m3. This value 

was selected as arbitrarily larger than the cost of water determined in Appendix A.  This 

takes the place of applying a penalty to the equipment cost as described in Section 

A3.4.2.  In Appendix A, the optimization algorithm is unlikely to select solutions in 

which the water demand is not met because the equipment cost includes a large penalty.  

In this case, the optimization algorithm is unlikely to select solutions that cannot produce 

enough water to meet demand in order to minimize money spent to purchase water.  

Therefore, a constraint is not needed to solve this problem; unconstrained optimization 

was performed. 

 

C3. Results and Discussion 

C3.1. Optimization Results 

The optimization problem discussed in Appendix A was solved again here, using 

the model for annual operation.  The minimized cost was $96.5/m3.  Optimal decision 

variable values are shown in Table C1.   

There are a few key differences between the annual operation optimum and daily 

operation optimum, discussed below.  At first glance, optimization of annual operation 

results in a 14% higher cost ($96.5/m3 compared to $84.7/m3).  However, the 
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optimization presented in Appendix A assumes that daily water production is equal to 

that on a spring day for the life time of the plant (20 years), which is unrealistic.  If the 

optimal solution identified in Appendix A is modeled using the annual operation model 

described here, the cost of water is $131/m3. 

Table C1. Optimization results for annual operation 
Cost of Water $96.5/m3 

Thermal collector area, Ath 35 m2 

Photovoltaic collector area, Apv 6 m2 

Hot water tank volume, VHT 100 L 

Potable water tank volume, VPT 120 L 

Hot water flow rate, QHW 3.0 L/min 

Air flow rate, QAIR 160 L/min 

Cooling water flow rate, QCW 50 L/min 

Glycol flow rate, QG 10 L/min 

Number of membrane modules, Nmod 5 modules 

Battery depth of discharge, DOD 0.7 

Condenser area, Acond 0.3 m2 

System start time, tstart 12:40 AM 

System end time, tend 4:20 PM 

Water production start time, tstartwater 7:30 AM 

Water production end time, tendwater 4:20 PM 

 

C3.2. Operation of Single-Day Optimum in Annual Operation Model 

The annual operation of the system described in Appendix A (single-day 
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optimum) was modeled to understand the operation of the system outside of the day for 

which it was optimized (March 20th).  Fig. C3 shows the daily water production as 

function of the day of the year, as well as the amount of water that must be purchased to 

meet the potable water production requirement.  Note that the system produces enough 

water to meet demand from March 3rd to October 5th.  However, outside of this range, 

water must be purchased in order to meet demand.  At most, 93.8 L/day are purchased, 

which is nearly 40% of the water production requirement.  It is clear that a system 

optimized for single day operation is not sufficient to produce water year-round.  To 

explore reasons for this, operation of the system in different seasons is discussed below. 

 

Fig. C3. Water produced and purchased on each day of the year in the single-day optimal 
system. 
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March 20th, the spring equinox, June 21st, the summer solstice, and December 21st, the 

winter solstice.  These days were selected to explore operation in different seasons.  Note 

that fall is excluded because solar irradiation, and thus system operation, is identical in 

spring and fall.  Note that power is produced for a longer period on June 21st and a 

shorter period on December 21st.  Subsequently, as can be seen in Fig. C4b, the battery 

reaches a greater state of charge in the summer than in the winter.  In fact, the battery is 

at its minimum state of charge for most of the day on December 21st; the system can only 

operate from 10 AM to 2 PM.  The lack of solar irradiation and electrical energy storage 

is one reason for the low water production in winter months.  This can be seen more 

clearly in Fig. C4, which shows the temperature and water production rate as a function 

of time for three different days.  Note that, while the solar thermal power is sufficient to 

reach the maximum temperature in the winter, there is insufficient electrical energy to 

support water production, so water is only produced for a few hours in the winter. 

Fig. C6 shows the volume of water stored in the potable water tank as a function 

of time for each of the three days.  Note that, in March and June, there is excess water 

available at the end of the day.  This stored water may be used, and the stored volume of 

potable water depleted, when water production is insufficient to meet demand.  This 

happens at some point before December 21st, at which point the minimum volume of 

water stored is zero.  Therefore, the system presented in Appendix A utilizes water 

storage.  However, energy storage is not utilized; the battery is always at its minimum 

state of charge at the end of the and the hot tank is at a low temperature, so there is no 

thermal or electrical energy stored for future use.  This is examined in detail in Section 

C3.4. 



 

 147 

 

Fig. C4. Power demand and PV power produced (a) and battery state of charge (SOC, b) 
as a function of time on three days in the single-day optimal system.  
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 Fig. C5. Hot water tank temperature (a) and water production and demand (b) as a 

function of time on three days in the single-day optimal system. 
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Fig. C6. Volume of potable water stored as a function of time for three days in the single-
day optimal system. 
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Fig. C7 shows the daily water production and purchase throughout the year for a 
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power produced exceeds the demand for longer in the winter.  This allows for a longer 

water production period in the winter, as shown in Fig. C9b.  Additionally, the increase in 

thermal collector area leads to a faster temperature increase (Fig. C9a), longer periods of 

operation at the maximum temperature, and larger water production in the winter months. 
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Fig. C7. Water produced and purchased on each day of the year in the annual optimal 
system. 
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Fig. C8. Power demand and PV power produced (a) and battery SOC (b) as a function of 
time on three days in the annual optimal system. 
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Fig. C9. Hot water tank temperature (a) and water demand and production (b) as a 

function of time on three days in in the annual optimal system. 
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Fig. C10 shows the water available in the potable water storage tank as a function 

of time on the three days.  Note that, in each case, the day begins with a small amount of 

water left over from the previous day.  However, this stored volume of water is depleted 

quickly to provide water early in the morning before the system can produce enough 

water to meet demand.  Therefore, the annual operation system is storing water from the 

previous day to provide water for the next morning.  However, the extent to which water 

storage is utilized on a longer time scale (i.e., water produced in the summer stored for 

winter use) cannot be ascertained from Fig. C10, but is discussed in detail in section C3.4 

below. 

	

Fig. C10. Volume of potable water stored as a function of time for three days in the 
annual optimal system. 
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depicts water storage by showing the final volume of water in the permeate storage tank 

at the end of each day.  This represents the water available for use in subsequent days.  

Note that the system optimized for daily operation has high amounts of water available in 

the tank at the end of the day during the summer months.  However, this stored water is 

depleted very quickly in the winter months when water produced by the system becomes 

insufficient to meet demand.  It is at this point that water must be purchased to 

supplement demand, as shown in Fig. C3.  The annual optimum system, however, has a 

small amount of water available at the end of the day, and this amount is relatively 

constant throughout the year.  This is because, as shown in Fig. C10, the small amount of 

stored water available at the end of the day is used to supplement water in the early 

morning before the system is able to produce water and replaced before the end of the 

 

Fig. C11. Potable water stored at the end of the day for each day of the year. 
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day.  However, it clear from Fig. C11 that, since the volume of stored water does not 

increase or decrease throughout the year, that water storage is not utilized in the annual 

optimum system and, therefore, does not provide economic benefit. 

Fig. C12 depicts thermal energy storage by showing the temperature in the hot 

water tank at the end of each day.  This is proportional to the amount of thermal energy 

stored in the hot water tank that may be used the next day.  The thermal operation of the 

two systems presented here is very similar.  In both cases, the temperature in the hot 

water tank at the end of the day does not vary annually; the temperature in the summer is 

less than five degrees higher than in the winter.  Therefore, thermal energy storage is not 

utilized in either system. 

 

Fig. C12. Temperature in the hot water tank at the end of the day for each day of the year. 
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Fig. C13 depicts electrical energy storage by showing the state of charge in the 

battery at the end of each day.  This represents electrical energy available for use the next 

day.  In the daily optimum system, the battery is depleted quickly in the first few days of 

the year.  This is because the PV array is too small to supply sufficient electrical energy 

in the winter months (Fig. C4) and to supply excess energy to charge the battery above 

what is needed to operate the plant in summer months.  A 50% increase in the area of the 

PV array, as in the annual operation optimum, resulted in a different situation.  Sufficient 

electrical power is generated early in the year, so the battery stays charged through the 

end of the year.  The battery discharges the meet the electrical power demand of the 

system in the last month of the year.  Therefore, the annual operation optimum practices a 

small amount of electrical energy storage. 

 

Fig. C13. Battery SOC at the end of the day for each day of the year. 
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It is clear that a system optimized for annual operation does not store energy or 

water to appreciably higher degree than a system optimized for daily operation.  It could 

be hypothesized that an optimal system may overproduce water in the summer months, 

store it in a tank, and use it in the summer months.  Alternatively, an optimal system may 

overproduce energy, store it in batteries and the hot water tank, and use it to produce 

water when there is insufficient solar irradiation.  However, neither of these situations 

occurred.   Instead, the system optimized for annual operation selected larger solar 

collectors to generate more water the winter, and stored neither water nor energy.  While 

this system may be economically optimal for the problem analyzed here, this system is 

not resilient as this analysis neglected the possibility of cloudy days.  Systems utilizing 

water or energy storage would be able to provide water without sunlight.  However, that 

is not possible for the optimal system introduced here.  Future work should optimize 

system for annual operation considering a realistic model for day-to-day variations in 

solar irradiation. 

 

C4. Conclusion 

In this appendix, a model was developed to simulate the operation of the solar 

MD system year-round.  This model was used to analyze the year-round operation of the 

optimum identified in Appendix A.  It was shown that, while the system produces enough 

water to meet demand in the summer, it is insufficient to meet demand in the winter 

months and additional water must be purchased to meet demand.  Therefore, it is 

recommended that optimization be performed on systems modeled for annual operation.   

When the system was optimized for annual operation, larger PV and thermal 
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collector arrays were selected.  This allowed the system to produce enough water to meet 

demand all year.  However, this increased the cost by 14% compared to the cost reported 

in Appendix A.  Finally, the system was analyzed to evaluate the cost-effectiveness of 

water and energy storage.  While the system identified in Appendix A utilized water 

storage to supplement water for a short time in the winter, the system optimized for year 

round operation utilized neither energy nor water storage to an appreciable degree.  
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APPENDIX D 

QUANTITATIVE COMPARISON OF MEMBRANE 

DISTILLATION CONFIGURATIONS FOR ECONOMIC WATER 

PRODUCTION USING SOLAR ENERGY 

 

D1. Introduction 

Previous appendices consider only sweeping gas membrane distillation (SGMD).  

However, other membrane distillation (MD) configurations exist and it is unknown which 

is cheapest in an optimal solar driven MD system.  The sweep gas in SGMD leads to 

higher fluxes than other configurations, such as direct contact MD (DCMD).  However, 

pumping the sweep gas requires additional electrical energy.  On the other hand, DCMD 

has higher thermal energy requirements, as it is poorly efficient [74].  It is currently 

unknown if the higher fluxes in SGMD provide cost savings over DCMD, despite its 

additional electrical energy requirements or if DCMD’s higher thermal energy 

requirements lead to increased cost.  In this appendix, SGMD and DCMD systems are 

modeled and optimized for systems treating water of two different salinities (3.5% and 

15%). 

 

D2. Methods 

D2.1. Process Models and Optimization Overview 

D2.1.1. Sweeping Gas Membrane Distillation Process 

In the SGMD system, heat is transferred from solar thermal collectors (of area 

Ath) into the hot water tank via a glycol loop (Fig. D1, stream 1).  The glycol is returned 
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to the collectors to complete the glycol loop (stream 2).  The brine in the hot water tank 

heats up and is sent to a manifold of Nmod flat-sheet membrane modules in parallel 

(stream 3) at a flow rate of Qhw.  Sweep gas is pumped across the modules (stream 5) at a 

flow rate of QAIR.  After the modules, the retained brine is returned to the hot water tank 

(stream 4) and the moist air is sent to a condenser (stream 6) of area ACond.  Distillate is 

condensed (stream 8) using cooling water stream (stream 9) at a flow rate of QCW.  A 

fraction of the cooling water exiting the condenser (stream 10) is sent to the hot water 

tank (stream 11) to i) maintain the volume of water in the tank and ii) recover the heat of 

vaporization of water.  The remaining cooling water is discarded (stream 12).  The four 

pumps in the system are powered by a photovoltaic array of area Apv and battery bank 

with a depth of discharge DOD. 

D2.1.2. Direct Contact Membrane Distillation Process 

The DCMD system operates similarly to the SGMD system in the heating of the 

brine (Fig. D2, streams 1-4).  In DCMD however, chilled permeate liquid at a flow rate 

equal to QHW (stream 9) is used to draw water vapor across the membrane, where it is 

condensed immediately.  After the module, the permeate is sent to a heat exchanger of 

area AHX where it is cooled by a cooling water stream of flow rate QCW (stream 10).  As 

previously, a fraction of the cooling water stream is used to maintain the volume of water 

in the tank.  Permeate exiting the heat exchanger (stream 6) is divided into two parts; a 

flow rate equal to QHW is retained as permeate carrier and sent to the chiller (stream 8).  

The remainder is collected for consumption (stream 7).  The permeate carrier is chilled to 

25 oC before being returned to the membrane modules (stream 9).  Note that the chiller 

was added to maintain ambient temperature at the entrance of the membrane module to 
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allow for direct comparison to SGMD in which air enters at 25 oC.  The chiller and 

glycol, hot water, and cooling water pumps are powered by a PV array (of area Apv) and 

battery bank (with depth of discharge DOD)  (streams 14 – 20). 
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Fig. D1. Solar driven SGMD process with heat recovery. 
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Fig. D2. Solar driven DCMD system with heat recovery. 
 

D2.2. System Design 

Prior to system simulation, head losses and pump power are calculated and the 

battery bank sized.  The head loss calculation for the SGMD system is identical to that 
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described in Appendix A (sections A3.2.1 and A6.1); head loss calculations for the 

DCMD system is described below. 

For the DCMD system, the head loss for the brine, cooling water, and glycol 

streams are calculated as described in Appendix A (sections A3.2.1 and A6.1).  The 

permeate stream head losses due to piping and membrane modules are assumed to be 

equal to those for the brine.  The permeate also experiences head losses due to the heat 

exchanger, taken from manufacturer information [66].  Note that the head loss through 

the chiller is neglected because the chiller is equipped with a small pump for circulating 

the stream being chilled [75]. 

D2.3. Process Simulation 

Each process was simulated in a manner similar to that described in Appendix A.  

First, solar irradiation and power produced by the PV and solar thermal arrays were 

calculated (sections A3.3.1 and A6.3).  Next the temperature in the hot water tank was 

calculated, as described below.  This was used along with first-principles membrane 

models to calculate the temperatures of streams exiting the modules and the permeate 

produced.  Next, a model of the heat recovery device was used to calculate the permeate 

condensed (for SGMD) and the temperature cooling water used to recycle heat to the hot 

water tank (section D2.3.3 below).  Finally, the battery operation was modeled (section 

A3.3.5) and the initial conditions (section A3.3.6).  The daily process simulation was 

repeated until the initial and final conditions of each variable are equal, as described in 

section A3.3.6.  Finally, the daily water production was calculated for the purposes of 

evaluating the optimization constraint, described below. 
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D2.3.1. Hot Water Tank Model with Heat Recovery 

The model for the hot water tank in this study is similar to that used in previous 

appendices.  However, here the makeup water is preheated.  In this case, the temperature 

in the tank may still be calculated from an energy balance; Eqs. A2 and A3 still apply.  

The following simplifications were made to Eq. A3 to yield Eq. D1.  First, a mass 

balance on the membrane module shows that the brine returns to the hot water tank at a 

flow rate QHWi(t) = QHWo – QP(t).  Second, the time derivative of THWo was estimated 

using a forward difference formula.  Third, the temperature of the makeup water was set 

equal to the temperature of the water leaving the heat recovery device (condenser in 

SGMD and VMD, heat exchanger in DCMD).  The result is shown in Eq. D1. 

 THWo t+∆t = 

𝑇()* 𝑡 +
∆𝑡

𝜌/𝑉(1𝑐$/
𝑃"#(𝑡) + 𝑐$/ 𝑄()* − 𝑄7 𝑡 𝑇()8(𝑡)

+ 𝑐$/𝑄7(𝑡)𝑇A)*(𝑡) − 𝑐$/𝑄()*𝑇()*(𝑡)

−	𝑈"9=>𝐴"9=> 𝑇()*(𝑡) − 𝑇9:;  

(D1) 

 

Here, THWo, THWi, TCWo, and Tamb are the temperatures of the water leaving and 

entering the hot water tank, leaving the heat recovery device, and of the ambient air, 

respectively;  QHWo and QP are the flow rates of hot water leaving the tank and permeate 

leaving the module; Dt is the time step, equal to one minute; rw is the density of water; 

VHT is the volume of the hot water tank; cpw is the heat capacity of water; Pth is the 

thermal power generated; Utank is the overall heat transfer coefficient of the tank, and Atank 

is the surface area of the tank. THWo(t+Dt) was calculated at each t from all variables at 
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time t.  Pth(t) was calculated as described in section A6.3.  Qp(t) and THWi(t) were 

calculated from first-principles models described in section D2.3.2 below. 

D2.3.2. Membrane Module 

Previously developed membrane models were used to calculate temperatures of 

streams leaving the module and permeate produced.  The SGMD membrane was modeled 

as described in [44, 50].  Permeate production and temperatures of air and brine leaving 

the module were calculated as a function of the air and brine flow rates and entrance 

temperatures.  The air was assumed to enter at 25 oC.  The DCMD membrane was 

modeled as described in [76].  Permeate production and temperatures of brine and 

permeate leaving the module were calculated as a function of brine and permeate carrier 

flow rates and entrance temperatures.  The permeate carrier was assumed to enter at 25 

oC at a flow rate equal to the brine flow rate, as this has been previously reported as 

optimal [77].  In all cases, a membrane with characteristics listed in Table D1 was 

modeled.  

Table D1. Characteristics of membrane module used in process simulations. 
Area 1.00 m2 

Thickness 125 µm 

Porosity 0.75 

Tortuosity 2.5 

Pore diameter 0.2 µm 

 

D2.3.3. Heat Recovery Device 

The heat recovery device varies between process models.  In the SGMD system, 

an external condenser is used to condenser water.  The heat of vaporization is used to 



 

 165 

heat a cooling water steam, part of which is recycled to the hot water tank; the remainder 

is discarded (Fig. 1).  The model for the SGMD condenser is described in sections A3.3.4 

and A6.6. In DCMD, water is condensed internally in the membrane module.  However, 

a heat exchanger was included to extract additional sensible heat from the hot permeate 

(Fig. 2).  This model is described in section D2.3.3.1 below.  After the heat exchanger, a 

fraction of the permeate is extracted to supply drinking water.  The remaining permeate 

carrier is sent to a chiller designed to reduce the temperature to 25 oC prior to 

recirculation to the modules.  The model for the chiller is described in section D2.3.3.2 

below.  In both systems, a plate-and-frame heat exchanger was used as a basis for the 

design.  

D2.3.3.1. Direct Contact Heat Exchanger 

In order to calculate the temperatures of permeate and cooling water leaving the 

heat exchanger, energy balances were performed on the cooling water and permeate sides 

of the heat exchanger (Eqs. D2 and D3).   

 q=QCWρwcpw
(TCWo-TCWi) (D2) 

  q=QPiρwcpw
(TPi-TPo) 

 

(D3) 

 

where q is the heat transferred to the cooling water, Qcw is the cooling water flow rate, rw 

is the density of water, cpw is the heat capacity of liquid water, and Tcwi and Tcwo are the 

inlet and outlet temperatures of the cooling water, respectively.  QPi is the permeate and 

cooling water flow rates entering the heat exchanger and is equal to the sum of the 

permeate flow rate (calculated in Section D2.3.3) and the permeate carrier flow rate, 

which is set equal to the hot water flow rate.  TPi and TPo are the inlet and outlet permeate 
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temperatures.  Additionally, heat transfer through the condenser wall was calculated from 

Eq. D4. 

 q=AhxUhx∆TL (D4) 

 

Ahx is the area of the heat exchanger, Uhx is the overall heat transfer coefficient (Eq. D5), 

and ∆𝑇n is the log-mean temperature difference, defined in Eq. A57.   

 Uhx=
1

1
hW

+ xW
kW

+ 1
hw

 (D5) 

 

Here, xw is the thickness of the heat exchanger wall, kw is the thermal conductivity 

of the wall, and hw is the convective heat transfer coefficient, which is calculated from 

Eq. A54.  In this case, thermodynamic constants for water are used for both sides of the 

heat exchanger.  Eqs. D2, D3, and D4 were solved for q, TPo, and TCWo.  

D2.3.3.2. Direct Contact Chiller 

Chillers are sized from the heat extracted from the chilled stream (qChill), given by 

Eq. D6. 

 qChill=QPρwcpw
(TPo-Tamb) (D6) 

 

where Qp is the permeate carrier flow rate (equal to the hot water flow rate), TPo is the 

temperature of the permeate exiting the heat exchanger (calculated in section D2.3.4.2 

above), and Tamb is the ambient temperature.  Note that the cooler was sized to chill the 

permeate carrier to 25 oC so that the DCMD system would be comparable to the SGMD 

system in which air enters the membrane at ambient temperature.   
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The heat extracted was used to calculate the chiller power demand.  A 

Polyscience 6000 series chiller with positive displacement pump was selected [75].  The 

manufacturer provides the power demand as a function of qChill for various refrigerant 

temperatures.  A power function was fit to the manufacturers data to calculate the chiller 

power requirement, PChill, as a function of qChill.  The result for a refrigerant temperature 

of 10 oC is shown in Eq. D7.  Both PChill and qChill are in watts. 

 PChill=0.0671qChill
1.2226 (D7) 

 

Eq. D7 was used to calculate PChill as a function of time.  PChill was used to 

calculate the total system power demand, which was used to determine the state of charge 

of the battery as a function of time, described in section A3.3.5. 

D2.4. Economic Calculations 

The first step in the calculation of the cost of water is determination of the 

equipment cost.  In the second step, a penalty was applied to the equipment cost if the 

daily water production (calculated from the process simulation) was less than the water 

production requirement.  The application of the penalty is described in detail in section 

A3.4.2.  Finally, the objective function, the amortized cost of water, was calculated as 

described in sections A3.4.3 and A6.8. 

The calculation of the equipment cost varies for each process.  However, each 

process has several pieces of equipment in common, including pumps, solar arrays, hot 

water tanks, membrane modules, heat recovery device, batteries, piping, and constant 

costs.  The membrane modules were assumed to cost $199.94 for a 1.00 m2 membrane.  

This includes $83.93 for the membrane [78] plus $116.01 for the membrane housing [79]. 
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Costs of the remaining equipment were calculated as described in Appendix A (Sections 

A3.4.1 and A6.7).  Note that a plate and frame heat exchanger was used as the energy 

recovery device in each system (as a condenser in the SGMD system and as a heat 

exchanger in the DCMD system), so Eq. A69 was used to calculate its cost as a function 

of area.   

In addition to the costs listed above, the DCMD system also contains a chiller.  Its 

cost is calculated as a function of the heat extracted from the permeate carrier stream, as 

in Eq. D8, which was determined from a best fit of manufacturer’s data [75]. 

 CostChiller=389.85qChill
0.3422 (D8) 

 

CostChiller is given in dollars and qChill is given in watts.  qChill is calculated as a 

function of time throughout the day in Eq. D6.  The maximum value was used to size the 

chiller in Eq. D8. 

D2.5. Optimization 

Each MD process was modeled as described above and optimized using the 

particle swarm algorithm in Matlab following the procedure described previously (section 

A3.5).  In order to investigate the applicability of MD configurations in sea water 

desalination and treatment of highly saline water, two different feed water salinities were 

considered: 3.5% and 15%.  In all cases, the water production requirement was 10 

m3/day.   
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D3. Results 

The DCMD and SGMD systems were optimized to treat 10 m3/day of 3.5% and 

15% salinity water.  Results are shown in Table D2.  Note that, for both salinities tested, 

water distilled from SGMD is cheaper than from DCMD (24% cheaper for 3.5% salinity  

Table D2. Solar driven DCMD and SGMD optimization results. 
 3.5% salinity 15% salinity 

DCMD SGMD DCMD SGMD 

Cost of Water ($/m3) 23.3 17.6 29.8 17.7 

GOR 0.25 0.37 0.20 0.37 

Water Produced (m3/day) 10.021 10.001 10.008 10.018 

Membrane Area (m2) 30 32 42 32 

Hot Tank Volume (L) 100 100 100 100 

PV Collector Area (m2) 14 23 32 24 

Thermal Collector Area (m2) 1200 800 1500 800 

Hot Water Flow Rate (L/min) 5 5 5 5 

Air Flow Rate (L/min) N/A 100 N/A 100 

Cooling Water Flow Rate (L/min) 2 12 2 14 

Heat Exchanger Area (m2) 0.05 0.7 0.05 0.7 

DOD 1 0.95 0.9 1 

Start Time 5:50 6:00 5:50 6:00 

End Time 15:30 15:40 16:20 16:00 

Water Production Start Time 5:50 6:00 5:50 6:00 

Water Production End Time 15:30 15:40 16:20 16:00 

 



 

 170 

and 41% cheaper for 15% salinity).  This is because SGMD is more efficient than DCMD 

[74].  This allowed equivalent water production with less heat, leading to a smaller 

thermal collector area.  While SGMD had a higher PV collector area (for the 3.5% 

salinity only) to supply power to the blower, the associated increase in cost was 

negligible in comparison to the savings associated with a smaller solar thermal collector 

area.  This is somewhat counterintuitive considering the findings of Appendix B, in 

which improvements in efficiency did not lead to improvements in cost.  In this study, the 

solar thermal collectors make up a large fraction of the cost in all four cases (Fig. D3).  

Therefore, it should be expected that process improvements that lead to reduction in solar 

collector area, such as efficiency improvements, should reduce cost.  In previous 

appendices, solar thermal collectors made up a smaller portion of the cost; if their area 

could be reduced due to efficiency improvements, it would not have had an impact on the 

cost.  One reason for the reduced importance of efficiency in previous appendices is the 

fact that the hollow fiber membranes used in previous studies are considerably more 

expensive than the flat sheet membranes used here ($1,500/m2 compared to $200/m2).  

The reduction of the cost of membranes in this study lead to an increased importance of 

the cost of thermal collectors, and an increased importance in the efficiency of the 

system.  Further studies are needed to understand the membrane and thermal collector 

costs under which efficiency becomes an important consideration. 

D3.1. Impact of Heat Recovery 

It is interesting to examine the impact of the recovery of the heat of vaporization 

on system optimization, as it is often thought to be an important factor in reducing the 

cost of water in MD.  Figs. D4 – D7 show, for each system, power entering the heated  
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Fig. D3. Cost breakdown for all systems optimized, including DCMD and SGMD for 
3.5% salinity water (a and b) and DCMD and SGMD for 15% salinity water (c and d). 

 

storage tank from various sources, including power from solar thermal collectors, brine 

returning to the tank from the modules (Figs. D1 and D2, stream 4), and preheated 

makeup water (Fig. D1, stream 11; Fig. D2, stream 12).  In the DCMD systems, makeup 
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water is preheated using the heated permeate stream after the module.  In the SGMD 

systems, makeup water is preheated by condensing the water vapor exiting the module.  

In all systems, the power entering the tank from the preheated makeup water is negligible 

in comparison to power from the solar thermal collectors and returned brine.  Therefore, 

it can be concluded that recycling of heat contained in retained brine is more important 

than recovery of the heat of vaporization for the systems tested here.  Reasons for this are 

analyzed below. 

Heat enters the hot water tank via the retained brine and preheated makeup water 

by having either a high temperature or a high flow rate.  The flow rates of the two 

streams in each system are shown in Figs. D8 – D11 and the temperatures in Figs. D12 – 

D15.  Note that, in all cases, the flow rate of the brine returning from the membrane 

module is much higher than the flow rate of makeup water.  This is because the optimal 

systems have very low recovery.  If constraints related to water scarcity are introduced 

and systems are forced to recover more water, the flow rate of makeup water (equal to 

water production) may become greater than the flow rate of retained brine.  In high 

recovery systems, recovery of the heat of vaporization may be more important than in the 

low recovery systems presented here. 

The temperature of the two streams entering the tank is an important 

consideration as well (Figs. D12-15).  Note that, for the DCMD systems (Figs. D12 and 

D14), the makeup water temperature is higher than the return brine temperature, while 

the opposite is true for the SGMD systems (Figs. D13 and D15).  This is a direct result of 

different methods of water condensation.  In SGMD, water vapor is condensed in an 

external condenser.  A portion of the cooling water for this condenser is used a makeup  
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Fig. D4. Power entering hot water storage tank from three sources in optimal DCMD 
(3.5% salinity water) system. 

 

Fig. D5. Power entering hot water storage tank from three sources in optimal SGMD 
(3.5% salinity water) system. 
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Fig. D6. Power entering hot water storage tank from three sources in optimal DCMD 
(15% salinity water) system. 

 

Fig. D7. Power entering hot water storage tank from three sources in optimal SGMD 
(15% salinity water) system. 
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Fig. D8. Flow rates of makeup water and returned bring in optimal DCMD (3.5% salinity 
water) system. 

 

Fig. D9. Flow rates of makeup water and returned bring in optimal SGMD (3.5% salinity 
water) system. 
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Fig. D10. Flow rates of makeup water and returned bring in optimal DCMD (15% 
salinity water) system. 

 

Fig. D11. Flow rates of makeup water and returned bring in optimal SGMD (15% salinity 
water) system. 
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Fig. D12. Temperatures of makeup water and returned bring in optimal DCMD (3.5% 
salinity water) system. 

 

Fig. D13. Temperatures of makeup water and returned bring in optimal SGMD (3.5% 
salinity water) system. 
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Fig. D14. Temperatures of makeup water and returned bring in optimal DCMD (15% 
salinity water) system. 

 

Fig. D15. Temperatures of makeup water and returned bring in optimal SGMD (15% 
salinity water) system. 
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water (the rest is discarded), recovering some of the heat of vaporization.  In DCMD, 

water vapor is condensed internally, heating up the permeate exiting the condenser.  A 

heat exchanger is used to cool the permeate, and the cooling water is used as makeup  

water to recover the heat of vaporization.  Note that the optimal cooling water flow rate 

was much larger for SGMD than for DCMD.  This is because the heat recovery device in 

SGMD also has the dual purpose of condensing water vapor.  In order to maintain an 

appreciable temperature difference within the condenser and condense more water, a 

higher cooling water flow rate was selected.  However, this lowers temperature of the 

makeup water, and allows for less heat recovery.  If a lower flow rate was selected, 

higher makeup water temperatures could be achieved, but less permeate would be 

condensed.  This may require additional membrane modules to reach the water 

production requirement, increasing the cost.  In DCMD, however, the water production 

rate is not connected to the cooling water flow rate.  Therefore, a lower cooling water 

flow rate was selected and larger makeup water temperatures were achievable.  

Therefore, DCMD uses more recovered heat than SGMD, as shown in Figs. D4 - D7.  

However, note that this did not lead to cost savings, as SGMD is cheaper than DCMD. 

 

D4. Conclusion 

Solar driven SGMD and DCMD were modeled and optimized to treat 10 m3/day 

of 3.5% and 15% salinity water.  In both cases, SGMD was cheaper than DCMD.  While 

SGMD has a higher electrical energy requirement and higher PV collector area, DCMD 

is less efficient and required a higher thermal collector area.  Since the thermal collectors 

made up a larger portion of the cost in all cases, this provided a greater cost savings in 
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SGMD than the cost of the additional PV collectors. 

It is also interesting to note that the recovery of the heat of vaporization had little 

effect on the system operation compared to the recycling of the brine retained by the 

membrane.  While this was true for all cases tested, DCMD utilized heat recovery more 

than SGMD due to the decoupling of the condensation of water vapor and the preheating 

of the makeup water.  However, this did not provide cost savings. 
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APPENDIX E 

OPTIMIZATION OF A SOLAR REVERSE OSMOSIS SYSTEM 

FOR QUANTITATIVE COMPARISON TO SOLAR MEMBRANE 

DISTILLATION 

 

E1. Motivation 

As shown in Appendix A, cost of water from solar membrane distillation (MD) 

system currently exceeds reported costs for traditional desalination technologies, such as 

reverse osmosis (RO).  However, direct cost comparisons are difficult due to variations in 

methodologies.  Therefore, a simple RO process model was developed and optimized.  

The cost was compared to the optimal MD system to make a quantitative determination 

on the relative performance of each system. 

 

E2. Methods 

E2.1. Process Model and Optimization Overview 

In the RO process, brine is pumped into a manifold of Nmod membranes in parallel 

(Fig. E1, stream 1).  The pump is sized to provide a transmembrane pressure of DP.  

Electricity is provided to the pump from a photovoltaic (PV) array of area Apv (stream 6).  

A battery bank (with a depth of discharge DOD) is used to power the system (stream 4) 

when power generated from the PV panels is insufficient (stream 5).  Permeate is 

generated at a specified recovery ratio (stream 3).  Rejected brine leaves the membrane 

module and is discarded (stream 2).  The solar RO process was modeled as described in 

Section E2.2 and E2.3 below and optimized following a protocol similar to that used in  
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Fig. E1. RO process flow diagram. 
 

 

previous appendices. 

E2.2. System Design 

The first step of the design is to calculate head losses and pump power.  In the RO 

system, only one pump is needed to pressurize the inlet into the membrane module.  The 

average flow rate of brine into the modules was used to size the pump.  The average flow 

rate is the daily water production requirement, VR, divided by the recovery, R, and 

divided by the operating time, or the time over which VR must be produced.  The 

operating time is the end time, tend, minus the start time, tstart.  The result is shown in Eq. 

E1.  

 QTin=
VR

R tend-tstart
 (E1) 

 

Using this flow rate, the piping head losses were calculated following the 
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procedure outlined in Appendix A (Sections A3.2.1 and A6.1).  As in the previously 

described systems, piping may be divided into two categories: piping carrying total brine 

flow (QTin), and piping carrying brine to each module.  The flow rate in the later piping 

sections has a flow rate of QTin divided by the number of modules (Nmod), which is a 

decision variable.  The total piping head loss, HTpipe, and the individual module piping 

head loss, Hpipe, were calculated from Eq. A15.  The head loss through the module, Hmod, 

was assumed to be equal to the transmembrane pressure drop, DP, a decision variable.  

The mechanical pressure drop along the membrane was neglected. The total head loss, 

HTOT, was calculated from Eq. E2. 

 HTOT=Hpipe+HTpipe+Hmod (E2) 

 

The pump power was calculated from the total flow rate (Eq. E1) and head loss 

(Eq. E2) from Eq. A22.  This power was used to size the battery bank using the procedure 

described in Section A6.2. 

E2.3. Process Simulation 

In the first step of the RO process model, the solar radiation and power were 

calculated as a function of time, described in Sections A3.3.1 and A6.3.  In the second 

step, the membrane operation was modeled, described in section E2.3.1 below. In the 

third step, the battery state of charge was calculated, described in section A3.3.5.  In the 

final step, the initial condition was adjusted.  The initial condition adjustment procedure 

was nearly identical to that described in Section A3.3.6, except that only the battery state 

of charge was used, as all fluid temperatures are constant in the RO model.  After day-to-

day operation was reached, the permeate flow rate, calculated below, was integrated over 
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the day and used to calculate the cost in Section E2.4 below. 

E2.3.1. Membrane Module 

The membrane module simulation calculates the permeate production rate, the 

brine production rate, and the concentration of dissolved species in the permeate and 

brine.  Methods were adapted from [80].  The recovery of the membrane module, R, is 

defined in Eq. E3. 

 
R=

Qp

Qin
 

(E3) 

 

where Qp and Qin are the permeate flow rate and inlet flow rate per module, respectively.  

In this study, the recovery was selected to be 0.20.  The recovery was selected to be 

relatively low to prevent membrane scaling. 

The rejection, r, provided by the manufacturer, is a measure of the fraction of 

dissolved species rejected by the membrane.  It is defined in Eq. E4. 

 1-r=
cp

cin
 (E4) 

 

where cp and cin are the concentration of any dissolved species in the permeate and inlet, 

respectively.  The first step in the membrane simulation is the calculation of the 

concentration of dissolved species at the outlet, cout.  A mass balance on any dissolved 

species yields Eq. E5. 

 cout=
1

Qin-Qp
cinQin-cpQ

p
 (E5) 

 

Eq. E3 was solved for Qin and Eq. E4 was solved for cp; both were substituted in 
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Eq. E5, allowing for the elimination of Qp.  The result is shown in Eq. E6. 

 cout=
cin

1-R
1-R 1-r  (E6) 

 

Next, the osmotic pressure, Dp, of the brine was calculated from Eq. E7. 

 ∆π=ΣcoutR'T (E7) 

 

where Σcout is the sum of the concentrations of dissolved species at the outlet (in mol/L), 

R’ is the ideal gas constant, and T is the absolute temperature.  If all salinity is due to 

sodium chloride, the sum of concentrations is equal to twice the salinity.  Note that the 

osmotic pressure is calculated using the outlet concentration, rather than the inlet 

concentration.  Since the concentration varies as the brine is concentrated along the 

membrane, use of the outlet concentration is a simplification that results in a worst-case 

scenario.  The permeate flow rate was calculated from the osmotic pressure, as in Eq. E8. 

 Qp=aA ∆P-∆π  (E8) 

 

where a is the membrane area, A is the membrane constant, provided by the manufacture, 

and DP is the transmembrane pressure drop, a decision variable.  Qin was calculated from 

Qp in Eq. E3, cp was calculated from cin in Eq. E4, and Qout, the outlet brine flow rate, 

was calculated to be the difference between Qin and Qp.  In this study, a GE Osmonics 

AE-90 membrane was used.  It has an area of 8.36 m2, a membrane constant of 1.12 

L/m2/h/bar, and a cost of $497 per module [81]. 

E2.4. Economic Calculations 

First, the equipment cost was calculated.  Major equipment includes the pump, 
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PV array, batteries, and membranes.  The pump cost was calculated from the pump 

power using Eq. A67.  The costs of the PV array, batteries, and membranes were 

calculated by multiplying the corresponding unit cost by the number of units.  

Miscellaneous capital expenses were calculated from the major equipment cost as 

described in Sections A3.4.1 and A6.8.  As with previous optimization problems 

described here, a penalty was applied to the equipment cost if the system selected by the 

optimization algorithm failed to meet the specified water production requirement.  This 

procedure is described in detail in Section A3.4.2.  Finally, the objective function, the 

amortized cost of water, was calculated from the equipment cost as described in Section 

A3.4.3 and A6.8.  As described in Section A3.5, the amortized cost of water was 

minimized by adjusting decision variables listed in Table E1 using the particle swarm 

optimization algorithm in Matlab.   

 

E3. Results and Discussion 

The two optimization problems listed in Appendix D were solved here to allow 

for direct comparison (water requirement = 10 m3/day, feed water salinity = 3.5% and 

15%).  Results are shown in Table E1.  

The breakdown of the cost of water for each system is shown in Figs. E2 and E3.  

Capital expenses are shown in solid slices, and operating expenses are in patterned slices. 

In both systems, batteries make up the largest fraction of the cost of water. Note that 

water desalinated from 15% salinity water costs approximately three times more than that 

from 3.5% water.  This is expected in an RO system; the osmotic pressure is a strong 

function of salinity.  Since cost associated with supplying electrical energy to power the  
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Table E1. Optimization results for feed water salinities of 3.5% and 15%. 
Feed Water Salinity 3.5% 15% 

Cost of Water $2.66/m3 $7.38/m3 

Photovoltaic collector area, Apv 11 m2 30 m2 

Number of membrane modules, Nmod 10 modules 14 modules 

Transmembrane Pressure Drop, DP 39 atm 151 atm 

Battery depth of discharge, DOD 1.0 1.0 

System start time, tstart 12:20 AM 12:10 AM 

System end time, tend 12:00 AM 12:00 AM 

 

pump (batteries and PV panels) is a significant portion of the cost, it is intuitive that the 

cost of water for treating highly saline water is much higher than for less saline water. 

Note also that, for both salinities tested, RO produces cheaper water than both 

MD configurations reported in Appendix D.  However, for 15% salinity water, sweeping 

gas MD costs only $10/m3 more than RO, as shown in Appendix D.  This is somewhat 

expected, as MD has been previously reported to be especially applicable in highly saline 

applications [82].  If additional research reduces the cost of MD membranes or if cheaper 

thermal energy sources are used, it is conceivable that MD may be competitive with RO 

for highly saline applications.  

The relationships between the PV power generated, power demand, and battery 

state of charge for each system are shown in Figs. E4 and E5.  The system optimized to 

treat 3.5% salinity water has a power demand of 627 W, which the system optimized to 

treat 15% salinity water has a power demand of 1,710 W.  Otherwise, the operation of the 

electrical systems looks similar for both systems.  In both cases, the system operates  
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Fig. E2. Breakdown of cost of water for RO system optimized to treat 3.5% salinity 
water. 

 

Fig. E3. Breakdown of cost of water for RO system optimized to treat 15% salinity water. 
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Fig. E4. PV power generated, power demand (a), and battery state of charge (b) as a 
function of time in the system optimized to treat 3.5% salinity water. 
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Fig. E5. PV power generated, power demand (a), and battery state of charge (b) as a 
function of time in the system optimized to treat 15% salinity water. 
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24 hours per day.  During this time, the systems produce water at a flow rate of 7.10 

L/min (3.5% salinity system) and 7.00 L/min (15% salinity system).  The battery bank 

discharges during the night to meet power demand.  The PV array produces additional 

power during the day to charge the battery.  This is contrary to previously reported MD 

systems, in which systems operate during the day and do not rely on energy storage.  

Therefore, it is cheaper for the RO system to operate at lower production rates for a long 

period of time, while it is cheaper for MD systems to operate at higher production rates 

for a short period of time.  One possible reason for this is that RO systems operate most 

efficiently when the applied pressure is larger than the osmotic pressure by an 

infinitesimally small amount, leading to a low flux [83].  MD systems, however, operate 

most efficiently at high temperatures, which leads to high fluxes [18].  However, as 

shown in previous appendices, improvements in cost do not necessarily lead to 

improvements in efficiency.  The RO system reported here should be optimized for 

efficiency to explore relationships between efficiency and cost in pressure driven systems 

and how they compare to the differences observed for thermal systems, as reported in 

Appendix B. 

 

E4. Conclusion 

A simple solar driven RO process was modeled and optimized to provide a basis 

of comparison to the optimized MD process reported in previous appendices.  In all 

cases, RO out performed MD.  However, sweeping gas MD produced water that cost 

$10/m3 more than RO when treating 15% salinity water, indicating that SGMD may 

outcompete pressure driven technologies for highly saline applications if additional 
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research leads to reduction of the cost.  Additionally, the optimal RO systems were found 

to rely on energy storage more than MD systems.  Additional studies are needed to 

understand reasons for this operational difference between optimal pressure-driven and 

thermal desalination systems.  
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Abstract 

Struvite (MgNH4PO4·6H2O) scaling in wastewater treatment plants causes 

significant processing issues.  Struvite formation can be controlled by acid addition since 

struvite solubility increases as pH is lowered from circumneutral conditions.  Since 

carbon dioxide forms carbonic acid when dissolved in water, carbon dioxide from 

anaerobic digester gas can be used to lower the pH of wastewater to prevent struvite 

formation.  In this work, bench-scale carbon dioxide injection illustrated the feasibility of 

using carbon dioxide to lower the pH of digester centrate for prevention of struvite 

formation. A pilot study was conducted to evaluate alternative designs for full-scale 

process application. At pilot scale, mixing a centrate stream with centrate that was pre-
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saturated with carbon dioxide reduces the pH of the mixture to levels necessary to 

prevent struvite formation. Experimental results validated an equilibrium chemistry 

model, which was adapted to produce a design protocol for implementation of this 

technology. Design parameters include only measurable water quality parameters.  

 

 Introduction 

Struvite (MgNH4PO4·6H2O) is a relatively insoluble mineral that forms in waters 

rich in magnesium, ammonia, and phosphate, such as digester supernatant or centrate in 

wastewater treatment plants. Unintended struvite precipitation in processing equipment 

clogs pipes and coats pump impellers and mixers. Struvite precipitation results in reduced 

system capacity and efficiencies that oftentimes require expensive cleaning and 

temporary plant shutdown [23].  Several solutions to the problem of struvite precipitation 

have been investigated and employed.  Many of these methods involve addition of 

dangerous and expensive chemicals, highlighting the need for alternative struvite 

prevention methods.  One potential solution is injection of carbon dioxide (CO2) from 

digester gas (biogas) into affected waste streams to lower their pH and prevent struvite 

formation. 

Traditional methods for prevention of struvite formation focus on formation of 

phosphate complexes to reduce phosphate availability or on pH reduction via addition of 

strong acid [23].  Buchanan et al. [24] studied twenty commercial anti-scaling products 

and their ability to delay struvite formation and reduce the mass of scale formed.  They 

found that seven of the products tested inhibited struvite formation in deionized water 

containing magnesium, ammonium and phosphate at concentrations representative of 
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wastewater lagoons.  They then ranked the seven products based on their cost and health 

or environmental risk.  Notable among this list is ferric chloride, which ranked sixth out 

of seven due to its relatively high risk and cost.  Nevertheless, addition of ferric chloride 

or other Fe(III)-containing salts is the most common method for preventing struvite 

scaling in wastewater treatment plants today [29].  Disadvantages of ferric chloride use 

include cost, negative environmental impacts, health and safety risks, equipment 

corrosion, and increased sludge production.  Furthermore, ferric chloride addition 

interferes with the downstream precipitation of struvite for nutrient recovery [31].  Uysal 

et al. [33] demonstrated that many metals, including iron, appear in minerals recovered 

from anaerobic digesters.  This is of concern, as iron-bound phosphate is poorly 

bioavailable [31], suggesting that alternative methods for struvite control may be 

preferable.   Doyle et al. [30] investigated the efficacy of several alternative anti-scaling 

and chelating agents in digester centrate.  Of all agents tested, only 

ethylenediaminetetraacetic acid (EDTA) successfully prevented struvite formation.  

However, EDTA may be poorly degraded in the environment and should be removed 

from treated water prior to discharge.  

Biogas produced during anaerobic digestion of solids in conventional wastewater 

treatment plants is composed of methane, carbon dioxide, and trace gases.  In some 

plants, high purity methane is recovered from the biogas before the residual gas, which is 

rich in carbon dioxide, is vented to the atmosphere [26]. In this study, we investigate the 

feasibility of using residual carbon dioxide from biogas to lower the pH of digester 

centrate and prevent struvite precipitation. At downstream points in the centrate treatment 

system, CO2 can be stripped from solution, raising the pH for struvite recovery under 
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controlled conditions [32] [84].  The use of CO2 for struvite control employs a process 

waste product (biogas) to solve process problems sustainably and can generate a nutrient-

rich byproduct that is in short supply.   

Carbon dioxide has been successfully used as an alternative to strong acid for 

neutralizing high-pH water derived from tunnel construction [27].  Although industrial 

carbon dioxide is used for struvite control in a few wastewater treatment plants and use of 

biogas byproducts for pH control has been suggested [29], the use of carbon dioxide 

generated during wastewater treatment for scale prevention remains beyond the current 

state of practice. 

The objective of this study is to investigate the feasibility of using carbon dioxide 

in residual biogas to prevent struvite formation in centrate lines.  First, the equilibrium 

behavior of centrate upon carbon dioxide addition was investigated. Equilibrium models 

were developed to (i) identify the pH at which struvite formation is infeasible, and (ii) 

predict equilibrium pH as a function of carbon dioxide partial pressure. The latter model 

was validated experimentally using digester centrates from several locations. Second, a 

pilot system was built to investigate alternative methods for introducing CO2 into 

wastewater treatment process fluids.  A design protocol was developed and generalized to 

support the use of carbon dioxide for struvite prevention in waste streams derived from 

municipal wastewater treatment.  The protocol requires only easily measurable water 

quality parameters. This work demonstrates the feasibility of using carbon dioxide from 

digester gas to prevent struvite formation and provides a straightforward design 

methodology for process application at any wastewater treatment plant facing struvite 

scaling problems. 
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 Methods 

F2.1. Materials 

Centrate samples were collected from the Tres Rios Water Reclamation Facility 

in Tucson, Arizona, and stored at 4 oC until used.  In addition, titrations and bench-scale 

CO2 injection experiments were conducted on the Tres Rios centrate as well as samples 

from other wastewater treatment plants in Phoenix, Arizona; Portland, Oregon; and 

Chicago, Illinois to show that methods developed here can be usefully applied to prevent 

struvite precipitation despite significant differences in initial water quality.  Samples were 

shipped overnight on ice and stored at 4 oC upon receipt.  Prior to experimentation, the 

total dissolved concentrations of struvite components—ammonia, magnesium, and 

orthophosphate—were measured at the Tres Rios Water Reclamation Facility using 

standardized methods [85-87] and conductivity was measured using a Eutech Oakton 

PC650 conductivity probe. 

F2.2. Struvite Precipitation Modeling Methods 

A model was developed to (i) anticipate precipitation of various minerals in 

centrate, (ii) confirm that struvite is the mineral most likely to precipitate in the pH 

ranges of interest, and (iii) determine the pH range over which mineral formation can be 

avoided.  The reactions considered in the model are as shown in Table F1.  Other 

complexation reactions may occur in centrate due to the variety of metals and ligands 

present.  Neglecting these additional reactions leads to underestimation of the mineral 

solubility so that results may be considered a worst-case representation of pH values 

necessary for solid-phase precipitation.  

The parameters KP1, KP2, and KP3, are the first, second, and third acid dissociation 
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constants for phosphoric acid, and KN is the acid dissociation constant for ammonium; 

KMgOH, KMgPO4, KMgHPO4, and KMgH2PO4 are the equilibrium constants for the dissociation 

of aqueous MgOH+, MgPO4
-, MgHPO4, and MgH2PO4

+, respectively.  All equilibrium 

constants were defined in terms of activities, denoted by curly brackets, which were 

calculated as a function of the measured species concentrations the ionic strength of the 

solution.  Ionic strength was estimated from the measured electrical conductivity [88].  

Details are given in the Supplemental Data (Eq. F47).  It is noteworthy that phosphate 

concentration is much more sensitive to pH in the range relevant to struvite formation 

than is either free magnesium ion or ammonium ion.  That is, the effect of pH control on 

struvite solubility is primarily through its effect on inorganic phosphate speciation. In all, 

Table F1. Aqueous-phase Reactions and Corresponding Equilibrium Constants 
Reaction Equilibrium Constant 

H3PO4↔H++H2PO4
-  aKP1=10-2.148 

H2PO4
-↔H++HPO4

2- aKP2=10-7.198 

HPO4
2-↔H++PO4

3- aKP3=10-12.375 

MgOH+↔Mg2++OH- bKMgOH = 10-2.58 

MgPO4
-↔Mg2++PO4

3- bKMgPO4=10-4.80 

MgHPO4↔Mg2++HPO4
2- bKMgHPO4=10-2.91 

MgH2PO4
+↔Mg2++H2PO4

-  bKMgz{PO4=10-0.45 

NH4
+↔H++NH3 aKN=10-9.244 

aFrom [89]. 
bFrom [23]. 
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the possibility of precipitation of four different minerals was considered, as described by 

Ohlinger et al. [90].  Minerals considered in the model included struvite 

(MgNH4PO4·6H2O(s)), MgOH2(s), MgHPO4(s), and Mg3(PO4)2(s) (Table F2). 

The parameters Ksp,Struvite, Ksp,MgOH2, Ksp,MgHPO4, and KMg3(PO4)2 are the solubility 

products for struvite, MgOH2, MgHPO4, and Mg3(PO4)2 defined in terms of activity.  The 

supersaturation index (SI), defined by Eq. F1, was calculated as a function of solution pH 

for centrate samples containing measured concentrations of total soluble magnesium, 

ammonia, and orthophosphate. 

Table F2. Precipitation Reactions and Corresponding Solubility Products 
Reaction aSolubility Product 

MgNH4PO4(s)↔Mg2++NH4
++PO4

3- Ksp,Struvite=10-13.6 

MgOH2(s)↔Mg2++2OH- Ksp,Mg|z{=10-2.58 

MgHPO4(s)↔Mg2++HPO4
2- Ksp,MgH}|~=10-2.91 

Mg3 PO4 2(s)↔3Mg2++2PO4
3- Ksp,���(}|~){=10-4.80 

aFrom [90]. 

 
SI=

𝐴 9

Ksp,mineral
 

(F1) 

 

where Ksp,mineral values are respective solubility products, reported in Table F2.  The 

numerator is the product of the activities of the chemical dissociation products in the 

same table, raised to powers derived from their respective stoichiometric coefficients.  

Their activities are calculated assuming that no precipitate forms despite SI values > 1.0.  

Details of this calculation are provided in the Supplemental Data (section F7.2).  The 

mineral with the highest SI value in the pH range of interest was considered most likely 
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to form.  Additionally, the pH below which mineral precipitation was not expected (SI = 

1) was identified.  The target pH for CO2 addition was then taken to be 0.3 units below 

the pH at which SI = 1, in order to provide a safety margin while preventing precipitation 

reactions. 

F2.3. Titration 

F2.3.1. Titration Experimental Methods 

Titrations were performed to expose acid/base characteristics of the fluids of 

interest.  Standardized hydrochloric acid (1.89 M) was incrementally added to the 

centrate samples, and pH was measured after each acid addition before plotting pH as a 

function of strong acid addition.   

F2.3.2. Titration Modeling Methods 

An equilibrium model was developed to represent the behavior of centrate upon 

the addition of strong acid.  Calculations showed that the buffering capacity of the 

centrate was adequately accounted for by consideration of carbonate alone.  Ionic species  

 

Table F3. Reactions Describing Acid/Base Properties of Centrate and Equilibrium 
Constants 

Reaction Equilibrium or Rate Constant 

CO2(aq)+H2O↔H2CO3 a kc=0.0423 s-1, k-c=25.6 s-1 

H2CO3↔HCO3
- +H+ aKC1=10-3.5 

HCO3
-↔CO3

2-+H+ bKC2=10-10.329 

H2O↔H++OH- bKW=10-14 

aFrom [91]. 
bFrom [89]. 
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present that do not act as buffers may include strong base cations or strong acid anions.  

Relevant reactions are shown in Table F3. 

In Table F3, kc and k-c are the forward and reverse rate constants for the reaction 

between carbon dioxide and water to form carbonic acid, KC1 and KC2 are the first and 

second acid dissociation constants for the carbonic acid system, and KW is the acid 

dissociation constant for water. As above, activities of species were calculated as a 

function of the concentration of the species and ionic strength of the solution, calculated 

from the measured electrical conductivity, as detailed in the Supplemental Data (Eq. 

F47).  

For the solution to maintain electroneutrality, a charge balance must be satisfied 

during titration (Eq. F2). 

 H+ + cB = HCO3
- +2 CO3

2- + OH- + cA+[Cl-]Added (F2) 

  

In Eq. F2, square brackets denote species concentrations, ScB and ScA represent 

the sum of equivalents of strong base cations and anions in the original solution, 

respectively, and [Cl-]Added is the total molar concentration of HCl added to reach 

respective points on the titration curve.  The titration curve is represented in terms of pH 

vs. [Cl-]Added. In this model, it is assumed that the total carbonate concentration is 

constant (closed system), so that [HCO3
-] and [CO3

2-] may be calculated as a function of 

total carbonate and pH. 

Note that the composition of the centrate is treated as unknown: ScB, ScA, and the 

total carbonate concentration are not initially known. A mass balance on carbonate 

species (assuming the system is closed during the titration) and equilibrium constants 
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were used to express each species in Eq. F2 as a function of [H+], thermodynamic 

constants, bulk properties of the solution (TotCO3 and ScB - ScA) (Eq. F3).  Details are 

provided in the Supplemental Data (section F7.3). 

 [Cl-]Added= H+ + cB - cA - 

KC1

γ2 H+ +2
KC1KC2

γ6 H+ 2
TotCO3

k-c
kc

+1+ KC1
γ2 H+ + KC1KC2

γ6 H+ 2

-
KW

γ2 H+  

(F3) 

 

Here, g is an activity coefficient for a monovalent ion calculated as a function of 

the ionic strength of the solution using the Davies equation (Eq. F13 in the Supplemental 

Data).  For multivalent ions, g is adjusted as described in the Supplemental Data (section 

F7.1).  Values of TotCO3 and ScB - ScA were selected to best fit the titration data.  The 

mineral alkalinity, ScB - ScA, was used in modeling the equilibrium pH upon the addition 

of carbon dioxide at elevated pressures, as described below.  

F2.4. Elevated Pressure CO2 Injection 

F2.4.1. Bench Scale CO2 Injection Methods 

A reactor was constructed to expose centrate samples to pure CO2 gas at various 

pressures (Fig. F1).  The reactor consisted of a 7.6-cm (3-in), schedule 40 PVC pipe 

capped on both ends.  The pipe was fitted with a gas inlet and outlet and a pH probe port.  

A 10.2-cm (4-in) GT-DJ Steam Serializable pH sensor from Innovative Sensors Inc. was 

used to measure pH. The gas inlet was attached to a CO2 cylinder, a needle valve for flow 

control, a rotameter, and a glass-bonded silica diffuser (AS2 Pentair Aquatic Eco-

Systems Sweetwater Air Diffuser with 140 µm pore size) placed at the bottom of the 



 

 203 

reactor.  The gas outlet was attached to a pressure gauge and a needle valve for 

controlling the pressure in the reactor.  Caps and fittings were sealed with silicone gasket 

maker to ensure that the reactor could retain pressure.   

 

Fig. F1. Bench scale CO2 injection reactor schematic. 
 

To conduct experiments under atmospheric pressure, 1500 mL centrate samples 

were added to the reactor through the gas outlet port.  The temperature of the centrate 

was recorded, as the Henry’s law constant for CO2 is a function of temperature (Eq. F50 

in the Supplemental Data).  The CO2 cylinder was opened, and the needle valve was 

adjusted so that the gas flow rate was 1 L/min. The needle valve at the outlet was opened 

completely.  Gas was allowed to escape until CO2 had replaced all air in the headspace 

while maintaining atmospheric pressure within the reactor.  The pH was measured every 

0.1 s using a Neulog data logger over a 30-minute period or until the pH was stable for at 

least fifteen minutes.  Next, the gas outlet valve was closed completely, and the pressure 

was allowed to increase to 136 kPa (absolute pressure).  Once the pressure reached the set 

point, the outlet valve was opened, and the inlet and outlet needle valves were adjusted 
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until the flow rate was 1 L/min and the pressure was stable at 136 kPa.  Again, the pH 

was measured every 0.1 s for thirty minutes, or until the pH was stable for at least fifteen 

minutes.  This was repeated for headspace pressures of 170 kPa and 205 kPa.  The steady 

pH was plotted against the headspace pressure. 

F2.4.2. CO2 Injection Modeling Methods 

The equilibrium titration model described above was adapted to predict the steady 

state pH upon the injection of CO2 at elevated pressures.  A charge balance is given by 

Eq. F4. 

 H+ + cB = HCO3
- +2 CO3

2- + OH- + cA (F4) 

 

At equilibrium, the aqueous-phase carbon dioxide concentration was calculated as 

a function of pressure using Henry’s Law (Eq. F49 in the Supplemental Data, [92]).  This 

was substituted into Eq. F4, along with other equilibrium expressions, to calculate 

equilibrium pH as a function of the pressure of CO2 (Eq. F5). Details are provided in the 

Supplemental Data (section F7.4). 

 
H+ + cB =

KC1

γ2 H+ +2
KC1KC2

γ6 H+ 2
kc

k-c

PCO2

Hc
+

KW

γ2 H+ + cA 
(F5) 

 

F2.5. Pilot Scale Experiment Methods 

A pilot scale system was constructed at the Tres Rios Wastewater Reclamation 

Facility in Tucson, Arizona, to investigate the scalability of the struvite prevention 

strategy and analyze design alternatives.  First, the system described below was used to 

investigate the feasibility of applying carbon dioxide in various forms, including gaseous 
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and aqueous CO2.  Second, the system was used to investigate the effect of various 

operational parameters on the final pH and the ability of the system to prevent struvite 

formation.  Finally, the pilot data were used to validate a pilot model, which was adapted 

into a generalized design protocol for struvite prevention at any wastewater treatment 

plant. 

F2.5.1. Pilot System Description 

The pilot system is shown in Fig. F2 and a detailed schematic is provided in the 

Supplemental Data (Fig. F14).  It included a 3800 L, 3.7 m tall and 1.2 m diameter hydro 

tank. The tank was connected to a 34.1-m long test section, constructed of clear PVC, 

with sampling ports for measurement of pH as a function of distance from the injection 

point.  Sampling ports were installed 0.9 m, 1.8 m, 3.7 m, 6.7 m and 7.3 m from the 

injection point.  Additionally, an in-line Vernier Go Wireless pH probe was installed at 

tank outlet to measure the pH of pre-treated centrate at the tank exit. Another in-line 

Vernier pH probe was installed at the end of the test section, along with a pressure gauge 

and a gate valve to conduct experiments at elevated pressures in the test section. A 1500-

W AMT pump supplied centrate to the tank, and a 750-W AMT pump supplied the 

centrate bypass line. A Pentair Point Four micro-bubble, ultra-fine pore ceramic diffuser 

was placed at the bottom of the tank to produce bubbles with diameters of 100-500 µm.  

The diffuser was connected to a CO2 cylinder. A pressure gauge, thermometer, 

and rotameter were installed in the gas line to quantify CO2 flow rates. Gas flow was 

controlled by a gas regulator mounted on the CO2 cylinder. Centrate flow rate was 

controlled through union ball valves. Digital flow meters were installed at the tank inlet, 

tank outlet and centrate bypass line to measure flow rates of centrate. Tank pressure was  
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Fig. F2. Aqueous CO2 injection pilot system schematic. 
 

 

controlled by a pressure relief valve mounted on top of the tank. 
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mode was not considered further.  Details are proved in the results section. 

In the second operational mode, the hydro tank was filled with centrate (Fig. F2). 

Carbon dioxide gas was injected into the tank at a flow rate controlled by the regulator 

installed on the CO2 tank (Control Point 4, Fig. F2).  The pressure in the tank was 

maintained at its set point by adjusting the gas outlet valve (Control Point 5, Fig. F2).  

The centrate in the tank was pre-treated in this manner for 1.5 hours, or until the pH 

measured from the online pH probe installed at the tank outlet was steady. At that point, 

the tank was converted to continuous operation.  The inlet and outlet valves were opened 

and adjusted to maintain the flow rate at the set point (Control Points 1 and 3, Fig. F2).  

Finally, the bypass valve was opened and used to set the bypass flow rate (Control Point 

2, Fig. F2).  After five minutes, the pH profile was established across the test section by 

collecting samples at each sampling port or using the in-line pH probes. 

 

Fig. F3. In-line CO2 injection pilot system schematic. 
 
 

In the feasibility study, CO2-saturated centrate was generated under 101 kPa (1 
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37.5% and 50.0%.  The flow rate of centrate varied from 22.7 – 37.8 L/min, while the 

pre-saturated centrate flowrate varied from 7.6 – 22.7 L/min. The flowrate of CO2 gas 

varied from 5 – 20 L/min.  The pH profiles generated were referenced to the mixing 

point.  As discussed below, results demonstrated the feasibility of the methodology, so 

this operational mode was used in the study described below. 

F2.5.3. Characterization of Aqueous CO2 Injection 

After confirming that the operational model shown in Fig. F2 is feasible, 

additional studies were conducted to quantify the effect of operational parameters on the 

final pH.  The mineral alkalinity was determined via a strong acid titration so that the 

data could be used to validate the pilot model, described below.  Centrate was then pre-

saturated with CO2 under 304 kPa in batch conditions. After the pH in the tank reached 

steady state, the tank was converted to a continuous stirred tank reactor (CSTR) by 

opening the liquid inlet and outlet valves (Control points 1 and 3, Fig. F2).  The system 

was again allowed to reach steady state.  The flow rate through the CSTR was 37.9 

L/min, resulting in a residence time of approximately 100 min.  The flow rate of CO2 was 

maintained at 2.16 mol/min.   

Next, the centrate pre-saturated with CO2 in the CSTR was mixed with untreated 

centrate at various blend ratios (flow rate of treated centrate over total mixed flow).  

Treated centrate was fed through the test section (blend ratio of one); the pH was 

measured at end of the test section.  Next the bypass valve (Control point 2, Fig. F2) was 

opened.  Treated and untreated centrate flow rates were adjusted to achieve various blend 

ratios so that the final flow rate of the mixed centrate was 75.6 L/min.  The pH was 

measured as a function of distance along the test section for various blend ratios. 
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F2.5.4. Steady State Model for CO2 Injection in a Continuous Flow Reactor 

The pilot system above was modeled by considering two processes in series: a 

CSTR following by mixing in a closed system.  First, a model was developed to predict 

the steady state pH upon the injection of carbon dioxide into centrate in a CSTR.  In this 

case, it was assumed that the system reaches equilibrium, or that the CO2 concentration 

may be calculated from Henry’s Law.  Mass balances result in Eqs. F6 and F7 below.  A 

charge balance is shown in Eq. F8.  Details of the derivation are provided in the 

Supplemental Data (section F7.5). 

 
0=

Ql
V

[CO2]in-[CO2] -kc CO2 +k-c H2CO3  
(F6) 

 
0=

Ql
V

[H2CO3]in+
Kc1

γ2 H+
in

H2CO3 in+
Kc2Kc1

γ6[H+]in
2 H2CO3 in- H2CO3 -

KC1

γ2 H+ [H2CO3]-
KC1KC2

γ6 H+ 2  [H2CO3] + kc CO2 -k-c H2CO3  

(F7) 

 0 = 𝐻� + 𝑐� − 𝑐� −
𝐾Ap

𝛾o 𝐻� + 2
𝐾Ap𝐾Ao
𝛾� 𝐻� o [𝐻o𝐶𝑂�]

−
𝐾)

𝛾o 𝐻�  

(F8) 

Here, Ql is the flow rate of liquid through the CSTR and V is the volume of the 

CSTR.  Eqs. F6-F8 were solved simultaneously to calculate the equilibrium pH of 

centrate exiting the CSTR (ahead of the mixing point for the CO2-saturated and untreated 

centrate flows, shown in Fig. F3). 

F2.5.5. Steady State Model for Mixing Pre-saturated and Untreated Centrate 

A model was developed to predict the pH after a mixing point in which centrate 

pre-saturated with CO2 was mixed with untreated centrate.  It is assumed that the mixing 
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process occurs in a closed system, much like the titration model; the total carbonate in the 

two streams is conserved (Eq. F9), and proton transfer must be accounted for when 

equilibrium is reestablished.  A mass balance was performed on total carbonate during 

mixing and was solved for TotCO3f, as shown in Eq. F9. 

 
TotCO3f=

QuTotCO3u+QtTotCO3t
Qf

 
(F9) 

 

In Eq. F9, TotCO3 is the total carbonate concentration in each stream and Qi is the 

stream-specific volumetric flow rate. Subscript u is for the untreated centrate, t represents 

the centrate treated with CO2 and f is the final mixed stream.  For convenience, the blend 

ratio, R is defined in Eq. F10. 

 
R=

Qt
Qf

 
(F10) 

 

Since Qf is the sum of Qu and Qt, substitution of Eq. F10 into Eq. F9 eliminates 

flow rates from Eq. F9 (Eq. F11). 

 TotCO3f= 1-R TotCO3u+RTotCO3t (F11) 

 

Eq. F11 and a charge balance calculated for a closed system, can be used to 

determine the pH beyond the mixing point.  This is identical for the titration curve charge 

balance, but with [Cl-]Added equal to zero (Eqs. F2 and F3).  Models presented here were 

validated experimentally and used to develop a design protocol for CO2-based struvite 

prevention systems. 
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 Results and Discussion 

F3.1. Precipitation Model Results 

Measured total concentrations of magnesium (TotMg), ammonia (TotNH3), and 

orthophosphate (TotPO4) were as indicated (Table F4).  The pH-dependent 

supersaturation indices for compounds of potential interest are illustrated (Fig. F4). The 

SI curve for struvite is the highest across the entire pH range of interest (5.6 < pH < 8), 

suggesting that struvite is the precipitate of primary concern. 

Fig. F4 also illustrates the range of pH over which struvite solubility is exceeded 

in the Tucson centrate (pH > 6.6, SI > 1).   Similar curves were generated using chemical 

data for centrates originating at other locations.  Phosphate was not detected in centrate  

 

Fig. F4. Calculated supersaturation index (SI) as a function of pH for candidate minerals. 
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Table F4. Concentrations of struvite components and target pH for centrate samples from 
various locations. 

Sample TotMg TotNH3 TotPO4 pH for SI = 1 Target pH for struvite 

control 

Phoenix 2.2 mM 20.4 mM ND NA NA 

Tucson 0.926 mM 89.9 mM 3.6 mM 6.66 6.36 

Chicago 1.3 mM 72.1 mM 1.4 mM 6.89 6.59 

Portland 1.1 mM 82.1 mM 4.0 mM 6.62 6.32 

Note: ND = Not Detected; NA = Not Applicable 

 

from Phoenix, so that those data were not included in the analysis.  The results are 

summarized in Table F4. 

F3.2. Titration Results 

Centrate titration data and model results were as illustrated (Fig. F5). Values for 

fitted parameters are summarized in Table F5.  All titrations were conducted in duplicate.  

Little variability was observed (differences were less than 0.1 pH units). Despite 

significant differences in centrate buffering capacities, agreement between model and 

measurement was excellent in all cases.  It is apparent that acid/base conversions in the 

pH range of relevance to struvite precipitation can be adequately modeled by assuming 

that bicarbonate is the predominant contributor to centrate buffering. 

As expected, samples with higher mineral alkalinity generally required more 

strong acid to lower pH to target levels.  However, the amount of acid required to reach 

the target pH is a function of both the mineral alkalinity and the concentration of struvite 

components.  For example, the Tucson sample requires more acid to reach the target pH  
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Table F5. Fitted parameters from titration experiments, strong acid, and pressure of CO2 
(PCO2) required to reach target pH. 

Sample cB - cA  TotCO3 Acid required to reach 

target pH 

PCO2 to reach target 

pH at equilibrium 

Phoenix 28 mM 29 mM NA NA 

Tucson 46 mM 48 mM 19.3 mM 80.9 kPa 

Chicago 64 mM 68 mM 17.4 mM 65.4 kPa 

Portland 71 mM 72 mM 31.3 mM 139 kPa 

Note: NA = Not Applicable 

 

Fig. F5. Experimental and calculated titration curves for four centrate samples.  
Experimental data are indicated by points and calculated data are indicated by solid lines. 
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than the Chicago sample, even though its mineral alkalinity is lower. This is because the 

Tucson centrate has a lower target pH due to higher concentrations of ammonia and 

phosphate.  The Portland centrate requires the highest acid addition to prevent struvite 

formation due to its high mineral alkalinity and high concentrations of struvite 

components.   

F3.3. Bench Scale CO2 Injection Results 

Measured and predicted equilibrium pH values for the four centrates obtained and 

analyzed (Table F4) are provided as a function of the partial pressure of carbon dioxide 

(Fig. F6). Results indicate that determination of mineral alkalinity is sufficient to support 

prediction of the equilibrium pH upon CO2 addition. At worst, the model underpredicted 

the experimental pH by 0.2 pH units.  Additionally, Fig. F6 results were used to identify 

the CO2 partial pressure required to reach the target pH for each sample (Table F5). 

All partial pressures reported in Table F5 are achievable in practice, suggesting 

that the use of CO2 to prevent struvite formation is feasible.  Furthermore, many samples 

require a CO2 partial pressure of less than 101 kPa (1 atm).  For example, the Chicago 

centrate requires only 65 kPa of CO2 to reach the target pH.  This is similar to the typical 

partial pressure of CO2 in biogas [26].  In this case, use of untreated biogas, as opposed to 

residual biogas, may be feasible for struvite prevention. In fact, bubbling biogas through 

centrate to reduce the pH would also result in removal of CO2 and other water-soluble 

components from biogas and may serve as an initial water-washing step in a methane 

recovery process. This is similar to recycling biogas wash water for struvite control, as 

suggested by Sharp et al. [29].   
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Fig. F6. Experimental and calculated results for equilibrium pH in centrate samples as a 
function of the CO2 partial pressure.  Experimental data are indicated by points and 

calculated data are indicated by solid lines. 
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transfer, which results in slow pH changes. Because of this, direct gas injection into 

transport lines was determined to be infeasible, or at least suboptimal, for the purpose 

intended.  

 

Fig. F7. Centrate pH as a function of distance in the test section (Fig. F3) following the 
injection of gas-phase CO2 directly into the centrate line. 
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and 37.5% of CO2 pre-saturated centrate in the mixtures. In order to raise the percentage 

of CO2 pre-saturated centrate in total flow to 50%, CO2 pre-saturated centrate and 

untreated centrate were both set to 18.9 L/min. Results are presented in Fig. F8. It is 

apparent that pH in the mixture reaches equilibrium almost immediately after the mixing 

point.  

 

Fig. F8. Change of pH with distance in the test section after mixing of CO2 pre-saturated 
centrate and untreated centrate at various mixing ratios (R). 
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the composition of digester centrate available at the Tres Rios plant. The mineral 

alkalinity was determined to be 15 mM.  This is only about 30% of the 46 mM measured 

in an earlier sample (Table F5).   

A series of mixing experiments were conducted in which a fraction of the total 

centrate flow was equilibrated with gas-phase CO2 in the CSTR before it was recombined 

with untreated centrate for measurement of pH, as described in the methods section (Fig. 

F3).  The pressure in the CSTR was 304 kPa and the total centrate flow rate after 

recombination was 75.6 L/min.  Mixing ratio was the independent variable, and the 

equilibrium pH in each mixture was predicted and indicated in the modeling section. 

Note that there is good agreement between data and model (Fig. F9), supporting 

extension of modeling results under reasonably similar physical conditions.  The point at 

R = 1 corresponds to the CSTR alone.  The fact that this point is well predicted validates 

the CSTR model, which is based on attainment of equilibrium with gas-phase CO2.   It 

can be concluded that the residence time in this experiment (100 min) was long enough to 

ensure that equilibrium is reached, and the two chemistry simulations—equilibrium with 

gas-phase CO2 and mixing models can be combined to design for pH control using CO2 

addition.   
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Fig. F9. Calculated and experimental equilibrium pH in Tres Rios centrate as a function 
of blend ratio. Experimental data are indicated by points and calculated data are indicated 

by solid lines. 
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magnesium, ammonia, and phosphate, the initial centrate pH, and strong-acid titration 

results. These are necessary to determine the target pH for struvite control and the 

centrate mineral alkalinity.  The protocol (Fig. F10) can then be used to find 

combinations of PCO2 during centrate pre-saturation and mixing ratio that are capable of 

producing target pH for struvite control in the recombined centrate.  Steps are outlined in 

greater detail in material that follows. 

The pH at which struvite formation is incipient (SI = 1) should first be calculated.  

The target pH is then calculated by subtracting a safety factor from the pH at which 

formation is prevented. An arbitrary safety factor of 0.3 pH units was used here.  This is 

greater than the maximum error observed in the modeling efforts presented here and 

provides a reaction quotient that is below the stability constant for struvite formation by a 

factor of two.  Absent equilibrium data, Fig. F11 can be used to estimate the pH for 

which SI = 1.  In producing the figure, it was assumed that [Mg2+] is about equal to 

TotMg and [NH4
+] dominates total ammonia nitrogen and that both are independent of 

pH in the relevant pH range. Thus, the product of total magnesium and ammonia 

concentrations (both in mol/L) is represented on the y-axis and the total phosphate 

concentration is on the x-axis.  Values within the Fig. F11 field can be used to find target 

pH values.  These will be used with the mineral alkalinity (below), to identify design or 

operational alternatives for CO2 addition (PCO2 values and mixing ratios) necessary to 

reach the pH target in the blended centrates. 

In the second step, a strong acid titration is carried out. Titrations should be 

performed for several samples taken over a period of months to characterize normal 

variation in the mineral alkalinity of the centrate.  The titration model described in the 
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methods is then used to represent the titration data. Values for TotCO3 and the mineral 

alkalinity (ScB - ScA) are selected to best fit the titration curve.  Mineral alkalinity may be 

roughly estimated from the amount of strong acid added to consume the buffering 

capacity of the test solution. The mineral alkalinity is then used to identify design 

alternatives—combinations of centrate blending (raw and pre-saturated centrates) and 

PCO2 during pre-saturation of centrate—to reach the target pH. 

  

Fig. F10. Design Protocol Overview.   
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Fig. F11. Precipitation model calculations: Contours of constant target pH as a function 
of total phosphate and product of the total magnesium and ammonia concentrations. 

 
 

F4.1. Design Protocol Example 

In this section, the protocol outlined above is utilized to design for struvite 

prevention in centrate from the Tres Rios Wastewater Reclamation Facility in Tucson. 

1. Calculate a target pH from chemical data (Fig. F11).  Total concentrations of 

struvite components are reported in Table F4. The concentration of total orthophosphate 

is 0.0036 M, total ammonia is 0.0899 M, and total magnesium is 9.26 × 10-4 M.  Thus, 

the product of total ammonium and magnesium concentrations is 8.32 × 10-5 M2.  Use of 

Fig. F11 and the total orthophosphate concentration yields a pH of 6.6, the pH below 
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which struvite should not precipitate.  Application of the safety factor (0.3 pH units) leads 

to a target pH of 6.3.   

2. Estimate mineral alkalinity from the titration curve (Fig. F12). The mineral 

alkalinity is estimated as the concentration of strong acid required to exhaust the 

buffering capacity of the centrate—indicated by arrow in Fig. F12. The estimated mineral 

alkalinity is 0.045 M, which is nearly the value determined from fitting the titration 

model (Table F5). 

3. Identify potential system designs—CO2 partial pressure and blend ratio (Fig. 

F13).  Finally, the target pH and mineral alkalinity are used with Fig. F13 to identify 

potential system designs. Fig. F13 was generated by the mixing model for a target pH of 

6.3; design curves for other centrate-specific targets are provided in the Supplemental 

Data (Figs. F15-F25).  The mineral alkalinity is located on the horizontal in the top and 

bottom portions of Fig. F13.  From the lower figure, it is evident that 0.045 mol/L of CO2 

must be added per liter of centrate to reach the target pH.  This can be achieved using 

various combinations of PCO2 and blending ratio, as indicated by the white line in the top 

portion of Fig. F13. When PCO2 equals 101 kPa (1 atm), for example, injection of CO2 

under atmospheric pressure will achieve the target pH if all the centrate is fed through the 

CSTR. However, this may lead to an unacceptably large feed tank volume or footprint to 

achieve a residence time of 100 minutes, so smaller blending ratios may be desired.  The 

CSTR volume can be reduced by half by decreasing the blending ratio to 0.5.  In this 

case, a pressure of 250 kPa in the feed tank is required to reach the target pH.  Further 

economic optimization and analysis of safety considerations are necessary to decide 

among the alternatives identified.  
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Fig. F12. Tres Rios centrate titration curve.  Arrow estimates mineral alkalinity from the 
point at which the alkalinity is exhausted. 
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identified by the centrate flow rate.  However, note that this CO2 flow rate represents the 

amount of CO2 that must be transferred to the fluid to reach the target pH.  This may be  

 

Fig. F13. Top: Contours of CO2 pressure (kPa) required to reach a target pH of 6.3 as a 
function of mixing ratio and mineral alkalinity.  The line indicates possible design 

alternatives for Tucson centrate. 
Bottom: CO2 addition required to reach a target pH of 6.3 as a function of mineral 

alkalinity. Arrows indicate CO2 requirement for Tucson centrate. 
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less than the amount of CO2 that flows through the CSTR, as some CO2 may fail to 

dissolve and escape the CSTR.  For example, the CO2 required to reach the target pH 

determined from Fig. F13 is 0.045 M.  However, during the pilot experiment 0.057 moles 

of CO2 were applied per liter of solution fed into the CSTR.  This implies that about 79% 

of the CO2 applied was absorbed; the remaining 21% was vented to the atmosphere or 

accumulated in the headspace.  It follows that the value determined using the universal 

design curve should be divided by 0.79 (in this case) to estimate the mass of CO2 to be 

applied.  Note, however, that the amount of gas that dissolves is a function of gas flow 

rate, bubble size, fluid properties, and reactor configuration.  Additional studies are 

needed to understand mass transfer effects in detail. 

 

 Conclusion 

Bench and pilot-scale experiments conducted in this study demonstrate the 

feasibility of using carbon dioxide for struvite management.  First, an equilibrium model 

was developed and used to (i) demonstrate that struvite is the mineral most likely to form 

under chemical conditions downstream from anaerobic sludge dewatering operations and 

(ii) identify the pH below which precipitation is prevented.  As inputs, the model requires 

the concentrations of struvite components in, for example, digester centrate.  Next, 

equilibrium models were developed to predict the pH in centrate as a function of the 

strong acid (titration) or carbon dioxide added to solution.  The models were validated 

using experimental data from several locations.  It was shown that (i) CO2 injection into 

centrate can produce pH values low enough to prevent struvite formation and (ii) pH can 

be predicted from the mineral alkalinity (titration data) alone.   
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A pilot study was conducted to evaluate alternatives for implementation of a CO2 

struvite prevention system.  Injection of gaseous CO2 resulted in a slow pH change that 

left long distances of pipe unprotected.  However, by mixing streams of centrate pre-

treated with CO2 with untreated centrate, scale formation can be prevented immediately 

below the mixing point.  The equilibrium model validated via bench studies was used to 

model the aqueous injection pilot system and validated using experimental data.  Finally, 

the model was used to develop a user-friendly, three-step design protocol for a CO2 

struvite prevention system that depends only on conveniently measured water quality 

parameters.  

Several aspects of this study require further investigation.  First, the effect of trace 

gases present in residual biogas deserves attention.  This study considered only injection 

of pure CO2.  While this is a close approximation of residual biogas after methane 

separation, which is at least 97% CO2 [26], additional work is needed to investigate 

nuisance and/or safety considerations arising from trace gases present in biogas, 

including hydrogen sulfide and methane.  These compounds are not expected to 

negatively affect process chemistry.  Hydrogen sulfide has a pKa1 around 7 [89], so it 

may become partially deprotonated in water, lowering the pH more than carbon dioxide 

alone.  The effect is expected to be nominal.  Methane is poorly soluble in water and 

should not impact the process chemistry.  However, both gases pose health and safety 

risks that should be evaluated carefully. 

Finally, additional work is needed to model the kinetics of CO2 dissolution at the 

pilot scale.  Pilot-scale experiments conducted here reached equilibrium at the outlet of a 

CSTR with a residence time of 100 min.  However, the effect of reactor dimension and 
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bubble size is unknown.  Understanding the effect of these parameters on the kinetics of 

CO2 dissolution could support optimal residence time selection and more precise 

calculation of both (i) the fraction of CO2 that is transferred during sparging and (ii) 

system cost. 
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 Supplemental Data 

F7.1. Activity Calculation 

As described in the models in the main text and elaborated upon here, activities of 

relevant compounds are calculated using the methods described below.  Activity of any 

compound A may be calculated as a function of concentration and activity coefficient, gA, 

as in Eq. F12.  

 A =γA A  (F12) 

 

Activity coefficients were calculated using the Davies equation, as shown in Eq. 

F13 [23]. 
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log10 γA =-0.509zA

2 I
1+ I

-0.3I  
(F13) 

 

I is the ionic strength of the solution and zA is the valence of compound A.  Eq. 

F13 can be rewritten as Eq. F14. 

 γA=γzA
2
 (F14) 

 

g, which is only a function of the ionic strength of the solution and a constant for 

all compounds, is given by Eq. F14. 

 
γ=10

-0.509 I
1+ I

-0.3I
 

(F15) 

 

Eq. F14 was substituted into Eq. F12 to develop a convenient relationship 

between activity, concentration, valence, and solution ionic strength, shown in Eq. F16.  

This equation was used in models described subsequently. 

 A =γzA
2

A  (F16) 

 

F7.2. Precipitation Modeling Methods 

As described in the main text, a model was developed to predict precipitation of 

various minerals in centrate.  Equilibrium reactions considered are listed in Table F1 in 

the main text.  Mass balances were performed and used to calculate the concentration of 

relevant species as a function of pH.  Mass balances on ammonia, phosphate, and 

magnesium are given in Eqs. F17-F19. 
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 TotNH3= NH4
+ + NH3  (F17) 

 TotPO4= H3PO4 + H2PO4
- + HPO4

2- + PO4
3- + MgPO4

-  

+ MgHPO4 + MgH2PO4
+  

(F18) 

 TotMg= Mg2+ + MgOH+ + MgPO4
- + MgHPO4 + MgH2PO4

+  (F19) 

 

Activities in equilibrium constant definitions were replaced with concentrations 

using Eq. F16 and solved to express all components in terms of [NH4
+], [H3PO4], and 

[Mg2+].  The results are shown in Eqs. F20-F27. 

 NH3 =
KN

H+ NH4
+  (F20) 

 H2PO4
- =

KP1

γ2 H+ H3PO4  (F21) 

 HPO4
2- =

KP1KP2

γ6 H+ 2 H3PO4  (F22) 

 PO4
3- =

KP1KP2KP3

γ12 H+ 3 H3PO4  (F23) 

 MgPO4
- =

KP1KP2KP3

KMg7�~ H+ 3 Mg2+ H3PO4  (F24) 

 
MgHPO4 =

γ2KP1KP2

KMgH7�~ H+ 2 Mg2+ H3PO4  
(F25) 

 
MgH2PO4

+ =
γ2KP1

KMg({7�~ H+ Mg2+ H3PO4  
(F26) 

 
MgOH+ =

γ2 OH-

KMgOH
Mg2+  

(F27) 
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Eqs. F20-F27 were substituted into Eqs. F17-F19 and solved for [NH4
+], 

[H3PO4], and [Mg2+], respectively.  The results are shown in Eqs. F28-F30. 

 NH4
+ =

TotNH3

1+ KN
H+

 (F28) 

 H3PO4 =
TotPO4

1+ KP1
γ2 H+ + KP1KP2

γ6 H+ 2 + KP1KP2KP3

γ12 H+ 3 +

KP1KP2KP3

KMg7�~ H+ 3 +
γ2KP1KP2

KMgH7�~ H+ 2 +
γ2KP1

KMg({7�~ H+ Mg2+

 (F29) 

 Mg2+ =
TotMg

1+ γ
2 OH-

KMgOH
+ KP1KP2KP3

KMg7�~ H+ 3 +
γ2KP1KP2

KMgH7�~ H+ 2 +
γ2KP1

KMg({7�~ H+ H3PO4

 (F30) 

 

Eq. F28 was solved directly for [NH4
+]. Eqs. F29 and F30 were solved 

simultaneously for [H3PO4], and [Mg2+].  The possibility of precipitation of four 

different minerals was considered.  The minerals and their dissolution reactions are listed 

in Table F2. The supersaturation index (SI), defined in Eq. F1 in the main text, was 

calculated as a function pH and solution composition.  Solubility products were 

substituted into Eq. F1 and activities were replaced with concentrations, again using Eq. 

F16.  The results are shown in Eqs. F31-F34. 

 
SIStruvite=

γ14 Mg2+ NH4
+ PO4

3-

Ksp,Struvite
 

(F31) 

 
SIMgOH2=

γ6 Mg2+ OH- 2

Ksp,Mg�({
 

(F32) 

 
SIMgHPO4=

γ8 Mg2+ HPO4
2-

Ksp,MgH7�~
 

(F33) 
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SIMg3(PO4)2=

γ30 Mg2+ 3
PO4

3- 2

Ksp,l��(7�~){
 

(F34) 

 

As described in the main text, SI was plotted as a function of pH for each mineral.  

The mineral with the largest SI value in the pH range of interest was considered most 

likely to form.  Additionally, a target pH was identified for which mineral precipitation 

was not expected. 

F7.3. Titration Modeling Methods 

An equilibrium model was developed to predict the steady state behavior of 

centrate upon the addition of a strong acid, as described in the main text. The activity was 

substituted into equilibrium constants to develop equilibrium relationships in terms of 

concentration instead of activity (Eqs. F35 – F38). 

 kc CO2 =k-c H2CO3  (F35) 

 
KC1=

γ2 HCO3
- H+

H2CO3
 

(F36) 

 
KC2=

γ4 CO3
2- H+

HCO3
-  

(F37) 

 KW=γ2 H+ OH-  (F38)	

 

For the solution to maintain electroneutrality, a charge balance must be satisfied 

at each point in the titration. This is represented by Eq. F39. 

 H+ + cB = HCO3
- +2 CO3

2- + OH- + cA+[Cl-]Added (F39) 
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ScB represents the summed concentrations of all strong base cations, ScA 

represents all strong acid anions in the original solution, and [Cl-]Added is the molar 

concentration of strong acid added to reach respective points on the titration curve.  The 

titration curve is represented in terms of pH vs. [Cl-]Added. Note that the composition of 

the centrate is unknown, so ScB, ScA, and the total amount of carbonate are not known 

initially.  The total amount of carbonate may be expressed as a mass balances on 

carbonate, shown in Eq. F40. 

 TotCO3= CO2 + H2CO3 + HCO3
- + CO3

2-  (F40) 

 

TotCO3 represents the total concentration of carbonate in the solution in mol/L.  It 

is assumed to be constant throughout the titration and is treated as a fitted parameter.  The 

compounds appearing in Eq. F40 were put in terms of [H2CO3] using the Eqs. F35 

through F38.  The results are summarized below (Eqs. F41 through F43). 

 CO2 =
k-c

kc
H2CO3  (F41) 

 HCO3
- =

KC1

γ2 H+ H2CO3  (F42) 

 CO3
2- =

KC1KC2

γ6 H+ 2 H2CO3  (F43) 

 

Eqs. F41 through F43 were substituted into Eq. F40, which was solved for 

[H2CO3] (Eq. F44). 

 H2CO3 =
TotCO3

k-c
kc

+1+ KC1
γ2 H+ + KC1KC2

γ6 H+ 2

 (F44) 
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Eq. F44 was substituted in Eqs. F42 and F43, which were substituted into Eq. 

F39.  Eq. F38 was solved for [OH-] and substituted into Eq. F39 as well.  The resulting 

equation was rearranged to Eq. F45 to express [Cl-]Added as a function of [H+], 

thermodynamic constants, bulk properties of the solution (TotCO3 and ScB - ScA). 

 [Cl-]Added= H+ + cB - cA - 

KC1

γ2 H+ +2
KC1KC2

γ6 H+ 2
TotCO3

k-c
kc

+1+ KC1
γ2 H+ + KC1KC2

γ6 H+ 2

-
KW

γ2 H+  

(F45) 

 

g, which is a function of ionic strength, is given by Eq. F15.  The ionic strength at 

each point in the titration curve is represented by Eq. F46. 

 I=0.5 cB+ cA + HCO3
- +4 CO3

2- + H+ + OH- +[Cl-]Added  (F46) 

 

As before, [HCO3
-] and [CO3

2-] are given by Eqs. F42, F43, and F44, and [OH-] 

is given by Eq. F38.  Eq. F46 was substituted into Eq. F15.  For each point in the titration 

curve, Eqs. F15 and F45 were solved simultaneously for [Cl-]Added and g.  Note that, in 

this model, the dependent and independent variables (pH and [Cl-]Added) are switched for 

mathematical simplicity. Values of TotCO3 and ScB - ScA were selected to best fit the 

titration curve.   

Note that the ionic strength (Eq. F46) is difficult to calculate; ScB - ScA is selected, 

but ScB + ScA is not known.  However, the conductivity measured prior to the titration 

may be used to calculate the initial ionic strength, as in Eq. F47 [88]. 
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 I=0.0160*Conductivity (F47) 

 

Conductivity is given in mS/cm and I is given in M.  This value was calculated 

and substituted into Eq. F46.  Eq. F46 was solved for ScB + ScA.  ScB + ScA was assumed 

to be constant throughout the titration, and was used in Eq. F46 to calculate activities and 

concentrations in the titration model.   

F7.4. Elevated Pressure CO2 Injection Equilibrium Model 

An equilibrium model was developed to predict the steady state pH upon the 

injection of CO2 at elevated pressures, as described in the methods section in the main 

manuscript.  A charge balance is given by Eq. F48. 

 H+ + cB = HCO3
- +2 CO3

2- + OH- + cA (F48) 

 

As in the titration curve model, ScB represents the summed concentrations of all 

strong base cations, ScA represents all strong acid anions in the original solution. The 

value of ScB - ScA was determined by fitting the titration curve and may be used here to 

predict the steady state pH under CO2 injection.  At equilibrium, the aqueous carbon 

dioxide concentration may be calculated as a function of pressure using Henry’s Law as 

shown in Eq. F49. 

 CO2 =
PCO2

Hc
 (F49) 

 

Hc is Henry’s Law constant for carbon dioxide was calculated as a function of 

temperature (in K).  It is given by Eq. F50 in the units of atm/M [92].   
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 HC=
1

0.034e2400 1
T	-	

1
298.15

 (F50) 

 

Eq. F49 may be substituted into Eq. F41 and solved for [H2CO3], yielding Eq. 

F51. 

H2CO3 =
kc

k-c

PCO2

Hc
 (F51) 

 

Eq. F51 was substituted into Eqs. F42 and F43 to yield Eqs. F52 and F53. 

HCO3
- =

KC1

γ2 H+
kc

k-c

PCO2

Hc
 (F52) 

CO3
2- =

KC1KC2

γ6 H+ 2
kc

k-c

PCO2

Hc
 (F53) 

 

Eqs. F52 and F53 were substituted into Eq. F48 to yield Eq. F54. 

 
H+ + cB =

KC1

γ2 H+ +2
KC1KC2

γ6 H+ 2
kc

k-c

PCO2

Hc
+

KW

γ2 H+ + cA 
(F54) 

 

As in the titration curve model, Eqs. F54 and F15 were solved simultaneously to 

determine the steady state pH as a function of the applied pressure of CO2. 

F7.5. Steady State Model for CO2 Injection in a Continuous Reactor 

A model was developed to predict the steady state pH upon the injection of 

carbon dioxide into centrate in a CSTR.  Mass balances on CO2, H2CO3, HCO3
-, and 

CO3
2- give Eqs. F55 through F58 below.  Note that all are equal to zero because the 

reactor is at steady state. 
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 d[CO2]
dt

=
Ql
V

[CO2]in-[CO2] -kc CO2 +k-c H2CO3 =0 
(F55) 

 d[H2CO3]
dt

=
Ql
V

[H2CO3]in-[H2CO3] +kc CO2 -k-c H2CO3 - 

k1 H2CO3 +k-1 HCO3
- H+ =0 

(F56) 

 d[HCO3
- ]

dt
=

Ql
V

[HCO3
- ]in-[HCO3

- ] +k1 H2CO3 -k-1 HCO3
- H+ − 

k2 HCO3
- +k-2 CO3

2- [H+] =0 

(F57) 

 d[CO3
2-]

dt
=

Ql
V

[CO3
2-]in-[CO3

2-] +k2 HCO3
- +k-2 CO3

2- H+ =0 
(F58) 

 

It was assumed that the carbon dioxide concentration may be calculated from 

Henry’s Law.  Eqs. F56 to F58 were added and [HCO3
-] and [CO3

2-] were substituted 

using Eqs. F42 and F43 to yield Eq. F59. 

  0 = ��
�
[𝐻o𝐶𝑂�]8= +

���
�{ (� ��

𝐻o𝐶𝑂� 8= +
��{���
��[(�]��

{ 𝐻o𝐶𝑂� 8= −

𝐻o𝐶𝑂� −	 ���
�{ (�

[𝐻o𝐶𝑂�] −
�����{
�� (� { 	[𝐻o𝐶𝑂�] + 𝑘\ 𝐶𝑂o − 𝑘�\ 𝐻o𝐶𝑂�  

(F59) 

 

A charge balance is given in Eq. F60.  Eqs. F15, F55, F59, and F60 were solved 

simultaneously to calculate the steady state pH at the outlet of the CSTR. 

 
0= H+ + cB- cA -

KC1

γ2 H+ +2
KC1KC2

γ6 H+ 2 [H2CO3]-
KW

γ2 H+  
(F60) 
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F7.6. Pilot Design 

 

Fig. F14. Detailed schematic of pilot plant. 
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F7.7. Design Curves for Various Target pHs 

 

Fig. F15. Design curve for target pH of 6.0.  Contours show PCO2 (kPa). 
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Fig. F16. Design curve for target pH of 6.1. Contours show PCO2 (kPa). 
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Fig. F17. Design curve for target pH of 6.2. Contours show PCO2 (kPa). 
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Fig. F18. Design curve for target pH of 6.3. Contours show PCO2 (kPa). 
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Fig. F19. Design curve for target pH of 6.4. Contours show PCO2 (kPa). 
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Fig. F20. Design curve for target pH of 6.5. Contours show PCO2 (kPa). 
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Fig. F21. Design curve for target pH of 6.6. Contours show PCO2 (kPa). 
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Fig. F22. Design curve for target pH of 6.7. Contours show PCO2 (kPa). 
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Fig. F23. Design curve for target pH of 6.8. Contours show PCO2 (kPa). 
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Fig. F24. Design curve for target pH of 6.9. Contours show PCO2 (kPa). 
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Fig. F25. Design curve for target pH of 7.0. Contours show PCO2 (kPa). 
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APPENDIX G 

REMOVAL OF DISSOLVED SILICA USING CALCINED 

HYDROTALCITE IN REAL-LIFE APPLICATIONS 

 

Sarah E. Moore1, Koroush Sasan1, Patrick V. Brady2, James L. Krumhansl3, Tina M. 

Nenoff4 

 

1 Nanoscale Sciences Department, 2 Advanced Nuclear Energy Program, 3 Geosciences 

(retired), 4 Physical Chemical and Nano Sciences Center 

Sandia National Laboratories 

P. O. Box 5800 

Albuquerque, New Mexico  87185-MS1415 

 

Abstract 

Water shortages are a growing global problem. Reclamation of industrial and 

municipal wastewater will be necessary in order to mitigate water scarcity. However, 

many operational challenges, such as silica scaling, prevent large scale water reuse. 

Previously, our team at Sandia has demonstrated the use of selective ion exchange 

materials, such as calcined hydrotalcite (HTC, (Mg6Al2(OH)16(CO3)•4H2O)), for the low 

cost removal of silica from synthetic cooling tower water. However, it is not currently 

known if calcined HTC has similar capabilities in realistic applications.  

The purpose of this study was to investigate the ability of calcined HTC to 

remove silica from real cooling tower water. This was investigated under both batch and 
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continuous conditions, and in the presence of competing ions. It was determined that 

calcined HTC behaved similarly in real and synthetic cooling tower water; the HTC is 

highly selective for the silica even in the presence of competing cations. Therefore, the 

data concludes that calcined HTC is a viable anti-scaling pretreatment for the reuse of 

industrial wastewaters.  

 

G1. Introduction 

Water shortages are a growing global problem.  Currently, nearly three billion 

people are impacted by water scarcity [39]; this number is expected to grow to five 

billion in the next two decades [3].  One proposed solution to mitigate water scarcity is 

the treatment and reuse of domestic and industrial wastewaters [34].  While these waters 

can often be treated to potable standards, there are many operational challenges in these 

treatment schemes that prevent wide-scale adoption of wastewater recycling or direct 

potable reuse.  One such operational issue is scaling associated with waters high in silica, 

which is ubiquitous in industrial wastewaters, such as waters recycled from cooling 

towers in power plants [35].  Low-cost silica removal pretreatments are needed to prevent 

silica scaling and facilitate water reuse. 

Previous studies have demonstrated the efficacy and economy of using various 

ion exchange materials to remove silica [36-38].  Sasan, et al. [36] studied hydrotalcite 

(HTC) as a selective and regenerable material for the removal of silica from cooling 

water.  This study demonstrated that calcined HTC can remove greater than 95% of silica 

for several regeneration cycles, and that exchange sites responsible for removing silica 

were not affected by the presence of competing ions, including sulfate and chloride.  
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However, all experiments in this study were performed with synthetic cooling tower 

water.  It is unknown if synthetic cooling tower water behaves comparably to real cooling 

tower water.  As shown in Table G1, the cooling tower water used in this study is 

different from the synthetic cooling tower water used in [36].   Further studies are needed 

to investigate if HTC is a viable ion exchange material for removing silica for real 

wastewaters. The objective of this study is to study is to investigate the ability of calcined 

HTC to remove silica from wastewater under real-life applications. 

Table G1. Characteristic of synthetic cooling tower water used in [36] and real cooling 
tower water used in this study. 

Species Synthetic Cooling 

Tower Water [36] 

Cooling Tower 

Water (this study) 

SiO2 50 ppm 111 ppm 

Cl- 4700 ppm 80 ppm 

SO4
2- 156 ppm 132 ppm 

 

G2. Methods 

G2.1. Calcination 

HTC was calcined by maintaining commercial HTC (from Sigma Aldrich) at 550 

oC for two hours [93].  The calcination process increases the surface area for ion 

exchange by causing a collapse in the crystal structure and reducing the crystal size [94].  

This greatly improves the efficacy for removing silica [36].  

G2.2. Batch Experiments 

Batch experiments were conducted by mixing various amounts of calcined HTC 

with 50 mL of cooling tower water.  In some experiments, the cooling tower water was 
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spiked with competing ions.  Characteristics of the cooling tower water are shown in 

Table G1. 

The HTC/cooling tower water mixture was shaken overnight to allow for ion 

exchange.  The slurry was centrifuged, and the pH and silica concentration were 

measured for the treated supernatant and untreated cooling tower water.  The remaining 

HTC was dried and the FTIR spectrum measured.  Characterization methods are 

described below. 

Two classes of batch experiments were conducted.  In the first, various masses of 

calcined HTC were mixed with 50 mL of cooling tower water in order to determine the 

ion exchange capacity in real-life applications.  In the second, cooling tower water was 

spiked with various concentrations of salts prior to addition of calcined HTC.  The 

purpose of these experiments was to determine if HTC can selectively remove silica, or if 

the presence of competing ions interfere with silica removal.  Competing ions tested 

included nitrate (from NaNO3), chloride (from NaCl), and sulfate (from Na2SO4).  

G2.3. Column Experiments 

A column experiment was conducted in order to investigate the ability of HTC to 

remove silica over an extended time scale.  500 mg of calcined HTC was added to an ion 

exchange column, as shown in Fig. G1.  Cooling tower water was pumped through the 

column at a flow rate of approximately 0.2 mL/min.  The column was constructed from a 

1 mL pipet tip, so the empty bed residence time was approximately 5 minutes.  A filter 

was added to the column exit in order to separate any HTC exiting with the water. 10 mL 

samples were collected over the course of one hour for a total of six hours.  The pH and 

silica concentration of each sample were measured.  
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Fig. G1. Process flow diagram for column experiments. 
 

G2.4. Characterization 

The experiments described above were characterized by measuring the pH and 

silica concentration in treated waters, and the Fourier-transform infrared (FTIR) spectrum 

of the HTC.  The pH was measured using a Thermo Scientific Orion 4Star pH meter and 

the FTIR spectrum was measured using a Thermo Scientific NiColet iS10 infrared 

spectrophotometer.  The silica concentration was measured following the Hach 

silicomolybdate method for measurement of high range silica using a Hack DR1900 

spectrophotometer. 

 

G3. Results and Discussion 

G3.1. Material Characterization 

Commercial HTC was calcined; the FTIR spectrum of HTC was measured before 

and after calcination.  As shown in Fig. G2, the calcination process greatly reduces the 
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intensity of peaks associated with carbonate and hydroxyl groups.  This is indication of 

the dehydration and removal of carbonate that occurs during the calcination process, as 

previously reported [36]. 

The FTIR spectrum of dried HTC was also measured after batch experiments, 

reported below.  During the ion exchange process, the calcined HTC returns to its 

original structure, as evidenced by the recurrence of the carbonate and hydroxyl peaks, as 

previously reported [95]. 

 

Fig. G2.  FTIR spectra for commercial HTC, calcined HTC, and dried HTC after ion 
exchange experiments were conducted.  Note the disappearance of the carbonate and 

hydroxyl peaks after calcination, and their reappearance after ion exchange. 
 

G3.2. Batch Experiments 

First, a batch experiment was performed in order to investigate the effect of HTC 

concentration on the removal of silica from cooling tower water.  The silica concentration  
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Fig. G3. Percent silica removal (left) and pH (right) for several masses of calcined HTC.  
The HTC was mixed with 50 mL of cooling tower water and shaken overnight.  The 

slurry was centrifuged and the silica concentration measured.  The concentration of silica 
in the untreated cooling tower water was 111 ppm and the pH was 9.103. 

   

and pH of the resultant supernatant were measured and are shown in Fig. G3.   

As expected, the silica removal increased with the mass of HTC added until most 

of the silica was removed.  This occurred around 100 mg of HTC.  The pH also increased 

with the addition of HTC. 

Additionally, batch experiments were conducted in order to evaluate the 

selectivity of HTC for silica removal by adding various concentrations of several 

competing ions, shown in Fig. G4. As the concentration of the competing ion increases, 

the percent removal modestly decreases.  This demonstrates that competing ions have a 

small effect on silica removal by HTC, but only for concentrations an order of magnitude 

higher than silica concentrations.  This demonstrates that HTC can selectively remove 

silica from cooling tower water.  The pH was also measured during the competing ion 

experiments.  As expected, the presence of competing ions had a negligible effect on the  
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 Fig. G4. Percent silica removal (left) and pH (right) for several concentrations of 
competing ions, including nitrate, chloride, and sulfate.  50 mL of cooling tower water 
was spiked with each ion, mixed with 100 mg of calcined HTC, and shaken overnight.  

The slurry was centrifuged and the silica concentration measured.  The concentration of 
silica in the untreated cooling tower water was 111 ppm and the pH was 9.103. 

  

Fig. G5. Percent removal of silica (left) and outlet pH (right)  as a function of time in a 
continuous packed bed reactor.  The silica concentration of the cooling tower water fed 

into the reactor was 111 ppm and the pH was 9.103. 
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pH of the solution. 

G3.3. Column Experiment 

A column experiment was performed in order to investigate the ability of HTC to 

remove silica under continuous operation.  Results are shown in Fig. G5.  The column 

was able to remove greater than 96% of silica for a period of six hours. 

G3.4. Comparison to Synthetic Cooling Tower Water 

The data from experiments conducted with real cooling tower water, presented 

here, compare well to those conducted with synthetic cooling tower water, presented in 

[36].  Qualitatively, the trends were the same.  Silica removal increased with increasing 

masses of calcined HTC until approximately 96% of the silica was removed.  Sasan, et al. 

also reported similar trends for silica removal in the presence of competing ions.  They 

reported that silica removal decreased slightly in the presence of chloride ions, and 

slightly more in the presence of sulfate ions; the same trends are observed here. 

Quantitative comparison between the data presented here and in [36] is 

challenging because the silica concentration in cooling tower water is more than twice 

that used in the synthetic cooling tower water.  However, a comparison may be made by 

calculating the silica adsorption capacity.  The silica adsorption capacity is defined as the 

mass of silica removed from solution to the mass of calcined HTC used for silica 

removal.  The silica adsorption capacity was calculated for each data point in Fig. G3 and 

for the comparable data presented in [36].  The average silica adsorption capacities for 

removing silica from real cooling tower water and synthetic cooling tower water were 

0.0739 and 0.0633 respectively.  These figures are 14.3% different, so it can be 
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concluded that the synthetic cooling tower water used in [36] is a good approximation of 

real cooling tower water for studying silica removal. 

 

G4. Conclusion 

The efficacy of calcined HTC in removing silica from cooling tower water was 

investigated and compared to similar experiments conducted with synthetic cooling tower 

water.  It was found that calcined HTC behaves similarly in synthetic and real 

wastewaters in its ability to remove silica.  Therefore, it can be concluded that calcined 

HTC is a viable low cost technology for removing silica from wastewater in real-life 

applications.  Such technology is necessary to prevent processing issues associated with 

reuse of industrial wastewater in order to facilitate development of a sustainable water 

source.  
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NOMENCLATURE 

 

A = Antoine’s constant, A; 

[A] = Concentration of any compound A; 

{A} = Activity of any compound A; 

Acond = Condenser heat exchange area (m2); 

Ahx = Heat exchanger area (m2); 

Apv = Area of PV panels (m2); 

Atank = Hot water tank surface area (m2); 

Ath = Area of thermal collectors (m2); 

a = Site altitude (m); 

   = (in Appendix F) Stoichiometric coefficient; 

B = Antoine’s constant, B; 

C = Antoine’s constant, C; 

CFail = Battery cycles to failure; 

Costblower = Cost of blower ($); 

CostChiller = Cost of chiller ($); 

Costcondenser = Cost of condenser ($); 

Costhwpump = Cost of hot water pump ($); 

c = Amortized cost of water ($/m3); 

cin = Concentration of dissolved species in the inlet (mol/L); 

cout = Concentration of dissolved species in the outlet (mol/L); 

cp = Concentration of dissolved species in the permeate (mol/L); 
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cpi = Heat capacity of fluid i (J/[kg K]); 

cpw = Heat capacity of water (J/[kg K]); 

DOD = Depth of discharge; 

dhi = Hydraulic diameter of piping containing fluid i (m); 

E = Energy contained in hot water tank (J); 

EELHT = Rate of environmental heat losses through the hot water tank (W); 

EHWi = Rate of energy entering hot tank through hot water entering tank (W); 

EHWo = Rate of energy leaving hot tank through hot water exiting tank (W); 

EMAX = Maximum battery bank capacity (A h); 

EMW = Rate of energy entering hot tank through makeup water entering tank (W); 

ETH = Rate of solar thermal energy entering hot tank (W); 

FC = Fixed annual costs ($); 

ffi = Friction factor for fluid i; 

Gcd = Clear sky diffuse solar irradiation (W/m2); 

Gcnb = Clear sky normal beam solar irradiation (W/m2); 

Gon = Extraterrestrial solar irradiation (W/m2); 

Gsc = Solar constant (W/m2); 

Hacond = Air head loss through the condenser (Pa); 

Hamod = Air head loss through the module (Pa); 

Hapipe = Air head loss through piping containing individual flow (Pa); 

HaTOT = Total air head loss (Pa); 

HaTpipe = Air head loss through piping containing total flow (Pa); 

Hc = Henry’s Law Constant (atm/M); 
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Hcwcond = Cooling water head loss through condenser (Pa); 

HcwTOT = Total cooling water head loss (Pa); 

HgTOT
 = Total glycol head loss (Pa); 

HgTpipe
 = Glycol head loss through piping (Pa); 

Hhwmod = Hot water head loss through module (Pa); 

Hhwpipe = Hot water head loss through piping containing individual flow (Pa); 

HhwTOT = Total hot water head loss (Pa); 

Hipipe = Piping head loss for fluid i (Pa); 

HiTOT = Total head loss for fluid i (Pa); 

Hmod  = Module head loss for RO system (Pa); 

Hpipe = Piping head loss for RO piping containing individual flow (Pa); 

HTpipe = Piping head loss for RO piping containing total flow (Pa); 

HTOT = Total brine head loss in RO system (Pa); 

hAIR = Individual heat transfer coefficient for the air side of the condenser (W/[m2 oC]); 

hCW = Individual heat transfer coefficient for the cooling water side of the condenser 

(W/[m2 oC]); 

hi = Individual heat transfer coefficient, fluid i (W/[m2 oC]); 

I = Average battery current (A); 

  = (in Appendix F)  Ionic strength; 

i = Interest rate; 

KC1 = First acid dissociation constant for H2CO3; 

KC2 = Second acid dissociation constant for H2CO3; 
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KMgH2PO4 = Equilibrium constant for the reaction MgH2PO4
+ « Mg2+ + H2PO4

-;  

KMgHPO4 = Equilibrium constant for the reaction MgHPO4 « Mg2+ + HPO4
2-;  

KMgOH = Equilibrium constant for the reaction MgOH+ « Mg2+ + OH-; 

KMgPO4 = Equilibrium constant for the reaction MgPO4
- « Mg2++ PO4

3-; 

KN = Acid dissociation constant for NH4
+; 

KP1 = First acid dissociation constant for H3PO4; 

KP2 = Second acid dissociation constant for H3PO4; 

KP3 = Third acid dissociation constant for H3PO4; 

Ksp,Mg3(PO4)2 = Solubility product for Mg3(PO4)2; 

Ksp,MgHPO4 = Solubility product for MgHPO4; 

Ksp,MgOH2 = Solubility product for MgOH2; 

Ksp,mineral = Solubility product for any mineral; 

Ksp,Struvite = Solubility product for struvite; 

KW = Acid dissociation constant for water; 

k-c = Reaction rate constant for H2CO3 « CO2 + H2O; 

kc = Reaction rate constant for CO2 + H2O « H2CO3; 

ki = Conductivity of fluid i (W/[m K]); 

kw = Wall conductivity (W/[m K]); 

Lloc = Longitude (degrees); 

Lpi = Length of pipe containing fluid i (m); 

Lst = Standard meridian of local time zone (degrees); 

Mair = Molecular weight of air (g/mol); 

Mw = Molecular weight of water (g/mol); 
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mi = Mass flow rate of fluid i (kg/s); 

mWC = Mass flow rate of liquid water condensed (kg/s); 

N = Plant Lifetime (years); 

Nbactual = Actual number of batteries; 

Nbideal = Ideal number of batteries; 

Nmod = Number of Membrane Modules; 

n = Day of the year (day); 

P* = Vapor pressure of water (atm); 

Papump = Air pump power (W); 

Pb = Battery power (W); 

PChill = Chiller power (W); 

PCO2 = CO2 pressure; 

Pcwpump = Cooling water pump power (W); 

Pdemand = Total power demand (W); 

Pgpump
 = Glycol pump power (W); 

Phwpump = Hot water pump power (W); 

Pipump = Pump power for fluid i (W); 

Ppv = Power produced by PV collectors (W); 

Ppv,u = Usable ower produced by PV collectors (W); 

PT = Total pressure (atm); 

Pth = Power produced by solar thermal collectors (W); 

Pth,u = Usable power produced by solar thermal collectors (W); 
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QAIR = Air flow rate through one module (L/min); 

QCW = Cooling water flow rate (L/min); 

Qd = Potable water demand (L/min); 

Qf = Final flow rate after mixing; 

QG = Glycol flow rate (L/min); 

QHW = Hot water flow rate through one module (L/min); 

QHWi = Flow rate of water entering the hot tank (leaving module) (L/min); 

QHWo = Flow rate of water leaving the hot tank (entering module) (L/min); 

Qi = Flow rate for fluid i (L/min); 

Qin = RO inlet flow rate (L/min); 

Ql = Flow rate of liquid through CSTR; 

QMW = Makeup water flow rate (L/min); 

QP = Permeate flow rate (L/min); 

QPC = Permeate carrier flow rate (L/min); 

QPi = Potable water flow rate entering the potable water storage tank (L/min); 

     = (in Appendix D) Permeate flow rate entering the heat exchanger (L/min); 

QTi = Average flow rate of brine (L/min); 

Qt = Flow rate of treated centrate (L/min); 

Qu = Flow rate of untreated centrate (L/min); 

q = Condenser heat duty (J); 

qChill = Heat extracted from chilled permeate carrier stream (W); 

R = Recovery; 

  = (in Appendix F) Blend ratio; 
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R’ = Ideal gas constant (atm L/[mol K]); 

Rei = Reynolds number for fluid i; 

r = Rejection; 

r0 = Climate modifier 0; 

r1 = Climate modifier 1; 

rk = Climate modifier k; 

S = Cross sectional area (m2); 

SOC = Battery state of charge; 

SI = Supersaturation index; 

SIMg3(PO4)2 = Supersaturation index for Mg3(PO4)2; 

SIMgHPO4 = Supersaturation index for MgHPO4; 

SIMgOH2 = Supersaturation index for MgOH2; 

SIStruvite = Temperature; 

s = Condenser spacing (m); 

T = Temperature (K); 

TAIRi = Temperature of air entering condenser (oC); 

TAIRo = Temperature of air exiting condenser (oC); 

Tamb = Ambient temperature (oC); 

Tb = Atmospheric transmittance; 

TCWi = Temperature of cooling water entering condenser (oC); 

TCWo = Temperature of cooling water exiting condenser (oC); 

Td = Ratio of diffuse radiation to actual solar radiation on the horizontal; 

THWi = Temperature of hot water entering hot tank (leaving module) (oC); 
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THWo = Temperature of hot water leaving hot tank (entering module) (oC); 

TMW = Temperature of makeup water (oC); 

TotCO3 = Total carbonate concentration; 

TotCO3,f = Total carbonate concentration in the final solution after mixing; 

TotCO3,u = Total carbonate concentration in the untreated centrate; 

TotMg = Total magnesium concentration; 

TotNH3 = Total ammonia concentration; 

TotPO4 = Total phosphate concentration; 

TPi = Temperature of permeate entering heat exchanger (oC); 

TPo = Temperature of permeate exiting heat exchanger (oC); 

Ttank = Temperature in hot tank (oC); 

t = Time (min); 

tdischarge = Battery discharge time (h); 

tend = System end time (min); 

tendwater = Water production end time (min); 

tnoon = Time between sunrise and noon or noon and sunset (min); 

tsol = Solar time (min); 

tst = Standard time (min); 

tstart = System start time (min); 

tstartwater = Water production start time (min); 

tsunrise = Time of sunrise (min); 

tsunset = Time of sunset (min); 

Ucond = Condenser overall heat transfer coefficient (W/[m2 oC]); 
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Uhx = Heat exchanger overall heat transfer coefficient (W/[m2 oC]); 

Utank = Hot water tank overall heat transfer coefficient (W/[m2 oC]); 

V = System voltage (V); 

  = (in Appendix F) Volume of the CSTR; 

VHT = Volume of hot water tank (L); 

VP = Volume of potable water stored (L); 

VPT = Volume of potable water storage tank (L); 

VR = Daily water production requirement (L); 

wCond = Condenser width (m); 

wi = Mass fraction of water vapor entering condenser; 

wo = Mass fraction of water vapor exiting condenser; 

x = Decision variable value; 

xmin = Minimum decision variable value accessible to the optimization algorithm; 

xmax = Maximum decision variable value accessible to the optimization algorithm; 

xguess = Guess at optimum decision variable value sent to the optimization algorithm; 

xopt = Optimal decision variable value; 

xW = Condenser wall thickness (m); 

zA = Valence of compound A; 

b = Solar collector slope (degrees); 

g = Solar collector surface azimuth angle (degrees); 

  = (in Appendix F) Generalized activity coefficient; 

gA = Activity coefficient of compound A; 

d = Declination angle of the sun to the plane of the equator (degrees); 
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DHvap = Heat of vaporization of water (kJ/kg); 

DP = Transmembrane pressure drop (atm); 

DT1 = Condenser temperature difference 1 (K); 

DT2 = Condenser temperature difference 2 (K); 

Dt = Time step (min); 

∆TL = Log mean temperature difference (K); 

Dx = Decision variable increment accessible to the optimization algorithm; 

Dp = Osmotic pressure difference (atm); 

hbcd = Battery charge/discharge efficiency; 

hGOR = Gained output ratio; 

hGOR,u = Gained output ratio, usable energy; 

hi = Efficiency of fluid i pump; 

hpv = Efficiency of PV collectors; 

htherm = Efficiency of solar thermal collectors; 

hth = Thermal efficiency; 

hth,u = Thermal efficiency, usable energy; 

qi = Angle of incidence between solar collector and sun (degrees); 

qz = Angle of incidence between site zenith and sun (degrees); 

µi = Viscosity of fluid i (Pa s); 

rAIR = Density of air (g/mL); 

ri = Density of fluid i (g/mL); 

rw = Density of water (g/mL); 
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ScA = Sum of concentrations of strong acid anions; 

ScB = Sum of concentrations of strong base cations. 

f = Latitude (degrees); 

w = Hour angle of the sun’s angular displacement of the local meridian (degrees); 
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