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Abstract 

Development of sustainable solar desalination modeling platforms and proposed applications in 

climate change scenarios in the US 

Zhuoran Zhang 

 

 Water demand in the United States is projected to increase by up to 140% by 2050 and 

220% by 2070 while climate change will reduce the availability of freshwater in large parts of 

the country. Climate change threatens existing freshwater supplies, increases drought severity, 

and destabilizes the water cycle.  About 44 percent of the U.S. is experiencing some level of 

drought with almost 10 percent under ñsevere to extreme drought.ò  Desalination technologies 

offer the potential to substantially reduce water scarcity by converting the almost inexhaustible 

supply of seawater and the apparently vast quantities of brackish groundwater into new sources 

of freshwater, although for inland regions the desalination brine management is a big roadblock 

for such applications, making zero-liquid-discharge (ZLD) desalination an important topic. 

This Thesis describes the development of desalination models and simulation platforms 

that integrate solar energy and water desalination technologies. Furthermore, the Thesis 

investigates the potential of desalination powered with renewable energy in alleviating projected 

water scarcity in specific regions. The modeling platform development uses solar generation 

techno-economic models from NRELôs SAM platform and desalination models from Plataforma 

Solar de Almeria (PSA) in Spain and Trevi Systems, enhancing the utility of these models by 

converting them in a Python open-access platform and verifying their results with comparisons 

with pilot plant and field data. Geographical information system (GIS) databases and tools were 

integrated with the process modeling platform and created a Solar Energy Desalination Analysis 



 

 

Tool (Sedat) for identifying and characterizing locations with strong prospects for solar-enabled 

desalination. In a subsequent stage of this research, desalination pretreatment models were 

integrated in the Water treatment Technoeconomic Assessment Platform (WaterTAP) in a joint 

project with the National Energy Laboratory (NREL) and New Mexico State University 

(NMSU).  In addition, this research culminated to a new model of multi-effect crystallization for 

ZLD applications and a US supply-demand analysis which is informed by IPCC projections of 

water scarcity. an innovative multi-component crystallization approach is proposed for 

desalination brine management, to greatly reduce the volume of brine and recover marketable 

salts. This approach incorporates a multi-effect crystallization system for sodium chloride (NaCl) 

recovery,  and a reactive crystallization process that selectively recovers magnesium (Mg) and 

calcium (Ca) salts.  The new model is used in conjunction with an enhanced reverse osmosis and 

a membrane distillation model operating in a batch mode, to  investigate the potential of 

renewable-energy-driven desalination with ZLD in response to dry and hot climate IPCC 

scenarios. This analysis was informed with established brackish water and consumption data 

layers and showed  that desalination using emerging technologies such as low-salt-rejection 

reverse osmosis (LSRRO), and batch membrane distillation (batch-MD), powered by mainly 

solar power, can sustainably satisfy projected, due to climate change, deficits in fresh-water 

supply and demand in the United States.  
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Chapter 1: Introduction  

1.1 Background 

Water scarcity is a critical global issue affecting billions of people, with significant 

economic, social, and environmental consequences. Growing populations, rapid urbanization, 

industrial expansion, and climate change-induced alterations in hydrological cycles have 

exacerbated water stress in many regions worldwide. Additionally, changing climate conditions 

alter agricultural water needs, energy production, and urban water consumption, leading to 

intensified stress on existing water infrastructure. The United States is no exception, facing 

increasing water demand alongside declining freshwater availability. Projections suggest that 

U.S. water demand could rise by up to 140% by 2050 and 220% by 2070 [1], while climate 

change intensifies drought severity and disrupts the hydrological balance. Currently, 

approximately 44% of the U.S. is experiencing some level of drought, with nearly 10% classified 

as "severe to extreme drought." [2] 

In response to these challenges, the integration of sustainable water management 

strategies, including desalination and water reuse, is increasingly necessary. Desalination is a key 

technological solution for addressing water scarcity, providing an alternative source of 

freshwater by processing seawater and brackish groundwater. However, the energy-intensive 

nature of traditional desalination methods such as multi-effect distillation (MED) and to a lesser 

degree reverse osmosis (RO), necessitates the exploration of renewable energy sources to power 

desalination processes while mitigating greenhouse gas emissions.  

The integration of renewable energy sources, particularly solar power, with desalination 

presents an opportunity to enhance sustainability, reduce operational costs, and lower 
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environmental impacts. Solar desalination technologies, including photovoltaic (PV)-driven 

reverse osmosis (RO) and solar thermal desalination using low temperature (60-90 C), have 

demonstrated potential in addressing freshwater shortages while mitigating carbon emissions. 

Nevertheless, widespread implementation of solar desalination requires robust modeling 

frameworks to optimize system design, assess economic feasibility, and evaluate performance 

under diverse climatic conditions.  

A roadblock for wide implementation of desalination especially in inland areas is brine 

management. Traditional desalination methods generate large volumes of concentrated brine, 

which require proper disposal or treatment to minimize environmental harm. The least expensive 

technology for brackish and seawater desalination is RO, however, RO produces large volumes 

of brine at concentrations of about 70-75 g/L of total dissolved solids (TDS). Conventional brine 

management such as deep well injection and evaporation ponds can be expensive and/or 

prohibitive depending on the local conditions.  

In these circumstances, zero-liquid-discharge (ZLD) desalination has emerged as a 

promising solution to this issue, aiming to recover freshwater while minimizing waste discharge. 

Mechanical vapor compression (MVC) brine concentrators and crystallizers are currently used in 

ZLD applications, but MVC concentrators are energy intensive and costly. New developments in 

membrane-based pressure-driven and thermal desalination technologies offer the potential to 

reduce the cost and environmental impact of treating brines and high-salinity industrial waters, 

especially when powered by low-cost solar electricity and solar and/or waste thermal energy. For 

example, Low-salt-rejection reverse osmosis (LSRRO), osmotically assisted reverse osmosis 

(OARO) and batch-operated vacuum-air-gap membrane distillation (batch V-AGMD) can 

produce potable water while concentrating brine within the range of 140-290 g/L TDS. [3] 
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In addition to increasing the water recovery with emerging technologies, valuable salt 

recovery can be achieved as the brine is concentrated and its volume is reduced. Multi -

component precipitation and crystallization, a critical aspect of ZLD, offer significant advantages 

in brine management by selectively recovering sodium (Na), magnesium (Mg) and calcium (Ca) 

compounds.  

To support the development and deployment of solar-powered desalination and ZLD 

technologies, robust modeling platforms are essential. This Thesis contributed in a major way in 

the development of the Solar Energy Desalination Analysis Tool (Sedat) and in enhancing the 

WaterTAP (Water treatment Technoeconomic Assessment Platform). Both modeling platforms 

offer a modular, Python-based environment for simulating and optimizing water treatment 

systems. They include detailed models for renewable energy harvesting and desalination 

processes. Sedat also includes geospatial databases for identifying the most suitable locations for 

solar powered desalination, and WaterTAP includes full process of pretreatment, desalination, 

brine concentration and crystallization. Both modeling platforms are open-source, and their use 

is unrestricted.  

In summary, this dissertation developed  an advanced modeling platform that integrates 

solar energy with desalination technologies to explore their feasibility, optimize performance, 

and analyze their potential applications under climate change scenarios. In addition to the 

multiple layers of mechanical and chemical engineering, economics, statistics and computer 

science that were used in this multi-faceted investigation,  this research developed a novel brine 

multi-component precipitation and crystallization pathway which significantly enhances ZLD 

desalination efficiency by recovering valuable salts while reducing waste volume. Furthermore, 

the new modeling platforms were used in  techno-economic assessments and geospatial analysis 
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to provide actionable insights into the viability of renewable-energy-driven desalination systems 

across different regions in the U.S. and Chile. 

1.2 Research objectives 

The primary objectives of this research are as follows: 

o Develop comprehensive techno-economic models for thermal desalination technologies 

as open-source libraries (Chapter 2) 

Approach: Develop physical and/or empirical models on Low-temperature Multi-effect 

Distillation (LT-MED), Multi -effect Distillation with Thermal Vapor Compressor (MED-

TVC), Multi -effect Distillation with Absorption Heat Pump (MED-AHP), VAGMD and 

Forward Osmosis (FO) technologies; validate model feasibility against pilot data or 

verified models; collect costing data for each technology from industrial and literature 

references and construct costing models. 

o Develop a comprehensive open-source modeling and simulation platform that integrates 

solar energy systems with desalination technologies to evaluate their techno-economic 

performance in actual conditions. (Chapter 2) 

Approach: Integrate desalination models with existing solar models from NREL SAM 

for techno-economic simulation of solar-powered desalination system; collect geographic 

datasets on solar energy resources, desalination plants, water bodies, power plants, grid 

electricity prices and so on for location-based analysis; design a friendly graphical user 

interface with interactive maps and solar-desalination technology specifications. 

o Investigate the performance of advanced desalination configurations and their 

applications in proposed desalination treatment trains towards ZLD. (Chapter 3) 

Approach: Incorporate LT-MED, MED-TVC, VAGMD, and FO model into WaterTAP 

platform and verify; develop process flowsheets to evaluate VAGMD in batch operation, 

hybrid MED and VAGMD in semi-batch operation, FO with thermal recovery and multi-
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effect evaporative crystallizer; leverage existing models on WaterTAP for ZLD 

desalination treatment design.  

o Investigate the feasibility of multi-component precipitation and crystallization for the 

dual purposes of brine volume minimization and valuable salt recovery, with detailed 

chemical species modeling of the selective precipitation of Mg and Ca. (Chapter 4) 

Approach: Develop and validate a multi-stage treatment train on the desalination brine 

based on experiment and simulation results from literature; identify two case studies of 

oil and gas (O&G) Produced water and brackish brine; select chemical models and 

databases for the target solution system; validate and verify the feasibility of selected 

models for the case studies; conduct modeling simulation on the proposed treatment 

trains for in each case study, and identify the optimal operating conditions for each stage.  

o Investigate the potential of solar desalination for alleviating water scarcity in various U.S. 

regions by leveraging geospatial data, climate projections, and solar-desalination models. 

Assess the feasibility of renewable-energy-driven desalination under different climate 

change scenarios outlined by the Intergovernmental Panel on Climate Change (IPCC), 

considering variations in water demand, energy availability, and cost projections. 

(Chapter 5) 

Approach: Collect and process available dataset on water demand projection and 

brackish groundwater (BGW) resources in the contiguous U.S. at county level; identify 

the water demand increase by 2050 and 2070 in target water use sectors and the 

availability of BGW as the potential water resource through desalination; quantify the 

techno-economic performance of the proposed renewable-energy-powered desalination 

process towards ZLD. 

 

1.3 Research contributions 

This dissertation contributes to the field of solar desalination, sustainable water resource 

management, and renewable energy integration in several key ways: 
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¶ Detailed techno-economic assessment of thermal desalination technologies including LT-

MED, MED-TVC, MED-AHP, VAGMD, VAGMD-batch and FO. With open-source 

datasets and platforms, both design- and simulation- oriented models have been 

developed, validated and verified against either pilot data or validated models, for the 

integration with renewable energy and other pre- and post-treatment processes.  

¶ Development of an advanced solar desalination modeling platform that unifies existing 

techno-economic models, enabling the location-based simulation and evaluation of 

various desalination configurations. 

¶ Conducted investigation of advanced desalination configurations on WaterTAP, an 

algebraic modeling platform for water treatment. System level optimization was enabled 

to explore the potential of technologies such as batch VAGMD, semi-batch LT-MED 

with VAGMD, state-of-art FO with thermal recovery and multi-effect evaporative 

crystallization. 

¶ Innovation in desalination brine management to simultaneously reduce brine volume and 

recovery valuable salts through the implementation of multi-stage chemical precipitation 

and multi-effect crystallization system designed to efficiently recover sodium chloride 

(NaCl) and selectively precipitate magnesium (Mg) and calcium (Ca) compounds. 

Detailed chemistry modeling on the solution system were conducted for O&G Produced 

Water and brackish desalination brine in two case studies.  

¶ Identification of the water scarcity issue in the US under IPCC scenarios and exploration 

of the brackish groundwater resources in the US as a potential solution to satisfy the 

water demand in 2050/2070. Two renewable energy powered desalination treatment 

trains towards zero-liquid-discharge were developed and the techno-economic evaluation 

was conducted on the county level to assess the potential of brackish desalination.  

¶ The sustainability implications highlight the role of renewable energy in mitigating water 

scarcity and providing decision-makers with data-driven recommendations for future 

water infrastructure development. 

By addressing these critical aspects, this research advances the understanding of solar 

desalination's role in achieving sustainable, cost-effective water supply solutions in the face of 

climate change. The following chapters will detail the methodologies, modeling frameworks, and 

findings that support the viability of solar-powered ZLD desalination in diverse U.S. contexts. 
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Chapter 2: Development of a Solar Energy Desalination 

Analysis Tool (SEDAT) 

 

This chapter discusses the development of comprehensive techno-economic models for 

thermal desalination technologies as open-source libraries, and the development of a 

comprehensive open-source modeling and simulation platform that integrates solar energy 

systems with desalination technologies to evaluate their techno-economic performance under 

real-world conditions. 

2.1 Overview of SEDAT 

In response to a US DOE call for solar desalination analysis tools, we developed an open-

source solar energy desalination analysis tool, SEDAT, for techno-economical evaluation of 

desalination technologies and selection of regions with the highest potential for using solar 

energy to power desalination plants.  

SEDAT is a user-friendly, open-access software which enables a comparative evaluation of 

solar desalination technology options and uses geospatial data layers to identify regions of high-

potential for solar thermal desalination. Its use enables: (1) streamlined identification of locations 

where solar thermal desalination can be most competitive and (2) system-level simulation & 

optimization of solar energy and desalination system integration. It is expected that this software 

will simplify the planning, design, and valuation of solar desalination systems in the U.S. and 

worldwide. 

The software quantifies the performance of user-selected desalination systems based on 

regional specifications and cost parameters, while listing the underlying assumptions. The user 

can change the assumptions and select another system of interest for evaluation. The technology 
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suggestions are based mainly on the saline water TDS concentration, levelized cost of product 

water (LCOW), product purity, and target brine concentration.  

The desalination techno-economic models include: Low-temperature multi-effect 

distillation (LT-MED), multi-effect distillation with thermal vapor compression (MED-TVC), 

multi-effect distillation with absorption heat pumps (MED-ABS); vacuum air gap membrane 

distillation (VAGMD) in continuous and batch operation modes, reverse osmosis (RO) with 

multiple passes, osmotically assisted reverse osmosis (OARO), forward osmosis (FO), and RO-

VAGMD, and RO-FO hybridizations.  

The user interface goes over the subsequent steps of selecting a site of interest, selecting 

the technical and financial technology models, running desalination plant design and 

performance simulation, and showing results in terms of plant specifications and performance 

time-series. Figure 2-1 gives an overview of this architecture. The left columns list the inputs and 

the right one lists the outputs. 
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Figure 2-1. Inputs and outputs of SEDAT and sequence of generating results for analysis of solar 

desalination technologies in considered regions. 

 

2.2 Models development, conversion and verification 

2.2.1 Solar thermal energy generation models 

 We leveraged existing techno-economic models and data of solar thermal technologies 

from collaborators and Solar System Advisor (SAM) [4] developed by National Renewable 

Energy Laboratory (NREL) and coded them in Python for the integration with geospatial data 

layers and desalination models. 
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2.2.1.1 PSA Static Solar Collector  

We reviewed and modified, a MATLAB-based static solar collector model developed by 

collaborators Drs. Alarcon-Padila and Palenzuela at Plataforma Solar de Almeria (PSA), Spain. 

Their model was  verified with measurements at a pilot plant in Almeria. [5] We developed a 

static collector class by converting PSAôs MATLAB functions to Python and modifying the code 

to be more dynamic. More specifically, we replaced some of PSAôs customized MATLAB 

functions related to solar geometry with functions from the PVLIB library so that the 

calculations of solar zenith and azimuth angles were consistent with those in SAM. We then 

compared the modeling results to the original model using the specifications of the Wagner Solar 

LBM HTF module [6] comprising 10 collectors each of 10 m2 area and design flow rate of 0.02 

kg/s. As shown in Error! Reference source not found., the energy generation estimates from t

he two versions of the model agree within 0.8% or better.   

Table 2-1. Hourly comparison between the PSA source and the Python model 

DNI (W/m2) on 

June 18th 

Energy generation (kWh) 

original model 

Energy generation (kWh) Python 

based model 

Deviation 

0 0.00 0.00 0.0% 

11 0.00 0.00 0.0% 

235 0.00 0.00 0.0% 

478 83.06 83.04 -0.0% 

695 287.20 286.45 -0.3% 

861 446.45 445.54 -0.2% 

961 544.90 544.78 0.0% 

993 579.84 580.40 0.1% 

945 540.30 541.08 0.1% 

825 433.71 435.12 0.3% 

633 262.04 263.83 0.7% 

403 55.86 57.32 0.8% 

170 0.00 0.00 0.0% 

3 0.00 0.00 0.0% 

0 0.00 0.00 0.0% 
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The class allows the user to select either flat-plate or evacuated tube collectors. The user 

will be able to design the collector field and simulate its hourly performance. 

2.2.1.2 SAM CSP Parabolic Trough  

A concentrating solar power (CSP) parabolic trough (PT) system [7] collects direct 

normal solar radiation and converts it to thermal energy that runs a power block to generate 

electricity. The components of a parabolic trough system are the solar field, power block, and in 

some cases, thermal energy storage and fossil backup systems. The solar field focus direct 

normal solar irradiation onto tubular receivers. Each receiver consists of a metal tube with solar 

radiation absorbing surface in vacuum inside a coated glass tube. A heat transfer fluid (HTF) 

transports heat from the solar field to the power block and other components of the system. The 

power block is based on conventional power cycle technology, using a turbine to convert thermal 

energy from the solar field to electric energy. The optional fossil-fuel backup system delivers 

supplemental heat to the HTF during times when there is insufficient solar energy to drive the 

power block at its rated capacity.  

2.2.1.3 SAM CSP Linear Fresnel  

We integrated SAMôs direct steam and molten salt CSP linear Fresnel (LF) models.  The 

direct steam LF model utilizes water/steam as the heat transfer fluid. It includes options for 

recirculated (RC) and once-through (OT) steam þow in the solar ýeld. Most steam generator 

designs use RC boiler designs, where water and steam exit the boiler section as a two-phase 

mixture. The steam mass fraction of the mixture is maintained to a desired value with a 

recirculation pump. At the outlet of the boiler section, dry steam is separated from the liquid and 

sent either to a super-heater section or to the turbine, and the saturated liquid returns to the 

boiler. The direct steam LF system does not have thermal storage but is integrated with fossil-
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ýred backup systems to provide heat. SAM includes options for modeling three different fossil 

backup scenarios. The ýrst is ñMinimum backup levelò and refers to an auxiliary boiler in 

parallel with the solar ýeld that supplies additional steam þow at design temperature when the 

solar ýeld is not able to supply the user-speciýed minimum operation level. The second option is 

ñSupplemental operationò where additional þow (again, in parallel) is provided up to a user-

speciýed maximum value to assist þow from the solar ýeld to reach the design-point thermal 

requirement for the power cycle. These scenarios correspond to the plant arrangement shown in 

Figure 2-2. The ýnal fossil backup scenario allows fossil ýring up to a user-speciýed maximum 

thermal output to boost the temperature of steam entering the turbine.  

                        

                                                              (b) 

Figure 2-2. (a) Schematic of a recirculated boiler loop with superheating. Liquid and steam are 

separated partway through the loop.  (b) Plant arrangements for parallel auxiliary fossil backup (top) 

and series back-up (bottom) .(Wagner and Zhu, 2012 [8]) 

 

The molten salt LF model simulates the performance of a linear Fresnel system that 

utilizes a sensible-heating liquid such as molten salt as the heat transfer fluid (HTF) in the field. 

The molten salt linear Fresnel model includes a thermal energy storage model, which may use 

either the same HTF as the solar field, or a different fluid. If the field and storage system use the 
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same HTF, the system is modeled as a direct storage system with no heat exchanger between the 

field and storage system. If the field and storage fluids differ, SAM includes a heat exchanger in 

the storage system. SAM always assumes a heat exchanger between the liquid HTF and the 

steam flow in the power cycle. A detailed description of the model can be found at the SAM 

User Manual; a link to the manual was provided in the SEDAT menu calling the model. 

2.2.1.4 SAM CSP Tower  

A concentrating solar power tower system [9,10] (also called a central receiver system) 

consists of a heliostat field, tower and receiver, power block, and optional storage system. SAM 

includes a direct steam and a molten salt power tower model. The field of flat, sun-tracking 

mirrors called heliostats focus direct normal solar radiation onto a receiver at the top of the 

tower, where a heat-transfer fluid is heated and pumped to the power block. 

The power block generates steam that drives a conventional steam turbine and generator 

to convert the thermal energy to electricity. The solar field optimization algorithm uses NRELôs 

SolarPILOTÊ to generate the heliostat field layout and characterize optical performance.  A 

description of the model can be found in the SAM User Manual; links to the manual are provided 

in the SEDAT menu calling the model. 

2.2.1.5 SAM Industrial Process Heat Model  

SAM includes two industrial process heat (IPH) models [11], a parabolic trough and a 

direct steam one. The industrial process heat parabolic trough model is similar to the CSP 

physical trough model, but it does not include turbine and generator models as it calculates heat 

generation instead of electricity generation.  

The industrial process heat direct steam model is similar to the CSP linear Fresnel model, 

except its output is heat from the solar field instead of electricity generation.  
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2.2.2 SAM financial models 

Levelized Cost of Heat (LCOH) calculation: In order to evaluate the economic performance of 

the thermal desalination system, we determine the levelized cost of heat (LCOH) used in 

desalination and added it in the financial models of SAM. 

 

Levelized Cost of Water (LCOW) calculation:  It is calculated from energy generation and 

desalination costs and water production levels according to the following equations:   

ὒὅὕὡὅὃὖὉὢὕὖὉὢ Αάϳ  

where ὅὃὖὉὢ is the present value unit capital cost Αάϳ  

ὅὃὖὉὢΑάϳ  
ὅ

ὗ

ὶρ ὶ

ρ ὶ ρ
 

where ὅ is the initial capital cost ($), ὗ  is the annual water production (m3), ὶ is the interest 

rate and ὸ is the plant lifetime. 

2.2.3 Thermal desalination models 

2.2.3.1 Low-temperature multi -effect distillation (LT -MED) 

Multi -effect distillation (MED) is currently the most thermodynamically efficient among 

the commercialized thermal desalination technologies. Its coupling with solar thermal energy has 

been investigated by our partners at the Solar Desalination Unit of the Plataforma Solar de Almeria 

(PSA). The PSA pilots include flat plate solar collectors (Figure 2-3), parabolic trough 

concentrators (Figure 2-4 left), and thermal storage units (Figure 2-4 right), connected with a 14-

effect MED pilot plant (Figure 2-5).   
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Figure 2-3. Part of the Solar Flat Plate Collector at PSA 

 
 

Figure 2-4. (left) Part of the Parabolic Trough CSP facility at PSA, and (right) Solar Thermal Units  

 

Figure 2-5. Schematic diagram of the flat plate collector integrated with LT- MED system [5] 
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Computer coding of the LT-MED Model: The PSA LT-MED code model was written 

as a design tool using steam and feed flow rates as inputs to calculate the corresponding heat 

transfer area and water production. The physical model development in Python is described in 

Appendix A. The model was changed so that steam and feed flow rates could be determined from 

a user-specified plant capacity. This was accomplished via parametric analysis using the design 

model developed by PSA for a Forward-Feed Low-Temperature MED plant (FF-LT-MED).[12] 

The inputs of distillate flow rate (qD) and heating steam temperature (Ts) were changed within 

their ranges of applicability and polynomial equations were obtained by fitting the results from the 

simulation with curve fitting tools in Python. The outputs considered are: Gain Output Ratio 

(GOR), the steam mass flow rate (qs), and the feedwater mass flow rate (qF). Different capacity 

and steam temperature have been considered and polynomial equations have been obtained for 

plants with 3,6,9,12 and 14 effects (Neffects). The development of the polynomial equations and the 

associated regression model are described in in Appendix B.  A Normalized Root-Mean-Square 

Deviation (NRMSD) has been used to evaluate the fit of the regression model. 

The NRSMD results are shown in Table 2-2. Since most of the errors are in the range of 

0.1-3.0 % it is concluded that the regression model is adequately representing the results of the 

detailed ESS model. 

Table 2-2. NRMSD of the outputs of the LT-MED model 

Number of effects Variable NRMSD 

3 
Gain Output Ratio (ὋὕὙ) 0.16% 

Specific area (ίὃ) 1.19% 

6 
Gain Output Ratio (ὋὕὙ) 0.16% 

Specific area (ίὃ) 1.55% 

9 
Gain Output Ratio (ὋὕὙ) 0.28% 

Specific area (ίὃ) 2.25% 

12 
Gain Output Ratio (ὋὕὙ) 0.45% 

Specific area (ίὃ) 2.61% 

14 
Gain Output Ratio (ὋὕὙ) 0.65% 

Specific area (ίὃ) 4.15% 
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2.2.3.2 Multi -effect distillation with thermal-vapor-compression (MED-TVC)  

A model of a TVC-MED, developed by Drs. Palenzuela, and Alarcón-Padilla, is based on 

the Trapani, Italy 12-effect-MED desalination plant and is validated by actual performance data 

from this plant. The model is built in Engineering Equation Solver (EES), and it can calculate the 

gain output ratio (GOR) from different motive pressure and different thermo-compressor locations 

by operating balance equations of energy, mass, and salt of each effect (Figure 2-6). We converted 

the EES model into Python so that it will be available for public use in this open-access software 

and used approximations and multi-variance relationships to simplify the equations. Running of a 

reference case with the TVC at the last effect, produced results with less than 1% deviation with 

most of the measurements from the Trapani plant, with the exception of cooling mass flow rate 

and number of tubes for which the results differ by 12% and 6% correspondingly.   

 

Figure 2-6. Schematic of a MED-TVC plant architecture[13] 

The multivariable analysis has been done by using the design model of PC-TVC-MED 

implemented in EES and the MultiPolyRegress statistical tool. The development of the polynomial 

equations and the associated regression model, are described in Appendix C.  As in the LT-MED 
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model, a Normalized Root-Mean-Square Deviation (NRMSD) has been used to evaluate the fit of 

the regression model. 

Comparison of the MED-TVC Python Model Results and the Trapani plant 

measurements is shown in Table 2-3. 

Table 2-3. Comparison between actual plant data and modeling results in EES 

 Empirical model EES model from 

paper 

Trapani 

       Inputs 

Heating steam temperature (C) 70 64.5 64.5 

Recovery ratio (%) 33.3 33.3 33.2 

      Outputs 

Feedwater flow rate (m3/h) 1066.77 1125 1130.4 

Brine salinity (g/L) 59.97 59.77 59.9 

Motive team mass flow rate 

(T/h) 

23.94 22.83 22.5 

GOR 17.01 16.3 16.7 

 

The average NRSMD results for 5 different number of effects (8, 10, 12, 14 and 16) are 

depicted in Table 2-4, showing that most of the errors are below 5% (just the specific area shows 

a higher deviation). Therefore, the regression model developed in this work shows good 

accuracy and agreement with the ESS model. 

Table 2-4. Comparison of the MED-TVC EES Model Results and the empirical equations 

Variable NRMSD 

Gain Output Ratio ('/2) 1.54% 

Feedwater flow rate (Ñ) 0.82% 

Motive steam mass flow rate (Ñ ) 1.17% 

Heating steam mass flow rate (Ñ) 0.80% 

Temperature difference mean between 

effects (Ў4 ͺ ) 1.62% 

Specific area (Ó!) 5.30% 

 

2.2.3.3 Multi-effect distillation with absorption heat pump (MED-AHP) 

Absorption heat pumps can result in higher performance ratios than MED-TVC at the 

expense of the incremental cost of the heat pump. 
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SEDAT includes both technical and cost models of MED single-effect and double-effect 

absorption heat pumps based on the source models developed by Dr. Palenzuela and co-workers 

at PSA.  

Figure 2-7 shows the scheme of coupling a single-effect absorption heat pump (SEAHP) 

to a MED unit. Low-pressure steam is generated in the desorption process within Generator1, 

and from the exothermic absorption process that takes place within the Absorber. 

 

Figure 2-7. Scheme of a single-effect absorption heat pump coupled to a MED unit  

 In the software, the performance at the design point of an individual MED system will be 

calculated first, using the same algorithm as for an LT-MED system. Then we will apply the 

correlation equations that are described below to evaluate the effect of adding an absorption heat 

pump. The thermal efficiency of a heat pump is represented by the coefficient of performance 

(ὅὕὖ). In air conditioning applications, the ὅὕὖ is defined as the ratio of the heat supplied at a 

low temperature to the Evaporator (ὗὉ) and the external heat supplied to the pump at Generator 

1 (ὗ ). A typical ὅὕὖ of conventional single effect LiBr-H2O absorption heat pumps is around 

0.7. 
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ὅὕὖ
ὗ ὗ

ὗ

ὗ

ὗ
 

 where ὗ  is the thermal energy released in the Absorber, ὗ  is the thermal energy 

obtained from the condensation of the steam released in Generator 1, and ὗ  is the thermal 

energy required to drive the desorption process within Generator 1. With this formulation, the 

typical ╒╞╟ of conventional single-effect absorption LiBr-H2O heat pumps is around 1.7. 

 

Figure 2-8 Schematic of a double -effect absorption heat pump coupled to a MED unit  

In a double-effect heat pump (Figure 2-8), the steam released in the desorption process 

taking place in the high temperature generator (Generator 2), is used to drive a second desorption 

process within the low-temperature generator (Generator 1). Steam released from this low-

temperature generator together with the steam generated from the absorption process are 

combined to drive the MED pilot plant. Part of the low-pressure steam generated at the last effect 

of the MED is recovered by the heat pump as opposed to simply rejecting this heat to the 

environment as waste. The equation for the COP of a double-effect absorption heat pump for 

desalination applications is given by the following expression: 

ὅὕὖ
ὗ ὗ

ὗ

ὗ

ὗ
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Where ὗ   is the heat content of the steam released in the desorption process of the low-

temperature generator. Typical ὅὕὖ values of conventional double-effect LiBr-H2O absorption 

heat pumps are in the range of 2.2 to 2.3. The overall thermal energy required from the solar 

field depends on the performance ratio (ὖὙ) of the MED plant and the ὅὕὖ of the absorption 

heat pump. 

ὖὙ ὖὙ ὅὕὖ 

Other operational parameters can also be determined by the ὅὕὖ: 

ὋὕὙ ὋὕὙ ὅὕὖ 

ὛὝὉὅ
ὛὝὉὅ

ὅὕὖ
 

ὋὕὙ : The gained output ratio of an individual MED system. It is estimated using the 

empirical equations derived for the LT-MED model. 

ὛὝὉὅ: The specific thermal energy consumption (kWh-th/m3) of an individual MED 

system. It is calculated by: 

ὛὝὉὅ
ρ

ὋὕὙ
Ὤ Ὤ ”

ρ ὯὡὬ

σφππ Ὧὐ
 

Where Ὤ  and Ὤ  are the saturated steam and liquid enthalpy at the inlet steam 

temperature (kJ/kg), and ”  is the density of distillate  (kg/m3). 

2.2.3.4 Membrane distillation (MD) 

Among emerging thermal desalination technologies, membrane distillation (MD) offers 

the highest potential for treating high-salinity sources at pilot-scale to date [14]. The technology 

is receiving renewed interest as it requires less thermal energy than other distillation technologies 

and can use low-temperature heat from solar collectors 15. 
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MD is driven by a vapor pressure difference at two sides of a microporous hydrophobic 

membrane. The difference in vapor pressure is typically achieved by the temperature difference 

between the hot feedwater and cooler condensate sides. This technology has been thoroughly 

studied at the pilot scale at the Plataforma Solar de Almeria (PSA) and we have implemented the 

latest advances as they are reported by Zaragoza and co-workers. The details of these models are 

given in the SEDAT User Manual. 

In addition, we implemented a model of a solar flat plate collector developed by Dr. 

Alarcón-Padilla, in simulations of MD powered by low temperature heat from a solar collector 

(Figure 2-9). 

 

Figure 2-9. Schematic diagram of the flat plate collector and MD system [16] 

The distillate water production is estimated from the thermal energy provided by the solar 

field. For LT-MED system, the nominal required thermal energy (ὖ ȟὯὡ) is calculated from the 

gained output ratio (GOR), which is assumed to be 10 in this case. 

ὖ
ρ

ὋὕὙ
ὅὥὴὥὧὭὸώὬ Ὤ ”

ρ

ςτφπφπ
 

ὓ ͺ πȢςσπφτὖ ρȢτσψτὖ πȢρψτ 
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ὓ ͺ : Distillate water production relative to nominal production rate (%) 

ὖ : Thermal load relative to nominal thermal energy consumption (%) 

2.2.3.5 Batch vacuum air-gap membrane distillation (batch V-AGMD)  

The state of the art batch MD pilot experiments at Plataforma Solar de Almeria (PSA) by 

Dr. Zaragoza and co-workers at PSA, employed the Aquastill modules AS7C1.5L and 

AS26C2.7L[17].  However, the high thermal consumption of MD is yet a hurdle that prevents its 

implementation at a larger scale. To overcome this barrier, heat-saving strategies have been 

developed based on recovering the latent heat of condensation of the generated vapor, typically as 

sensible heat to preheat the feed. Another limitation of MD is its low water recovery in a single 

stage; thus, multi-stage arrangements have been proposed for increased water recovery rate (RR). 

Theoretical models have been developed to estimate the performance of multi-stage MD as a 

function of the feedwater salinity and the number of stages [18, 19]. Cost optimization of single-

stage looping and multi-stage MD showed that the latter is more cost effective than the former 

[20]. Models of those systems were developed applying a Box-Behnken design of experiments 

and were tested and validated under multiple stationary operating conditions. The following 

equations were derived from PSAôs experimental data to estimate the permeate flux (ὖ ȟὰὬϳ Ͻ

ά  and the specific thermal energy consumption (ὛὝὉὅȟὯὡὬȾά : 

AS7C1.5L: 

ὖ ρȢτψχρȢστψϽὝὉὍρȢωφωϽὊ πȢτχχϽὝὅὍπȢςσυϽὊὩὩὨὅπȢυρωϽὝὉὍϽὊ

πȢυρυϽὊ  

AS26C7.2L: 

ὖ υȢρυυπȢσωψϽὝὉὍπȢφωφϽὊ πȢρφψϽὝὅὍπȢςρτϽὊὩὩὨὅπȢρσωϽὝὉὍϽὊ

πȢρπυϽὝὅὍϽὊ πȢρςωϽὊ  
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ὝὉὍ: Evaporator inlet temperature (ᴈ), the nominal value is 80 ᴈ 

ὝὅὍ: Condenser outlet temperature (ᴈ), the nominal value is 25 ᴈ 

ὊὩὩὨὅ: Feed flow rate (l/h), the value is optimized to 582.7 l/h to maximize ὖ  while 

minimizing  STEC 

The system shown in Figure 2-10 works in recirculation. There is a permeate tank that 

releases intermittently (every 3.2 liters); this was used as discretization interval for the batch model, 

since it would be more physically adequate than employing equal time increments 

 

 

Figure 2-10. Schematic of the MD-batch pilot plant at the PSA field test facility [17] 

 

The curves show the same accuracy as described in PSAôs documents; a good fit is 

obtained for Pflux in both modules, and less for the STEC. Values of STEC have more deviation 

because the STEC calculation involves several parameters measured experimentally and may 
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entail measurement errors. With a maximum deviation of 7.69% for Pflux and 11.34% for STEC, 

the modeling values are considered acceptable, and the equations can be used to predict the 

AGMD system performance. 

The V-AGMD model developed by the PSA team was validated with measurements 

obtained at pilot plant in their facility. The agreement of the model with the data is shown in 

Figure 2-11.  

Figure 2-11. Experimental versus predicted results; a) Pflux, b) STEC 

The PSA model was in Matlab and we converted it to Python. We tested the two versions 

under various input data scenarios, and we obtained the same results. Figure 2-12 shows the 

results we obtained by running these models. 

 

 



26 

 

 
Figure 2-12.  Experimental and predicted values from Python models (left: AS7C1.5L, 

right:AS26C7.2L) 

Similarly, empirical regression equations were developed to represent the membrane 

performance in Appendix D. 

2.2.3.6 Forward Osmosis (FO) 

We integrated the forward osmosis (FO) model which was provided by Trevi Systems Inc.. 

The model was built in Excel; we converted it to Python Tand integrated it into the SEDAT 

modeling platform. The Trevi Systemsô FO system relies on a bi-phasic synthetic polymer draw 

agent that is either a hydrophilic liquid or a hydrophobic liquid depending on temperature.  In its 

hydrophilic state, this agent draws water across a semi-permeable membrane by osmotic pressure. 

Once the draw has been diluted by the fresh water crossing the FO membrane, the draw mixture 

is heated, causing it to become hydrophobic and release water.  The water and draw polymer are 

separated in a traditional ñoil/waterò coalescer, and a polishing nano-filtration (NF) membrane 

further purifies the product stream by removing stray polymer. At the technical heart of the system, 

two counter-flow heat exchangers recover process heat from both the draw and purified water 

streams ï transferring heat directly to the dilute draw as it exits the osmosis membrane cartridges.  

. The schematic of this model is shown in Figure 2-13.  
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Figure 2-13. Simplified schematic of mass flows in the Trevi Systems FO prototype 

The FO membrane separates the feed seawater using the concentrated draw solution. FO 

brine exits the FO membrane module and is discharged after heat recovery and chemical 

neutralization. The diluted draw solution is circulated through heat exchangers to the coalesce and 

the draw solution polymer is separated. In detail, the diluted draw solution is first pre-heated with 

hot coalesce concentrate and product streams, and finally heated to regeneration temperature by 

passing through a waste heat exchanger. NF permeate is the desalination unit product water. The 

NF brine stream is a warm stream containing the NF-rejected draw solution polymer. It is 

recirculated and combined with cold dilute draw solution downstream of the FO membrane. In 

case that FO is coupled with RO, the RO permeable can be treated with the NF system to remove 

boron.  The inputs and outputs to this system are summarized in Table 2-5.   

Table 2-5. Trevi FO model inputs/outputs 

Inputs Outputs 

Water/draw properties Operational parameters System size  

Seawater temperature NF recirculation rate Product water 

flowrate 

Flow temperature 

Seawater salinity RO reject rate  Flowrate  

Draw Properties  Operation temperature, 

purity 

 Heat load in HXs 
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An Excel-based mathematical model of the pilot plants was provided by Trevi Systems and 

we converted it to Python.  

Generalization of Treviôs FO model: We converted from Excel to Python and 

generalized a Trevi FO desalination model designed for seawater desalination at constant 

temperature and specific draw solution; a schematic of the revised model is shown in Figure 2-14. 

The modelôs functionality was enhanced to simulating different feed salinities, feed water 

temperatures, system capacities and draw solution properties.  

 

Figure 2-14. Schematic of the Trevi FO desalination prototype 

Generalizing design inputs: Introduced design parameters to significantly reduce the 

number of operational parameters and make the model friendlier to the user and more dynamic 

with fewer input variables. These parameters are shown in Figure 2-8. 

Table 2-6. New Operational Parameters in the FO Model 

New operational parameters Default values  

Temp. of the draw solution entering the membrane system (T_draw) 20 oC 

Temp. difference between the inlet/outlet supplemental seawater 

(dT_cooling) 

6 oC 

Temp. difference between the feed and produced water (dT_water) 10 oC 

Operational temperature of separator (T_separator) 90 oC 

Temp.  loss in the separator (dT_loss2) 1 oC 

Temp.  difference between hot water and solution entering the separator 

(dT_loss1) 

3 oC 
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Temp.   difference between inlet and outlet hot water (dT_hot) 10 oC 

Approach temperature at HX 1C and 2C  (T_approach) 5.28 oC 

 

These variables should be determined by the user demand and the properties of draw 

solution, and they help to determine the solution temperature within the heat exchangers. 

This model has been verified against the original FO model from Trevi System. As 

shown in Table 2-7,  the estimates of key design parameters from our Python version of the 

model agree within 100% with those of the Trevi Excel model. 

Table 2-7. Verification of the results of the Trevi FO model (based on a 1 m3/day pilot) 

Variables Excel model Python model 

Hot side heat load in draw/seawater HX4 (kW) 0.1663 0.1663 

Cold side heat load in draw/seawater HX4 (kW) -0.171 -0.171 

Approach temperature in draw/seawater HX4 (oC) 5.3608 5.3608 

Hot side heat load in draw/hotwater HX2C (kW) 0.8843 0.8843 

Cold side heat load in draw/hotwater HX2C (kW) -0.9728 -0.9728 

Approach temperature in draw/hotwater HX2C (oC) 5.2811 5.2811 

Hot side heat load in draw/draw HX1B (kW) 3.6589 3.6589 

Cold side heat load in draw/draw HX1B (kW) -3.0271 -3.027 

Approach temperature in draw/draw HX1B (oC) 4.996 4.996 

 

2.2.4 Hybrid desalination models 

We developed an RO-FO model connecting in series with our RO model and the Trevi FO 

model and implemented the new hybrid model in the GUI. Regarding costs, we implemented 

synergies in the use of chemicals and labor. Specifically, we assumed a reduction by 50% of the 

chemicals and labor cost in the technology where the associated costs are lower. 

We also developed a model for RO-MD hybrid, utilizing a batch-VAGMD model which 

is based on performance data from a pilot plant at the PSA testing facility in Almeria, Spain. 
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2.2.5 Generic desalination model 

We developed a simplified algorithm to represent any desalination model, for the users 

with less desalination expertise or for the purpose of testing new desalination systems. This model 

includes the basic balance of mass and energy and calculates the major design parameters. The 

core idea is to build a simple connection between water production and the solar field generation. 

The input parameters for the design model are shown in Table 2-8: 

Table 2-8. Inputs in the generic desalination model 

Variable Default 

value 

Unit  

System capacity 2000 m3/day 

Feed concentration 35  g/L 

Recovery rate 50 % 

Specific thermal energy consumption (STEC) 50 kWh(th)/ m3 

Specific electric energy consumption (SEEC) 1.5 kWh(e)/ m3 

 

The following design parameters are calculated: 

ὝὬὩὶάὥὰ ὩὲὩὶὫώ ὶὩήόὭὶάὩὲὸ Ὧὡ
ὛώίὸὩά ὅὥὴὥὧὭὸώ ὛὝὉὅ

ςτ
 

ὉὰὩὧὸὶὭὧ ὩὲὩὶὫώ ὶὩήόὭὶάὩὲὸ Ὧὡ
ὛώίὸὩά ὅὥὴὥὧὭὸώ ὛὉὉὅ

ςτ
 

ὄὶὭὲὩ ίὥὰὭὲὭὸώ ὫȾὒ
ὊὩὩὨ ίὥὰὭὲὭὸώ

ρ ὙὩὧέὺὩὶώ ὶὥὸὩ
 

The energy requirement will be used with the generation data from solar field to simulate 

the hourly performance. The user may use this model to represent either thermal desalination 

technologies or pressure-driven technologies, by adjusting the value of STEC and SEEC 

accordingly. 
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2.2.6 Desalination cost estimates 

2.2.6.1 MED cost estimates 

The capital cost for MED plants, designed for seawater desalination, is estimated by an 

empirical equation reported by Kosmadakis et al. [21] (Eqn. 2-1). This equation takes the plant 

capacity (D) and the heat exchanger area (HEX area) as inputs; it was verified by six MED 

seawater desalination plants in the Middle East and a plant in Italy. The capacity of these plants 

varies from 9,000 to 270,000 m3/day. This cost relationship is applicable to both LT-MED and 

MED-TVC systems, with the HEX area being the major difference between the two types of 

plants. 

0.8

0.1356291 1
,

MED HEX HEX

HEXarea
C D f f

HEXarea ref

-
è øå õ

= - +é ùæ ö
é ùç ÷ê ú

                          (2-1) 

The O&M cost was broken down into major components including chemicals, labor, 

maintenance, brine discharge and miscellaneous cost based on estimates published by 

Papapetrou et al.[22] and from the World Bank. [23] 

An example of input parameters for the LT-MED cost model is shown in Table 2-9.   

Table 2-9. Input parameters for a reference LT-MED costing model 

Capital cost Output from 

simulation model 

Design Capacity 1000 m3/day  

Annual water production 328500 m3 Yes 

HEX area 4157 m2 Yes 

Expected plant lifetime 20 yr  

Average interest rate 0.04   

Cost fraction of the evaporator 0.4   

Thermal storage tank 30 $/kWh  

Energy expenses  

Specific thermal energy 

consumption 58.3 kWh/m3 

Yes 

Specific electricity consumption 1.5 kWh/m3  

Cost of heat 0.01 $/kWh Yes 
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Cost of electricity 0.04 $/kWh  

Other O&M costs  

Chemicals 0.04 $/m3  

Labor 0.033 $/m3  

Maintenance 2% % to CAPEX  

Brine disposal/discharge 0.02 $/m3  

 

Figure 2-15 shows the unit capital cost of MED as a function of capacity, based on a 

Global Water Intelligence (GWI) dataset. While the data agrees with the prediction curve by 

Kosmadakis et al. for large plants, the Kosmadakis curve seems to underestimate costs for 

smaller plants under 10,000 m3/d. Assuming a LCOH of $0.01/kWh, the LCOW for a relatively 

small (1000 m3/d) plant is 1.28 $/m3, comprising an annualized specific CAPEX of 0.53 $/m3 

and 0.85 $/m3 OPEX. For large plants the LCOW goes down to $1.10/m3; the water production 

cost is a strong function of the LCOH; when the LCOH is essentially zero (waste heat available 

on site), then the LCOW can be down to $0.50/m3.  

 

Figure 2-15.  The dependence of levelized cost of water on MED plant size 

For ABS-MED configuration, additional cost is added for the absorption heat pump. 

Based on the ENTROPIE ("Aquasol Model (2005)") data [24], PSA developed the following 

correlations for the capital cost of the additional heat pump, as a function of system capacity. 
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Single effect:                    ὅὃὖὉὢπȢωρφψὅὥὴὥὧὭὸώ Ȣ                           (2-2) 

Double effects:                ὅὃὖὉὢρȢυφπςὅὥὴὥὧὭὸώ Ȣ                            (2-3) 

2.2.6.2 VAGMD cost estimates 

Based on the performance of the pilots at PSA, we developed a model of costing-AGMD 

systems the results of which are summarized below. 

To determine the CAPEX of each component, the following equation is applied to 

consider the scale-up effect: 

ὅέίὸὃὅέίὸὄ
ὅὥὴὃ

ὅὥὴὄ
 

CostA and CostB are the unkown and known cost, CapA and CapB are the unknown and 

known capacity, and X is the scale-up factor. The associated parameters for each component are 

listed in Table 2-10. 

Table 2-10. Parameters of the MD Cost Model [25,26] 

Equipment Base price, k 

Euro 

Base capacity Scale-up 

factor 

Housing Rack 5 3 modules 0.6 

Price of tank (with plumbing) 5 3 modules 0.5 

Price of each pump 3 5 m3 / h 0.6 

Controller, cabling, programming 15 3 modules 0.3 

Price per sensor 0.25   

AGMD membrane, Euro / m2 0.075   

Heat exchanger, endplates 0.85 / unit 10 m2 0.6 

Heat  exchanger Euro / m2 0.35   

Heating installation 5 10 m3 / h 0.6 

Cooling installation 5 10 m3 / h 0.6 

 

Our cost modeling yields the cost curves shown in Figure 2-16 for two V-AGMD 

modules that were studied at PSA; AS7C1.5L stands for the smaller module with channel length 

of 1.5 m and effective module area of 7.2 m2 and AS26C2.7L stands for the larger module with 



34 

 

channel length of 2.7 m and effective module area of 25.9 m2. Under the conditions listed above, 

the larger module gives the lowest LCOW. 

 

Figure 2-16ȭɯ"ÖÚÛɯÊÖÔ×ÈÙÐÚÖÕɯÉÌÛÞÌÌÕɯÛÞÖɯ5ɪ &,#ɯÚàÚÛÌÔÚ 

Assumptions: 

¶ Evaporator Channel Inlet Temperature = 80 oC 

¶ Condenser Channel Inlet Temperature = 25 oC 

¶ Feed Flow Rate = 582.7 L/(h module) 

¶ Feed Concentration = 35 g/L 

It is noted that these operation conditions were used at PSA V-AGMD pilot plant testing 

to maximize the energy efficiency of the larger V-AGMD module (25.9 m2), under which the 

lowest specific thermal energy consumption of 49 kWhth/m3, equivalent to the highest GOR of 

13.5, is achieved. However, the operating conditions can greatly affect the cost-based selection 

of one or the other module. For example, when assuming the following conditions, the smaller 

module gives the lowest LCOW: 

a) Evaporator Channel Inlet Temperature = 80 oC (normally maximized at 80 oC to ensure 

the highest possible energy efficiency for each operation). 
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b) Condenser Channel Inlet Temperature = 20 oC (which is the lowest allowed 

temperature in PSA V-AGMD performance modeling) 

c) Feed Flow Rate = 400 L/(h*module) (which is the lowest allowed feed flow rate in 

PSA V-AGMD performance modeling) 

d) Feed Concentration = 105 g/L (which is the highest allowed seawater salinity in PSA 

V-AGMD performance modeling) 

In our cost model, operational parameters include evaporator channel inlet temperature, 

condenser channel inlet temperature, feed flow rate per module and feed concentration. 

Additionally, there are V-AGMD plant design parameters which are part of the userôs inputs and 

will be listed in detail in the user's manual. Since those design parameters are specific to each 

project location and condition, there is no way to generalize their ranges accurately. As was the 

case with the LT-MED, the biggest parameter among all the operational and design parameters 

that is affecting the costs of fresh water production turns out to be the unit cost of heat ($/kWhth). 

2.2.6.3 FO cost estimates 

We gathered and implemented the costing numbers on the FO system from Trevi 

Systems Inc. [27] Empirical equations were derived from Trevi Co. to estimate the system 

capital cost and labor cost:  

ὅὃὖὉὢΑ ςφȟχψτϽὅὃὖȢ  

ὕὖὉὢ Αάϳ πȢτχυχϽὅὃὖȢ  

The breakdown of the CAPEX is shown in Table 2-12. 

 

Table 2-11. FO Cost breakdown (source: Trevi Systems) 

CAPEX breakdown CAPEX Percentage 

FO membranes 11.6% 
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Heat exchangers 13.9% 

Construction 22.5% 

Draw solution 9.0% 

Coalescers 4.9% 

Structural 4.5% 

Polishing 8.3% 

Pipes and plumbing 5.3% 

Pre-filtration 4.9% 

Controls/Electrical 3.4% 

Pumps 4.7% 

Instrumentation 2.6% 

Valves 2.4% 

CIP 1.1% 

Tanks 1.1% 

 

2.3 Comparative techno-economic assessment of OARO and batch-VAGMD 

 With the model development of thermal desalination technologies, we conducted an 

evaluation of the batch-VAGMD application in the high salinity water recovery, and its potential 

in minimum liquid discharge (MLD) and zero liquid discharge (ZLD).  

As a benchmark, we compared its performance with an enhanced RO technology. Atia et 

al. [28] conducted a performance and cost comparison of three major configurations, namely, low-

salt-rejection reverse osmosis (LSRRO), cascading osmotically assisted reverse osmosis 

(COMRO), and osmotically assisted reverse osmosis (OARO). Using module-scale, cost 

optimization models, the authors found that OARO is likely to have a slight cost advantage against 

the other two technologies at feedstock salinity levels of 70 g/L and 125 g/L. At a feed 

concentration of 70 g/L and recovery rate of 75%, the levelized cost of water (LCOW) of OARO 

was estimated to be $5.14/m3, while the corresponding LCOW values of LSRRO and COMRO 

were reported to be 6.63 and 7.90 $/m3, respectively. Bartholomew et al. [3] determined that cost-

optimizing OARO entails minimizing the number of stages, eliminating the use of saline makeup 

streams, purging from the first sweep cycle, and successively decreasing stage membrane area and 
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sweep flow rates. The optimal OARO configuration for treating feed salinities of 70ī125 g/L TDS 

with water recoveries between 30ī70% was estimated to cost between $2.7 to $6.6 per m3 of 

product water. Since OARO has been examined more extensively in terms of technical 

performance and cost [28, 29, 30, 31, 32, 33, 34] than other enhanced RO processes proposed thus 

far, we used OARO as the representative of enhanced RO technologies in the current study. In the 

following sub-sections, we detail the models of OARO and batch V-AGMD and present a 

comparison of LCOW of these technologies for various cases of RR, brine concentrations and 

costing assumptions. 

2.3.1 Scenario specifications 

In this section, we compare OARO and batch V-AGMD for three feedwater salinity cases 

and levels of recovery rates that correspond to: a) brine concentration in the range of 139-167 g/L 

for minimum liquid discharge (MLD), and b) high brine concentration in the range of 232-279 

g/L for input into crystallizers to achieve zero liquid discharge (ZLD). The MLD brine 

concentration range is expected to result in lower LCOW than the high brine concentration -ZLD 

scenario- for which there is a need for new technology development. The challenge of 

crystallization at 292 g/l is the practical operational limit of the modules under consideration. 

Table 2-12 shows the target recovery rates of various feed concentrations under consideration. 

Table 2-12. Feed concentration, recovery rate, and brine concentration scenarios considered in this 

work 

Feed concentration (g/L) 35 70 125 

Recovery Rate (%) 75 85 50 75 25 50 

Brine concentration (g/L) 139 232 140 279 167 250 
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2.3.2 Techno-economic assessment under different scenarios 

The product water costs (i.e., LCOW) reported in this section are based on the cost 

parameters shown in Table 2-13. 

Table 2-13. List of major financial parameters in the OARO [28,29] and batch MD models. 

 OARO Batch V-AGMD  

Capacity (m3/day) 100 100 

OARO module unit cost 

($/m2)  

50 -- 

RO module cost ($/m2) 30 -- 

   

Pump CAPEX ($/(m3 

bar h)) 

53 Included in other CAPEX 

Pressure exchanger cost 

($/(m3 /h)) 
ὅ σρστȢχ ὗȢ  -- 

Installed system 

cost/equipment cost (-) 
1.6 -- 

MD module cost ($/m2) -- 34 

Total other MD CAPEX  140,000 $ for 100 m3/day 

Electricity cost ($/kWh) 0.07 0.07 

Thermal energy cost 

($/kWhth) 

-- 0.025 

Chemical cost  1% of Capex 0.03 USD/m3 
(included in 

maintenance cost) 

Membrane replacement 

cost 

15% of initial annual 

membrane investment 

0.22 $/m3 

Maintenance and labor 

factor 

2 % of initial annual 

investment 

2.5% of unit CAPEX ($/m3) 

Discount rate (%) 7.8 7.8 

Life time (years) 20 20 

Capital recovery factor 

(%) 

10 10 

 

For batch V-AGMD, the CAPEX was calculated using data from Bindels et al. [25]. For 

their case study (feed of 70 g/L with 50% recovery), the total CAPEX for a plant with 100 

m3/day capacity, is reported to be $200000. They also reported that 30% of this CAPEX 

corresponds to the cost of Aquastill AS26C2.7L modules with 2.7 m channel length and 

membrane surface area of 25.92 m2. Based on operational data from the batch-MD pilot plant at 
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PSA which employs these modules, their permeate flux at operating conditions is 2.4 L/(h m2), 

so a 100 m3/day plant will employ 68 modules, corresponding to a module cost of 34 $/m2. Thus, 

a constant module cost of $34/m2 was assumed in our simulations of systems with capacities in 

the 100-1000 m3/day range. The OPEX was calculated as a fraction of the CAPEX plus the cost 

of energy derived by the associated STEC and SEEC in each of the cases listed in Table 2-14.  

Table 2-14. Summary of design parameters and cost optimal results for a reference case (100 m3/day) 

of 70 g/L feedwater and 75% recovery rate. 

Configuration and performance for the reference case OARO Batch V-AGMD 

Total feed flow rate in (m3/d) 133 133 

Feed salinity (g/L) 70 70 

Water recovery rate (%) 75 75 

Number of stages (-) 4 - 

Membrane area (1000 m2) 7.24 1.97 

Specific electrical energy consumption (kWh/m3) 10.3* 0.51 

Specific thermal energy consumption (kWh/m3) - 141** 

Levelized cost of water ($/m3) 5.14 4.49 
* Corresponding to feed pressure of 65 bar for BCC modules and 85 bar for the conventional RO unit 

** Corresponding to V-AGMD unit operating at 80 oC 

 

Figure 2-17 shows the breakdown of LCOW in the two types of desalination plants with 

100 m3/day capacity for the case of desalinating, at 75% water recovery, feedwater of 70 g/L 

TDS. As shown, the total LCOW for OARO is 5.13 $/m3 of water produced, and the 

corresponding LCOW in batch V-AGMD is $4.49/m3day. Membrane module costs contribute 

54% to the LCOW in OARO but only 10% to the LCOW of batch V-AGMD. While membrane 

module costs are expected to be costlier for OARO than batch V-AGMD (i.e., $50/m2 and 

$34/m2, respectively), it is important to note that for the case of desalinating a 70 g/L feed at 

75% recovery, the OARO system also requires approximately 3.6 times more the membrane area 

than batch V-AGMD.  
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(a)     (b) 

Figure 2-17. Breakdown of levelized cost of water production via OARO (a) and batch V-AGMD (b) at 

100 m3/day capacity for feed concentration and recovery rate of 70 g/L and 75%, respectively.  

On the other hand, the energy cost is 17% of the OARO LCOW but 84% of the batch V-

AGMD cost. Accordingly, scaling up a plant favors the more capital cost intensive OARO. By 

assuming that the module costs are constant in the capacity range of 100-1000 m3/day, whereas 

other capital costs are scaled down by a power of 0.8, then the estimated LCOW of OARO is 

reduced by 15% when the system is scaled-up to 1000 m3/day, whereas the associated cost 

reduction in batch V-AGMD is 6% (see Appendix E). 

Figure 2-18 shows the specific energy consumption for OARO and batch V-AGMD for 

the case with a 70 g/L feed TDS at 75% recovery. The OARO graph shows the breakdown of 

energy demand per stage and pump type, corresponding to the total SEEC of 10.31 kWh/m3 

shown in Table 2-15. The batch V-AGMD graph shows total, over the whole batch period, brine 

salinity and recovery rates. Batch operation replaces ñstagesò and ñmodulesò with recirculation 

ñpassesò, with each pass achieving a small recovery and the feed concentration continually 
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increasing along passes. In general, the instantaneous (single-pass) water recovery in MD 

desalination systems is very low. The permeate rate is lower than 10% of the feed flow rate, and 

it decreases as the feed salinity increases. In batch V-AGMD the concentrate returns to the feed 

tank, and the pump recirculates water through the modules at a constant feed flow rate during a 

250-minute cycle (residence time of feed water in the module is about 1 minute in a single pass 

for the operation considered). Over the cycle time, the feed volume decreases while 

concentration increases. As the graph shows total values up to the corresponding time, it appears 

that the increase of salinity accelerates with time, whereas this is the effect of the feed volume 

reducing, as the actual permeate flux decreases with time. Thus, brine salinity and water 

recovery rate are shown on the same x-axis in Figure 2-18. 

 

 

(a)                                                                                (b) 

Figure 2-18. (a) Specific electrical energy consumption (SEEC) per stage in OARO and by pump 

(adapted from [2]), and (b) specific thermal (STEC) and SEEC as a function of cycle time, brine 

salinity (S) and recovery rate, in batch V-AGMD, for the case of 70 g/L feed TDS and 75% recovery.  

Table 2-15 shows the energy performance of batch V-AGMD systems for six scenarios 

of feed salinity and brine concentration, that were previously reported by Atia et al. [28]; the 
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later are also shown in this table. Figure 2-19 shows a cost (LCOW) comparison of the two 

technologies for a reference LCOE of 7 US/kWh and LCOH of 2.5 US/kWh. (see Appendix 

E for the 1000 m3/day capacity scenario) 

Table 2-15. Energy consumption, membrane area, and number of stages/cycle time for OARO and 

batch V-AGMD 100 m/d desalination plants 

Scenario 35 g/L,  

75% 

RR 

35 g/L,  

85% RR 

70 g/L, 

50% RR 

70 g/L, 

75% RR 

125 g/L, 

25% RR 

125 g/L, 

50% RR 

OARO SEEC 

(kWh(e)/m3) 
4.96 5.26 5.90 10.31 9.53 13.06 

Batch V-

AGMD  SEEC 

(kWh(e)/m3) 

0.39 0.42 0.44 0.51 0.53 0.60 

Batch V-

AGMD  STEC 

(kWh(th)/m3) 

93 105 109 141 146 173 

OARO:  # of 

stages  
2 2 2 4 3 5 

OARO 

membrane area 

(m2) 

711 873 1,839 7,198 7,110 13,324 

RO membrane 

area (m2) 
230 183 196 195 196 195 

Batch V-

AGMD:  

Operation time 

for one batch 

(min) 

199 238 146 248 85 189 

Batch V-

AGMD 

membrane area 

(m2) 

1,615 1,680 1,751 1,984 2,023 2,252 
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Figure 2-19. Comparisons of OARO and batch V-AGMD in respect to LCOW and brine concentration 

for selected cases and reference energy costs of LCOE: 7 c/kWh and LCOH: 2.5 c/kWh; plant capacity 

100 m3/day. 

 

2.3.3 Sensitivity of LCOW on LCOE and LCOH variations 

It has become apparent that the cost of energy strongly impacts the economics of 

desalination; thus in this section we repeat the comparisons shown in Figure 2-19 for lower and 

higher than the reference case thermal energy (LCOH) and electricity (LCOE) prices. 

 

Figure 2-20. Comparisons of OARO and batch V-AGMD with respect to LCOW and brine 

concentration for selected cases and low energy costs; LCOE: 3 c/kWh, LCOH: 1 c/kWh; plant 

capacity 100 m3/day. 
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Figure 2-21. Comparisons of OARO and batch V-AGMD in respect to LCOW and brine 

concentration for selected cases and high energy costs; LCOE: 14 c/kWh, LCOH: 5 c/kWh; plant 

capacity 100 m3/day. 

Moreover, the batch V-AGMD system generally performs better at higher feed salinity 

scenarios, in both the low energy-cost (Figure 2-20) and the reference (Figure 2-19) scenarios. 

For the high energy-cost scenario (Figure 2-21), however, batch V-AGMD loses its advantage 

due to its dependency on the cost of thermal energy. The simulations also show that there is a 

significant increase in LCOW for OARO at the feed salinity of 70 g/L from the RR target of 50% 

to the high RR of 75%, as the required number of stages and hence the membrane area are 

largely increased; these details are shown in Table 2-15. 

Figure 2-22 shows the impact on the LCOW of LCOE in the range of 2-14 US /kWh and 

of LCOH in the range of 0-5 US /kWh. It costs less for OARO than batch V-AGMD for cost 

combinations above the red line whereas the reverse happens for LCOE/LCOH combinations 

below the red line. 

In general, batch V-AGMD can outperform OARO at high salinities and recoveries when 

the cost of thermal energy (LCOH) is relatively low. Specifically, when the feed salinity is 35 

g/L (seawater), batch V-AGMD can only outperform OARO at an LCOH of Ò 1 US /kWh, 

while at higher salinity levels it can outperform OARO even when LCOH is 3-4 US /kWh. 
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Notably, utility-scale solar PV has reached LCOEs as low as 2-3 US /kWh [35], while the 

LCOH of solar thermal can be as low as 2.5 US /kWhth [36]. Geothermal has achieved LCOH as 

low as 1.5 US /kWhth, (average of 5.5 US /kWhth [37]); thus we hypothesize that waste heat 

carrying only plumbing/connection costs could be available at 1 US /kWh or less. 

 

 

Figure 2-22. Impact of electricity (LCOE) and thermal energy (LCOH) prices on the levelized cost of 

producing potable water (LCOW), from high-salinity feed waters) via OARO and batch V-AGMD. The 

color map shows the LCOW of batch MD and the red line the LCOW of OARO within the considered 

LCOE and LCOH ranges. The dashed lines show LCOW of 1.5, 2.5, 3.5 and 4.5 $/m3. Plant capacity: 

100 m3/day. 
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2.3.4 CAPEX Sensitivity Analysis 

The impact of different cost factors on the LCOW was examined based on variations 

within their range of uncertainty of the variables shown in Table 2-16. These include the largest 

cost contributors shown in Figure 2-17; thus, the module cost for OARO and the cost of energy 

for batch V-AGMD, as well as interest rates. Two high salinity feedwater scenarios were 

selected for the sensitivity analysis: (a) 70 g/L feedwater and 75% recovery rate, (b) 125 g/L 

feedwater and 50% recovery rate. For LCOE, LCOH and interest rates, roughly a factor of 2 

increase/decrease was applied to the base value to explore different markets, while for the 

module cost, a 10% difference was assumed because of the matured technology of the reference 

RO membrane. 

Table 2-16. Cost factors and their values picked for the lower-value scenario, base scenario and 

higher-value scenario. 

Scenarios Low Base High 

Interest rate  3% 7.8% 12.6% 

LCOE ($/kWh-e) 0.02 0.07 0.14 

LCOH ($/kWh-th) 0.01 0.025 0.05 

MD module cost ($/m2) 30 34 38 

RO module cost ($/m2) 27 30 33 

OARO module cost ($/m2) 30 50 70 

 

The tornado charts in Figure 2-23 shows the corresponding LCOW given different costs 

in the two cases of high recovery rate and brine salinity. For batch V-AGMD, the biggest factor 

is the cost of thermal energy, which makes it so important to improve its integration with solar 

thermal systems or recovery of waste heat from power plants and other relevant industrial 

processes such as electrolyzer systems [36]. For OARO, however, both capital costs and the cost 

of electricity are significant contributors to the LCOW. 

Noticing that for OARO systems the membrane area of the BCC modules is much larger 

than that of the conventional RO module, especially at higher salinity (Table 2-14), the cost of 
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BCC OARO modules should be critical in bringing down the LCOW of this system. Based on 

Bartholomew et al. [30], we assumed a cost of $50/m2 in the reference case, and a range of 30-70 

$/m2 in the sensitivity analysis low and high cost scenarios.  

At the higher salinity scenario of 125 g/L, we see a similar pattern, although for OARO, 

the LCOE is not as significant as it is in the 70 g/L scenario (Figure 2-23-1b). The higher 

requirement of the number of stages and membrane area at high salinity makes the LCOW cost 

more sensitive to the module cost. 

 

                (1a)                          (1b) 

 

                (2a)                          (2b) 

Figure 2-23. Tornado charts for 100 m3/day OARO (1) and batch V-AGMD (2) in two cases: (a) 70 g/L 

feedwater and 75% recovery rate, (b) 125 g/L feedwater and 50% recovery rate 

For OARO it should be noted that, the membrane parameters such as the structural 

parameter and the maximum allowable pressure also have a significant impact on LCOW [28]. It 

emphasizes the potential for the OARO technology for becoming more competitive with a more 
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efficient and less expensive OARO membrane commercialized in the future. However, for batch-

VAGMD the strong influence of LCOH makes thermal efficiency improvement the most 

important factor, although improvements in membrane permeability are important as well. The 

trade-off between  productivity and energy efficiency can be exploited by varying the designed 

feed flow rate and the number of modules, and a potentially better operational optimization can 

be investigated accordingly. 

2.4 Integration of techno-economic models with geospatial inputs in SEDAT 

This section describes in detail the development of the SEDAT platform, integrating 

geospatial databases and techno-economic models of solar and desalination technologies through 

a user-friendly graphical interface. 

2.4.1 Integration of geospatial databases into SEDAT 

SEDAT is an open-source, Python-based tool, that integrates various layers of data 

describing solar and saline water resources, water and energy infrastructure, applicable 

regulations, costs and competitive prices. Most of these data, except for the solar irradiation and 

United States Geological Survey (USGS) water resources, were not available in a single database. 

Thus, we integrated a suite of geospatial data sources and techno-economic input parameters, 

shown in Table 2-17, for simulating integrated solar power systems and desalination technologies 

in one graphical user interface (GUI) that can be used and efficiently processed in desktop and 

laptop computers.  

Table 2-17. Primary data layers integrated into SEDAT 

Parameters Data layers Sources 

Water Demand   

Population density & projections Hauer [38, 39]  

Canals and aqueducts USGS [40] 

Roads as water network proxy  U.S. Census Bureau [41] 

Alternative 

Water Sources 

Brackish water sources: depths, total 

dissolvable solids (TDS) 
USGS [42] 
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Oil & Gas Produce water TDS 
USGS National Produced Waters Data 

[43] 

Desalination plants in the U.S. 
Global Water Intelligence (GWI) [44], 

Texas Water Development Board [45]  

Solar Resources Solar Irradiance: GHI, DNI NSRDB [46], PVGIS [47] 

Heat Sources 
Power plant EIA [48]  

Water temperature USGS (brackish) [42] 

Land Use 

Topography MapBox [49]  

Restricted and sensitive areas USGS [50] 

Agricultural saline water drainage regions CA-Dept Water Resources [51] 

Cost Data 

Municipality water prices IBNET [52]  

Cost data for desalination systems 
Multiple literature sources  

[22,23,25,26,29] 

Utility electricity rate structures OpenEI [53] 

Average fuel prices 
U.S. Energy Information Administration 

API [54]  

Planning, 

Regulatory 

Desalination & water treatment regulatory 

and permitting requirements 

State Water Resource Control Boards 

[55, 56, 57, 58, 59, 60] 

 

Siting a solar desalination facility requires information on a variety of inputs related to 

resources (solar inputs, water sources), markets (energy and water prices), and legal frameworks 

(permitting requirements and land use restrictions). Selecting and appropriating solar 

desalination technology requires models based on both location-specific characteristics and non-

spatial input values. We have assembled a collection of integrated spatial data inputs and 

implemented a map-based data exploration interface with the ability to choose a location, solar 

technology model, and cost model to produce a report and charts of system inputs and outputs to 

evaluate and compare different options for technology and site selection.  

For example, for solar desalination of inland brackish water, the USGS data are used to 

seed the database with known brackish water resources, and existing water infrastructure (e.g., 

national level water networks like National Hydrography Dataset (NHD) [61] , as well as state 

level networks such as California Central Valley Project (CVP) and State Water Project (SWP), 

represented by aqueducts). The choice of technology can be identified based on the quality and 
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quantity of water, the brine management requirements, the solar resource and the electricity & 

fuel prices in the region.  

The software we developed  also allows the user to enter data and parametric inputs on 

geospatial, economic, or technical variables. For example, a user may provide an alternative 

source (perhaps from more detailed, proprietary, or up-to-date data) in place of one or more of 

the data inputs that are available within the software. Such an approach contributes to product 

flexibility and to the potential of creating a data hub for future use. Alternative data sources can 

be provided through the GUI manually or by updating the data files available within the 

application.  

2.4.2 Model development and integration 

2.4.2.1 Solar energy generation models from SAM 

Concentrated solar power (CSP) and photovoltaics (PV) models, including the associated 

financial models, from NRELôs System Advisor Model (SAM) were tested for integration into 

SEDAT.  SAM provides annual-hourly simulation for different plant parameters depending on 

hourly weather conditions. The SAM models were integrated into SEDAT using Python 

wrappers. However, since these models were designed for electricity rather than heat production, 

the source code was modified to obtain variables needed for integration with solar thermal 

desalination models (e.g., condenser temperature and exhaust steam mass flow rate in the power 

block). In order to develop a graphical user interface (GUI) for SEDAT, the wrappers created 

from SAM for CSP modules and financial modules needed substantial modifications and 

restructuring. The Python wrappers for these models contain more than 300 input variables for 

each module which were being initialized in the wrapper, and ñmethodsò were created in each 

wrapper corresponding to the sections sub-sections on the SAM user interface; ñmethodsò are a 
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type of function in Python classes. However, the presence of more than 300 variables for each 

SAM model made this approach tedious. Further, programmatically calling multiple methods for 

each modelôs element was not the most efficient way of integration. Subsequently, an interface 

was developed using the DataTable function in DashPlotly to construct the frame of input 

variables and JavaScript Object Notation (JSON) to structure all the variables of a given model 

and adapt it to our GUI. 

JSON captures the structure of the input fields on the user interface along with assigning 

values and reading properties for each variable. JSON objects can transmit attribute-value pairs, 

arrays and any other serializable data objects; these were used to store and communicate data 

used in modeling solar and desalination plants of any type. This approach consisted of creating 

Python wrappers for each model from the user interface of SAM. Each variable value from the 

wrapper was matched with its defaulted value from SAM and added to a JSON file. The tab, 

section, and sub-section were added as properties of each variable initially. 

The functionality and simulations run by SAM are imported into the software by using 

the Python scripts generated by creating a SAM wrapper. The wrapper initializes all the variables 

used for a model within SAM, compiles the source code of SAM and executes the models.  

The new wrappers were further modified to reflect software engineering best practices. Unit tests 

were added to each wrapper and a logger was set up for each application which can be accessed 

from any module in the code. These functionalities allow the programmers working on the 

development to debug the code and improve the efficiency of integrating different modules. 

Logic checks were added to handle rules governing input parameters, such as when the change of 

an option on one tab can impact the default values on a different tab. This logic was also added 

to the callback functions. Also, to guide the validity of user input choices, ñConstraintsò, and 



52 

 

ñConnectionsò were implemented. The ñConstraintsò attribute establishes the range of valid 

inputs in each technical solar and desalination model parameter. ñConnectionsò describe 

relationships between certain pairs of inputs.  

The JSON file is used to build the GUI interface by iterating through each tab, section, 

and subsection in the SAM user interface and creating the corresponding menu elements in the 

Dash framework. This code can be reused to create menu structures that represent each of the 

SAM models without having to manually program the menu elements; each model can have a 

menu system automatically generated from the JSON file. Logic for loading the various models 

was created in the Python code so that the appropriate menu system is loaded based on the user-

selected model.  

Our approach involved capturing the structure of the variables on the GUI inside the 

JSON in a non-repetitive manner along with matching default values of all the SAM variables 

from a sub-branch of the SAM GitHub repository [62] that includes JSON files with all of the 

model variables and default values. The default values of different model variables in SAM are 

populated in from these files. We identified these files in SAM GitHub and used them in the 

development process for our software, saving time and effort over the manual process we had 

previously used. The JSON file created for input variables captures the structure of the GUI by 

adding variables as list elements inside dictionaries. The dictionaries contain the name of the tab, 

section or sub-section on the GUI as a dictionary key and have the variables, sub-section or 

section elements as dictionary values. In this manner, it is easier to collect different variables 

belonging to each GUI section while generating the GUI programmatically.  

The different files associated in this integration are structured in folders and shown in 

Figure 2-24.  SamBaseClass.py is the Python file that integrates and uses these files. The files 
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generated from the wrapper (PySSC.py, sscapi.h, ssc.dll for Windows, and ssc.dylib for MacOS) 

are also placed inside the same folder. The compilation is a one-time process; once created, the 

files are included in sedat and used for all desalination models that require solar energy inputs. 

New versions of SAM, along with new desalination or solar thermal technologies, can be 

incorporated into our software by just modifying the files mentioned earlier. 

 

Figure 2-24. Schematic of the elements and files used in the solar and desalination model integration  

Each CSP or PV model can be used as a stand-alone model, or combined with one of the 

six financial models. All these models are integrated in a JSON structure and tested to ensure 

that nothing was missed in the translation. For verifying the implementation of the SAM models 

in our software, a number of inputs were varied to compare the outputs of the model at its source 

with the JSON platform.  

However, some parameter dependencies were described in the SAM user interface, rather 

than in the source code and those had to be restructured in the SEDAT GUI. To implement such 

dependencies, we identified the equations embedded in the SAM interface from the SAM 
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installation folder. Then we isolated the ones that calculate input variables. For example, in 

SAMôs Molten Salt Power Tower model, the number of loops is calculated by: 

 

nLoops: Actual number of loops 

specified_solar_multiple: User defined solar multiple (SM) 

sm1_aperture: Total required aperture, SM =1 (m2) 

loop_aperture: Single loop aperture (m2) 

On the right-hand side of the equation, ñspecified_solar_multipleò is one of the model 

input variables, and the other two are intermediate variables that are calculated in the GUI but 

not used in model simulation. The total required aperture ò sm1_apertureò is a function of design 

capacity, design point DNI and optical parameters. The single loop aperture ñloop_apertureò is a 

function of collector area and number of modules. 

Thus, the number of loops is dependent on multiple other input variables, and it is 

necessary to implement such relationships to better fit the cases. The implementation workflow 

mainly includes building the structure (e.g., callback functions) to dynamically link those 

dependent variables, updating the target variable in the GUI in real time and visualizing them. In 

summary, the procedure of implementing the SAM models into SEDAT includes the following 

steps: 

1. Identify the valid input/output variables of a SAM model and organize them into a 

JSON file, which can be used for a Dash data table in the GUI 

2. Create a JSON file containing the default values for the input variables 

3. Identify all the parameter dependencies from SAM GUI and create callback functions 

accordingly 
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4. Connect the location of the weather file to the map selection information 

5. Connect the SAM model results to the desalination and cost model 

6. Create warnings or suggestions to users when certain options are chosen 

2.4.2.2 Desalination models integration 

The inputs and outputs for desalination models were constructed in the same format as 

SAM variables, in order to be integrated into the same GUI frame. However, unlike SAM 

models which are based on C++ source code and require the connection between the inputs and 

models to be built, desalination models are constructed in a way that can directly import the 

inputs from the GUI and execute. 

Table 2-18. Summary description of desalination models included in SEDAT 

Desalination 

technologies 

Model development 

MED and MD 

These models were developed and validated at pilot-scale at 

PSA5,6,7,8. Some models were written in MATLAB and others were 

based on Engineering Equations Solver (EES). The EES-based 

models were approximated with empirical equations coded in 

Python and the MATLAB-based MED design models were 

converted to simulation ones also in Python. 

Forward Osmosis (FO) 
Developed and shared by Trevi Systems,  as an Excel model and then 

translated into Python and generalized for wider input ranges  

Reverse Osmosis (RO) 

and Osmotically 

Assisted Reverse 

Osmosis (OARO) 

Developed in Matlab and Python 

Hybrids (RO-FO and 

RO-batch-VAGMD) 

New models. designed for the purpose of further purifying the 

permeate water from RO, as well as facilitating minimal and zero-

liquid-discharge (ZLD).  

 

The modular architecture of SEDAT allows the addition of new solar and desalination 

models, as shown in Figure 2-25 and summarized below: 
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1. Develop Python scripts for models.  For solar models, the output should include the 

hourly energy generation, LCOH and LCOE.  For desalination, design, simulation and 

cost models were developed  

2. Create the JSON files that describe the input variables and their default values 

3. Configure the possible combinations of the new models so that they can be selected 

from the modeling menu. 

4. Connect the input variables from the map to the models (e.g., the weather file of a 

selected location and the feedwater salinity) 

5. Connect the input and output of the design, simulation and financial models 

6. Configure the output variables for the result chart and report 

 

 

Figure 2-25. Outline  of the SEDAT modular architecture  



57 

 

2.4.3 Graphical user interface (GUI) development of SEDAT 

A web interface was developed for quick visualization of geospatial data and performing 

simple techno-economic calculations without requiring software installation, while an integrated 

GIS and Python application was developed for more detailed geospatial and techno-economic 

analyses. The desktop application includes comprehensive techno-economic models of 

desalination technologies developed during this project that facilitate the most effective use of 

solar thermal energy. This model development leverages existing tools, like the concentrated 

solar power (CSP) models in National Renewable Energy Laboratoryôs (NREL) SAM open-

source [63], and solar thermal desalination models, and models available from research 

collaborators in CIEMAT-Plataforma de Almeria (PSA) [64]. Figure 2-26 shows a high-level 

framework of the tool. 

 

 

Figure 2-26. Basic framework of SEDAT 

The software uses modular architecture, its design making it flexible for expansion.  The 

techno-economic modules offer an analytical workflow for planning and designing solar thermal 

desalination systems in optimal locations via a user-friendly GUI. This interface provides default 



58 

 

value inputs for technical design as well as capital and operating cost parameters to allow for 

comparative analyses between different solar thermal desalination technologies as well as other 

competing desalination technologies.  

Software modules based on open geographic software libraries from OSGeo65 and other 

sources assemble, extract, transform and pass the geospatial data to techno-economic solar 

generation and desalination components. A logic was implemented to dynamically collect model 

input parameters based on user-selected location in the GUI. Once a user selects a location, the 

associated values for the variables needed in the solar and the desalination models are displayed 

to the user and stored in JavaScript Object Notation (JSON) file for use as model inputs after the 

model selection. This process can be repeated iteratively using different locations; once a user is 

satisfied with a location selection, they can select models of solar generation, desalination and 

financials. Variables that were derived from geographic maps and used as input into the models 

are displayed together with the model results in a summary report and results map.  

The data flow diagram shown in Figure 2-27 walks through a high-level workflow for site 

and model selection using the desktop application for a site-selection driven workflow.  
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Figure 2-27. Schematic of the data flow and model runs in SEDAT 

In a typical workflow, a user would work through the steps shown in the data workflow 

diagram to complete an analysis: site selection, model selection, review of input parameters, model 

run, review results. The site selection stage can be skipped, in which case the model software will 

use the last site selected by the user for the model run. In model selection, the user selects a 

supported combination of solar thermal model, desalination model, and financial model. The site 

selection and parameter review workflows can be iterative: in site selection, multiple sites can be 



60 

 

reviewed before proceeding to model selection; in parameter review multiple parameters can be 

edited before running the models. During the parameter review, a user can replace the default input 

parameters, generally through direct editing in the GUI. If the user has a custom weather file in 

the documented TMY format, it can be used as a model input by entering the full path to the file. 

Additionally, parameters generated from SAM software can be used as an input by uploading a 

SAM generated JSON file. Once the models are executed, the results are presented to the user with 

hourly, daily and weekly time-series solar generation and desalination plant performance (e.g., 

condenser steam temperature, steam flow rate, waste heat generation, water production, fossil fuel 

use, and storage status).  A link to the report page will load a summary of input model parameters 

and outputs to be displayed, along with additional links to download the model outputs. An 

additional link for the results map will display the selected site with the location of water costs 

from utilities that are equal to or greater than the LCOW calculated by the model. The results can 

be refined by adjusting the factor for filtering, i.e., the water parity can be dynamically adjusted to 

show utilities that are less or more expensive than the calculated LCOW. At this point the 

workflow ends. The process could be started again, or the application closed. 

Existing sources can be replaced with more recent versions for spatial query and new could 

be added by adding layers in the map file. The software can be expanded to include synergistic 

renewable energy sources that could be used to meet the energy demand for any proposed water 

treatment infrastructure. One example is considering solar thermal, geothermal, and waste heat 

resources to collectively drive thermal desalination plants. Another example is to assess the solar 

and wind complementarity at high temporal resolution to examine the extent that VRE alone can 

power desalination plants. 
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2.4.4 Examples of using SEDAT for location-based techno-economic analysis of solar 

desalination technologies 

An example of a site selection result is shown in Figure 2-28. The theme dropdown in the 

left of the figure can be used to view various geographic data sets, such as solar resources, water 

prices, and brackish water resources. Spatial objects are also added to the map where 

appropriate; for instance, while looking at existing power plants, a line between the selected site 

and the closest power plant and the closest desalination plant is shown. In different themes, a 

different line may be shown, such as a line to link the selected site to the closest water 

transportation infrastructure in SEDATôs GIS database. 

If a user has already selected a point, the location chosen is preserved with the change of 

theme. In any of the implemented themes, the user can choose a new location and proceed to model 

selection. By zooming on a location, the user can see all the terrain infrastructure details available 

from satellite and topographical maps. 

Solar generation model development. CSP and PV models associated with 

corresponding financial models were integrated from SAM so that the user has full access to all 

the inputs and outputs in SAM -a widely used solar simulation software. Static collector models 

developed by PSA were translated into Python and were normalized to share the same data as the 

SAM solar models. The weather information is linked to the userôs location selection on the map. 

Sedat includes major outputs that were not included in the original models, such as waste heat 

generation which is depicted by time-series charts and summary reports, while details can be 

exported through Excel files. 

  

Desalination model development. Desalination techno-economic models were unified in 

terms of code structure and data frame. Technologies were described by individual design and 
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simulation models. The former provides the physical design (e.g., specific heat exchange area) and 

the performance of system at the design point within a few seconds, and it allows the user to adjust 

the system parameters accordingly. A simulation model reads the hourly generation from the solar 

model and executes cost simulations to provide a complete analysis of the annual performance of 

the system. 

 

Figure 2-28. Example Site Selection and associated display information 

Parabolic trough CSP and MED. A model of an integrated system comprising parabolic 

trough (PT) CSP and an MED pilot plant was developed based on the specifications of PT and 

MED pilot plants at PSA, Almeria, Spain. The MED model was integrated with the hourly 
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simulations from SAM to describe the dynamic performance of an electricity and water 

cogeneration desalination plant. In this system, thermal energy storage supplies the required 

thermal power for power generation and cogeneration during nighttime. The turbine exhaust steam 

temperature is not provided by SAM; thus, it is calculated as the sum of the dry bulb temperature 

and the initial temperature difference between steam and ambient temperature. The calculated 

turbine exhaust steam temperature becomes an input to the steam temperature at the inlet of the 

tube bundle of the MED plantôs first effect. 

Simulations of an autonomous PT-CSP power generation and MED desalination system 

operating in Phoenix, Arizona, show that during most of the winter, the steam temperature was too 

low to drive the MED system. On the other hand, in summer, when the temperature of the waste 

steam reaches 74oC, the MED system operates at full capacity and the excess heat is curtailed. In 

such cases, sedat suggests the option of adding thermal storage. Figure 2-29 shows a 5-day 

performance profile for the CSP/LT-MED plant in March and August. 
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Figure 2-29. Water production in March and August with and without thermal storage system (TES). 

Phoenix, AZ (88MW CSP plant coupled with a 27 m3/h MED plant) 

The average DNI is similar in these two periods, yet the higher temperature in August 

enables a significant increase in water production due to the higher penalty in power generation. 

It is also shown that a thermal energy storage system can extend the operation of the MED system 

by 2 to 3 hours a day in summer. 

Solar Flat-Plate Collectors and MD. Among current MD designs, vacuum-enhanced air-

gap (VAGMD) offers the lowest specific thermal energy consumption (STEC) and when operating 

in batch mode, it also offers high recovery rates. Empirical models were developed based on pilot 

systems designed by Zaragoza and co-workers [14] for both one-pass and batch VAGMD 

configurations. These were integrated with the flat-plate collector model described earlier. A 

schematic of this system is shown in Figure 2-9. Figure 2-30 shows an example of the associated 

Results Report, and Figure 2-31 shows time-series plots of daily thermal power generation and 

water production for the system. 
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Figure 2-30. Example simulation report showing local conditions, desalination and solar field 

configurations, and techno-economic performance of the V-AGMD system with flat plate collectors. 
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Figure 2-31. Example time-series of outputs for flat plate collectors with a V-AGMD plant visualized in 

SEDAT 
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2.5 Coupling renewable energy with  desalination and electrolysis 

If zero-carbon electricity from renewable energy is used to power electrolysis, the clean 

hydrogen produced could be used to power automobiles and manufacture chemicals, materials, 

and synthetic fuels. However, in scenarios of large hydrogen production, especially in arid areas 

and islands, seawater may be the only sustainable source of water for electrolysis. Consequently, 

R&D efforts aim at developing corrosion-resistant electrodes or new electrolyzer technologies 

for direct seawater electrolysis.66 However, our study shows that coupling desalination and 

electrolyzer systems is a cost-effective solution in using seawater for electrolysis, and such 

coupling can be optimized to offer system cost reductions and further advance the benefits that 

low-cost renewable energy electricity offers to the economics of integrating desalination and 

electrolysis.  

In this section we highlight the current and projected impact of renewable energy 

generation on electricity prices, and developments in solar, desalination, and electrolyzer 

technologies that enable a low-cost production of clean hydrogen.  

2.5.1 Integrated system design for renewable-energy powered water and hydrogen 

production 

Both water production by desalination and hydrogen production via electrolysis may 

offer opportunities for synergy with variable renewable (VRE) power generation.  Both 

technologies offer ways to use and store, instead of curtailing, solar energy. When powered by 

solar energy, we expect that an integrated desalination and electrolysis facility can benefit from 

multiple synergies, including but not limited to: i) desalination providing high purity water for 

water electrolysis, ii) electrolysis waste heat providing an energy source for thermal desalination, 

iii) energy storage in the form of clean H2 fuel, and (iv) more flexible operation that enables 
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higher utilization of solar thermal energy or electricity and lowering of the Levelized Costs of 

H2O (LCOW), and the levelized cost of H2 (LCOH2).  The concept of integrated technologies 

and bridging industry sectors that are commonly viewed individually, is shown by the schematic 

in Figure 2-32. 

 

Figure 2-32. Integrated solar/wind-powered plant for the production of fresh water and hydrogen from 

water desalination and electrolysis, respectively 

The figure depicts seawater feed in desalination assuming that for electrolytic hydrogen 

generation to become prolific throughout the world, seawater would be needed as a feedstock. 

Also, electrolyzers require de-ionized water to produce hydrogen while generating a great 

amount of heat and this is shown in the figure. The relevant parameters are discussed in the 

following sections. 

2.5.2  Desalination system cost analysis 

To estimate the cost of desalinating seawater and producing ultrapure water, engineering, 

procurement, and construction (EPC) costs were computed based on data for plants serving 

industrial users, from the Global Water Intelligence database [67]. Average unit EPC costs are 
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reported for small (<1000 m3/day) and large (>50,000 m3/day) RO plants fed by either seawater 

or pure water. For medium size (2000 -50,000 m3/day), an exponential relationship was applied 

to interpolate the EPC cost. O&M costs comprising labor & maintenance, chemicals, and 

membrane replacement were estimated as 4% of capex, and energy costs were considered 

separately.  

The results of the comparison of the considered desalination systems are shown in Table 

2-19, Figure 2-33 and Figure 2-34. In addition, to systems that can produce deionized water, we 

included for a price reference, the most common RO-single pass and RO-double pass, which 

only produce potable water. 

Table 2-19. Cost comparison of various desalination systems 

Water Production Capacity=50 m3/day 

  EPCÀÀ Opex SEC STEC LCOE LCOH LCOWÀÀ 

($/m3/d) ($/m3) (kWh/m3) (kWhth/m3 ($/kWh) ($/kWhth) ($/m3) 

RO-single 

pass 
2,688 0.35 3.7 0 

0.05 
- 

1.14 

0.03 1.07 

RO-double 

pass 
3,976 0.54 5.0 0 

0.05 
- 

1.68 

0.03 1.58 

RO-double 

pass + IXÀ 
4,294 0.60 5.0 0 

0.05 - 1.83 

0.03  1.72 

RO-triple 

pass 
5,165 0.72 6.2 0 

0.05 
- 

2.19 

0.03 2.07 

MD-batch* 5,760 0.25 0.3 59.2 

0.05 
0.01 2.00 

0.025 2.86 

0.03 
0.01 1.98 

0.025 2.84 

LT-MED**  3,677 0.21 1.5 65.5 

0.05 
0.01 1.68 

0.025 2.67 

0.03 
0.01 1.65 

0.025 2.64 

Water Production Capacity=120 m3/day 

RO-single 

pass 
2,688 0.35 3.7 0 

0.05 
- 

1.14 

0.03 1.06 

3,976 0.53 5.2 0 0.05 - 1.69 
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RO-double 

pass 
0.03 1.58 

RO-double 

pass + IXÀ 
4,294 0.60 5.2 0 

0.05 - 1.83 

0.03  1.72 

RO-triple 

pass 
5,165 0.71 6.8 0 

0.05 
- 

2.20 

0.03 2.06 

MD-batch* 4,732 0.24 0.3 59.2 

0.05 
0.01 1.80 

0.025 2.66 

0.03 
0.01 1.78 

0.025 2.64 

LT-MED**  3,269 0.21 1.5 65.5 

0.05 
0.01 1.60 

0.025 2.58 

0.03 
0.01 1.57 

0.025 2.55 

Water Production Capacity=2,000 m3/day 

RO-single 

pass 
2,237 0.29 3.7 0 

0.05 
- 

0.98 

0.03 0.91 

RO-double 

pass 
3,399 0.46 5.5 0 

0.05 
- 

1.50 

0.03 1.39 

RO-double 

pass + IXÀ 
3,721 0.60 5.5 0 

0.05 - 1.64 

0.03  1.53 

RO-triple 

pass 
4,491 0.58 7.0 0 

0.05 
- 

1.98 

0.03 1.84 

RO-double 

pass+IXÀ 
4,491 0.73 7.0 0 

0.05 
- 

2.12 

0.03 1.98 

MD-batch* 3,230 0.24 0.3 59.2 

0.05 
0.01 1.50 

0.025 2.36 

0.03 
0.01 1.48 

0.025 2.34 

LT-MED**  2,226 0.20 1.5 65.5 

0.05 
0.01 1.38 

0.025 2.37 

0.03 
0.01 1.35 

0.025 2.34 

À For ion-exchange, water costs can range between $0.08 - $0.21/m3; thus, an average cost of $0.145/m3 was added 

to the LCOW of any RO cases that included ion-exchange. Lacking cost break-down data, we assumed that this 

LCOW is equally distributed between Capex and Opex. 
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ÀÀ Interest rate and plant lifetime were set to 4% and 20 years, respectively. 

* The recovery rate of MD-batch system selected at the design point is 50%. 

** The recovery rate of LT-MED system selected at the design point is 50%. 

 

 

Figure 2-33. LCOW breakdown of different desalination technologies at a small (120 m3/day) capacity 

(LCOE for MD-batch and LT-MED is 0.05 $/m3) 

As shown in Table 2-19, although conventional RO can produce potable water at 

levelized costs of water (LCOW) much lower than that of thermal desalination plants, the 

addition of passes and/or ion-exchange systems to completely de-mineralize the RO permeate 

water, and the use of electrolyzersô waste-heat as sole thermal input into MED and MD, makes 

the LCOW of thermal desalination lower than that of RO-triple pass and RO+IX (assuming that 

waste heat will only cost $0.01/kWhth).  
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Figure 2-34. LCOW breakdown of different desalination technologies at a medium (2000 m3/day) 

capacity (LCOE for MD-batch and LT-MED is 0.05 $/m3) 

2.5.3 Cost parity analysis of hydrogen production with renewable energy 

Electrolyzers produce hydrogen by splitting water with direct electrical current. Splitting 

liquid water into hydrogen at 25°C requires a minimum voltage of 1.23 V be applied across the 

anode and cathode of the electrolyzer, which decreases as the temperature increases. The voltage 

of 1.23 V corresponds to the Gibbs free energy change (ȹG) for the water electrolysis reaction of 

+237 kJ/mole H2. ȹG is sometimes used as the energy content of H2 for calculating electrolyzer 

efficiency. However, the electrolyzer industry more commonly uses the higher heating value 

(HHV) as the basis of the energy content of H2. Unlike ȹG, which only accounts for the 

reversible (electrical) energy that could be recovered from H2, HHV also takes into account the 

thermal energy that could be recovered if H2 were combusted with O2 and all of the heat 

produced from combustion was captured as the H2O product and returned to 25 °C.  For standard 

temperature of 25 °C, HHV is 285.8 kJ/mole H2, which corresponds to a thermodynamic 

minimum cell voltage of 1.48 V to split water. This voltage is also known as the so-called 
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thermoneutral cell voltage, Uth, which has important implications for heat flow to or from the 

electrolyzer.  At cell voltages below Uth, ambient heat must be consumed, while excess heat is 

generated above this value [68] . As discussed in section 4.2, PEM electrolyzers typically operate 

at cell voltages around 1.75 V, meaning that inefficiencies associated with ohmic and kinetic 

overpotential losses during operation manifest as heat generation. At higher current densities the 

cell voltage increases further, and thus additional heat is generated that must be removed. 

Commercial water electrolyzers are based on either alkaline electrolysis (AE) or polymer 

electrolyte membrane (PEM) electrolysis. The electrolyte in alkaline electrolyzers is usually an 

aqueous solution of KOH. Traditionally this technology has been the main technique in 

large­scale electrolysis, and it has been in use for several decades. It is a mature technology 

which can still compete with the much newer PEM technology. Its main disadvantages compared 

to PEM technology are the low current density (e.g., 0.1 to 0.4 A cm-2, larger stacks, and lower 

flexibility in terms of load on the system). It is because of these properties that the demand for 

PEM technology has boosted over the last few years; experts forecast that PEM technology will 

be dominant by 2030, but critical gaps must still be closed in the areas of materials, operating 

conditions, durability and economic viability.[Error! Bookmark not defined. ] 

Traditionally, electricity has been the single largest cost contributor to the LCOH2 from 

electrolyzers, which are typically operated at constant current densities [69, 70]. PEM 

electrolyzer efficiencies are commonly rated at 1.7 A cm-2. They generally operate in the range 

of 1-2 A cm-2, although operation at much higher current densities is possible with modifications 

to the electrolyzer power electronics, cell design, and stack design. As the current density 

increases and more current is introduced into the unit, more hydrogen is produced, although the 

efficiency of the electrolyzer is reduced.  Figure 2-35(a) shows the current-voltage (I-V) curves 
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and corresponding efficiencies based on experimental I-V curves reported by Nel Hydrogen for 

PEM electrolyzers containing 60 µm thick Nafion membranes.[71]  Figure 2-35(b) presents an 

illustration of the tradeoff between electrolyzer current density and efficiency. As shown, the 

current density of 1.7 A cm-2 corresponds to a voltage of 1.74 V on the baseline IV curve and an 

HHV efficiency of 85%. In the following we investigate this trade-off by comparing modes of 

operation at the currently most typical current density of 1.7 A/cm2, and elevated current 

densities of 2.7, 3.2, 4.4 and 6 A/cm2.  

The choice of these current levels stems from a detailed technoeconomic analysis 

covering a wide electricity price range. It was found that 2.7 A/cm2 results in lowest LCOH2 

when electricity prices are at $0.03/kWh, while electricity price reductions to $0.01-0.02 favors 

operation at 4.4 A/cm2 and free electricity favors operation at the maximum current density, thus 

6 A cm-2. It is noted that cell voltage of 6 A/cm² is very high for currently commercially 

available electrolyzers, but a research focus for improving the cost of PEM, on bipolar plates, 

porous transport layer (PTL) and catalyst coating could result in re-designing the stacks and 

enable higher power densities to 6 A/cm² or higher in the next few decades [72]. Thus, this high 

current density is included as a high limit case in the current cost-optimization exercise and, 

interestingly, it was found that it may make economic sense only when electricity is completely 

free because of the tradeoff between increased energy charge (OPEX) and hydrogen production. 

 



75 

 

 

                                              (a)                                                       (b)                      

 

Figure 2-35. Efficiency vs. current density in PEM electrolyzers. (a) Current-voltage (I-V) and 

corresponding efficiency curves based on experimental IV curves reported by Nel Hydrogen for PEM 

electrolyzers containing 60 µm Nafion membranes (b) Illustration of the tradeoff between electrolyzer 

current density and efficiency  

The electrolyte in PEM is a solid polymer capable of conducting protons (Ὄ+), which 

results in an acidic environment. Catalysts capable of operating under these conditions are 

precious metals such as platinum and iridium, and the acidic nature results in short lifetimes 

compared to alkaline technology. The high current densities achieved by a PEM electrolyzer do 

however allow for very compact design. In PEM electrolyzers, the electrodes are pressed against 

a thin film of electrolyte. These layers together are also referred to as the membrane electrode 

assembly (MEA) and form the heart of the electrolysis cell. The MEA together with current 

collectors and separator plates make up the cell that, on average, is only 5­9 mm thick. This 

structural compactness results in a much smaller footprint compared to alkaline technology. 

Our investigation entails PEM electrolyzers, although alkaline may still be less expensive, 

because PEM, in addition to their smaller footprint, they are more amenable to high current 

density operation and, therefore, get more benefit from the low prices of solar and wind 

electricity. The system cost for 10 MW PEM is reported to be 755 ú/kW (our best case), thus 
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~$900/kW [73]. Limited data on cost reductions beyond 2020 are available, though some 

projections take the cost down to 250 ú/kW by 2030 [74]. 

Minimum LCOH2s were calculated based on the electricity price distribution from the 

2020 ERCOT hub average node (Texas 2020) [75], and the 2020 Martinez node in CAISO 

(California 2020) [76], which were shown in Figure 1. The LCOH2 model and associated 

parameters are shown in Supplemental Information.  It was found that hydrogen from 

electrolysis becomes cost competitive with the current production of H2 from steam methane 

reforming (SMR) at electricity prices below $0.03/kWh and is more profound at current densities 

of 3.2 and 4.4 A cm-2 (Figure 2-36).  Conversely, at high electricity prices, lower current density 

is favored in order to maximize efficiency. As more low-cost solar energy penetrates the grid, H2 

from electrolysis will become increasingly cost competitive with SMR. In addition, electrolyzers 

need to have access to wholesale market prices, which enable exposure to such low-priced 

electricity.   

 

Figure 2-36. LCOH for typical (1.7 A cm-2) and high current density (2.7, 3.2, 4.4 and 6 A cm-2) 

operation as a function of average electricity price. The gray band shows the ñSMR parityò range 

($2.08 kg-1 to $2.27 kg-1), which is the cost of producing H2 from SMR; $2.08 corresponds to a design 

capacity of 379,387 kg H2 per day at a 90% capacity factor and a natural gas price of $10 MMBtu-1, 

and $2.27 kg-1 corresponds to the same but with carbon capture and sequestration. Current density of 

4.4 A cm-2 reaches cost parity with SMR operation when powered by electricity costing less than 

$0.03/kWh. 
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It is noted that the 2030 projections of the LMP distributions reveal a large frequency of 

low-price outliers, which in addition to expected reductions in the price of electrolyzers, should 

result in even lower LCOH2 estimates. 

2.5.4 Summary 

Deep decarbonization of sectors such as transportation, chemical and metal production 

will require zero-carbon hydrogen production, which currently can only be provided by splitting 

water molecules via electrolysis. As the economics of producing electrolytic hydrogen are 

dominated by the cost of electricity, enabling operation of electrolyzers to take advantage of the 

variability of solar and wind resources will become much more important in a renewable energy 

future.  

We addressed the feasibility and cost benefits of electrolyzer high current density 

operation on the LCOH2 and the LCOW. Our simulations show that clean electrolytic hydrogen 

can reach cost parity with hydrogen produced from methane at electricity prices with a mean of 

$0.03 kWh-1, or lower. We accounted for increased degradation rates and an additional capital 

expense when operating at high current densities. However, premiums on electrolyzer CAPEX 

and slight increases in degradation rates are justified for electrolyzers capable of high current 

density operation as long as electricity costs are less than $0.03 kWh-1. In these scenarios, the 

increased H2 output enabled by high current density operation offsets the premium on total 

CAPEX, and the increased OPEX costs from lower efficiencies. An additional benefit of high 

current density operation is that it increases the production of useful ñwaste heatò. When such 

heat powers thermal desalination technologies, they would produce de-ionized water at lower 

LCOW than the currently dominant RO.  By taking advantage of low electricity prices during 

high periods of VRE penetration and using the waste heat from electrolyzers to power 
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desalination, the LCOH2 from water electrolysis can be significantly decreased to achieve cost 

parity with SMR-produced H2. 
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Chapter 3: Model implementation on WaterTAP for treatment 

train design and optimization 

This chapter summarizes the investigation of the performance of advanced desalination 

configurations and their applications in proposed desalination treatment trains towards ZLD on 

WaterTAP platform. 

3.1 Introduction of WaterTAP  

WaterTAP (Water treatment Technoeconomic Assessment Platform) complements these 

capabilities by offering a modular, Python-based environment for simulating and optimizing 

water treatment systems. Developed as an open-source library, WaterTAP includes detailed 

models for desalination processes, chemical reactions, and energy consumption analysis. It 

builds on the IDAES (Institute for the Design of Advanced Energy Systems) framework [77] and 

integrates powerful optimization solvers like IPOPT (Interior Point Optimizer) [78] as the 

primary solver for nonlinear programming (NLP) problems, which is frequently used for water 

treatment processes. Its adaptability enables researchers to design complex treatment trains, such 

as ZLD systems, and evaluate their performance under diverse conditions. Panda et al. [79] 

provide comprehensive overviews of WaterTAPôs applications in optimizing water treatment 

processes. Atia et al. [28] conducted cost optimizations of low-salt-rejection (LSR) reverse 

osmosis (LSRRO) on WaterTAP and identified optimal conditions such as the salt permeability 

of each stage. OôConnell et al. [80] used WaterTAP to evaluate the techno-economic 

performance of various desalination treatment trains toward ZLD/minimal liquid discharge and 

explored the optimization objectives of minimum cost and minimum brine discharge. Amusat et 

al. [81] presented a modeling framework for cost optimization of high-recovery desalination 

systems that incorporate detailed water chemistry predictions into process-scale models for 
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optimization, and their study integrated surrogate models generated from the OLI Engine Cloud 

application programming interface [82] into the WaterTAP modeling of the system. In this study, 

the integration of WaterTAP and Reaktoro shows the potential of providing an open-source 

framework for advancing sustainable water management technologies by enabling both robust 

chemical simulations and system level optimization.  

3.2 Unit model implementation in WaterTAP 

3.2.1 Conversion of desalination models into Pyomo framework 

To accommodate the models to WaterTAP project, we reconstructed the technical model 

using Pyomo framework, a Python based open-source optimization tool. Taking LT-MED model 

as an example, the main changes include: 

o Initialization of all model variables and coefficients using Pyomo ñVarò or ñParamò 

object.  

Table 3-1. Initialization of input variables 

Variable Description Pyomo type Unit Input range (bounds) 

Xf  Feedwater salinity Var mg/L 30000 - 60000 

Ts The temperature of the steam at 

the inlet of the first bundle tube 

Var ᴈ 60 - 80 

Nef Number of effects Param*  3, 6, 9, 12, 14 

Capacity Capacity of the plant Var m3/day >2000 

Tin Condenser inlet seawater 

temperature 

Var ᴈ 15 - 35 

RR Recovery ratio Var  0.3 ï 0.5 

* Integer must be picked from 3-14 ŦƻǊ bŜŦΣ ǎƻ άtŀǊŀƳέ ƻōƧŜŎǘ ƛǎ ǎŜƭŜŎǘŜŘ ŦƻǊ ƳƻŘŜƭƛƴƎ ǇǳǊǇƻǎŜΦ 
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Other intermediate variables were initialized as ñVarò object. The coefficients for the 

empirical equations were created using ñParamò object and indexed by the number of effect and 

number of coefficients. 

o Establishment of model equations using Pyomo ñConstraintò object. 

The equations that were used to calculate intermediate and output variables were formed 

as equality constraint in Pyomo. 

o Adjust the format of supporting equations in ñSW_functions.pyò , ñStoffparameter_H2O 

ñ and ñIAPWS97_thermo_functionsò to be compatible with the Pyomo framework. 

The Pyomo framework takes specific data structure and operators for optimization 

purpose. Changes in the format were adjusted accordingly. For example, array operations from 

ñNumpyò package should be replaced by standard Python operations or Pyomo operation 

objects. 

The cost model was also implemented in Pyomo for optimization purposes. This model can 

either be incorporated with the technical model described above or executed independently given 

proper inputs.  

Both technical and cost model generate identical results (at least 4 digits of accuracy) 

compared to the original model. Multiple input combinations are tested in the Jupyter notebook 

file as well. 

The model can be further adjusted for optimization purposes. All variables constructed in 

Pyomo ñVarò object can be unfixed and different object functions can be added to establish an 

optimization scenario. Those input variables include:  

¶ Feed salinity (Xf) 

¶ Steam temperature (Ts) 

¶ Condenser inlet temperature (Tin) 
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¶ Recovery ratio (RR) 

A sample simulation was provided in the Jupyter Notebook file, where the condenser 

inlet temperature (Tin) and recovery ratio (RR) were unfixed from the reference case and an 

objective to minimize LCOW was set.  

Table 3-2. Optimization of LT -MED condenser inlet temperature and recovery rate  

 Reference case Optimized case 1 

Input 

Feed salinity (Xf) 35000 mg/L 

Steam temperature (Ts) 80 ᴈ 

Condenser inlet temperature (Tin) 15 ᴈ  

Recovery ratio (RR) 0.5  

Optimized input 

Condenser inlet temperature (Tin)  20.44 ᴈ 

Recovery ratio (RR)  0.50 

Output and objective 

GOR 9.77 9.85 

sA (m2/m3/day) 3.93 3.76 

STEC (kWh/m3) 65.43 64.80 

LCOW ($/m3) 1.61 1.59 

 

The goal is to determine what Tin and RR can be selected in order to reach the minimum 

LCOW, assuming the system takes a fixed feed salinity of 35 g/L and a steam flow at 80 ᴈ. 

Another sample simulation was also performed, where instead of targeting Tin and RR, 

the steam temperature was picked to minimize LCOW: 

Table 3-3. Optimization of LT -MED steam temperature  

 Reference case Optimized case 2 

Input 

Feed salinity (Xf) 35000 mg/L 

Steam temperature (Ts) 80 ᴈ - 

Condenser inlet temperature (Tin) 15 ᴈ 

Recovery ratio (RR) 0.5 

Optimized input 

https://github.com/Zhuoran29/watertap-reflo/blob/LTMED_notebook/src/watertap_contrib/reflo/analysis/example_flowsheets/LT_MED_pyomo.ipynb
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Steam temperature (Ts) - 85 ᴈ 

Output and objective 

GOR 9.77 9.69 

sA (m2/m3/day) 3.93 3.02 

STEC (kWh/m3) 65.43 65.59 

LCOW ($/m3) 1.61 1.56 

 

3.2.2 Implementation of Pyomo model into WaterTAP 

(1) LT-MED 

As an individual Pyomo model, the previously developed LT-MED model was 

reformatted and implemented as a unit model into WaterTAP framework. The models in 

WaterTAP are constructed using IDAES (The Institute for Design of Advanced Energy Systems) 

framework, where property packages can be assigned to each unit models using Flowsheet 

blocks, and different unit models can be connected through it. 

(a) Config block 

Config blocks in a unit model are necessary to provide additional information when 

creating a  model. For example, as shown in Table 3-4, the LT-MED model is a steady state 

model, thus the ódynamicô and óhas_holdupô blocks have to set as False. The property packages 

that are assigned in the model are also  be specified as config blocks and the corresponding 

property equations are called. 

Table 3-4. Config blocks in LT -MED model  

Config block Description Domain 

dynamic Indicate whether this model will 

be dynamic 

Must be False 

has_holdup Indicates whether holdup terms 

should be constructed 

Must be False 

property_package_seawater Indicate which property object is 

used for property calculations 

seawater_props_package 
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property_package_water Indicate which property object is 

used for property calculations 

water_props_package 

 

(b) Status block 

Status blocks need to be created for property variables (e.g., density, specific heat 

capacity, salinity, mass flow rate, etc.). They call equations from corresponding property 

packages automatically if their status is specified. Figure 3-1 shows thereôs 5 status blocks 

created in the LT-MED model. Each red circle in the figure creates a status block of 

seawater/water and each blue box stands for a steam status block.  They can also be used to 

create ports in the flowsheet, for other unit models to be connected to this model. For example, 

the feed water can be imported from the outflow of other unit models (such as pretreatment 

process, RO and other), and the steam can be imported from a solar thermal unit model.  

 

 

Figure 3-1.  Diagram of status blocks implemented in LT -MED WaterTAP model  

(c) Variables and constraints 

The current version of this model includes 178 variables and 47 constraints.  

(d) Model verification 
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This model is tested and its results verified by comparing with the results of the Pyomo 

model we developed in the previous quarter. The results from the WaterTAP platform are 

identical to those from the Pyomo model, which were verified against the original Python model. 

The model estimates of the following output variables were compared: 1) gain output ratio, 2) 

specific area, 3) specific thermal energy consumption, 4) thermal power requirement, 5) heating 

steam mass flow rate, 6) motive steam mass flow rate and 7) cooling water mass flow rate. 

(2) MED-TVC 

Similarly, the empirical MED-TVC and VAGMD model were implemented to 

WaterTAP platform. 

Compared to LT-MED model, MED-TVC also includes motive steam in the process as 

shown in Figure 3-2. This model includes 6 status block, with an addition block for motive steam 

compared to LT-MED model. This model includes 191 variables and 61 constraints. 

 

 

Figure 3-2.  Diagram of status blocks implemented in MED-TVC WaterTAP model 

(3) V-AGMD 
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Figure 3-3 shows the flow properties that is accounted for in the VAGMD model. The 

model includes 8 status blocks to fully capture the mass and energy balances of the system.   

 

Figure 3-3. Diagram of status blocks implemented in MD-batch WaterTAP model 

(4) FO 

 

Figure 3-4. Diagram of the FO unit model 

This FO model (depicted in Figure 3-4) is constructed based on the Trevi Systemsô FO 

pilot plant configuration. The extraction of water from the feed flow relies on a bi-phasic 

synthetic polymer draw agent that is either a hydrophilic liquid or a hydrophobic liquid 

https://watertap-reflo--168.org.readthedocs.build/en/168/_images/fo_unit_model.png
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depending on temperature. In its hydrophilic state, this agent draws water across a semi-

permeable membrane by osmotic pressure. Once the draw solution has been diluted by the fresh 

water crossing the FO membrane, the draw mixture is heated, causing it to become hydrophobic 

and release water. The water and draw polymer are separated in a traditional ñoil/waterò 

coalescer (separator), and a polishing nano-filtration (NF) membrane further purifies the product 

stream by removing stray polymer. The associated draw solution package is used to simulate the 

mass and thermal energy transfer within the process. 

At the technical heart of referenced Treviô system, two counter-flow heat exchangers 

recover process heat from both the draw and purified water streams ï transferring heat directly to 

the dilute draw as it exits the osmosis membrane cartridges.  

The FO model has 6 degrees of freedom (Table 3-5) that should be fixed for the unit to be 

fully specified. Typically, the following variables are fixed, including the state variables at the 

inlet and other configurations of the system. 

Table 3-5. Default degrees of freedom of the FO unit model 

State Variables Variable name Symbol Unit  

Feed salinity 
feed_props.conc_mass_phase_comp[óLiqô, 

óTDSô] 
sfeed g/L 

Feed 

temperature 
feed_props.temperature Tf oC 

Feed volume 

flow rate 
feed_props.flow_vol_phase[óLiqô] vfeed m3/s 

Strong draw 

solution (A) 

mass fraction 

strong_draw_props.mass_frac_phase_comp[óLiqô, 

óDrawSolutionô] 
xA None 

Strong draw 

solution 

temperature 

entering FO 

strong_draw_props.temperature TA oC 

Draw solution 

mass fraction in 

product water 

(P) 

product_props.mass_frac_phase_comp[óLiqô, 

óDrawSolutionô] 
xP None 
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We developed the surrogate equations of one of the draw solutions (Figure 3-5) that are 

used in the operation. Draw solution TL-1150-1 is a polymer compound of which the density, 

thermal conductivity and specific heat capacity are tested and recorded as below: 

 

Figure 3-5 Draw solution properties of Treviôs polymer material 

 

3.3 Flowsheet implementation in WaterTAP 

With the unit models implemented in WaterTAP, it is possible to explore different 

desalination configurations with more complex design and their potential in improving the water 

recovery and energy efficiency in various applications. The IDAES flowsheet structure and 

existing process models such as heat exchangers, mixers, separators have enabled the detailed 

simulation of different processes. 
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3.3.1 Batch V-AGMD  

The first flowsheet we implemented in 

WaterTAP is the batch V-AGMD, utilizing 

the IDAES multiperiod structure, which links 

steady-state models over a time horizon with 

constraints between periods. Therefore, sets of 

constraints at one temporal index will affect 

decisions taken at a different moment in time. 

It was originally designed to model the 

relationship between the energy systems and 

wholesale electricity markets and is perfectly 

suitable for simulating the accumulated 

performance of a batch operation. 

Figure 3-18 shows the multiperiod 

structure of the batch-VAGMD configuration 

that were introduced in Chapter 2. Similarly, 

the MD brine generated at a certain moment 

of time ὸ is mixed with the bulk volume of feedwater in the mixer, and the mixed flow is 

imported to the MD feed side in the next moment of time ὸ . By specifying the number of time 

periods and the length of each period, we get to control the overall water recovery from a batch, 

and a trade-off between model complexity and accuracy. Longer period length leads to a smaller 

number of time periods and thus less constraints and variables, with a sacrifice on the simulation 

 

  Figure 3-6. IDAES multiperiod structure of a 

batch-VAGMD system 
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accuracy. A range between 30-120 seconds is selected as the ideal length of period based on the 

model verifications with experimental results from PSA. 

Table 3-6 shows the example simulation results of a V-AGMD batch operation on 

WaterTAP. The feed seawater is assumed to be 35 g/L and 25 oC, and an initial batch volume of 

50 L is specified for a single Aquastill AS26C7.2L module. The process achieves a 71.4% 

recovery rate within 59 mins and the overall STEC is 82.7 kWh/m3. 

Table 3-6 Period-wise system performance of a seawater V-AGMD in a batch operation 

Period 

Operation 

time 

(min) 

Feed 

Salinity 

(g/L) 

Permeate 

Flux 

(kg/hr/m2) 

Accumulated 

distillate 

volume (L) 

Feed 

temperature 

(C) 

Gain 

output 

ratio 

Accumulated 

recovery 

ratio 

Accumulated 

STEC 

(kWh-th/m3) 

Accumulated 

SEEC (kWh-

e/m3) 

t1 2.0 36.0 1.6 1.4 25.8 9.6 2.8% 68.2 0.29 

t2 4.1 37.1 1.6 2.8 26.4 9.6 5.7% 68.4 0.29 

t3 6.1 38.3 1.6 4.2 26.9 9.5 8.5% 68.7 0.29 

t4 8.1 39.5 1.6 5.6 27.2 9.5 11.3% 68.9 0.29 

t5 10.2 40.7 1.6 7.0 27.4 9.4 14.1% 69.2 0.29 

é 

t25 50.9 96.6 1.1 31.9 28.6 8.3 63.8% 79.0 0.32 

t26 52.9 102.3 1.1 32.9 28.6 8.2 65.8% 79.8 0.33 

t27 55.0 108.5 1.1 33.9 28.7 8.1 67.7% 80.7 0.33 

t28 57.0 115.2 1.0 34.8 28.8 8.0 69.6% 81.7 0.33 

t29 59.0 122.4 1.0 35.7 28.9 7.9 71.4% 82.7 0.34 

 

3.3.2 Semi-batch operation of LTMED - VAGMD  

 The multiperiod structure also enables the simulation of more advanced desalination 

configurations, and this section is going to explore the potential of the semi-batch hybrid 

operation of LT-MED and V-AGMD. LT-MED shows high thermal efficiency at lower brine 

salinity (50-70 g/L) and can be powered with low-grade heat, while V-AGMD enables water 

recovery at higher salinity range (>70 g/L) and its batch operation further improves its thermal 

efficiency. Itôd be intriguing and meaningful to explore if the hybrid of these two technologies 
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can be economically favorable in high-water-recovery required applications, e.g. desalination 

with ZLD.  

This idea can be depicted by the flowsheet below, which simulates the semi-batch 

operation of an LTMED - VAGMD system using IDAESô multiperiod framework, and 

¶ each period in the processing phase contains a steady-state flowsheet as depicted in 

Figure 3-7 

¶ each period incorporates a list of the following models 

o one Low Temperature - Multi -effect Distillation (LT-MED) model from 

WaterTAP-REFLO 

o one Vacuum Air-gapped Membrane Distillation - base model (VAGMD-

base) from WaterTAP-REFLO, 

o one Mixer model from IDAES 

o two Separator models from IDAES 

¶ the system performance is evaluated based on a single Aquastill MD module which all 

inputs are associated with 

¶ the system can be scaled to any capacity in the cost evaluation 

https://watertap-reflo--168.org.readthedocs.build/en/168/technical_reference/unit_models/treatment_models/lt_med_surrogate.html#lt-med-homepage
https://watertap-reflo--168.org.readthedocs.build/en/168/technical_reference/unit_models/treatment_models/vagmd_surrogate_base.html#vagmd-base-homepage
https://watertap-reflo--168.org.readthedocs.build/en/168/technical_reference/unit_models/treatment_models/vagmd_surrogate_base.html#vagmd-base-homepage
https://idaes-pse.readthedocs.io/en/2.4.0/reference_guides/model_libraries/generic/unit_models/mixer.html
https://idaes-pse.readthedocs.io/en/2.4.0/reference_guides/model_libraries/generic/unit_models/separator.html
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Figure 3-7. Diagram of a MED-VAGMD semi-batch system - processing phase 

This configuration takes feed water into the MED system first and treats the MED brine 

with VAGMD in a semi-batch operation, to reach a higher water recovery rate and thermal 

efficiency. In each period, mixer M1 receives brine from both MED and VAGMD components 

and updates the properties of the mixed liquid for the next period, which will be the feed to the 

VAGMD component. Separator S1 diverges the MED brine, so that the liquid volume in the 

mixer remains the same between periods, while the excess brine will be stored in a tank during a 

single batch and discharged to the mixer in the next batch. Virtual separator S2 is not a physical 
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piece of equipment in this configuration but just a node to carry the mixed flow properties to the 

next instance of time. 

As shown in Figure 3-8, during the processing phase, the liquid salinity in the mixer 

increases over time while the mixer volume remains unchanged at a user-specified batch volume. 

Upon reaching the user-specified point, it triggers the discharging and refilling phase, when the 

highly saline liquid is fully discharged and the MED brine stored during the processing phase is 

used to fill the mixer for the next batch. The refilling phase continues until the liquid volume in 

the mixer is back to the specified batch volume. The refilling phase is simplified as a steady-state 

period when the system operates at the starting point of the process. In practice, the discharge 

and refilling phase can be completely avoided with backup tanks. 

 

Figure 3-8. Salinity and volume in the mixer during different modes of operation, i.e., processing and 

discharging/refilling.  

Detailed assumptions of the model are listed below: 

¶ Initial condition at the first period: 

o VAGMD feed temperature and concentration are the same as MED brine, 

o the initial volume in M1 is the user specified batch volume, 

o the MED brine tank starts as empty. 
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¶ Discharging and refilling phase: 

o The length of discharging and refilling phase is determined by the following 

equation: 

Ὕ
ὠ ὠ ȟ

ὠ ȟ ȟ ὠ ȟ ȟ
 

where ὠ ȟ ȟ  and ὠ ȟ ȟ  are the volumetric flow rate of MED brine and MD 

distillate at the beginning of the processing phase and ὠ ȟ  is the liquid volume stored in tank 

at the end of processing phase. 

¶ System scaling 

The system can be scaled for cost analysis purposes. The user needs to specify the target 

system capacity target_system_capacity, and the model will calculate the capacity of MED and 

MD respectively, based on the performance of a specified semi-batch operation. 

Table 3-7. Equations for s ystem performance  of LTMED -VAGMD semi -batch operation  

Descriptions Equation 

Water production from 

MED during processing 

phase 

ὓ ȟ ȟ ά ȟ Ὠ 

Water production from MD 

during processing phase 
ὓ ȟ ȟ ὖ ȟὃ Ὠ 

Water production from 

MED during refilling phase 
ὓ ȟ ȟ ά ȟ ὸ  

Water production from MD 

during refilling phase 
ὓ ȟ ȟ ὖ ȟὃ ὸ  

Total water production 

during one batch 
ὓ ȟ ὓ ȟ ȟ ὓ ȟ ȟ  ὓ ȟ ȟ

ὓ ȟ ȟ  

Total operation time of one 

batch 
ὸ ὸ ὔϽὨ 

System capacity associated 

to one MD module ὅὥὴὥὧὭὸώ
ὓ ȟ

ὸ
 

Total thermal power 

required 
ὝὬ

ὨϽВ ὝὬ ȟ ὝὬ ȟ ὸ ϽὝὬ ȟ ὝὬ ȟ

ὸ
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Average STEC of one batch 

operation  
ὛὝὉὅ

ὝὬὸέὸὥὰϽὸ

ὓ ȟ

 

 

 We conducted a techno-economic comparison between VAGMD-batch and this new 

semi-batch hybrid operation. A recovery rate of 72.3% recovery rate is set for a feed seawater 

with 35 g/L salinity. Table 3-8 below shows that under with default costing assumptions, the 

LCOW of the semi-batch hybrid operation is 0.5$/m3 less than the standalone VAGMD batch 

operation, mostly due to the lower STEC and the incorporation of MED, which is considered 

cheaper at the lower salinity range. This analysis shows the potential of such simulation. 

Table 3-8. Overall performance of the two desalination configurations with a feed salinity of 35 g/L 

and 72.3% recovery rate (1000 m3/day capacity) 
 

Batch 

VAGMD 

Semi-batch MED-

VAGMD 

MED system capacity (m3/day) - 677 

MD system capacity (m3/day) 1000 323 

Operational time of a batch (min) 59.0 91.9 

STEC (kWh-th/m3) 83.8 77.8 

LCOW ($/m3) 2.13 1.66 

 

Figure 3-9 details the temperature and salinity within the mixer, showing that the feed 

temperature to MD is higher as it was preheated in the MED process. The operation time of the 

semi-batch operation is also 40 mins longer, because the optimized MD system size is only a 

third of the size in the batch VAGMD configuration.  
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Figure 3-9. Variation of the brine properties in the mixer (semi-batch MED-VAGMD vs. batch 

VAGMD) 

 

3.3.3 Improvement of the multi-effect single component (NaCl) crystallization model in 

WaterTAP 

WaterTAP includes a steady-state crystallizer model, and it has been demonstrated for a 

single solute (NaCl). We explored this model and tested its performance, mainly for high salinity 

feed flow, for the purpose of zero liquid discharge (ZLD). 

We first investigated the impact of crystallizer yield on the system performance. Figure 

3-10 shows how capital cost (CAPEX) and specific thermal energy consumption (STEC) vary with 

crystallizer yield at different salinity levels. Some curves are incomplete due to the failure in model 

initialization as mentioned earlier. 
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(a)  System capital cost ($) vs Yield 

 

 

(b) Specific thermal energy consumption (kWh/m3 feed flow) vs Yield 

Figure 3-10. Capital cost and specific energy consumption at different yields and feed salinities  

 

As shown in Figure 3-10 (a), CAPEX goes up as yield and feed salinity increases. We 

interacted with the model developer Oluwamayowa Amusat and learned that with a higher yield, 

the volume of evaporated steam and separated liquid become larger and result in a larger set of 
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equipment, hence a higher capital cost. From Figure 3-10 (b) we see that the STEC also increases 

with a higher yield, which essentially means to evaporate more water. We also see that the less 

saline water would require more thermal energy to reach the same yield, as itôs more energy 

intensive to be heated up with a higher heat capacity. 

Figure 3-11 below shows a better picture of how the feed salinity matters to the system 

performance. The CAPEX is tripled from 35 g/L feed salinity to 240 g/L, while the reduced STEC 

would balance off a bit with a lower operational cost. It indicates the importance of this project to 

properly couple the desalination components and crystallizer for ZLD purposes.  

 

Figure 3-11. Capital cost and specific energy consumption vs. feed salinity 

 

We also examined the scalability  of this system by varying its feed flow rate. This model 

includes a scaling factor to the CAPEX as shown in Figure 3-12 and is solvable within 120 kg/s 

feed flow rate (~10,000 m3/day). 



99 

 

 

Figure 3-12. CAPEX and unit CAPEX at different capacities 

 

In addition, we added the NaCl recovery revenue costing function to account for the 

potential revenue in reality. The revenue can be depicted by the following equation: 

ὲέὶάὥὰὭᾀὩὨὶͅὩὺὩὲόὩͺ ͺ
 

Where ά ͺ  is the salt mass flow rate (kg/s) after the crystallization, 

όὲὭὸͅὴὶὭὧὩ is the recovery revenue of the salt, defaulted as 70$/ton in the following analysis, 

and ὺ  is the feed volumetric flow rate (m3/s) 

Figure 3-13 below shows the LCOW (not considering NaCl recovery), NaCl recovery 

revenue, OPEX, and specific thermal energy consumption (STEC) of the model under different 

operation conditions. The range of NaCl mass fraction in the feed is 0.05 to 0.25, which indicates 

a salinity range of approximately 50-250 g/L, and the crystallization yield is ranged from 30-

90%. 
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Figure 3-13. WaterTAP crystallizer model tecno-economic performance with varied mass fraction of 

feed (from 0.05 to 0.25) and designed yield (from 0.3 to 0.9) 

 

The NaCl recovery revenue increases as salinity and yield increase, since more salt is 

separated. Potentially it reaches 19.2$/m3 feed, which largely exceeds the total LCOW the 

corresponding 6.86 $/m3 feed. It shows the potential of reducing the total cost by collecting the 

recovered salt, which encourages the effort to include another separation process of Mg as well 

to further minimize the cost. 

We advanced the multi-effect NaCl crystallization model that we started developing last 

quarter, by extending it to a 4-effect system with constrained temperature differences between 

effects to model actual industrial systems. Crystallization. As advised by Veolia, most industrial-

scale halite crystallization systems comprise of 4-effects (minimum 3 effects), and the 

temperature differences between effects is kept below 12 oC to avoid premature fouling of the 

heaters .  



101 

 

 

Figure 3-14. Flowsheet of a 4-effect evaporative crystallizer 

In the current more advanced version of the model we made the number of effects a userôs 

input,  kept the temperature difference between effects in the range of 10-12 oC, and  maintained 

the temperature of the last effect temperature to ~50 oC. The new system is shown  Figure 3-14 is 

optimized with the delta T constraint and shows higher thermal efficiency than a 3-effect 

configuration (141 vs. 188 kWh/m3 feed, respectively).  

For testing the validity of the model, we conducted parametric analysis to evaluate the 

impact of various parameters on the system performance. The baseline case describes a 4-effect 

crystallization system operated at a yield of 0.9 with a capacity of 4,350 m3 brine/day. The brine 

is fed at 246 g/L and 20 oC. The associated specific thermal energy consumption (STEC) is 158 

kWh/m3 feed and the levelized cost of water is 1.784 $/m3 feed. Figs. 2-4 below investigate the 

techno-economic performance at various conditions. 

 

Figure 3-15. Techno-economic performance at different feed salinity (g/L) 
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Figure 3-15 shows the system STEC and LCOW within the feed salinity range of 246 g/L 

(brine of a batch-VAGMD seawater desalination system with a recovery rate of ~85%)  to 323 g/L  

(near saturation of NaCl at 20 oC). It shows an increasing LCOW  at higher feed salinity, despite 

of a higher thermal efficiency as measured by a lower  STEC. This happens because an higher 

salinity results in a larger amount of crystals collected, thus  larger equipment and subsequently 

higher capital cost. 

 

Figure 3-16. Technical performance with different specifications of last-effect operating temperature 

Figure 3-16 shows the impact of choosing a target operating temperature at the last(4th) 

effect, considering that the following reactive crystallizer for Mg and Ca removal is most favored 

at 25oC. Reducing the operating temperature from 50 oC to 25 oC benefits the thermal efficiency 

(~10% less STEC) but requires ~50% more of the heat exchanger(HX) area. As a result, the 

calculated LCOW decreases only slightly from 1.78 to 1.72 $/m3. It is worth noting that this model 

currently implements a cost function of ñplate-styleò heat exchanger, which is much cheaper than 

a particular ñshell and tubeò heat exchanger used in highly concentrated applications, according to 

Veolia. We plan +to  collect industry data to develop a new cost function of the ñbespokeò heat 

exchanger and see if it changes the result. 
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Figure 3-17. Economic performance with different steam pressure 

Figure 3-17 shows the system cost with steam pressure in the range of 0.5 bar to 4.5 bar, 

which is a typical range from the let-down turbine in a cogeneration facility. WaterTAP crystallizer 

model has a fixed steam cost at 0.4 cents/m3 that corresponds to a pressure of 4 bar. In this scenario, 

we can see the LCOW is overall insensitive to the steam pressure (within a variation of 1 cent), 

and therefore we steam tables should be added in WaterTAP to allow the description of various 

steam sources  

3.3.4 Treviôs forward osmosis configuration 

With the available module from IDAES, we can generalize the state-of-art FO configuration 

that was practiced by Trevi System in Hawaii. This flowsheet: 

¶ simulates the configuration of the pilot FO system that Trevi System constructed 

¶ incorporates a list of the following unit models 

o one FO model from WaterTAP-REFLO 

o one Mixer model from IDAES 

o two Separator models from IDAES 

o two Heat exchanger(0D) models from IDAES 

o three Heater models from IDAES 

¶ supports steady-state only 

https://github.com/watertap-org/watertap-reflo/blob/main/docs/technical_reference/unit_models/treatment_models/forward_osmosis_trevi_flowsheet.rst#id1
https://idaes-pse.readthedocs.io/en/2.4.0/reference_guides/model_libraries/generic/unit_models/mixer.html
https://idaes-pse.readthedocs.io/en/2.4.0/reference_guides/model_libraries/generic/unit_models/separator.html
https://idaes-pse.readthedocs.io/en/2.4.0/reference_guides/model_libraries/generic/unit_models/heat_exchanger.html
https://idaes-pse.readthedocs.io/en/2.4.0/reference_guides/model_libraries/generic/unit_models/heater.html
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¶ is verified against Treviôs operational data and modeling results 

 

Figure 3-18. Diagram of the Trevi Systemsô FO configuration in WaterTAP 

A discussion of each process component is given as follows: 

¶ The FO membrane separates the feed saline water by the concentrated draw solution. 

Along the membranes, driven by the osmosis gradient, water from the feed side 

permeates the FO membrane and dilutes the draw solution on the draw solution side of 

the membrane. 

¶ FO brine exits the FO membrane module and is discharged after heat recovery in the heat 

exchanger and after chemical neutralization. 

¶ The diluted draw solution (approximately 40-50%) exits the membrane module and is 

circulated through the heat exchangers to the coalescer, where the draw solution polymer 

will be separated. 

¶ The draw solution is circulated in a loop between the coalescer and the FO membrane. In 

the coalescer the draw solution is separated, by means of the heat provided by the waste 

heat exchanger. Hot concentrated draw solution at 80 wt% draw solution polymer exits 

the coalescer and, after giving heat to the diluted draw solution from the FO module, 

enters the FO membrane module. 

https://github.com/watertap-org/watertap-reflo/blob/main/docs/_static/unit_models/Trevi_fo_flowsheet.png
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¶ From the membrane module to the coalescer, the circulation loop of the diluted raw 

solution is as described above. During this circulation, the stream receives the brine 

generated by the final nanofiltration (NF) process. 

¶ In the coalescer the draw solution stream is separated into two components, (1) 

concentrated draw solution at 80 wt % draw solution polymer, and two (2) NF feed at < 1 

wt% draw solution polymer. 

¶ Concentrated draw solution at 80 wt % draw solution polymer goes through the heat 

exchanger and enters permeate side of FO membrane module. 

¶ From the coalescer, the product stream is hot NF feed at ~ 1 wt % draw solution polymer, 

that after pre-heating the diluted draw solution as described above, is pumped to the low-

pressure NF unit by the NF feed pump. 

¶ An additional RO filtration step is installed for the NF permeate in case product water 

quality does not fullfil requirements, with special reference to rejection of Boron. 

¶ The NF brine stream, which is a warm stream containing the NF-rejected draw solution 

polymer, is recirculated and combined with cold dilute draw solution downstream of the 

FO membrane. 

¶ According to the efficiency of the heat exchangers, both the NF permeate and brine will 

be slightly warmer than the original feed seawater finally resulting in loss of heat. 

 

Figure 3-19 shows the simulated results of a given condition (labeled in blue boxes) in 

Hawaii pilot plant. The steady-state thermal energy consumption is calculated as 26.64 kWh/m3, 

which is close to the operational data varying between 15-40 kWh/m3. 
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Figure 3-19. Simulated operating point of a given condition (labeled in boxes) in Hawaii pilot 
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Chapter 4: Modeling of multi -component precipitation and 

crystallization for zero-liquid -discharge desalination 

This chapter summarizes the development of a multi-component precipitation and 

crystallization model designed for serving  the dual purposes of brine volume minimization and 

valuable salt recovery. The model includes descriptions of the chemical processes for selective 

precipitation of Na, Mg and Ca compounds. 

4.1 Introduction  

Desalination is becoming an increasingly vital technology as freshwater demand rises and 

climate change exacerbates water scarcity. By 2050, water demand in the United States is 

projected to increase by up to 140%, while large areas of the country face diminishing freshwater 

availability [1]. The worldwide desalination capacity forecast plotted over 30 years shows an 

expansion capacity of >200 million m3/day by 2030 [83]. Current global brine production is 

approximately 141.5 million m3/day, corresponding to 51.7 billion m3/year [84]. Desalination 

offers a solution by converting abundant sources of seawater and brackish groundwater into 

potable water. However, for inland desalination facilities, brine management remains a 

significant challenge due to environmental and logistical constraints. As a result, zero-liquid-

discharge (ZLD) desalination has emerged as a key area of focus. ZLD technologies aim to 

minimize the liquid waste generated by desalination processes, recovering valuable salts and 

reducing environmental impact. 

Multi -component crystallization, a critical aspect of ZLD, offers significant advantages in 

brine management. It serves two primary functions: reducing brine volume and enabling the 

selective recovery of various minerals. Thus, these processes not only alleviate disposal 

challenges but also create opportunities for resource recovery. Poirier et al. [85] analyzed a novel 



108 

 

multi-crystallization system for achieving ZLD in desalination plants. The system recovers 

calcite, anhydrite, halite, and epsomite and utilizes a heat recovery system that reduces energy 

consumption from 690 to 126 kWhth per metric ton feed brine. Cerda et al. [86] studied the need 

for new technologies to improve water management in lithium production from salt-lake brines. 

Li et al. [87] conducted simulations of a salt-production process from brine. The authors 

presented a novel multi-salt (such as magnesium hydroxide, calcium sulphate, and sodium 

chloride) crystallization process and optimized it to reduce the energy consumption by 86.7ï

87.3% through preheating the feed brine with separated steam and heat pump. Zhang et al. [88] 

presented eutectic freeze crystallization (EFC) as a potential technology for managing waste 

brine. The authors explained the process of EFC and its advantages over evaporative 

crystallization regarding reduced energy consumption. Drioli et al. [89] developed an integrated 

membrane system for the recovery of salts (e.g., calcium carbonate, sodium chloride, and 

magnesium sulfate) from nanoýltration retentate. These studies have limits on the recovery rate 

of at least one of the target solids, and they did not establish any open-source platform to 

simulate the multi-component system performance. Most of the previous studies on brine 

crystallization incorporate energy-intensive technologies such as membrane distillation (MD) 

and mechanical vapor compressor (MVC). Emerging desalination technologies have proved to 

be proficient in highly saline conditionsðe.g., the batch operation of vacuum air-gapped 

membrane distillation (VAGMD-batch) [3,17] and enhanced reverse osmosis (RO) technologies 

[28, 90]ðand yet very few studies have holistically examined their potential in ZLD 

applications. 

Recent advancements have improved the efficiency and feasibility of CO2-based brine 

management to precipitate bivalents as carbonates, as it simultaneously addresses waste CO2 
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utilization and mineral recovery. Bang et al. [91, 92, 93] demonstrated the feasibility of 

carbonizing brine to precipitate valuable carbonate minerals like hydromagnesite and calcite. 

Their studies also explored different operational parameters and CO2 injection methods to 

increase CO2 mineralization while reducing energy use and waste generation. 

The application of simulation tools has further enhanced understanding and optimization 

of ZLD processes. Reaktoro [94], an open-source Python framework, enables detailed modeling 

of multi-component chemical systems, providing insights into reaction mechanisms and optimal 

operating conditions. Reaktoro allows for the integration of various thermodynamic databases 

and has been widely used to simulate chemical reactive systems in brine treatment. By coupling 

thermodynamic models with kinetic constraints, Reaktoro supports accurate predictions of 

mineral precipitation and brine chemistry evolution under different operating scenarios.  

WaterTAP (Water treatment Technoeconomic Assessment Platform) complements these 

capabilities by offering a modular, Python-based environment for simulating and optimizing 

water treatment systems. Developed as an open-source library, WaterTAP includes detailed 

models for desalination processes, chemical reactions, and energy consumption analysis. It 

builds on the IDAES (Institute for the Design of Advanced Energy Systems) framework [95] and 

integrates powerful optimization solvers like IPOPT (Interior Point Optimizer) [96] as the 

primary solver for nonlinear programming (NLP) problems, which is frequently used for water 

treatment processes. Its adaptability enables researchers to design complex treatment trains, such 

as ZLD systems, and evaluate their performance under diverse conditions. Panda et al. [97] 

provide comprehensive overviews of WaterTAPôs applications in optimizing water treatment 

processes. Atia et al. [90] conducted cost optimizations of low-salt-rejection (LSR) reverse 

osmosis (LSRRO) on WaterTAP and identified optimal conditions such as the salt permeability 
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of each stage. OôConnell et al. [98] used WaterTAP to evaluate the techno-economic 

performance of various desalination treatment trains toward ZLD/minimal liquid discharge and 

explored the optimization objectives of minimum cost and minimum brine discharge. Amusat et 

al. [81] presented a modeling framework for cost optimization of high-recovery desalination 

systems that incorporate detailed water chemistry predictions into process-scale models for 

optimization, and their study integrated surrogate models generated from the OLI Engine Cloud 

application programming interface [99] into the WaterTAP modeling of the system. In this study, 

the integration of WaterTAP and Reaktoro shows the potential of providing an open-source 

framework for advancing sustainable water management technologies by enabling both robust 

chemical simulations and system level optimization.  

This chapter expands desalination modeling state-of-the-art by proposing a 

comprehensive ZLD treatment train combining emerging desalination technologies, such as 

VAGMD-batch and LSRRO, coupled with selective chemical precipitation processes. Our 

approach emphasizes the recovery of high-purity salts, effective brine volume reduction, and 

integration of industrial waste CO2 for enhanced sustainability. Accordingly, we built a modeling 

platform using open-access WaterTAP and Reaktoro process models and used it for simulations 

of selected produced water and brackish water desalination cases. The recovery rates of water 

and product solid are evaluated by selecting the optimal operating parameters from the simulated 

performance profiles of each ZLD process. 
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4.2 Methods 

4.2.1 Case studies description 

4.2.1.1 Produced water 

In the produced water scenario, we describe the highly saline produced water from the 

Permian Basin, with total dissolved solids (TDS) often exceeding 100,000 mg/L and sometimes 

as high as 300,000 mg/L. The Permian Basin in West Texas and southeastern New Mexico is 

among the most productive oil and gas producing regions in the world. The region currently 

generates 15ï20 million barrels of produced water per day. It alone accounts for most of 

the produced water volume in the United States, which is estimated at around 20ï25 billion barrels 

per year. Approximately 80ï90% of produced water is disposed of in deep injection wells. The 

great potential of treated produced water has been discussed for reuse in hydraulic fracturing or 

industrial use, though economic and technical barriers remain [100]. Table 4-1 lists average 

conditions of the produced water in the Permian Basin; we used these conditions in our 

simulations. 

Table 4-1. Major element composition and properties of the produced water  

 Permian Basin Produced 

Water 

pH 6.6  

Temperature (°C)  35  

TDS (mg/L)  128,645  

Calcium (mg/L)  3,821  

Magnesium (mg/L)  745  

Sodium (mg/L)  40,896  

Chloride (mg/L)  78,648  

Sulphate (mg/L)  496.3  
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4.2.1.2 Brackish brine 

Brackish water desalination is another area where ZLD has great potential, as most inland 

desalination facilities use brackish groundwater and brine management is often a challenge in such 

applications. Brackish water also contains a variety of potentially recoverable minerals. Table 4-2 

shows average temperature, TDS, and concentrations of major elements in the brackish water in 

the El Paso region in Texas. The Kay Bailey Hutchison desalination plant in the region, which is 

the largest inland desalination plant in the world, has reportedly incorporated multiple mineral 

recovery processes to recover NaOH, HCl, and MgSO4 in its post-desalination treatment [101].  

Table 4-2. Major element composition and properties of the brackish brine [102, 103] 

 El Paso Brackish 

Brine 

pH 8 

Temperature (°C) 25 

TDS (mg/L) 10,725 

Calcium (mg/L) 610 

Magnesium 
(mg/L) 161 

Sodium (mg/L) 2,810 

Chloride (mg/L) 5,090 

Sulphate (mg/L) 1,115 
 

It is noted that brackish waters could also include silica, and its removal is not included in 

the current study as it usually involves other treatment processes, such as electrocoagulation, 

advanced oxidation processes, or ion exchange, which have different mechanisms than the 

chemical precipitation processes covered in the current study. 

4.2.2. ZLD treatment trains in case studies of produced water and brackish water 

4.2.1.1 Produced water 

This section describes a proposed desalination post-treatment train to achieve ZLD with 

multi-component precipitation and crystallization processes. As shown in Figure 4-1, the feed 
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water is first treated by batch VAGMD to derive a brine with high salinity, which is fed to the 

multi-component crystallization system to further reduce the volume and collect valuable salts 

from each crystallizer. NaCl, Mg, and Ca are considered the main species contained in the 

feedwater after necessary pretreatment. Mg and Ca are selectively collected as calcite and 

magnesite with pH adjustment and CO2 addition, the detail of which will be discussed in section 

2.3. The filtrate is then sent to an evaporative crystallizer to recovery halite and further reduce the 

brine volume. 

 

Figure 4-1. Brine treatment train toward ZLD for produced water 

In this ZLD design, brine concentration technologies like enhanced-RO, forward-osmosis 

(FO), or MD were considered to generate brine at high enough salinity to enter the crystallization 

process. In a previous study [Error! Bookmark not defined. ], the performance of osmotically a

ssisted reverse osmosis (OARO) and VAGMD-batch were compared at different feed salinities 

and recovery rates. OARO was found to be more cost-effective in desalinating seawater while 

VAGMD-batch was advantageous at higher feed salinities. Furthermore, the default desalination 
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technology considered for this case study was VAGMD-batch because it has higher tolerance of 

bivalents than other membrane-based desalination technologies. 

4.2.2.2 Brackish brine 

As indicated in Table 4-2, aside from the abundant Ca and Mg, SO4
- also contributes to a 

large portion of the TDS, which brings high risk of fouling when having a high desalination 

recovery rate for the ZLD purposes. At such high brine salinity, proper pretreatment is needed to 

avoid fouling. Applying ultrafiltration (UF) or nanofiltration (NF) ahead might enable a higher 

recovery rate limit, but to recover solids as much as possible, the UF or NF reject will have to be 

recirculated and blended with the desalination brine [98]. In such a case, the chemical simulation 

results show that the concentration level of sulphate after mixing with the brine will still prevent 

the separation of Mg and Ca, hence, the selective recovery of metals. Another approach is to 

change the process order in the considered pathway and apply the multi-precipitation process from 

this study before desalination, as the pretreatment process. However, this configuration would 

consume a relatively larger amount of chemical addition due to the larger volume of brackish flow 

that would need to be treated. 

To avoid the aforementioned disadvantages, we could evaluate the applicability of LSRRO 

in this case, as LSRRO recovers freshwater stage by stage and thus builds a salinity gradient, which 

can be modified for both reducing the fouling risk while concentrating the brackish water enough 

for efficiently removing Mg and Ca. As shown in Figure 4-2, the retrofitted LSRRO configuration 

incorporates multi-component chemical precipitation processes between the first and second stage. 
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Figure 4-2. Retrofit of a 3-stage LSRRO configuration to incorporate chemical precipitation after the 

first stage and crystallization for brine management 

4.2.3. Multi -component precipitation and crystallization 

4.2.3.1 Chemical precipitation of Mg and Ca 

As shown in Figure 4-3, NaOH and CO2 are added to create conditions for calcite and 

magnesite precipitation through three successive steps.  

 

Figure 4-3. Schematic of brine carbonization and Mg and Ca selective precipitation processes 

The corresponding chemical reactions are shown in Table 4-3. The precipitation of 

calcite and magnesite depends on the sufficient CO2 injection at proper pH, which is explored in 

the case study sections. 

Table 4-3. Precipitation reactions of magnesite and calcite 
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 Chemical Reaction Steps Equation # 

 -Ç ς/(ᴼ-Ç/(  (4-1) 

 #/Çᴾ#/ὥή (4-2) 

 #/ /(ᴾ(#/ (4-3) 

 (#/ /(ᴾ(/ #/  (4-4) 

 #Á #/ ᴼ#Á#/ (4-5) 

 -Ç #/ ᴼ-Ç#/ (4-6) 

Total 
-Ç #/ ς/(

ᴼ-Ç#/ (/ 
(4-7) 

Total 
#Á #/ ς/(

ᴼ#Á#/(/ 
(4-8) 

 

4.2.3.2 Validation and verification of the chemical model 

The modeling of the chemical processes of the multi-component solution system is 

developed and validated using experimental results reported by Bang et al. [91] and by 

Thangasamy et. al [104]. Bang et al. demonstrated CO2 mineralization using actual brine from 

seawater reverse osmosis (SWRO) desalination plants to form carbonates. In their experiments, 

the brine pH was adjusted using NaOH followed by CO2 bubbling for carbonization, and the 

formed precipitates were collected and identified as calcite and hydromagnesite. Thangasamy et 

al. [104] investigated the effects of CO2 concentration and OH  (alkaline source) on mineral 

recovery from desalination brine.  

Simulations were conducted by Thangasamy et al. [104] using Visual MINTEQV3.1 

software [105] and PHREEQC v3.7.0 software [106] to predict mineral formation under varying 

pH and CO2 partial pressures. Electrochemical experiments provided OH  ions via the oxygen 

reduction reaction in authentic brine solutions, with controlled electric current density. These 

studies complement each other, offering insights for using brine for CO2 sequestration and mineral 

recovery. 
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To investigate the validity of the Reaktoro predictions in modeling multi-component 

precipitation in a saline system of Na-Ca-K-MgīHīClīHSO4īSO4īOHīHCO3īCO3īCO2īH2O 

[107], we compared the Reaktoro results obtained by two databases (Pitzer and Minteq) for the 

conditions of the experimental data in Bang et al. [91]. In addition, OLI Studio [22], which is a 

commonly used commercial software, was used in parallel to cross-verify the modeling results. 

The composition of the tested brine is shown in Table 4-4 and the comparisons of the predictions 

of the two models and the experimental data are shown in Figure 4-4. 

Table 4-4. Major ions concentration in the tested brine (pH=8.2) 

Major Ions Mg Ca Na K Cl SO4 

Concentration (mg/L) 2,226 714 17,987 858 32,220 4,766 

 

As 1 mol/L NaOH was gradually added to the brine, the pH increased and the concentration 

of Mg and Ca decreased, as shown by the dotted lines in Figure 4-4Figure 4-4. The significant 

reduction in Mg ion concentration at pH 10.5 indicates that this is the optimal operating condition 

of separating Mg from Ca. 

As shown in Figure 4-4, the model-predicted precipitation of Mg(OH)2 and Ca(OH)2 

happens at slightly lower pH than in the experiments (i.e., 9.5 versus 10). The likely reason for 

this difference is that Reaktoro and OLI describe the final equilibrium status only and do not 

account for reaction kinetics, whereas the formation of hydroxides is kinetically hindered when 

the solution is not alkaline enough to induce sufficient nucleation and develop precipitation. For 

example, Equation (4-9) shows that the formation rate (r) of Ca(OH)2 is quadratically proportional 

to the concentration of /(. Another reason for this difference is the presence of organic or ionic 

impurities (such as Fe, Mn, NH4
+) in the seawater brine, which may prolong the nuclear induction 

period [108], as they compete with crystal precursor species. 

Ò Ὧẗ#Á ẗ/( Ëẗ#Á/(                          (4-9) 
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where Ὧ and Ὧ are the forward and reverse rate constants. 

 

Figure 4-4. Validation of OLI (with MSE database) and Reaktoro (with Pitzer and Minteq database) 

liquid solution models against reference experimental results by Bang et al. [91] on Mg2+, Ca2+ (a) and 

Na+ (b) concentrations with error bars representing the standard deviation of repeated experiments 

Other than the differences in pH levels that precipitation occurs, both models capture well 

the formation of Mg and Ca hydroxides. The concentration of Na had a larger standard deviation 

from the repeated experiments, as indicated by the error bars in Figure 4-4(b); hence, the predicted 

concentration of Na+ shows a faster increase than the experimental results below the pH of 10, 

where the pH is most sensitive to the added chemicals. However, the two models agree within a 

normalized root mean square error (NRMSE) of less than 13% for Mg, less than 20% for Ca, and 

less than 2% for Na (as shown in Table 4-5).  

Table 4-5. NRMSEs between different models and databases 

Species OLI MSE vs. 

Reaktoro 

Pitzer 

OLI MSE vs. 

 Reaktoro Minteq 

Reaktoro Minteq 

vs. Reaktoro Pitzer 

Mg2+ 2.8% 9.3% 12.3% 

Ca2+ 19.1% 5.6% 16.9% 

Na+ 1.7% 1.4% 0.3% 

 

We further evaluate the validity of Reaktoro under conditions with gas phase equilibrium, 

specifically the reaction with CO2. The composition of the tested solution from Thangasamy et. al 
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[104], is shown in Table 4-6. In this simulation, CO2 is fed at a constant partial pressure, while 

OH- is added gradually into the system.  

Table 4-6. Composition of simulated brine solution [104Error! Bookmark not defined.] for model v

alidation 

Major Ions Mg2+ Ca2+ Na+ Fe2+ NH4
+ Cl- SO4

2- 

Concentration 

(mg/L) 

2,950 900 20,000 1 0.4 32,220 5,000 

 

Figure 4-5 compares the simulated formation of Mg and Ca salts (i.e., brucite, calcite, 

hydromagnesite, and magnesite) during the carbonation processes at three selected concentrations 

of OH- and CO2 against the validated simulation results from the aforementioned study. The 

comparison shows that Reaktoro using the Visual Minteq database replicates the experimental 

results, whereas the results of the same model based on the Pitzer database diverge from the 

experimental data. It is noted that visual MINTEQ employs the Debye-Hückel -based activity 

coefficients, which describe long-range electrostatic interactions instead of the short-range 

interactions in the Pitzer activity coefficients model [ 109]. This finding aligns with the 

understanding that the Minteq database has a more detailed carbon chemistry speciation, such as 

MgHCO3+ and CaHCO3+, which is not included within the Pitzer database. Also, the Pitzer 

database includes fewer compounds than Minteq [110]. Therefore, Reaktoro with the Minteq 

database is used in the simulations presented in the following sections. 
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Figure 4-5. Comparison of Reaktoro (with Pitzer and Minteq database) modeling results (left) on brine 

with CO2 gas equilibrium against the validated simulation results using visual MINTEQv3.1 software 

and digitized from Thangasamy et al. [104] at different OH- and CO2 conditions (right) 

4.2.3.3 Multi -effect evaporative crystallizer for halite removal  

WaterTAP includes an evaporative crystallizer (forced circulation) model for NaCl 

recovery. It is a single-component (i.e., NaCl) crystallization steady state model. Figure 4-6 
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describes the main components of this model, namely crystallization unit, heater, and separator. 

However, in industrial applications, multi-effect (3ï5 effects) evaporative crystallization systems 

are typically used to achieve a high thermal efficiency by recovering the thermal energy from the 

condensation of vapor. A 90% heat recovery can be achieved with multi-effect systems [98].  

 

Figure 4-6. Schematic representation of the evaporative crystallization configuration system modeled 

in WaterTAP, comprising a crystallization unit (C), a heater (Q), and a separator (S) 

Accordingly, we expanded the single-effect crystallizer model in WaterTAP to a multi-

effect system by introducing heat exchangers between effects [111]. Figure 4-7 shows a schematic 

of the setup of our new 4-effect crystallizer model with the associated pressure and temperature 

conditions labeled in each effect for the produced water case study, the detail of which is discussed 

in the next section. In this configuration, each crystallizer is fed in parallel with the feed brine 

solution from desalination. In each effect, heat from external source or vapor in the previous effect 

is added to the crystallizer to drive the evaporation of the solvent (water). The vapor from each 

effect condenses as fresh water in the heat exchangers. 
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Figure 4-7. Diagram of a 4-effect evaporative crystallizer extended from the WaterTAP crystallizer 

model (The optimized operating temperature and pressure of each effect for the produced water case 

are labeled) 

4.3 ZLD operational profiles in the produced water case study 

The recovery rate of MD desalination of high salinity waters depends on the feedwater 

salinity. In a previous study [3], we simulated the VAGMD performance on a feed water with 125 

g/L salinity and showed a competitive cost at a recovery of 50% against OARO. This results in 

brine salinity of about 256 g/L. It is noted that the chemical model developed in Reaktoro was 

validated for seawater brine of about 60 g/L salinity and we assume that is also applicable to the 

current higher salinity case and we assumed a more concentrated 5M NaOH solution for building 

the alkaline environment required for separations. The operational profiles are developed against 

1 liter of the brine and discussed in detail in this section. 

4.3.1. Separation of Mg(OH)2 

As shown in Figure 4-3, the first step of the considered process pathway is to separate Mg 

and Ca by taking advantage of the pH difference of their hydroxidesô formation. A similar process 

has been simulated in case studies and is shown in Figure 4-8. 
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Figure 4-8. Hydroxides formation(a) and NaOH solution addition (b) with varied pH at different 

NaOH concentrations (0.1M, 1M, and 5M) in the produced water case study (The operating point is 

marked with a star) 

Figure 4-8(a) shows that 99% of Mg is formed as magnesium hydroxide starting at pH 10. 

As discussed in section 2.3, our model does not account for reaction kinetics, resulting in a slightly 

lower pH for Mg and Ca separations. Considering that Bang et al. [91] observed the formation of 

filterable suspended solids at pH 10.5, we select 10.5 as the operating pH range in this case study. 

As shown, about 0.025 L of 5M NaOH solution per L of brine (equivalent to 5 g/L of NaOH) is 

needed to maintain pH at 10.5. 

The concentration of the NaOH solution did not impact the optimal operating pH, so the 

separation of Mg and Ca was not affected by the NaOH concentration. However, Figure 4-8(b) 

suggests that the more diluted the NaOH solution is, the greater the total brine volume becomes, 

making ZLD more difficult.  

4.3.2. Precipitation of calcite 

With most of Mg separated from the brine, the brine volume has increased to 1.026 L due 

to the addition of NaOH solution. The second step is to precipitate Ca by adding NaOH and CO2 

together (Figure 4-2). This could essentially be replaced by adding soda ash as applied in typical 
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chemical softening processes, but tuning pH and 

excessive CO2 could enable a higher recovery 

rate of Ca while capturing waste CO2 from 

industry, increasing the sustainability of this 

application.  

The precipitation profiles of this process 

are shown in Figure 4-9; the selected operational 

point is marked with a star. Bang et al. [91, 93] 

identified that calcite started to dissolve when 

the pH was lower than 8 for the seawater brine. 

In this case study, calcite reaches 99% 

conversion rate at pH 8.7 with sufficient CO2, 

and at least 0.08 L NaOH solution (16 g of 

NaOH) is needed to maintain this pH. However, 

any remaining Mg ion continues to form 

hydroxide when pH is raised to around 11 

(Figure 4-9(a) and Figure 4-9(c)), and this will 

introduce impurities in the calcite precipitation. 

The simulation shows that this byproduct can be 

minimized to near-zero by controlling the 

operating point in the suggested range and 

maximizing the removal of Mg from the 

 

Figure 4-9. Precipitation profiles of CaCO3 with 

different chemical addition combinations of 

NaOH and CO2. Solution pH (a), Ca 

precipitation rate (b) and impurity generation 

(Mg(OH)2) (c) are evaluated (Operational point 

is denoted by a star) 

 

(a)

(b)

(c)
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previous step. Around 9 g of CO2 is required to fully precipitate Ca, and 93% of CO2 bubbled is 

captured by Ca. 

4.3.3. Carbonization of Mg  

The final chemical reactive process (shown in Figure 4-2) is the carbonization of Mg(OH)2 

to MgCO3, a more stable mineral form of Mg. The filtered Mg(OH)2 suspension from the first step 

is added back to the brine after removing Ca. Figure 4-10 specifies the evolution of Mg solid with 

the additional amount of CO2. Our model predicts that 97% Mg(OH)2 can be converted to MgCO3, 

at the optimal operational condition where 2.6 g CO2 is added to the brine, the volume of which 

was increased to 1.112 L from the previous step. The corresponding operating point is marked in 

Figure 4-10. 

 

Figure 4-10. Precipitation profiles of Mg carbonization with different chemical addition combinations 

(The precipitation percentage of MgCO3 (a) and solution pH (b) are considered the design parameters) 

Since this process is sensitive to CO2 addition (i.e., pH change), additional buffer solution 

using the same 5M NaOH was simulated and plotted in Figure 4-10. With the presence of 

additional alkaline solutions, the carbonization ratio of Mg is maintained at a relatively high level 

(>95%) over a wider range of CO2. As a matter of fact, this similar carbonization process of Mg 

in Bang et al. [93] generated a MgCO3 conversion rate of 69% when CO2 was injected until pH 

reached 8, which was also verified using Reaktoro model; with a proper CO2 addition and pH, the 
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MgCO3 could have been increased. Thus, the addition of NaOH solution or the controlled CO2 

injection can be used to maintain a relatively higher pH (>10) and to increase the amount of 

recovered magnesium carbonate. 

Under the selected operating point, where no NaOH solution is introduced to the system, 

Figure 4-11 further explores the conversion from Mg(OH)2 to MgCO3 as CO2 is gradually injected. 

CO3
-2 is the dominating ion in the carbonate system during the conversion process, after which 

HCO3
- becomes dominant and coexists with H2CO3. The pH stabilizes after the CO2 addition of 

6.5 g and so does the concentration of the species, with CO2 reaching its saturation point. 

 

Figure 4-11. Evolution of Mg with added CO2 of the solution (No NaOH is added in this case) 

4.3.4. Crystallization of NaCl 

After the chemical removal of Mg and Ca and introducing additional NaOH and CO2
-, the 

brine TDS dropped from 256 g/L to 212.8 g/L, which is still concentrated enough for halite 

crystallization. The collected NaCl is expected to be of high purity (>99%) as most of the bivalent 

cations have been removed in prior steps. The yield of a crystallizer, defined as the ratio between 

solid recovered and the feed TDS, is the key design parameter of the crystallization model. Figure 

4-12 shows the multi-effect crystallizer performance within a yield range of 0.5ï0.99. Up to 90% 
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of the feed brine could be evaporated and condensate as freshwater production at a yield of 0.99, 

as can be seen from the Figure 4-12(b), although the energy consumption could be relatively high. 

 

Figure 4-12. Precipitation profiles of CaCO3 with different chemical addition combinations: specific 

electric and thermal energy consumption (a) and the water recovery rate (b) given different yields of 

the crystallizers 

The yield of 0.9 is selected for this case study for efficient water and halite recovery toward 

ZLD, while balancing the energy consumption and capital cost, which scales with the solid mass 

collected. 

Simulations of brine with 212.8 g/L salinity and 1 MGD flow rate, a 3- or 4-effect halite 

crystallizer uses 67ï76% less thermal energy than a single-effect crystallizer. This heat reduction 

rate is largely affected by the heat released from halite crystal formation.  

The system was optimized to minimize the heat transfer area, which implies a maximum 

overall heat efficiency, with a constraint of a maximum 12 oC temperature difference between 

effects based on interactions with industry. The operating conditions are listed in Table 4-7. 

Table 4-7. Optimized operational parameters of a 4-effect crystallizer (1 MGD capacity of feed brine) 

application in the produced water case study 
 

Effect 1 Effect 2 Effect 3 Effect 4 

Feed mass flow rate (kg/s) 14.52 13.60 13.02 12.75 

Feed volumetric flow rate (L/s) 12.76 11.95 11.45 11.21 

Operating temperature (°C) 89.08 77.08 65.08 53.08 
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Vapor condensation temperature 
(°C) 

81.40 69.96 58.52 47.15 

Operating pressure (bar) 0.50 0.31 0.19 0.11 

Water production (kg/s) 11.10 10.38 9.93 9.72 

Solid production (kg/s) 2.44 2.29 2.19 2.15 

Liquid waste (kg/s) 0.98 0.93 0.90 0.89 

Liquid waste salinity (g/L) 324.65 322.36 320.48 319.04 

Thermal energy requirement (kW) 27768 25712 24345 23568 

Effect STEC (kWh/m3 feed) 604.33 597.61 590.80 583.92 

Heat transfer area (m2) 252.85 658.99 707.14 799.17 

 

4.3.5. Overall performance 

Table 4-8 summarizes the overall performance of the simulated ZLD process pathway that 

corresponds to the produced water chemical composition and the optimal operating points 

identified for each step within the ZLD process.  

Table 4-8. Design points, performance of each step of the ZLD treatment train, and overall 

performance of the produced water case study 

Step 
Treatment 

steps 

Solid 

recovery 

rate (%) 

Solid 

purity 

(%)  

Added 

NaOH 

(g) 

Added 

CO2 

(g) 

STEC 

(kWh th/

m3) 

SEEC 

(kWh e/

m3) 

Water 

recovery 

(L)  

Brine 

Volume 

(L)  

1 
Desalination 

(MD-batch) 
- - - - 176.5*  0.603*  1.0 1.0 

2 
Mg(OH)2 

separation 
99.97% 100% 5.0 - - 

**  

- 1.026 

3 
CaCO3 

precipitation 
99.88% 100% 16.0 9.0 - - 1.112 

4 

MgCO3 

carbonization 

(optional) 

97.86% 99.87% - 2.6 - - 1.113 

5 
NaCl 

crystallization 
90% - - - 156.9*  1.323*  0.964 0.074 

Overall performance 

wrt. initial feed water 
- - - - - - 98.2% 3.7% 

Overall performance 

wrt. total product 

water 

- - 
10.7 

kg/m3 

5.9 

kg/m3 
169.8 0.98 - - 

* Specific thermal energy consumption (STEC) and specific electrical energy consumption (SEEC) are specific to 

the fresh water produced in step 1 (desalination), while they are specific to the feed brine volume in step 5 

(crystallization), to characterize the performance of each step. 

** The electricity consumption during the chemical addition processes is not modeled, as it is negligible compared 

to the other processes. 
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4.4 ZLD designs for the brackish brine case study 

The chemical simulation (Figure 4-13) from the Reaktoro model indicates the scaling of 

gypsum (CaSO4Ͻ2H2O) will occur when the brackish water is concentrated by more than 72%, 

which leads to a brine salinity of 38.5 g/L. For the crystallization and ZLD purpose, the 

desalination recovery rate in this case should be designed as at least 90%. 

 

Figure 4-13. Membrane scaling potential as gypsum forms during desalination of the sulphate-

abundant brackish brine from the Kay Bailey Hutchison desalination plant 

With the WaterTAP platform, we design the optimized operating points of desalinating 

such brackish water from 10.7 g/L to 180 g/L using a 3-stage LSRRO system with a recovery rate 

of 79.0%, 56.9%, and 61.5% for each stage. In the consideration of polarization, we constrained 

the recovery of the first-stage RO so that the brine concentration at the membrane on the outlet 

side is below 38.5 g/L, which is the point where scaling starts to form as indicated from Figure 

4-13. The associated recovery of each stage now becomes 70.0%, 71.9%, and 58.4%, achieving a 

total water recovery rate of 94%. The specific energy consumption increases from 2.508 to 2.622 

kWh-e/m3. The sacrifice in energy consumption by pivoting to a sub-optimal operating point can 

be compensated for by lowering the salinity of the first-stage brine, where TDS is reduced to 32.4 

g/L with Mg and Ca removed.  
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Similarly, the ZLD profiles for multi-component precipitation and crystallization for this 

case study are shown in Figure 4-14 to Figure 4-16 and Table 4-9. The overall performance of 

the system and the optimal operational point of each step are summarized in Table 4-10Table 

4-10. 

4.4.1. Separation of Mg(OH)2 

The profile of the Mg separation shows a similar trend as in the produced water case study 

in Figure 4-14, except less chemical addition (0.009 L of 5M NaOH per L of brine) is needed due 

to the lower operational salinity of 38.5 g/L versus 256 g/L for the produced water. The operational 

condition is also selected as a pH of 10.5 in this case. 

 

Figure 4-14. Hydroxides formation(a) and NaOH solution addition (b) with varied pH at different 

NaOH concentrations (0.1M, 1M, and 5M) in the brackish brine case study (The operating point is 

marked with a star) 

4.4.2. Precipitation of calcite 

In this step, the addition of 2.6 g CO2 and 0.025 L of 5M NaOH is selected as the optimal 

operating point as marked in Figure 4-15Figure 4-15, with respect to 1.009 L of the effluent from 

the previous step. The associated pH is around 10.9, which is higher than 8.7 in the produced water 

case, reaching a 99% carbonization rate of Ca. This would result in the formation of Mg(OH)2 as 
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a byproduct of this process (Figure 4-15Figure 

4-15(c)), thus, introducing minor impurities in 

the collected CaCO3, compared to no 

Mg(OH)2 impurities in the produced water 

case. However, this was deemed acceptable, 

since the priority was to maximize the 

carbonization rate of Ca, i.e., decreasing the 

5M NaOH volume addition by 20% would 

prevent Mg(OH)2 impurities from forming but 

result in a lower carbonization rate of ~97ï

98%. 

4.4.3. Carbonization of Mg  

As NaOH was added, the brine volume 

from the previous step increased from 1.009 to 

1.036 L and by blending the separated 

Mg(OH)2 and bubbling 1 g of CO2 into the 

effluent, 98.3% of the total Mg is carbonized 

as MgCO3 (Figure 4-16(a)). Similarly, the 

addition of NaOH could enable a wider 

operational range of CO2 for a high conversion 

rate (>95%) of MgCO3 (Figure 4-16 (b)). 

 

Figure 4-15. Precipitation profiles of CaCO3 with 

different chemical addition combinations of 

NaOH and CO2 in the brackish brine case study; 

solution pH (a), Ca precipitation rate (b) and 

impurity generation (Mg(OH)2) (c) are evaluated 

(Operational point is denoted by a star) 
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Figure 4-16. Precipitation profiles of Mg carbonization with different chemical addition combinations 

in the brackish brine case study (The precipitation percentage of MgCO3 (a) and solution pH (b) are 

considered the design parameters) 

4.4.4. Crystallization of NaCl 

In Table 4-9, the optimized operating temperature and pressure of each effect are found to 

be the same as in the produced water case study, under the optimization constraints mentioned 

earlier. The STEC is 3% higher than in the other case study, due to the lower feed concentration 

of 180 g/L versus 212.8 g/L. 

Table 4-9. Optimized operational parameters of a 4-effect crystallizer (1 MGD capacity of feed brine) 

application in the brackish brine case study 
 

Effect 1 Effect 2 Effect 3 Effect 4 

Feed mass flow rate (kg/s) 14.18 13.21 12.58 12.25 

Feed volumetric flow rate (L/s) 12.69 11.82 11.26 10.96 

Operating temperature (°C) 89.08 77.08 65.08 53.08 

Vapor condensation temperature 
(°C) 

81.40 69.96 58.52 47.15 

Operating pressure (bar) 0.50 0.31 0.19 0.11 

Water production (kg/s) 11.30 10.52 10.01 9.74 

Solid production (kg/s) 2.06 1.92 1.82 1.78 

Liquid waste (kg/s) 0.82 0.78 0.75 0.73 

Liquid waste salinity (g/L) 324.65 322.36 320.48 319.04 

Thermal energy requirement (kW) 28412 26189 24672 23755 

Effect STEC (kWh/m3 feed) 621.75 615.21 608.57 601.85 

Heat transfer area (m2) 258.71 671.21 716.66 805.51 
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4.4.5. Overall performance 

The simulation results prove that the proposed LSRRO-precipitation hybrid also enables 

high recovery rates of both product water and solid, while also avoiding the scaling risk by 

controlling the stage-level recovery rate of LSRRO. The chemical consumption per cubic meter of 

the product water is much less than in the produced water case study from Table 4-10, because of 

the relatively low amount of metal to be recovered.  

Table 4-10. Design points and performance of each ZLD process and the overall performance of the 

brackish brine case study 

Step 
Treatment 

steps 

Solid 

recovery 

rate (%) 

Solid 

purity 

(%)  

Added 

NaOH 

(g) 

Added 

CO2 

(g) 

STEC 

(kWh th/

m3) 

SEEC 

(kWh e/

m3) 

Water 

recovery 

(L)  

Waste 

outflow 

volume (L) 

1 
LSRRO stage 

1 
- - - - - 2.622**  2.333 1.0 

2 
Mg(OH)2 

separation 
99.39% 100% 1.8 - - 

- 

- 1.009 

3 
CaCO3 

precipitation 
99.91% 99.93% 5 2.75 - - 1.036 

4 

MgCO3 

carbonization 

(optional) 

98.35% 99.98% - 1 - - 1.036 

5 
LSRRO stage 

2 
- - - - - - ***  0.358 

6 
LSRRO stage 

3 
- - - - - - ***  0.148 

7 
NaCl 

crystallization 
90% - - - 162.9*  1.361*  0.129 0.010 

Overall performance 

wrt. initial feed water 
- - - - - - 99.1% 0.4% 

Overall performance 

wrt. total product 

water 

- - 
2.76 

kg/m3 

1.53 

kg/m3 
8.410 2.637 - - 

* STEC and SEEC are specific to the feed brine volume in step 7 (crystallization). 

** The total SEEC for all LSRRO stages is summarized in step 1 with respect to the product water from LSRRO. 

*** Permeate streams from stages 2 and 3 in LSRRO are circulated back to the previous stage. 

4.6 Summary 

The study demonstrates the feasibility and potential of a ZLD treatment train incorporating 

multi-component crystallization processes to address brine management challenges. The proposed 

pathway achieves high recovery rates and purities for Mg, Ca, and Na salts. The selective 
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precipitation processes are optimized through pH control and CO2 addition, yielding marketable 

products like calcite and magnesite.  

This research underscores the role of advanced modeling tools and integrated process 

designs in enhancing the sustainability and practicality of ZLD desalination. The validity and field 

applicability of the described open-access Reaktoro-based crystallization model for the considered 

case studies is verified by comparisons with experimental laboratory data and with the results of 

simulations using the well-tested commercial OLI Studio software. 

Parametric analysis in the produced water case study shows that the optimal recovery rates of Mg, 

Ca, and Na are 97%, 99%, and 90%, all with a purity of above 99%, while minimizing the brine 

volume to 3.7% of its original feed flow. The primary operational cost of fresh water comes from 

the thermal energy (169.8 kWh/m3 of total product water) and NaOH addition (10.7 kg/m3 of total 

product water). 

This research also extends the proposed pathway to sulphate-abundant brackish water and 

identifies the potential limit and its associated solution. Chemical precipitation between LSRRO 

stages is a promising retrofit of a typical LSRRO configuration to simultaneously reduce the 

fouling risk and recovery valuable solids. In this case study, Mg, Ca, and Na are recovered at rates 

of 98%, 99%, and 90%, each with a purity above 99%, and only 0.4% of the feed flow discharged 

from the system. The primary consumption for this treatment train includes electric energy (2.637 

kWh/m3 of total product water) and NaOH addition (2.76 kg/m3 of total product water). 

It is shown that the model effectively predicts the equilibrium states and informs optimal operating 

conditions of each process. Future work should focus on scaling up the proposed systems, 

addressing kinetic limitations, and experimental testing via additional applications for further 
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validation. Additionally, the planned integration of Reaktoro and WaterTAP will provide a robust 

system-level cost optimization of multi-component optimization. 
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Chapter 5: Investigation of renewable-energy-driven 

desalination in the U.S. under IPCC scenarios 

This chapter investigate the potential of solar desalination for alleviating water scarcity in 

various U.S. regions by leveraging geospatial data, climate projections, and solar-desalination 

models. Assess the feasibility of renewable-energy-driven desalination under different climate 

change scenarios outlined by the Intergovernmental Panel on Climate Change (IPCC), 

considering variations in water demand, energy availability, and cost dynamics. 

5.1 Introduction  

Climate change threatens existing freshwater supplies, increases drought severity, and 

destabilizes the water cycle.  About 44 percent of the U.S. is experiencing some level of drought 

with almost 10 percent under ñsevere to extreme drought.ò [2]  The Western United States is 

currently experiencing what is potentially the worst drought in 1,200 years [112]. Los Angeles, 

Long Beach, San Diego, and Phoenix are projected to have significant water deficits, resulting in 

a conflict between these cities and regional agriculture as both sectors strive to obtain their 

estimated future water demands. [113]  The unreliability of weather-dependent water and power 

sources exacts a high financial cost with lost productivity and restricted development. Freshwater 

shortages are expected to continue as the population grows, and the frequency and intensity of 

drought events increase. [114] Water demand in the United States is projected to increase by up 

to 140% by 2050 and 220% by 2070. [1]   

Past water demand and supply trends in the United States reflect a history of adaptation. 

Withdrawal increases had been facilitated by supply side adaptations, especially the construction 

of reservoirs and water conveyances (canals, tunnels, and pipelines). Additional adaptation 

measures, such as additional reservoir storage capacity, groundwater mining, instream flow 
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reduction, and agricultural to urban transfers, have been suggested to address future supply 

constraints. [115] However, escalated urban water crises may most heavily affect those who are 

socially, economically, and politically disadvantaged. [116] 

On the demand side, important changes can be made to use water more efficiently. [117]  

The Intergovernmental Panel on Climate Change (IPCC) 2018 report [118] mentions that 

changing agricultural practices can be an effective climate adaptation strategy. Such practices 

include mixed crop-livestock production systems and improved irrigation efficiency. However, 

in some cases, adaptive strategies in the agricultural sector had a detrimental impact on the 

regionôs capacity to provide their own food supply. [119] Furthermore, few, if any, cost-effective 

options exist to decrease water demand in the municipal, thermoelectric power and industrial 

sectors.  In general, adaptation measures have their limits, and in many regions, there are hardly 

any conventional options left to improve the water supply or reduce the water demand. 

Traditional sources of supply are increasingly expensive, unavailable, or controversial, while 

reducing demand may not be feasible without draconian restrictions and/or drastic 

transformations of local economies.  

On the other hand, desalination technologies offer the potential to substantially reduce 

water scarcity by converting the almost inexhaustible supply of seawater and the apparently vast 

quantities of brackish groundwater into new sources of freshwater [120]. However, for this 

potential to be realized, desalination must become more sustainable by resolving the energy use 

and brine management challenges [121]. Here we quantify the magnitude of this challenge, 

based on the IPCCôs Sixth Assessment scenarios [122], brackish ground water (BGW) 

composition from the US Geological Survey [123], BGW resource volumes, salinities and depths 

based on mapping by Sandia National Laboratory [124,125], and we define pathways of 
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sustainable water desalination that can satisfy the deficit between supply and demand through 

2070. Simulations using the SEDAT and WaterTAP modeling platforms, show on county-level, 

the availability, cost and environmental footprint of desalination technologies with zero liquid 

discharge (ZLD), mainly powered by solar energy, sustainably meeting the needs of the 

municipal, thermoelectric and industrial sectors. Due to the uncertainty of projections and the 

availability of conservation practices, we excluded the agricultural sector in the current 

assessment. 

5.2 Pathways for ZLD desalination 

5.2.1 ZLD desalination status and prospects 

Desalination of saline waters to produce freshwater supplies plays a significant role in 

future water resources management.  Over 300 million people globally currently consume 

desalinated water. Desalination is already the major source of freshwater in the Middle East and 

North Africa. Its contribution to the water supply in the United States currently is less than 1% as 

its scaling-up is being hindered by concerns about high energy use and brine management. [126] 

In addition, desalination plants driven by fossil-fuel power are associated with large greenhouse 

gas (GHG) footprints. [127]  Using solar power in desalination addresses the UN Sustainable 

Development Goals for clean water, affordable and clean energy, and climate action. [128] 

As of 2018, there were 406 municipal desalination plants in the USA, with a total combined 

capacity of producing 479 million gallons of water per day (MGD) (1.8 million m3/d), most of 

which using reverse osmosis (RO) . [129]  Figure M1 in Methods shows this desalination capacity 

aggregated on county-level. California, Florida, and Texas have the highest number of desalination 

plants in operation currently. The Carlsbad seawater desalination plant in San Diego, California, 

is the biggest desalination plant in the Western Hemisphere and the Kay Bailey Hutchison BGW 
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desalination plant in El Paso, Texas, is the biggest inland desalination plant in the world. The first 

has a freshwater production capacity of 54 MGD (204,390 m3/d), and the second has a production 

capacity of 27.5 MGD (104,099 m3/d). They both use reverse osmosis (RO) but the recovery rate 

from seawater at the Carlsbad plant is about 50%, [130] whereas the recovery rate from BGW at 

the Kay Bailey plant is about 83% [131]. As of 2018, there are 295 brackish water RO desalination 

plants representing about 72% of the total US desalination capacity.[130]  

Typically, brine from seawater desalination plants is disposed of by ocean water discharge, 

while brine from inland plants is disposed of by deep-well injection [132].  As brine management 

has historically been a challenge for inland desalination, the current interest is on desalination 

technologies that can enable brine concentration for minimum liquid discharge (MLD) and/or 

integration with solid recovery processes (e.g., crystallization, evaporation ponds) for zero liquid 

discharge (ZLD) pathways. For ZLD, the brine needs to be concentrated, and solids be separated 

from solution by chemical reaction and/or evaporation followed by crystallization.  [133] Brine 

crystallization is achieved either by crystallizers or by evaporation ponds. The conventional brine 

crystallizers use electricity or fossil fuel to heat the brines for bulk water evaporation and thus salt 

crystallization with high energy consumption (>50 kWh/m3). [134]  The application of evaporation 

pond, on the other hand, is limited by its restricted capacity, high land cost, and low solar energy 

efficiency. 

By increasing water recovery and recovering salts, ZLD may transform brine from a 

harmful waste to a resource. [135, 136, 3]  Recovery of the sodium, calcium and magnesium salts 

can reduce the overall costs. For example, extraction of gypsum, magnesium hydroxide, caustic 

soda, hydrochloric acid is planned from the RO concentrate at the Kay Bailey desalination plant 
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in El Paso [137]. In general, the economic viability of beneficial reuse of desalination by-product 

salts depends on having local markets.  

Both membrane-based and thermal desalination have shown potential for brine 

concentration that is the prerequisite for MLD/ZLD. Low-salt-rejection reverse osmosis (LSRRO), 

is an emerging enhanced RO technology that reduces the osmotic pressure by allowing salt to pass 

through the membrane and thus increases the pressure limitation of conventional RO. The 

technology has been recently validated at small pilot-scale. [138]  Nanofiltration is typically 

needed as a pretreatment to RO and LSRRO systems to remove divalent ions that cause scaling on 

their membranes. The latest technoeconomic assessment of LSRRO predicted a levelized cost of 

water (LCOW) of 0.7 $/m3 to concentrate seawater with a recovery of 70% [90]. 

Among thermal technologies, membrane distillation (MD) may have the highest potential 

for MLD/ZLD and it can use low-temperature solar and/or waste heat. The state-of-art MD 

configuration is the vacuum-enhanced air-gap (VAGMD), which is being tested at pilot scale at 

Plataforma Solar de Almería (PSA), Spain [17]. Related simulation results showed that the 

VAGMD with a batch operation can concentrate RO brine at costs of 0.59 $/m3 if zero-cost waste 

thermal energy is available from. [139] Both LSRRO and VAGMD are modularized and are 

scalable to different capacities. After either of these brine concentration technologies, a separation 

technique where a solid phase is separated from a mother liquor is needed for ZLD. The most 

common commercial solid/liquid separation technique is evaporative crystallization.  

5.2.2 Proposed ZLD desalination pathways 

In this study we examined two pathways for ZLD desalination: a nanofiltration (NF)-

LSRRO-crystallizer and a batch VAGMD-crystallizer pathway. Figure 5-1 shows the 

configuration of these two pathways. The nanofiltration (NF) takes in the fed brackish water and 
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removes most hardness (Mg, Ca) from it. In the electric pathway, the NF permeate with Na+ and 

Cl- as the major ions is then treated with LSSRO to concentrate the brine to the salinity level (i.e., 

150 ï 300 g/L) that is suitable for subsequent crystallization, where halite is recovered and sold to 

market. The NF reject (typically <15g/L in brackish applications) can be discharged back to the 

reservoir. In the thermal pathway, brackish will directly be treated with batch-VAGMD system. 

The final waste flow rate from the crystallizer will be less than 0.5% of the feed flow. Depending 

on the type of desalination technology, PV or flat plate solar collector (FPSC) is used as the major 

sustainable energy source, compensated by grid electricity or external heat, respectively 

 

Figure 5-1.  Electricity ( a) and Thermal Energy ( b) Desalination Pathways to ZLD  


















































































































