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Abstract

Development ogustainableolar desalination modeling platfosrand proposed applicatism
climate change scenarios in the US

Zhuoran Zhang

Water demand in the United States is projected to increase by up to 140% an@8050
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 tBeiflexperiencing some level of
drought with almost 10 percent under fAsevere
offer the potential to substantially reduce water scarcity by converting the almost inexhaustible
supply of seawater and the apgatty 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 zeliquid-discharge (ZLD) desalination an important topic.

This Thesis describes tlievelopment of desalinatiomodek and simulation platfors
thatintegrae solar energy and water desalination technolodtagthermore, the Thesis
investigates the potential désalination powered with renewable endargglleviatingprojected
water scarcity in specific regionshe modeling platform development uses solar generation
technete conomi ¢ models from NRELG6s SAMPlathfarhaf or m a
Solar de AlmeriaRSA) in Spainand Trevi Systems, enhangithe utility of these modelsy
converting them in a Python opancess platformandverifying their results with comparisons
with pilot plant and fielddata. Geographicaiformation 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 feesalaled
desalination. In a subsequent stage of this research, desalination pretreatment models were
integrated in th&Vater treatment Technoeconomic Assessment PladfaterTAB 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 reffiect crystallization for

ZLD applicationsand aUS supplydemand analysis lwch is informed by IPCC projections of
water scarcityan innovatve multi-component crystallization approashproposedor

desalination brine management, to greatly reduce the volume of brimecavémarketable

salts. This approach incorporates a meltect crystallization system for sodium chloride (NacCl)
recovery, and a reactive crystallization process that selectively recovers magnesium (Mg) and
calcium (Caalts Thenew model is used in conjunction with an enhanced reverse osmosis and
a membrane distillation model operating in a bactde, toinvestigate the potential of
renewableenergydriven desalinatiomwith ZLD in response tdry and hot climatéPCC
scenariosThis analysis was informegdith establishedbrackish water and consumptidata
layersand showed that desalinatinsing emerging technologies sucH@s-saltrejection

reverse osmosis (LSRROInd batch membrane distillation (batdiD), powered by mainly

solar power, can sustainatdgtisfy projected, due to climate change, deficits in fueater

supply and demand in the United States.
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associated solar curtailment in a bivariate colormap............cccuuvviiimemiiiiiiiiiiiiieeeceeees 159

Figure 58. Cost sensitivity analysis on NFSRRO-crystallization (left) and batch VAGMD
crystallization (right). In the lower, base and higher cases, brackish depths are 50%, 100% and
150% of the default value; recovered NaCl prices are 0, 2.4 and;5T@&) costs are 10, 15 and

24 $/kWh; auxiliary heat costs are 1, 2 and 3 ¢k¥khall other cost variables are 75%, 100%

and 125% of the default ValUGS.............ue i eeeer e e e e e e 163
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Chapter 1: Introduction

1.1Background

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 changeéuced alterations in hydrologiceycles have
exacerbated water stress in many regions worldwidditionally, changing climate conditions
alter agricultural water needs, energy production, and urban water consumption, leading to
intensifiedstress on existing waterfrastructureThe 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 A0While 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 droughe]

In response to these challenges, the integration of sustainable water management
strategies, including desalination and water reuse, is increasingly necBesaljnation is a key
technological solution for addressing water scarcity, providing an alternative source of
freshwater by processing seawater and brackish groundiateever, the energintensive
nature of traditional desalination methaigh asnulti-effect distillation (MED) and to a lesser
degreeaeverse osmosis (R)ecessitates the expition 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



environmental impacts. Solar desalination technologies, including photovoltaid(P&h

reverse osmosis (RO) and solar thermal desalinasory low temperature (680 C) have
demonstrated potential in addressing freshwater shortages while mitigating eaissions.
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 roadblockfor wide implementatiorof desalinatiorespeciallyin inland areassibrine
management. Traditional desalination methods generate large volumes of concentrated brine,
which require proper disposal or treatment to minimize environmental fiagrieast expensive
technology for brackish and seawater desalina®0, however, RO produces large volumes
of brineat concentrations @bout 7075 g/L of total dissolved solids (TDS}onventional brine
management such as deep wgkction andevapaation ponds can be expensaed/or
prohibitive depending on the local conditions.

In thesecircumstanceseroliquid-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 concentratndscrystallizers are currently used in
ZLD applications, but MVC concentrators aneergy intensive and costiMew developments in
membranebased pressw@riven and thermal desalination technologies offer the potential to
reduce the cost and environmental impact of tredtrimes and higisalinity industrial waters,
especially when powered by leeost solar electricity ansblar and/or wasthermal energyt-or
example, Lowsaltrejection reverse osmosis (LSRRO@3motically assisteteverse osmosis
(OARO) and batctoperated vacuurair-gap membrane distillation (batchAGMD) can

produce potable water while concentrating brine within the range e29d@/L TDS|[3]



In addition toincreasinghe water recovery with emerging technologieduable salt
recoverycan beachievedas the brings concentrated and i®lume is reducedviulti-
componenprecipitation and crystallizatiom critical aspect of ZLD, offer significant advantages
in brine managemety selectively recovarg sodium (Na)magnesium (Mg) and calcium (Ca)
compounds.

To support the development and deployment of quiavered desalination and ZLD
technologies, robust modeling platforms are esseittigs. Thesis contributed in a major way in
the development of the Solar Energy Desalination Analysis Tool (Sedat) ankdancing the
WaterTAP (WatetreatmenfTechnoeconomic Assessmétiatform) Both modeling platforms
offer a modular, Pythebased environment for simulating and ap#iing water treatment
systemsTheyinclude detailed models foenewable energy harvegiimanddesalination
processesSedat also includes geospatlatabasefor identifying the most suitable locations for
solar powered desalination, and WaterTAP includes full process of pretreatment, desalination,
brine concentration and crystallization. Both modeling platformspeasource and their use
is unrestricted.

In summary, liis dissertation develep an advanced modeling platform tlhatiegrates
solar energy with desalination technologies to explore their feasibility, optimize performance,
and analyze their potential applications under climate change sceiraadslition to the
multiple layers of mechanical and chemical engineering, economics, statistics and computer
science that were used in this miitceted investigation, this research develagedvelbrine
multi-componenprecipitation anarystallizationpathwaywhich significantly enhances ZLD
desalination efficiency by recovering vahle salts while reducing waste volurierthermore,

thenew modeling platforms were used iechneeconomic assessments and geospaitialysis



to provide actionable insights into the viability of renewadnergydriven desalination systems

across different regions in the U&hd Chile.

1.2 Research objectives
The primary objectives of this research are as follows:

o Develop comprehensitechneeconomianodels for thermal desalination technologies
as opersource librarie¢Chapter 2)

Approach: Develop physical and/or empirical modelslaw-temperature Multeffect
Distillation (LT-MED), Multi-effect Distillation with Thermal Vapor CompressMED-
TVC), Multi-effect Distillation with Absorption Heat PumMED-AHP), VAGMD and
Forward OsmosidHO) technologiesyalidate 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 comprehensiopensourcemodeling and simulation platform that integrates
solar energy systems with desalination technologies to evaluate their-tsmmamic
performancen actualconditions.(Chapter 2)

Approach: Integrate desalination models with existing solar models from NREL SAM
for techneeconomic simulation of solggowered desalination system; collgebgraphic
datasets on solar energy resourdesalination plants, water bodies, power plants, grid
electricity prices and so on for locatibbased analysis; design a friendly graphical user
interface with interactive maps and setisalination technologgpecifications

o Investigate the performance of advanced desalination configurations and their
applications in proposed desalination treatment trains towards (@apter 3)

Approach: Incorporate LYTMED, MED-TVC, VAGMD, and FO model into WaterTAP
platform and verify; developrocesslowsheets to evaluate VAGMD in batch operation,

hybrid MED and VAGMD in sembatch operation, FO with thermal recovery and multi



effect evaporative crystallizer; leverage existing models on WaterTAP for ZLD
desalinatiortreatmentdesign.

o Investigate the feasibility of multomponent precipitation and crystallization for the
dual purposes of brine volume minimization and valuable salt recovery, with detailed
chemicalspeciesnodeling of the selective precipitation of Mg and Ca. (Chapter 4)

Approach: Develop and validata multi-stage treatment train on the desalination brine
based orexperiment and simulation results from literature; identify two case studies of
oil and gas©&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 eachase study, and identify the optimal operating conditions fcin stage.

o0 Investigate the potential of solar desalination for alleviating water scarcity in various U.S.
regions by leveragingeospatial data, climate projections, aothrdesalinatiormodels.
Assess the feasibility of renewakd@ergydriven desalination under different climate
change scenarios outlined by the Intergovernmental Panel on Climate Change (IPCC),
considering variations in water demand, energy availability, andogjsictions
(Chapter 5)

Approach: Collect and process available dataset on water demand projaction
brackish groundwater (BGW) resourgeshecontiguoudJ.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
techneeconomic performance of the proposed renewabrgypowered 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 sekegratays
5



1 Detailed techneeconomic assessment of thermal desalination technologies including LT
MED, MED-TVC, MED-AHP, VAGMD, VAGMD-batch and FO. With opesource
datasets and platforms, both designd simulationoriented models have been
developed, validated anerified against either pilot data or validated models, for the
integration with renewable energy and othiex and postreatmenprocesses.

1 Development of an advanced solar desalination modeling platform that unifies existing
techneeconomic models, enabling tleeationbasedsimulationand evaluatiomf
various desalination configurations.

1 Conducted investigation of advanced desalination configurations on WaterTAP, an
algebraic modeling platform for water treatmeystem level ptimizationwasenabled
to explore the potential a#échnologies such as batch VAGMD, sdmich LT-MED
with VAGMD, stateof-art FO with thermal recovery and mesifect evaporative
crystallization.

1 Innovation in desalination brine managemtensimultaneously reduce brine volume and
recovery valuable salterough the implementation aifulti-stage chemical precipitation
andmulti-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.

1 Identification ofthe water scarcity issue 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 zerbiquid-discharge werdevelopedand the techneconomic evaluation
was conducted on the county level to assess the potential of brackish desalination.

1 The sustainabilitymplications highligh the roleof renewable energy in mitigating water
scarcity and providing decisiemakers with datalriven recommendations for future
water infrastructure development.

By addressing these critical aspects, this research advances the understanding of solar
desalination's role in achieving sustainable,-eff&ctive water supply solutions in the face of
climate change. The following chapters will detail the methodologiedgling frameworks, and

findings that support the viability of sokapwered ZLD desalination in diverse U.S. contexts.



Chapter 2: Development of a Solar Energy Desalination

Analysis Tool (SEDAT)

This chapter discusses the development of comprehensive tecbnomic models for
thermal desalination technologies as epeurce libraries, and the developmena of
comprehensivepensourcemodeling and simulation platform that integrates solar energy
systems with desalination technologies to evaluate their teetm@omic performance under

realworld conditions.

2.1 Overview of SEDAT

In response to a US DOE call for solar desalination analysis weldeveloped an open
source solar energy desalinatioralysis bol, SEDAT for techneeconomical evaluation of
desalination technologies and selection of regions with the highest potential for using solar
energy to power desalinatiglants.

SEDATIs auserfriendly, operaccess softwanghich enablesa comparative evaluation of
solar desalination technology options arsdsgeospatiatlata layers to identify regions of high
potential for solar thermal desalination. Its use enahblg¢steamlined identification of locations
where solar thermal desalination can be most competitive nslygtemlevel simulation &
optimization of solaenergyand desalination system integratidins expected that this software
will simplify the planning, degn, and valuation of solar desalination systems in the U.S. and
worldwide.

The softwaragjuantifies the performance of usslectedlesalination systems based on
regional specifications and cost parameters, while listing the underlying assumptions. The user

canchange the assumptions and select another system of interest for evaluaitathhology
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suggestions arfgasedmnainly on the saline water TDS concentratitavelized cost oproduct
water(LCOW), product purity, and targbtine concentration

The desalinationechneeconomic models include: Loetemperaturenulti-effect
distillation LT-MED), multi-effect distillation with thermal vapor compression (VEDC),
multi-effect distillation withabsorption heat pursfMED-ABS); vacuum air gamembrane
distillation (VAGMD) in continuous and batch operation mqdeserse osmosis (R@jth
multiple passessmotically assisted reverse osmosis (OARO), forward osmosisgrORO
VAGMD, and ROFO hybridizations.

The user interface goes over the subsequent steps of selectingfansdeest selecting
the technical and financial technology modelsning desalination plant design and
performance simulation, and showing results in terms of plant specifications and performance
time-seriesFigure2-1 gives an overviewof this architecture. The left coluratistthe inputs and

the right one lists the outputs.



1t step -Site Selection —Map INPUTS

* Solar Irradiation (Global & Direct Normal)

* Alternative Water Sources

* Water Conveyance Network

+ Power plants (Capacity & Waste Heat)

* Current Desalination plants (Type, Capacity)
* Regulatory information

2nd step -Model Selection

Solar Energy models
* Photovoltaic
* Static Solar Collectors (flat, evacuated)
* Concentrated Solar Power
* Parabolic Trough
* Linear Fresnel
* Industrial process heat
* Power Tower (direct steam, molten salt)
* Battery and Thermal Storage
Desalination models
Forward Osmosis (FO)
Vacuum Air Gap Membrane Distillation (VAGMD)
Low-T Multi-effect-distillation (MED)
Absorption Heat Pump MED
Thermal Vapor Compression MED
Reverse Osmosis (RO)
Osmotically Assisted RO
Hybrid (RO-FO)
Hybrid (RO-VAGMD)
Financial Models
* Electricity Cost Calculator
+ Heat Cost Calculator
* Commercial
+ Purchase Price Agreement

319 step -Simulations/Analysis

* Run Design Model
* Run Performance Model

Key Model INPUTS

Solar Plant
¢ Capacity (MW)

Desalination Plant

Production Capacity
Feedwater salinity
Water temperature
Recovery rate

Q ™

a
t

OUTPUTS Solar and Desalination System
Techno-economic Specifications

Thermal power requirement
Specific thermal power consumption
Brine concentration

Feedwater flow rate

Steam flow

Steam Input & output temperature
Specific heat transfer area
Performance ratio

Gained output ratio

Hourly, Daily, Weekly Time Series Charts

Solar Irradiation resources
Power Generation
Water Production

Project Report

Site Selection & Model Specifications
Solar Field Performance
Energy Generation & Curtailment
Capacity Factor
Levelized cost of Electricity (LCOE)
Levelized cost of Heat (LCOH)
Desalination System Performance
Annual water production
Brine concentration
Gained output ratio (GOR)
Recovery rate
Levelized cost of water (LCOW)

Results Map

Cities with water prices higher than
desalination water product costs

Figure 2-1. Inputs and outputs oSEDAT 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 techvemzonomic models and data of solar thermal technologies

from collaborators and Solar System Advisor (SAM])developed by National Renewable
Energy Laboratory (NREL) and coded them in Python for the integration with geospatial data

layers and desalination models.



2.2.1.1PSA Static Solar Collector

We reviewed and modified, a MATLABased static solar collectorodel developed by
collaboratordrs. AlarconPadila and Blenzuelaat Plataforma Solar de Almer{@SA), Spain.
Their model wasverified with measurements at a pilot plant in Almefftg.We developed a
static collector c¢class by converting PSA6s MA
to be more dynamidviore specifically, we¢ e pl aced some of PSA6s custo
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 treginal model using the specifications of the Wagner Solar
LBM HTF module[6] comprising 10 collectors each of 13 area and design flow rate of 0.02
kg/s. As shown ifError! Reference source not found, the energy generation estimates from t
he two versions of the model agree within 0.8% or better.

Table2-1. Hourly comparison between the PSA source and the Python model

DNI (W/m2) on Energy generation (kwh) | Energy generation (kWh) Pytho Deviation
June 18 original model based model

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%

10



The class allows the user to select eithergdlate or evacuated tube collectors. The user

will be able to design the collector field and simuitgédourly performance

2.2.1.2SAM CSP Parabolic Trough

A concentrating solar power (CSP) parabolic trough (PT) sytpoollects 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 fosdilbasystems. The solar field focus direct
normal solairradiation onto tubular receivers. Each receiver consists of a metal tube with solar
radiation absorbing surfacewacuum 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 fdasil backup sysm delivers
supplemental heat to the HTF during times when there is insufficient solar energy to drive the

power block at its rated capacity.

2.2.1.3SAM CSP Linear Fresnel
We integratedBAMO 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) andondehr ough ( OT) steam pow in the sol a
desgns use RC boiler designs, where water and steam exit the boiler section gshase/o
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, stgam is separated from the liquid and
sent either to a supé&eater section or to the turbine, and the saturated liquid returns to the

boiler. The drect steam LF system denot have thermal storage bsintegrated with fossil

11



yred backup systems to provide heat. SAM includes options for modeling three different fossil
backup scenarios. The yrst is AMinimum backup
parallel with the solar yel d tehperaturewhenghei es ad

solar yeld is notspablgedomsopmum bphperaseon | e

1

Suppl emental operationo where additi-onal bow
speciyed maxi mum vakusotltar agel dt-poiptehermadl c b mt h &
requirement for the power cycle. These scenarios correspond to the plant arrangement shown in
Figure2-22 The ynal fossil backup sceral iye dalmlaawsu

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

Boiler ‘l’Drv steam

L3
. | . Recirc

Pump

Superheated
steam

Subcooled Saturated liquid
liquid

(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 baclup (bottom) .(Wagner and Zhu, 2013])

The molten salt LF model simulates the performance of a linear Fresnel system that
utilizes a sensiblaeating liquid such as molten salt as the heat transfer fluid (HTF) in the field.
The molten salt linear Fresnel model includes a thermal energy stooatpt, which may use
either the same HTF as the solar field, or a different fluid. If the field and storage system use the

12



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 bibtsvigmd 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.

2.2.1.4SAM CSP Tower

A concentrating solar power tower systfdylQ] (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 flatasking
mirrors called heliostat®cus direct normal solar radiation onto a receiver at the top of the
tower, where a heatansfer 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.
SolarPILOTE to generate the heliostat field layout and characterize optical performance. A
description of the model can be foundhe SAM User Manual; lirkkto the manua&reprovided

in the SEDAT menu calling the model.

2.2.1.5 SAM Industrial Process Heat Model

SAM includes two industrial process heat (IPH) mofi&13, a parabolic trough and a
direct steam one. The industrial process heat parabolic trough model is similar to the CSP
physical trough model, buttdoes not include turbine amggneratomodelsas it calculatebeat
generationnsteadof electricity generation.

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

exceptits output isheat from the solar fielchstead oklectricity 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:
D60 w660 0D D OB G

whered 6 0 ‘Gstdhe present value unit capital cos &

ip i

6 6 0 ONx ——
p 1 p

C"l| (e]]

whered s the initial capital cost ($)) is the annual water production{mi is the interest

rate anddis the plant lifetime.

2.2.3 Thermal desalination models
2.2.3.1Low-temperature multi -effect distillation (LT -MED)

Multi-effect distillation (MED) is currently the most thermodynamically effici@miong
thecommercialized thermal desalination techn@dsglts 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 collectorSigure 2-3), parabolic trough
concentratorsKigure2-4 left), and thermal storage unitSigure2-4 right), connected with a 14

effect MED pilot plant Figure2-5).
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Figure 2-5. Schematic diagram of the flat plate collector integrated with-LIMED systen5]
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Computer coding of the LT-MED Model: The PSALT-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 productidie 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 userspecifiedplant capacity. This was accomplished via parametric analysis using the design
model developed by PSA for a Forwdfded LowTemperature ME plant (FFLT-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 outpetnsidered are: Gain Output Ratio
(GOR), the steam mass flow rate (gs), and the feedwater mass flow rate (gF). Different capacity
and steam temperature have been considered and polynomial equations have been obtained for
plants with 3,6,9,12 and 14 effe¢erecty. The development of the polynomial equations and the
associated regression model are described AppendixB. A Normalized RooctMeanSquare
Deviation (NRMSD) has been used to evaluate the fit of the regression model.

The NRSMD results are shown Trable2-2. 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.

Table2-2. NRMSD of the outputs of the LMED model

Number of effects Variable NRMSD
3 Gain Output Ratio"Q0 Y 0.16%
Specific areai( § 1.19%

5 Gain Output Ratio"Q0 Y 0.16%
Specific areai( 9 1.55%

9 Gain Output Ratio"Q0 )Y 0.28%
Specific areai( 9 2.25%

12 Gain Output Ratio"Q0 )Y 0.45%
Specific areai( 9 2.61%

14 Gain Output Ratio"Q0 )Y 0.65%
Specific areai( § 4.15%

16



2.2.3.2 Multi -effect distillation with thermal-vapor-compression (MED-TVC)

A model of a TVGMED, developed by Drs. Palenzuela, aidrca-Padilla, is based on
the Trapani, Italy 12ffectMED 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 ddrent motive pressure and different therommnpressor locations
by operating balance equations of energy, mass, and salt of eachFeffet2-6). We converted
the EES model into Python so that it will be available for public use in thisagmass software
and used approximations and muidiriance relationships to simplify the equations. Running of a
reference case with the TVC at the last @fferoducedesultswith 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@¥espondingly.
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Figure 2-6. Schematic of a MEBTVC plant architectug[13]
The multivariable analysis has been done by using the design model B E®MED

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

equations and the associated regression macdetescribed iAppendix C Asin the LT-MED
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model, a Normalized RodleanSquare Deviation (NRMSD) has been used to evaluate the fit of
the regression model.
Comparison of the MEETVC Python Model Results and the Trapani plant

measurements is shownTable2-3.

Table2-3. Comparison between actual plant data and modeling results in EES

Empirical model | EES model from | Trapani
paper

Inputs
Heatingsteam 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 23.94 22.83 22.5
(T/h)
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 inTable2-4, 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 andgreementvith the ESS model.

Table 2-4. Comparison of the MEBTVC EESModel Results and the empirical equations

Variable NRMSD
Gain Output Ratio'(/ P 1.54%
Feedwater flow rateN ) 0.82%
Motive steam mass flow ratél () 1.17%
Heating steam mass flow rafs ) 0.80%
Temperature difference mean between
effects ¥4 ) 1.62%
Specific area® ) 5.30%

2.2.3.3 Multi-effect distillation with absorption heat pump (MED-AHP)
Absorptionheat pumps can result in higher performance ratios than-WWNAD at the

expense of the incremental cost of the heat pump.
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SEDAT includes both technical and cost models of MED siafflect and doubleffect
absorption heat pumps based on the source models developeddajenzuela and eworkers
at PSA.

Figure2-7 shows the scheme of coupling a singftect absorption heat pump (SEAHP)
to a MED unit. Lowpressure steam is generated in the desorption process within Generatorl,

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

------------------------------------------------------------------------- > e
|
! steam to

> ' first effect

Generator 1

Evaporator

Y

1
Heater 1 ‘
! . condensate
from first effect
I B P @ @ .

—= condensate o boiler

condensate lOlaSl effect

i
-------- steam from boiler

steam from last effect
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 arMHBD system. Then we will apply the
correlation equations that are described below to evaluate the effedimj ad absorption heat
pump. The thermal efficiency of a heat pump is represented by the coefficient of performance
(6 0 )Y In air conditioning applications, tlie 0 s defined as the ratio of the heat supplied at a
low temperature to the Evaporafor and the external heat supplied to the pump at Generator
10 ). Atypicalé O ®f conventional single effect LiBH20 absorption heat pumps is around

0.7.
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where0 is the thermal energy released in the Absonbeiis the thermal energy
obtained from the condensation of the steam released in Generato01, amithe thermal
energy required to drive the desorption process within Generator 1. With this formulation, the

typical F |= Haf conventional singleffect absorption LiBiH20 heat pumps is around 1.7.
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------------ steam from boiler
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Figure 2-8 Schematic of a double -effect absorption heat pump coupled to a MED unit
In a doubleeffect heat pumgFigure2-8), 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 lotemperature generator (Generator 1). Steam released from this low
temperature generattogether with the steam generated from the absorption process are
combined to drive the MERilot plant. Part of the lowpressure 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 defiielet absorption heat pump for
desalinabn applications is given by the following expression:
0 0 0

600 — =
0 0
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Where0 s the heat content of the steam released in the desorption process of the low
temperature generator. Typigald ®alues of conventional doubkfect LiBr-H20 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 rafio’Y of the MED plant and thé U ©f the absorption

heat pump.

Other operational parameters can also be determined Byhe

"oU 'Y o0Y 600
ey 5 "Y'YO O
Y'YOO —

OuUVv

"0O0 'Y : The gained output ratio of an individual MED system. It is estimated using the
empirical equations derived for the {MED model.

"Y"YO 6 : The specific thermal energy consumption (ktihm®) of an individual MED
system. It is calculated by:

NNOS P Qv p Q0
00 'Y o @ QD

Where’Q andQ are the saturated steam and liquid enthalpy at the inlet steam

temperature (kJ/kg), arid s the density of distillate (kg/fn

2.2.3.4 Membrane distillation (MD)

Among emerging thermal desalination technologies, membrane distillation (MD) offers
the highest potential for treating highlinity sourcest pilot-scaleto date[14]. The technology
is receiving renewed interest as it requires less thermal energgttieadistillation technologies

and can use lomemperature heat from solar collectéts
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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 technolbggrh&soroughly
studied at the pilot scale at the Plataforma Solar de Alrtie8A)and we have implemented the
latest advances as they are reporteddragoza and eworkers The details of these models are
given in the SEDAT User Manual.

In addition, we implemented a model of a solar flat plate colleeteeldped byDr.

Alarc -Padilla,in simulations of MD powered by low temperature heat from a solar collector
(Figure2-9).

Membrane

Hot feed Cold feed

PV-Module Desalination unit
with heat recovery

VLSS SIS SSLSSS]

Solar thermal
collector

|

Fresh water storage

Brine disposal Salt water intake

Figure 2-9. Schematic diagram of the flat plate collector and MD systelfi6]

The distillate water production is estimated from the thermal energy provided by the solar
field. For LT-MED system, the nominal required thermal enefgy fiQ¢) is calculated from the

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

p W e e % i ” p
,‘OG,Yownwwfmw Q CTomon

Ca

0 Monwt pd oPt T YT
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0  : Distillate water production relative to nominal production rate (%)

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

2.2.3.5 Batch vacuum airgap membrane distillation (batch VAGMD)

The state of the art batch MD pilot experiments at Plataforma Solar de Almeria (PSA) by
Dr. Zaragozaand ceworkers at PSA,employed the Aquastill modules AS7C1.5L and
AS26C2.71[17]. However, the high thermal consumption of MDyet ahurdle that prevents its
implementation at a larger scalo overcome this barrier, hesdving strategies have been
developedased omecovering the latent heat of condensation of the generated wgmoally as
sensible heat to preheat the feddother limitation of MD is its low waterecovery in a single
stage; thus, miti-stage arrangemesitave beemproposed foincreased water recovery rate (RR).
Theoretical models have been developed to estimate the perforwianudti-stage MDas a
function of the feedwater salinity and the number of stfb@sl9]. Cost optimizatiorof single
stage looping and muiitage MDshowedthat the latter is more cost effective than the former
[20]. Models of those systems were developed applying aBanken design of experiments
and were tested and validated under multiple stationary operating conditions. The following

equations were derived from PSAO6s x@xM§gEDd ment a
& and the specific thermal energy consumptidfi Y & & a3
AS7C1.5L:
0 P8 UX p® T PYOOpBo @ B0 T8 X YYS 'O 0 DOQQQ é® p HYOID
™ p DO
AS26C7.2L
0 VP LULUT WPYO O WPO T @ FYO Og p DOQQQ TP ¢ BYOID

® NOYS D 1 ¢ GO
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“Y'O "Bvaporator inlet temperature §, the nominal value is 89
"Y6:"Oondenser outlet temperatuse)( the nominal value is 25
"0Q Q:®éed flow rate (I/h), the value is optimized to 582.7 I/h to maxifize while
minimizing STEC
The system shown iRigure 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
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Figure 2-10. Schematic of the MDbatch pilot plant at the PSA field test facility [17]

The curves show the same accuracy as descr
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 experiarehtaky

24



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 VVAGMD model developed by tHeSAteam was validated with measurements

obtainedat pilotplant in their facility The agreement of the model with the data is shown in

Figure2-11.
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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] are obtained the same resufgjure2-12 shows the

results we obtained by running these models.
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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 integratedhe forward osmosis (FO) modehichwas provided by Trevi Systems Inc.

The model was built in Excel; we converted it to PytAi@nd integrated it into the SEDAT

modeling platform. The Trevi SystaFO system relies on a-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-pemieable membrane by osmotic pressure.

Oncethe 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 tradi

ti

onal

A diliration Nt mreembyanec o a | e s

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

two countetflow heat exchangers recover process heat from both the draw and purified water

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

. The schematic of this model is shoimrFigure2-13.
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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 exchangezstmtbsce and

the draw solution polymer is separated. In detail, the diluted draw solution is firstged with

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

passing through a waste heat exchangerp&ieate is the desalination unit product water. The

NF brine stream is a warm stream containing ther&é&cted draw solution polymer. It is

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

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

boron. The inputs and outputs to this system are summariedbie2-5.

Table 2-5. Trevi FO model inputs/outputs

Inputs

Outputs

Water/draw properties

Operational parameter

System size

Seawater temperature

NF recirculation rate

Product water
flowrate

Flow temperature

Seawater salinity

ROreject rate

Flowrate

Draw Properties

Operation temperature

purity

Heat load in HXs
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An Excelbased mathematical model of the pilot plants was provided by Trevi Systems and
we converted it to Python.

Generalizati on of W& coaveried $rom FEQcel mooRythdn :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 strogure2-14.

The model 6s functionality was enhanced to

temperatures, system capacities and draw solution properties.
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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 showigure2-8.

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

New operational parameters Default values
Temp. of the drawgolution entering the membrane system (T_draw) | 20°C

Temp. difference between the inlet/outlet supplemental seawater 6°C
(dT_cooling)

Temp. difference between the feed and produced water (dT_water) | 10°C
Operational temperature of separator (T_separator) 90°C

Temp. loss in the separator (dT_loss2) 1°C

Temp. difference between hot water and solution entering the separg 3°C
(dT_lossl)
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Temp. difference between inlet and outlet hot water (dT_hot) 10°C
Approach temperature at HX 1C and ZT approach) 5.28°C

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 Sy&gem.
shown inTable2-7, the estimates of key design parameters from our Python version of the
modelagree 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 heaload 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 HX2) ( 5.3608 5.3608
Hot side heat load in draw/hotwater HX2C (kW) 0.8843 0.8843
Cold side heat load idraw/hotwater HX2C (kW) -0.9728 -0.9728
Approach temperature in draw/hotwater HX2C)( 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 oraw/draw HX1B {C) 4.996 4.996

2.2.4 Hybrid desalination models

We developed an RGO model connecting in seriesth ourRO model and the Trevi FO
modeland implemented the new hybrid model in the GUI. Regarding costsnplemented
synergies irthe useof 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 @D hybrid, utilizing a batchVAGMD 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 thelesggo parameters. The
core idea is to build a simple connection betweaterproduction and the solar field generation.

The input parameters for the design model are showatie2-8:

Table 2-8. Inputs in the generic desalination model

Variable Default Unit

value
System capacity 2000 m3/day
Feed concentration 35 g/L
Recovery rate 50 %
Specific thermaénergy consumption (STEQ 50 KWh(th)/ m?
Specific electric energy consumption (SEE( 1.5 kWh(e)/ n¥

The following design parameters are calculated:

s 4 m s e 2 s e g s YO OBQUER 6 6 QYO 6
YDiI daQii @y 6 Qi ke &

T
i i i Yool oBQEN ¢ 6 OGO 6
06 QHAE W@ 6 0 REE b C”T

0QAa Qe Q0 w
YQwé U 'Qiod

01 Q¢ M QEFNO o’op
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 pressudgiven technologies, by adjusting the value ofE® and SEEC

accordingly.
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2.2.6 Desalination cost estimates
2.2.6.1 MED costestimates

The capital cost for MED plants, designed for seawater desalination, is estimated by an
empirical equation reported by Kosmadakis 2l (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 ma#d This cost relationship is applicable to bothMED and
MED-TVC systems, with the HEX area being the major difference between the two types of

plants.

2 038
& HEXarea 0

: 2-1
HExgﬁﬂEXarea ref © (1)

&
Cueo =6291D %1861 - f, .,
e

The O&M cost was broken down into major components including chemicals, labor,
maintenance, brine discharge and miscellaneous cost basstmates published by
Papapetrou et §22] andfrom theWorld Bank.[23]

An example of input parameters for the-MED cost model is shown ifiable2-9.

Table 2-9. Input parameters for a reference LMED 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 04
Thermalstorage tank 30 $/kWh
Energy expenses
Specific thermal energy Yes
consumption 58.3 kwWwh/m3
Specific electricity consumption 15 kwWwh/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

Figure2-15 shows the unit capital cost of MED as a function of capacity, basad on
Global Water Intelligence (GWI) dataset. While the data agwité 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 rn¥d) plant is 1.28 $/fh comprising an annualized specific CAPEX of 0.53%/m
and 0.85 $/MOPEX. For large plants the LCOW goes down to $1.30ne 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/m

——LCOH =1 cent/kWh LCOH = 0.5 cent/kWh LCOW =0

1.4

1.3

—~12
£

0 50000 100000 150000 200000 250000 300000
Plant capacity (m3/day)

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

For ABSMED configuration, additional cost is added for the absorption heat pump.
Based on the ENTROPIE ("Aquasol Model (2005)") da#, PSAdeveloped the following

correlations for the capital cost of the additional heat pump, as a function of system capacity.
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Single effect: 600 0OWmBop @ U AON Gsxo 0O (2-2)

Double effects: 600 0MD @M MM o (2-3)

2.2.6.2 VAGMD cost estimates
Based on the performance of the pilots at PSA, we developed a model of-¢d5Niy
systems the results of which are summarized below.
To determine the CAPEX of each component, the following equation is applied to
consider the scalep effect:
0¢i 00¢ i g—g)—n 0
0wno
CostA and CostB are the unkown and known cost, CapA and CapB are the unknown and

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

listed inTable2-10.

Table 2-10. Parameters of the MD Cost Motf25,26]

Equipment Base price, k Base capacity Scaleup
Euro factor

Housing Rack 5 3 modules 0.6

Price of tank (with plumbing) 5 3 modules 0.5

Price of each pump 3 5m3/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 10m3/h 0.6

Cooling installation 5 10m3/h 0.6

Our cost modeling yields the cost curves showRigure2-16 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 7.2and AS26C2.7L stands for the larger module with
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channel length of 2.7 m and effective module area of 25.@nder the conditions listed above,

the larger module gives the lowest LCOW.

LCOW ($/m?)
/

Production Capacity (m®day)

Figure 2-160 w" OUUWEOOx EUD U & Gy EA ulkpal U G ud O w5
Assumptions:
Evaporator Channel Inlet Temperature =80

Condenser Channel Inlet Temperature 2Q@5

1
1
1 Feed Flow Rate = 582.7 L/(h module)
1

Feed Concentration = 35 g/L
It is noted that these op-AGHDI pnl obndl anbn
to maximize the ener-4§6MPfmodukacy2b6f9t méd) | auvg

| owest specific ther mal energy coqlampt cOR off

13.5, is achieved. However, the -bpeedtsalgecbin
of one or the other modul e. For example, when
modul e gives the | owest LCOW

a) Evaporator Chann® €l (hol et | Teg mpla xtaomuieznesdi=r ae

the highest possible energy efficiency for ea
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b) Condenser ChanneC (whethTempéehat ubpwest 2
temper at u-A6MDnpPEPBAoYmance model i ng)

c) Feed Flow Rate = 400 L/ (h*module) (whic
PSA-AGMD performance model ing)

d) Feed Concentration = 105 g/L (which is
V-AGMD performance model i ng)

Il n our cost model, operational parameters
condenser channel inlet temperature, feed flo
Additional /AYGMDt péd mentarde sV gn pat ametiuepudshianh

wi || be |isted in detail in the user's manual
project |l ocation and condition, there is no w
case WwWi-MBDt htehéTbi ggensg plalr atmee eop@amati onal ar

that is affecting the costs of fresh wahter pr

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:
6000 CRRYMOHDE
0 0O Aa @ x udg 6 08

The breakdown of the CAPEX is shownTiable2-12.

Table2-11. FO Cost breakdown (sourcdrevi 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%
Prefiltration 4.9%
Controls/Electrical 3.4%
Pumps 4.7%
Instrumentation 2.6%
Valves 2.4%

CIP 1.1%

Tanks 1.1%

2.3 Comparative technaeconomic assessment of OARO and batéhAG MD

With the model development of thermal desalination technologies, we conducted an
evaluation of the batetAGMD application in the high salinity water recoveand its potential
in minimum liquid discharge (MLD) and zero liquid discharge (ZLD).

As a benchmark, we compared its performance with an enhanced RO techAtimgy.
al.[28] conducted a performance and cost comparison of three major configurations, famely,
saltrejection reverse osmosis (LSRRO), cascading osmotically assisted reverse osmosis
(COMRO), and osmotically assisted reverse osmosis (OAR@)ng modulescale, cost
optimization modelsthe authoréound that OARO is likely to have a slight cost advantage against
the other two technologies at feedstock salinity levels of TOagd 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/mvhile the corresponding LCOW value LSRRO and COMRO
were reported to be 6.63 and 7.90 $/raspectivelyBartholomev 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 saliniti&g® @25 g/LTDS

with water recoveries bete en 3071 70 % w aastbawedeni$mato $6¢per bt of
product water.Since OARO has been examined more extensively in terms of technical
performance and cog8, 29, 30, 31, 32, 33, 34] than otheenhanced RO processes proposed thus
far, we used OARO as threpresentative of enhanced RO technologies in the current Biutg.
following subsections we detail the models of OARO and batchAGMD and present a
comparison of LCOW of these technologies for various cases of RR, brine concentrations and

costing assumptions.

2.3.1 Scenario specification
In this section, we compare OARO and batcAGMD for three feedwater salinity cases

and levels of recovery rates that correspond to: a) brine concentration in the rangd ®f H39
for minimum liquid discharge (MLD), and b) high brine concentration in the range e 232
g/L for input into crgtallizers to achieve zero liquid discharge (ZLD). The MLD brine
concentration range is expected to result in lower LCOW than the high brine concerfiailon
scenarie for which there is a need for new technology developmdm.challenge of
crystallizaion at292 g/lis the practical operational limit of éhmodules under consideration.
Table2-12 shows the target recovery ratesvafiousfeed concentrations under consideration.

Table2-12. Feed concentration, recovery rate, and brine concentration scenarios considered in this
work

Feedconcentration(g/L) 35 70 125
Recovery Rate (%) | 75| 85 | 50 | 75 | 25 | 50
Brineconcentration (g/L)| 139| 232 | 140 | 279| 167 | 250
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2.3.2 Techneeconomicassessment under different scenarios
The product water costs (i.e., LCOW) reported in this section are based on the cost
parameters shown ifable2-13.

Table2-13. List of major financial parameters in the OAR{®8,29] and batch MDmodels.

OARO Batch V-AGMD
Capacity (mV/day) 100 100
OARO module unit cosit 50 --
($/m?)
RO module cost ($/A) 30 --
Pump CAPEX ($/(rh 53 Included in other CAPEX
bar h))
Pressure exchanger co{ 0 op &U 8 -
($/(m2 /n))
Installed system 1.6 --
cost/equipment cogt)
MD module cost ($/rf) -- 34
Total acherMD CAPEX 140,000 $ for 100 Aiday
Electricity cost ($/kWh) 0.07 0.07
Thermal energy cost -- 0.025
($/kWhn)
Chemical cost 1% of Capex 0.03 USD/r (included in
maintenance cost)
Membrane replacemen{  15% of initial annual 0.22 $/ni
cost membrane investment
Maintenance and labor| 2 % of initial annual 2.5% of unit CAPEX ($/)
factor investment
Discount rate (%) 7.8 7.8
Life time (years) 20 20
Capital recoveryactor 10 10
(%)

For batch VAGMD, the CAPEX was calculated using data frBmdels 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 Based on operational data from the baib pilot plant at
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PSA which employs these modules, their permeate flux at operating conditions is 2.4)L./(h m
so a 100 rfiday plant will employ 68 modules, corresponding to a module cost of 34 Hfuns,

a constant module cost of $34/mas assumed in our simulations of systems with capacities in
the 1001000 ni/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 Tiatdd 2rl 4.

Table2-14. Summary of design parameters and cost optimal results for a reference case (108yn
of 70 g/L feedwater and 75% recovery rate.

Configuration and performance for the reference cas OARO Batch \ AGMD
Total feed flow rate in (riid) 133 133
Feed salinity (g/L) 70 70
Water recovery rate (%) 75 75
Number of stages) 4 -
Membrane area (1000%n 7.24 1.97
Specific electrical energy consumption (KWHR) 10.3* 0.51
Specific thermal energy consumption (KWR/m - 141**
Levelized cost of water ($/ 5.14 4.49

* Corresponding téeed pressure of 65 bar for BCC modules and 85 bar for the conventional RO unit
** Corresponding to VAGMD unit opeatingat 80°C

Figure2-17 shows the breakdown of LCOW the two types of desalination plants with
100 m¥/day capacity for the case of desalinatiaig75% water recoveyjeedvaterof 70 g/L
TDS. As shownthe total LCOW for OARGs 5.13%/m? of water producedand the
corresponding LCOW in batch-XGMD is $4.49/niday. Membrane module costs contribute
54% to the LCOW in OARO but only 10% to the LCOW of bateA@MD. While membrane
module costs are expected to be costlier for OARO than baGMD (i.e., $50/nt and
$34/nt, respectively), it is important to note that for the case of desalinating a 70 g/t feed
75% recovery, the OARO system also requires approximately 3.6 times more the membrane area

than batch VAGMD.

39



5.13
5.0 Misc. Opex
& i >0 Thermal
4.49
Electrici
0.72 v
4.0 4.0 Misc. Opex
B Membrane
replacement
. " Electricity
E 3.0 Misc. Capex E 3.0
¥ ¥
3.53
W ERD Capex = Me:‘nbranet
replacemen
2.0 20
0.80 .
0.02 ®WPump Capex Misc. Capex
0.02
1.0 1.0 L~
0.19 ™ Membrane 022 B Membrane
Capex 0.04
0.48 Capex
0.0 0.0 l0.21
() (b)

Figure 2-17. Breakdown of levelized cosff water production via OARO (a) and batch&GMD (b) at
100 m3/day capacitfor 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 rangeldfQD00%/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 scaledo 1000 riffday, whereas the associated cost
reduction in batch VAGMD is 6% (seeAppendixE).

Figure2-18 shows the specific energy consumption for OARO and bat&lGWID 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/m
shown inTable2-15. The batch VAGMD graph shows total, over the whole batch period, brine
salinity and recovery ratesaBhoperationrepla@ s fist ageso and fAmodul eso

fipasseso, with each pass achieving a smal/l rec
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increasing along passda generalthe instantaneous (singpass)waterrecoveryin MD

desalination systenis very low. The permeate ratelasver than 106 of the feed flow rate, and

it decreases as the feed salinity increases. In ba#®@MD the concentrateeturns to the feed

tank, and the pumgecirculatesvater through the modulesatonstant feed flow rate duriray

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

for the operation considered)verthe cycle timethe feed volumeéecreases while

concentration increaseAs the graptshows total values up to the corresponding time, it appears

that the increase of salinity accelerates with twigereaghis istheeffect of the feed volume

reducing,asthe actual permeate flux decreases with tifels, brine salinity and water

recovery rate are shown on the saraxisin Figure2-18.
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Figure 2-18. (a) Specific electrical energy consumption (SEEC) per stage in OARO and by pump
(adapted from2]), and (b) specific thermal (STEC) and SEEC as a function of cycle time, brine
salinity (S) and recovery rate, in batch-%GMD, for the case of 70 g/L feed TDS and 75% recovery.

Table2-15 shows the energy performance of bateA@MD systems for six scenarios

of feed salinity and brine concentration, that were previously reported by Atig28]athe
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later are also shown in this tablegure2-19 shows a cost (LCOW) comparison of the two

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

E for the 1000 rfiday capacity scenario)

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

batch VAGMD 100 m/d desalination plants

Scenario

35 gL,
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)/n?)

4.96

5.26

5.90

10.31

9.53

13.06

Batch V-
AGMD SEEC
(KWh(e)/n?)

0.39

0.42

0.44

0.51

0.53

0.60

Batch V-
AGMD STEC
(KWh(th)/n?)

93

105

109

141

146

173

OARO: # of
stages

OARO
menbranearea
(m?)

711

873

1,839

7,198

7,110

13,324

RO menbrane
area (m)

230

183

196

195

196

195

Batch V-
AGMD:
Operation time
for one batch
(min)

199

238

146

248

85

189

Batch V-
AGMD
menbranearea
(m?)

1,615

1,680

1,751

1,984

2,023

2,252
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Figure 2-19. Comparisons of OARO and batch-XGMD in respect to LCOW andrine concentration
for selected cases and reference energy costs of LCOE: 7 ¢/kWh and LCOH: 2.5 ¢/kWh; plant capacity
100 n¥/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 shéugure2-19for lower and

higher than the reference case thermal energy (LCOH) and electricity (LCOE) prices.
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Figure 2-20. Comparisons of OARO and batch VAGMD with respect to LCOW and brine
concentration for selected cases anlbw energy costs; LCOE: 3 c/kWh, LCOH: 1 c/kWh; plant
capacity 100 ni/day.
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Figure 2-21. Comparisons of OARO and batch VAGMD in respect to LCOW and brine

concentration for selected cases ankigh energy costs; LCOE: 14 ¢/kWh, LCOH: 5 c/kWh; plant
capacity 100 ni/day.

Moreover, the batch M AGMD system generally performs better at higher feed salinity
scenarios, in both the low energygst Figure2-20) and the referenc&igure2-19) scenarios.
For the high energgost scenarioHigure 2-21), however, batch \ 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 showFaible2-15.

Figure2-22 shows the impact on the LCOW of LCOE in the range-242JS /kWh and
of LCOH in the range of-8 US /kWh. It costs less for OARO than batchkAGMD for cost
combinations above the red line whereas the reverse happens for LCOE/LCOH combinations
below the red line.

In general, batch \AAGMD 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-AGMD can only outperform OARO at an LCOH©OfL US /kWh,

while at higher salinity levels it can outperform OARO even when LCOR4I®S /kWh.
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Notably, utility-scale solar PV has reached LCOEasas 23 US /kWh [35], while the

LCOH of solar thermatan beas lowas 2.5 US /kWh, [36]. Geothermal has achieved LCOH as
low as 1.8US /kWh, (average of 5.8JS /kWh [37]); thus we hypothesize that waste heat

carrying only plumbing/connection costs could be availablel#$ /kWh or less.
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Figure 2-22. Impact of electricity (LCOE) and thermal energy (LCOH) prices on the levelized cost of
producing potable water (LCOW), from highkalinity feed waters) via OARO and batchRAGMD. The
color map shows the LCOW of batch MD and the red line the LCOW of OAR®imwihe considered
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100 n/day.
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2.34 CAPEX Sensitivity Analysis

The impact of different cost factors on theOW was examined based on variations
within their range of uncertainty of the variables showmable2-16. These include the largest
cost contributors shown Rigure2-17; thus,the module cost for OARO and the cost of energy
for batch VAGMD, 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% recayerate. 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 wassumedbecause of the matured technology of the reference
RO membrane.

Table2-16. Cost factors and their values picked for the lowelue scenario, base scenario and
higher-value scenario.

Scenarios Low Base High
Interestrate 3% 7.8% 12.6%
LCOE ($/kWhe) 0.02 0.07 0.14
LCOH ($/kWh-th) 0.01 0.025 0.06
MD module cost ($/f) 30 34 38
RO module cost ($/8) 27 30 33
OARO module cost ($/M) 30 50 70

The tornado charts iRigure2-23 shows the corresponding LCOW given different costs
in the two cases of high recovery rate and brine salinity. For bat®8MD, the biggest factor
is the cost of thermal energy, which makes it so important to improve its integration with solar
thermal sytems or recovery of waste heat from power plants and other relevant industrial
processes such as electrolyzer systgdis 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 sdlirable2-14), 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.J0], we assumed a cost of $56/m the reference case, and a range 6730
$/m? 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 ggkenario Figure2-23-1b). Thehigher
requirement of the number of stages and membrane area at high salinity makes the LCOW cost

more sensitive to the module cost.

B High o Low m Hich mlow
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RO Module cost " RO Module cost ”
20 3.0 4.0 50 6.0 7.0 8.0 25 45 6.5 85 10.5
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Figure 2-23. Tornado charts for 100 ffiday OARO (1) and batchMAGMD (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 QW [

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 importaeli.ashe

tradeoff betweenproductivity 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-economicmodels with geospatial inputan SEDAT
This section describes in detail the development of the SEDAT platform, integrating
geospatial databases and teckronomic models of solar and desalination technologies through

a usetfriendly graphical interface.

24.1 Integration of geospatial databases into SEDAT

SEDAT is an opersource, Pythonbased tool, thaintegratesvarious layers of data
describing solar and saline water resources, water and energy infrastructure, applicable
regulationscosts and competitive pricedost of these data, except for the solar irradiation and
United States Geological Survay$GS water resources, were not available in a single database.
Thus, we integrated a suite of geospatial data sources and technomic input parameters,
shown inTable2-17, for simulating integrated solar power systems and desalination technologies

in one graphical user interface (GUhat can be used and efficienflyocessed in desktop and

laptopcomputers
Table2-17. Primary data layers integrated into SEDAT

Parameters Data layers Sources

Population density & projections Hauer[38, 39
Water Demand | Canals and aqueducts USGS[40]

Roads as water network proxy U.S. Census Buredd]]
Alternative Brackish water sources: depths, tg
Water Sources | dissolvable solids (TDS) USGS[42]
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USGS National Produced Waters Dq
[43]

Global Water Intelligence (GWI)44],
Texas Water Development Bodith|

Oil & Gas Produce water TDS

Desalination plants in the U.S.

Solar Resources| Solar Irradiance: GHI, DNI NSRDB[46], PVGIS[47]
Heat Sources Power plant EIA [48
Water temperature USGS (brackishp42]
Topography MapBox[49]
Land Use Restricted and sensitive areas USGSI[50]
Agricultural saline water drainage regions| CA-Dept Water Resourcé¢51]
Municipality waterprices IBNET [52]
Cost data for desalination systems Multiple literature source
Cost Data — — [22.23,2526,29)
Utility electricity rate structures OpenEl[53]
Average fuel prices U.S. Energy Information Administratio
API [54]
Planning, Desalination & water treatmemkgulatory| State Water Resource Control Boa
Regulatory and permitting requirements [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@prdpriating solar
desalination technology requires models based on both loeaiemwific characteristics and non
spatial input values. We have assembled a collection of integrated spatial data inputs and
implementech mapbased data exploration interéawith the ability to choose a location, solar
technology model, and cost model to produce a rggaticharts of system inputs and outpats
evaluate and compare different optidastechnology and siteelection

For example, for solar desalination of inland brackish water, the USGS data are used to
seed the database with known brackish water resquanedsxisting water infrastructure (e.g.,
national level water networks like National Hydrography DatddEiY) [61] , as well astate
level networks such as California Central Valley Project (CVP) and State Water Project (SWP),

represented by aqueductshe choice of technology can be identified based on the quality and
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guantity of water, the brine management requirements, the solar resource and the egectricity
fuel prices in the region.

The softwarave developedalso allows the user to enter data and parametric inputs on
geospatial, economic, or technical variables. For example, anasgarovide an alternative
source (perhaps from more detailed, proprietary, etotgate data) in place of one or more of
the data inputs that are available witthe software. SucaAnapproach contributes to product
flexibility and to the potential of creating a détiab for future useAlternative data sources can
be provided through the GUI manuallylyr updating the data files available within the

application.

2.4.2 Model development and integration
24.2.1 Solar energy generation models from SAM
Concentrated solar power (CSP) and photovoltaics (PV) madelading the associated
financial modelsf r om NREL 6s Sy st e m ward tested forrintegfatichento ( S AM)
SEDAT SAM provides annudiourly simulation for different plant parameters depending on
hourly weather condition§he SAM models were integrated iB&DATusing Python
wrappers. However, since these moaedse designed for electricity rather than hgaiduction,
the source codeas modifiedo obtain variables needed for intatjon with solar theral
desalination model@.g., condenser temperature and exhaust steanflmasate in the power
block).In order to develop a graphical user interface (GUISIBDAT the wrappers created
from SAM for CSP modules and financial modules needed substantial modifications and
restructuring. The Python wrappers for these models comgaia than 30@hput variables for
each module which were being initialized in t

wrapper corresponding to tsectionssuis ect i ons on the SAM user i nt
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type of function inPython classes. However, the presence of more than 300 variables for each

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

each model 6s el ement was not t he mosefacef fi ci e

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 attfibegairs,
arrays and any other serializable data objects; these were weretand 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 defaultedueafrom SAM and added to a JSON file. The tab,
section, and subection 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 exd¢batewdels.
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 thgraromers 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 defadlieson a different tab. This logic was also added

to the callback functiong\lso, to guidethe validity of user input choiceB,Const r ai nt s 0,
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A Conne overdintpplermedtedT he A Con st r astahlishethe ramgetfralidb ut e
inputs in each technical solar and desalination model parameté&trConnecti ons o desc
relationships between certain pairs of irgut

The JSON file is used to build the GUI interface by iterating through each tab, section,
and subsectiom the SAM user interfacand creating the corresponding menu elemiartitse
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 fdinipahe various models
was created in the Python code so that the appropriate menu system is loaded based en the user
selected model.

Our approach involved capturing the structure of the variables on the GUI inside the
JSON in a nofrepetitive manner along with matching default values of all the SAM variables
from a subbranch of the SAM GitHub repositof@2] that includes JSON files with all of the
model variables and default values. The default values of differedélvariablesn SAM are
populated in from these files. We identified these fileSAM 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 imsdictionaries. The dictionaries contain the name of the tab,
section or susection on the GUI as a dictionary key and have the variablesgstibn or
section eleents 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 foldehameh in

Figure2-24. SamBaseClass.py the Python filehat integrates and usttgese 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 tsamefolder. The compilation is a ofteane process; once created, the

files areincluded insedatand used for alfiesalinatiormodels that requirsolar energy inputs

New versions of SAMalong with new desalination or solar thetrteechnologiescan be

incorporated into our software by just modifying the files mentioned earlier

Excel to
JSON
conversion

» Generate
SAM [ Wrapper
PySSC.py

SAM SDK
Tool

Excel file with
all variables

SamBaseClass.py

Built on VS after modifying

the required parameters
SAM GitHub —ﬂ ssc.dll
Default values

PSA Simulation Models J
for Desalination

T

Design Model for
Desalination

Integration Z
Modul i

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

Each CSPr PVmodel can be used as a staddne modelpr combined with one ohe
six financial models. Athesemodelsare integrateth a JSON structurand tested to ensure
that nothing was missed in the translation. For verifying the implementation of the SA&smo
in our softwarea number of inputa/ere varied to compatle outputs of the model at its source
with the JSON platform.

However, some parameter dependencies were described in the SAM user intgtace,
than inthe source code and those had to be restructured SEfRATGUI. 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
SAM6s Mol t en Smadddl, th€rmmierof Iobps e ealculated by:

specified_solar_multiple X sm1_aperture

nlLoops =
loop_aperture

nLoops: Actual number of loops
specified_solar_multiple: User defined solar multiple (SM)
sml_aperture: Total required aperture, SM =3) (m
loop_aperture: Single loop aperture?m
Ontherighthand si de of the equation, fdAspecified
input variables, and the other two are intermediate variables that are calculated in the GUI but
not wused in model simulation. 0The tof alncrt e qui
capacity, design point DNI and optical par ame
function of collector areand number omodules
Thus the number of loops is dependent on multiple other inaiidbles andit is
necessaryo implement such relationships to better fit thses. The implementatiaorkflow
mainly includes building the structure (e.gcallback functions) to dynamically link those
dependent variables, updating the target variable in the GUI in real tinvsaatizing themIn
summary, the procedure of implementing the SAM modelsS&EDATIncludes 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 modelsntegration

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

SAM variables, in order to be irgeated into the same GUI frame. Howewarlike SAM

models which are based on C++ source codaeguirethe 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.

Table2-18. Summary description of desalination models included in SEDAT

Desalination
technologies

Model development

MED and MD

These models were developed and validated at sldle at
PSA>678 Somemodels were written in MATLABandotherswere
based on Engineering Equations Solver (EEB)e EESbased
models were approximated with empirical equations code
Python and the MATLABbased MED design models we
converted to simulation ones also in Python.

Forward OsmosisHO)

Developedand shared by Tre@ystems as an Excel modeaind then
translated into Python and generalized for wider input ranges

Reverse OsmosisRO)
and Osmotically
Assisted
Osmosis QARO)

Revers

Developedn Matlab and Python

Hybrids RO-FO and
RO-batchVAGMD)

New models.designed for the purpose of further purifying
permeate water from R@s well as facilitatingninimal andzerc
liquid-discharge (ZLD).

The modular architecture 8EDATallows the addition of new solar and desalination

models, as shown Rigure2-25and summarized below
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1. Develop Python scripts fonodels For solar models, the output should include the
hourly energy generatiph COH and LCOE.For desalinationdesign, simulation and
cost moded weredeveloped

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

3. Configurethe possible combinations of the new models sotkiegtcan be selected
from themodelingmenu

4. Connect the input variables from the map to the modajsthe weather file of a
selected location and the feedwater salinity)

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

6. Configurethe output variables for the result chart and report

Geospatial data

0 Map info
extraction { Input variables list ‘
: ‘ Default input values ‘ o JSON files

Technical models

\ Output variables list |

| Main functions |

o Python scripts (for

Int ti
ntegration 4 design, simulation
and cost models)
| Selection menu ’

G:JI | Inputdatatable | ©

Python scripts (for
Result (charts & e 1 ytinterfacies)(
report) o

Backend simulation
core

Figure 2-25. Outline of the SEDAT modular architecture
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2.4.3 Graphical user interface (GUI) development of SEDAT
A web interface was developed for quick visualizabbgeospatial data and performing
simple techneeconomic calculationsithout requiring software installatipmhile an integrated
GIS and Python application was developediaredetailedgeospatial and techreconomic
analyses. The desktop application includes comprehensive tecbhnomic models of
desalinatiortechnologiesieveloped during this projetttat facilitate the most effective use of
solar thermal energy. This model development leverages existingliketke concentrated
solar power (CSP) modelshhat i on al Renewabl e Energy- Laborat ¢
source [63], and solar thermal desalination modealsd modelsvailable from research
collaborators in CIEMATPlataforma de Almeri@PSA)[64]. Figure2-26 shows a higHevel

framework of the tool.

Existing Models
PSA Solar Thermal SAM Open Source CsP

Desalination

Modify or add to
underlying .
algorithms

Github Repository
(Data layers,
source codes,

dynamic
__configuration files)

[once |

Integrate geospatial
assessment functionality
and visualization using
open-source geospatial
software

Geospatial Modules
New Desalination
Modules
Graphical user
interface

Figure 2-26. Basic framework of SEDAT

[ APIs for real-time
data requests ,
OpenEl, Fuel
prices

Thesoftware uses modular architecture désignmaking it flexible for expansionThe
techneeconomic modulesffer an analytical workflow for planning and designing solar thermal

desalination systems in optimal locations via a-fisendly GUI. This interface providedefault
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value inputs for technical design as well as capital and operating cost parameters to allow for
comparative analyses betwetdifferentsolar thermal desalinatidechnologies as well as other
competingdesalination technologies

Software modules based on open geographic software libraries from &aGether
sources assemble, extract, transform and pass the geospatial data teeteciomoic solar
generation and desalination components. A logic was implemented to dynamically collect model
input parameters based on uselected location in the GUDnce 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. Thisrpcess can be repeated iteratively using different locations; once a user is
satisfied witha location selectionthey can select models eblar generation, desalination and
financiak. Variables that were derived from geographic maps and used as itgpilteirmodels
are displayed together with the model results in a summary report and results map.

Thedataflow diagram shown ifrigure2-27 walks through a highevel workflow for site

and model selection using the desktop application for @sleetion driven workflow.
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Web-based Map Services

Base map Theuser can select and review
Sensitive areas related datafor multiple sites until
Canals & aqueducts satisfied with the site details.

TN

—_— . . / —_—
9 i R, serselecs NEESARRESIEY User updates ', Default Mode|
[ start N load GIS dota | W loaded and location | configuration files
Application: | | and display on | A displayed / ~Parameters
Eite selectiog ) s Default values

\ basemap |

'frr

..i'
{ Site details
. !

Locally Stored GIS Data ! F5 ——,
Weather stations f B SUpplied/defautyy User
‘Well locations ! —Site parameters | parmmeters | updates
Hest sources - |'. Parameters |
Legal jurisdictions . \ (optional)
Residential water prices Model zelection: _ L
Weather stations -Solar model o

-Drezalination model
-Financial model

| User zubmits

| parameters
. Custom User
{ Sar N DaE

| Application: |

model sslection

- Water cost — |
* parity map vl Ty Runsz
completed

(Mutiple'
\processes

Results are written to fileson disk
E— and may be retrieved/opened via
Dam the application interface.

Key

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 easielthe 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, desi@dinanodel, and financial moderhe site

selection and parameter reviewnkibows can be iterative: in site selection, multiple sites can be
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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.dfubker has a custom weather file in

the documerd TMY format it can be used as a model inputdnyeringthe full path to the file.
Additionally, parameters generated from SAM software can be used as an input by uploading a
SAM generated JSON fil®©ncethe modelsare executedhe results are presented to the user with
hourly, daily and weekly timseries solar generation and desalination plant performance (e.g.,
condenser steam temperature, steam flow rate, waste heat generation, water production, fossil fuel
use, and storage statug).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 sebecsite 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 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. filae 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 taollectivelydrive thermal desalination plants. Another example is to assess the solar
and wind complementarity at high termpbresolution to examine the extent that VRE alone can

power desalination plants
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2.4.4 Examples of using SEDAT for locatiofbased techneeconomic analysis of solar
desalination technologies

An example ofasite selectiomesultis shown inFigure2-28. The theme dropdowim the
left of the figurecan be used to viewariousgeographic data sesjchassolar resources, water
prices, and brackish water resourc®satial 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 B E D A GI8 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 kwdfooceed to model
selection By zooming on docation,the user can see all the terrain infrastructure details available
from satellite and topographical maps.

Solar generation model @velopment CSP and PV models associated with
corresponding financial models were integrated from Sg&Mhat thauserhasfull access to all
the inputs and outputs BAM -a widely used solar simulation softwa&tatic collector models
developed by PSA were translated into Pythonvamict normalized to share the same dathes
SAM solar modelsThe weather informatiois| i n k e d t locattorselectiorsom thé rsap.
Sedatincludes major otputsthat were not included in thariginal models, sucls waste heat
generationwhich is depicted byime-serieschartsand summary reportswhile details can be
exportecthroughExcel files.

Desalination model e&évelopment Desalinatiortechneeconomic modelsere unified in

terms of code structure and data framechnologiesvere described by individuaesignand
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simulation moded. The former provides thghysical design (e.qg., specific heat exchange area) and
theperformance of system at the design point within a few seconds, and it allows the user to adjust
the system parameters accordinglysimulation modeteads the hourly generation from the solar
model andexecutesostsimulationsto provide acomplete analysis dhe annual performance of

the system.

Site Selection Home

Site details:

Located near Del Rio Laughlin Afb, TX

DNI: 5.5 GHI:5.1 kWh/m2/day

Closest desalination plant (153.3 km)

name: None Capacity: -

Technology: RO (Reverse Osmosis)

Feedwater: River water or low

concentrated saline water (TDS 500ppm -

<3000ppm)

Customer type: None

Closest Canal / piped water infrastructure

(17.9 km)

Closest Water Proxy Location (0.1 km)

Closest power plant (136.7 km): Yates Gas

Plant

Primary Generation: NG

Nameplate Capacity: 6 MW

Number of Generators: 2

Annual Net Generation: 10,352 MWh
Wictoria ] Year of data: 2019

« Residential Water Prices (2018)

Utility provider: San Antonio Water

System

Canals Power Plantss” Desalination Plants

© Water Wells Regulpfory Weather Stations Selected Site

Population Projectionse” Consumption to 6m3: $2.32/m3
° Satpellite 1'_0p° v . Q Power or Desalination Plants Conmnpianto A Bz L08ns
o : i — Canal/Piped Water Consumption to 50m3: $0.74/m3
Closest Canal/Piped Water Consumption to 100m3: $0.89/m3
s Closest Desalination Plant Utility Web Site
Closest Power Plant Utility Price List
= Closest Water Network Proxy Texas County Water Prices
Average Commercial Price: $-
- Regulatory: Protected Areas Average Residential Prices: $-

- Regulatory: Federally Managed Regulatory Framework
Regulatory information for TX

Fuel Prices from EIA

Select Models

Industrial Electricity Prices from OpenEl

Figure 2-28. Example Site Selection and associated display information
Parabolic trough CSPand MED. A model of an integrated system comprispagabolic

trough (PT) CSP and an MED pilot plantas developedased on the specifications of PT and

MED pilot plantsat PSA, Almeria, Spain. The MED modelas integrated with the hourly
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simulations from SAM to describe théynamic performance of an electricity and water
cogeneration desalination plant. In this system, theenakgystorage supplies the required
thermal power for power generation and cogeneration during nighttime. The turbine sidwmst
temperature is not provided by SARhus,it is calculated as the sum of the dry bulb temperature
and the initial temperature difference between steam and ambient tempéerhtuelculated
turbine exhaussteamtemperature becomes awput to the steam temperature at the inlet of the
tube bundle of the MED plantds first effect

Simulations of an autonomous ISP 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 tempexfithe waste
steam reaches M@, the MED system operates at full capacity and the excess heat is curtailed. In
such casessedat suggests the option of adding thermal stordggure 2-29 shows a Eay

performance profile for the CSP/ENIED plant in March and August.

March 16-20 March 16-20 with TES
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900 900
o 25 900 _z 2s -
%— E. 20 700 é g' % 20 700
2§ 600z B3 600 T
g% 15 500 g §§ 15 500 §
za 400 £ 35 ‘ 400 3
3 ‘E 10 300 32 10 | | | o
[CF ’ ]
5 200 s 200
\ - o
o _— 0 0 0
DNI (W/m?) —GOR —Water production (m*/h) DNI (W/m?) GOR -~ Water production (m?/h)

63



Figure 2-29. Water production in March and August with andithout thermal storage system (TES).
Phoenix, AZ (88MW CSP plant coupled with a 27fmMED 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 réugoops the MED system
by 2 to 3 hours a day in summer.

Solar Flat-Plate Collectos and MD. Among current MD designs, vacusemhanced air
gap (VAGMD) offers the lowest specific thermal energy consumption (STEGylae operating
in batch mode, it also offers higlcovery rates. Empirical models were developed based on pilot
systems designed b¥aragoza and eworkers [14] for both onepass and batch VAGMD
configurations.These were integrated with the f{aiate collector model described earlier. A
schematic of this system is shownFigure2-9. Figure2-30 shows an example of the associated
Results Report, anBigure 2-31 shows timeseries plots of daily thermal power generation and

water production for the system.
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Analysis Report Home Charts Results Map

@ Access to the full results in Excel

System Description Simulation Results

Local Condition Desalination System Performance

Annual water production: 126980 m3

Brine concentration: 37.7 g/l

Gained output ratio: 12.47

Assumed recovery rate: 7.04 %

Total fuel usage: 0 MWh

Percentage of energy from solar field: 100.0 %
Percentage of energy from other sources: 0.0 %

Location: Yavapai, A7

Daily average DNI: 7.4 kWh/m2/day
Daily average GHI: 5.8 kWh/m2/day
Feedwater salinity: 35.0 g/1

Market water price: None $/m3
Distance to nearest desalination plan
Distance to nearest water networlc 1.8
Distance to nearest power plant: 10 km

Solar Field Performance

Technology: Static Collector (Flat Plate)

Annual thermal energy production: 12.96 GWh

Capacity factor: 29.6 %

Curtailed thermal energy: 6.34 GWh

Percentage of curtailed thermal energy: 48.9 %

High energy curtailment!

Consider adding Thermal Storage hours in the Desalination Model Input
and/or Reduce the Capacity of the Solar Field in Power Cyde Input

Desalination System Configuration

Technology: Vacuum Air Gap Membrane Distillation (VAGMD-one pass)
Design capacity: 1000 m3/day

Number of module required: 1014

Thermal storage hour: O hrs

Thermal storage capacity: 0 kWh

Waste heat / fossil fuel enabled: No

Spedific thermal energy consumption: 52.25 kWh/m3

Required thermal energy: 2.18 MW

Cost Analysis

Levelized cost of water (LCOW): 4.64 $/m3
Assumed cost of heat (LCOH, from other sources): 0.010 $/kWh
Levelized cost of heat (LCOH, from solar field): 0.038 $/kWh
Levelized cost of electric energy (LCOE): 0.05 $/kWh
Capital cost: 2.30 $/m3
Operational and Maintenance cost: 2.34 $/m3

Unit energy cost: 2.07 $/m3

Solar Field Configuration

Technology: Static Collector (Flat Plate)
Design thermal energy production: 5.00 MW
Land footprint area: 30 to 40 acres

Figure 2-30. Example simulation reporshowing local conditions, desalination and solar field
configurations, and technaeconomic performance of the-AGMD system with flat plate collectors.
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Model Results Home Report Results Map

Static Collector (Flat Plate)

Thermal Power Generation per Day

60k|

20k|

0 50 100 150 200 250 300 350

Daily values

® Thermal pawer generation O Hourly
) Field outlet temperature @ Daily

O Weekly

Vacuum Air Gap Membrane Distillation (VAGMD-one pass)

Water Production per Day

500
400
300
200

100

Q 50 100 150 200 250 300 350

Daily values

® Water O Hourly
production @ Daily

(' Fossil fuel usage O Weskly

O Storage status

Figure 2-31. Example timeseries of outputsor flat plate collectorswith a VVAGMD plant visualized in
SEDAT
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2.5 Coupling renewable energywith desalinationand 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 produciatjaly in arid areas
and islands, seawater may be the only sustainable source of water for electrolysis. Consequently,
R&D efforts aim at developing corrosigrsistant electrodes or new electrolyzer technologies
for direct seawater electrolysiHowever, our study shows that coupling desalination and
electrolyzer systems is a ceatective solution in using seawater for electrolysis, and such
coupling can be optimized to offer system cost reductions and further advance the benefits that
low-costrenewable 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 lmest production of clean hydrogen.

25.1 Integrated system design for renewablenergy powered water and hydrogen
production

Both water production by desalination and hydrogen production via electrolysis may
offer opportunities for synergy with variable renewa®M&E) power generation. Both
technologies offer ways tase andtore, instead afurtailing, solar energyWhen powered by
solarenergy, we expect that an integrated desalination and electrolysis facility can benefit from
multiple synergies, including but not limitéat i) desalination providing high purityater for
water electrolysis, iiglectrolysis waste heat providing an energy source for thermal desalination,

iii) energy storage in the form of cleanfdel, and {v) more flexible operation that enables

67



higher utilization of solar thermal energy or electricity and lowering of the Levelized Costs of
H>0 (LCOW), and the levelized cost ob LCOH.). The concept of integrated technologies

and bridgng industry sectors that are commonly viewed individually, is shown by the schematic

in Figure2-32.
Wind ‘ Grid
/'\ AN
-
": |
Solar ==
Collectors or Y
CSP plant T
l'— \
4
LT-MED Waste Heat
or MD Batch | | (e | Electrolysis
Seawater IEET————) System 0,
Reject brine4 RO triple pass Ultrahigh
or purity H,O
RO+ IX

Figure 2-32. Integrated solar/windpowered 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 electngtytogen
generatiorto becomeprolific throughout the world, seawateould be needed as a feedstock
Also, electrolyzers require denized 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.

25.2 Desalination systencost analysis
To estimate the cost of desalinating seawater and producing ultrapure water, engineering,
procurement, and construction (EPC) costs were computed badathdor plants serving

industrial users, frorthe Global Water Intelligencgatabas¢67]. Average unit EPC costge
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reportedfor small (<1000 rfday) and large (>50,000%day) RO plants fed by either seawater
or pure water. For medium size (200,000 ni/day), an exponential relationship was applied
to interpolate the EPC cost. O&M costs comipgdabor & maintenance, chemicals, and
membrane replacemewereestimated as 4% of capejdenergy costs were considered
separately.

The results of the comparison of the considered desalination systems are shiatle in
2-19, Figure2-33 andFigure2-34. In addition, to systems that can produce deionized water, we
included for a price reference, the most commondR@le pass and R@ouble pass, which
only produce potable water.

Table2-19. Cost comparison of various desalination systems

Water Production Capacity=50 m3/day
EPCA Opex SEC STEC LCOE | LCOH LCOWAA
($/méd) | ($/mP) (KWh/m?) | (kWhy/m® | ($/kWh) | ($/kWhy) | ($/mP)
RO-single 2,688 035 37 0 0.05 i 1.14
pass 0.03 1.07
0.05 1.68
ROdouble | 3976 | o054 5.0 0 —
pass 0.03 1.58
0.05 - 1.83
RO-double | 59, 0.60 5.0 0
pass + IX 0.03 1.72
i 0.05 2.19
RO-triple 5,165 0.72 6.2 0 -
pass 0.03 2.07
0.01 2.00
0.05
0.025 2.86
MD-batch* 5,760 0.25 0.3 59.2
0.01 1.98
0.03
0.025 2.84
0.01 1.68
0.05
0.025 2.67
LT-MED** 3,677 0.21 1.5 65.5
0.01 1.65
0.03
0.025 2.64
Water Production Capacity=12Cfaay
i 0.05 1.14
RO-single 2,688 0.35 3.7 0 -
pass 0.03 1.06
3,976 0.53 5.2 0 0.05 - 1.69
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RO-double
bacs 0.03 1.58
0.05 - 1.83
RO-double 4,294 0.60 5.2 0
pass + IX 0.03 1.72
5,165 0.71 6.8 0 ;
pass 0.03 2.06
0.01 1.80
0.05
0.025 266
MD-batch* 4,732 0.24 0.3 59.2
0.01 178
0.03
0.025 264
0.01 1.60
0.05
0.025 2.58
LT-MED** 3,269 0.21 15 65.5
0.01 1.57
0.03
0.025 2.55
Water Production Capacity=2,00G/aay
- 0.05 0.98
RO-single 2,237 0.29 3.7 0 -
pass 0.03 0.91
0.05 1.50
RO-double 3,399 0.46 5.5 0 -
pass 0.03 1.39
0.05 - 1.64
RO-double 3,721 0.60 5.5 0
pass + IX 0.03 1.53
- 0.05 1.98
RO-triple 4,491 0.58 7.0 0 -
pass 0.03 1.84
0.05 2.12
ROdouble | 4491 | 073 7.0 0 -
pass+IX 0.03 1.98
0.01 1.50
0.05
0.025 236
MD-batch* 3,230 0.24 0.3 59.2
0.01 148
0.03
0.025 2.34
0.01 1.38
0.05
0.025 2.37
LT-MED** 2,226 0.20 15 65.5
0.01 1.35
0.03
0.025 2.34

AFor ionexchange, water costs can range between $&021/n#; thus, an average cost of $0.145kmas added
to the LCOW of any RO cases that included-éxthangelLacking costoreakdown data, we assumed that this
LCOW is equally distributed between Capex and Opex.
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AAnterest rate and plant lifetime were set to 4% and 20 yessectively
* The recovery rate of MEbatch system selected at the design point is.50%
** The recovery rate of LIMED system selected at the design point is 50%
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RO-single pass RO-double pass RO-double pass+IX RO-triple pass MD-batch LT-MED

Figure 2-33. LCOW breakdown of different desalination technologies at a small (12@lay) capacity
(LCOE for MD-batch and LFMED is 0.05 $/m)

As shown inTable2-19, 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 i@xchange systems to completelyrdimeralize the RO permeate
water, andtheusdo e |l e ct r o-hegtassoletidermal anput ito MED and MD, makes
the LCOW of thermal desalination lower than that of-Ri@le pass and RO+IX (assuming that

waste heat wilbnly cost$0.01kWh).
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Figure 2-34. LCOW breakdown of different desalination technologies at a medium (2000 m3/day)
capacity (LCOE for MDbatch and LFMED is 0.05 $/m)

2.5.3 Cost parity analysisof hydrogen production with renewable energy

Electrolyzers produce hydrogen by splitting water with direct electrical cuBplitting
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 chapgeY f or t he water el ect
+237 kdJ/molel @G i s someti mes us efdrcacalatinglelectralyree r gy c
efficiency. However, the electrolyzendustry more commonly uses the higher heating value
(HHV) as the basis of the energy contentefH Unl i ke oG, which only acc¢
reversible (electrical) energy that could be recovered frontHHV also takes into account the
thermalenergy that could be recovered i Were combusted with £and all of the heat
produced from combustion was captured as t#@ ptoduct and returned to 25 €. For standard
temperature of 25 €, HHV is 285.8 kJ/moleeHvhich corresponds to a thermodynamic

minimum cell voltage of 1.48 V to split water. This voltage is also knowtheasacalled
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thermoneutral cell voltage,#)which has important implications for heat flow to or from the
electrolyzer. At cell voltages belowdJambient heat must be consumed, while excess heat is
generated above this val[&8] . 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 dieasities
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
agueous solutionf KOH Traditionally this technology has been the main technique in
largescale electrolysisand 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 (€d.,to 0.4 A crit, 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 criticalgmmust still be closed in the areas of materials, operating
conditions, durability and economic viabilifror* Bookmark not defined. |

Traditionally, electricity has been the single largest cost contributor to the t CQH
electrolyzers, which are typically operated at constant cutesrgitied69, 70]. PEM
electrolyzer efficiencies are commonly rated at 1.7 Achmey generally operaia the range
of 1-2 A cni?, althoughoperation at much higher current densities is possible with modifications
to the electrolyzer power electronjic®ll design, and stack desigks the current density
increases and more current is introduced into the unit, more hydrogen is pratincedyh the

efficiency of the electrolyzer is raded. Figure2-35a) shows the currentoltage (}V) curves
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and corresponding efficiencies based on experimealurves reported by Nel Hydrogen for
PEM electrolyzers containing 60 um thick Nafion membrap®§ Figure2-35(b) presents an
illustration of the tradeoff between electrolyzer current density and efficidscghown the
currentdensity of 1.7 A cr corresponds to a voltage of 1.74 V on the baseline IV curve and an
HHYV efficiency of 85%.n the following we investigate this traadf by comparing modes of
operation at the currently most typical current density. 8fA/cnt, andelevateccurrent
dersities of 2.7, 3.2, 4.and 6 Alcn.

The choice of these current levels stems from a detailed technoeconomic analysis
coveringa wide electricity price range. It was found that &/&m? results in lowest LCOH
when electricity prices are at $0.03/kWh, while electricity price reductions.®d-$®2 favors
operation at 4.A/cm? and free electricity faveroperation at the mx@mum current density, thus
6 A cm?. It is noted that cell voltage of 6 A/lcmis very high for currently commercially
available electrolyzers, but a research focusnfroving the cost of PEM, on bipolar plates,
porous transport layer (PTL) and catalyst coating could resultdesigning the stacks and
enable higher power densities to 6 A/cmbigherin the next fewdecades?q2]. Thus,this high
current density isncluded asa high limitcase in the current cesptimization exercisand,
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.
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Figure 2-35. Efficiencyvs. airrent densityin PEM electrolyzers. (aCurrent-voltage (V) and
corresponding efficiency curves based on experimental 1V curves reported by Nel Hydrogen for PEM
electrolyzers containing 60 um Nafion membrangs) lllustration of the tradeoff between electrolyzer

current density and efficiency

The electrolyte in PEM is a solid polymer capable of conducting pro©ss ywhich
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 densitk®ved 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 togethes 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 compactnesssultsin 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 pfisetan and wind

electricity. The system cost for 10 MW PEM i s
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~$900kW [73]. Limited data on cost reductions beyond 2020 are available, trsaungé

projections take the ¢7dst down to 250 U4/ kW by
Minimum LCOHs were calculated based on the electricity price distribution from the

2020 ERCOT hub average node (Texas 2(028) and the 2020 Martinez node in CAISO

(California 2020) /%], which were shown in Figure 1. Th€ OH, modeland associated

parameters are shown in Supplemental Informatibwas found that hydrogenom

electrolysis becomes cost competitive with the current production fobim steam methane

reforming (SMR) aelectricity prices below $0.03/kWh and is more profound at current densities

of 3.2 and 4.4 A cri(Figure2-36). Converselyat high electricity prices, lower current density

is favored in order to maximize efficiency. As more {owst solar energy penetrates the grigl, H

from electrolysis will become increasingly cost competitive with SMR. In addition, electrolyzers

need to have access to wholesale market prices, which enable exposure to suratetbw

electricity.

Texas 2020 California 2020

| m1.7 232 m4.4 u6 rm17 227 m4.4 mb

0.01 0.03 0.07 0.01 0.03 0.07
Average price ($ kWh1) Average price ($ kWh)

Figure 2-36. LCOH for typical (1.7 A cref) and high current density (2.7, 3.2, 4.4 and 6 A¢n
operation as afunctionohAver age el ectricity price. The gray b
($2.08 kg' to $2.27 kd), 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
and $2.27 k¢ corresponds to the same but with carbon capture and sequestraftarrent density of
4.4 A cn¥ 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-priceoutliers, which in addition to expected reductions in the price of electrolyzers, should

result in even lower LCO¥Festimates.

2.5.4 Summary

Deep decarbonization of sectors such as transportation, chemical and metal production
will require zerecarbon hydrogen production, which currently can only be provided by splitting
water molecules via electrolysis. As the economics of producing eleatroygrogen 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 LCOHand the LCOW. Our simulations show tlcian electrolyticydrogen
can reach cost parity with hydrogen produced from methane at electricity prices with a mean of
$0.03 kWh1, or lower.We accounted fancreasd degradation ratesnd amadditional capital
expensavhen operatingt high current densities. However, premiums on electrolyzer CAPEX
and slight increases in degradation rates are justifireeléotrolyzers capable of high current
density operation as long as electricity costs are less than $0.08 kWhese scenarios, the
increased Houtput enabled by high current density operation offsets the premium on total
CAPEX, and the increased OPEX costs from lower efficiengiesdditional benefit of high
current density operation is that it increase
heat powershermal desalination technologjéiseywould produce déonizedwater at lower
LCOW than the currently dominant R@y taking advantage of low electricity prices during

high periods of VREpenetration andsing the waste heat from electrolyzers to power
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desalination, the LCOHrom water electrolysis can be significantly decreased to achieve cost

parity with SMRproduced H.
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Chapter 3: Model implementation on WaterTAP for treatment

train design and optimization

This chaptesummarizes thavestigaion 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 (WatetreatmeniTechnoeconomic Assessmétatform) complements these
capabilities by offering a modular, Pythbased environment for simulating and aptiing
water treatment systems. Developed as an-sparce library, WaterTAP includes detailed
models for desalination processes, chemical reactions, and energy consumption #nalysis.
builds on the IDAES (Institute for the Design of Advanced En&ygtems) framework?[7] and
integrates powerful optimization solvers like IPOPT (Interior Point Optimiz&})ds the
primary solver for nonlinear programming (NLBYoblems 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. Pand&Jet al. |
provide comprehensive overviews of Water TAPOGS
processedAtia et al. 8] conducted cost optimizations of lesaltrejection (LSR) reverse
osmosis (LSRRO) on WaterTAP and identified optimal conditions such as the salt permeability
of each stageD 6 C 0 n n e[BO| usad Watedal AP, to evaluate the techroonomic
performance of various desalination treatment trains toward mliivhal liquid dischargand
explored the optimization objectives of minimum cost and minimum brine discharge. Amusat et
al. [81] presentec modeling framework for cost optimization of higgtovery desalination

systems that incorporate detailed water chemistry predictions into psu@desnodels for
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optimization, and their study integrated surrogate models generated from the OLI Engine Cloud

application programming interfa¢82] into the WaterTAP modeling of the system. In this study,

the integration of WaterTAP and Reaktatwows the potentiaf providing an openrsource

framework for advancing sustainable water management technadbygeegbling both robust

chemical simulations and system level optimization
3.2Unit model implementation in WaterTAP

3.2.1 Conversion oflesalinationmodels into Pyomo framework

To accommodate the models to WaterTAP project, we reconstructed the technical model

using Pyomo framework, a Python based epeurce optimization toollaking LT-MED model

as an examplehé main changes include:

olnitialization of all model variabl es
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 ¢ Var 3 60- 80
the inlet of the first bundle tube
Nef Number of effects Param* 3,6,9,12, 14
Capacity Capacity of the plant Var m3/day >2000
Tin Condenser inlet seawater Var 3 15-35
temperature
RR Recovery ratio Var 0.37 0.5
* Integer must be picked froB8-14F 2 NJ b SFX a2 datlF NrYé 2025040
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Ot her i ntermedi ate variables were initiald@
empirical equations were created using AParam
number of coefficients.

o Establi shment of model equations using Pyo

The equations that were used to calculate intermediate and vatltles were formed
as equality constraint in Pyomo.

o Adjust the format of supporting equations

A and Al APWS97 thermo_functionso to be com

The Pyomdramework takes specific data structure and operators for optimization
purpose. Changes in the format were adjusted accordingly. For example, array operations from
ANumpyo package should be replaced by standar
objects
The cost model was also implemented in Pyomo for optimizatioposesThis model can
either be incorporated with the technical model described above or executed independently given
proper inputs.

Both technical and cost modgtneratadentical 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 optimizaparmposesAll variables constructed in
Pyomo fAiVar o object can be unfixed and differe
optimization scenario. Those input variables include:

1 Feed salinity (Xf)
1 Steam temperature (Ts)

1 Condenser inlet temperature (Tin)
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1 Recovery ratio (RR)

A sample simulation wasrovided in thelupyter Notebook filewherethe 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
Feedsalinity (Xf) 35000 mg/L
Steam temperature (Ts) 803
Condenser inlet temperature (Tin) 153
Recovery ratio (RR) 0.5
Optimized input
Condenser inlet temperature (Tin) 20.443
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 flogv at 80

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) 803 ] -
Condenser inlet temperature (Tin) 153
Recovery ratio (RR) 0.5
Optimized input
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Steam temperature (Ts) ‘ - 853
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

3.2.2Implementation of Pyomo model into WaterTAP
(1) LT-MED

As an individual Pyomo model, the previously developeeMHD model was
reformatted and implemented as a unit model into WaterTAP framework. The models in
WaterTAP are constructed using IDAEBE 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 showhahble3-4, the LT-MED model is a steady state
model, thus the 6dynamicd and O6has_hol dupd bl
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| Must be False
be dynamic

has_holdup Indicates whether holdup terms| Must be False

should be constructed
property _package_seawal Indicate which property object is seawater_props_package
used for property calculations
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property _package water | Indicate which property object i§ water_props_package
used for property calculations

(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 specifieggqure3-1s hows t hereds 5 stat U
created in the LIMED 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 unitdeis 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.

Evaporator . Seawater/
Feed water . . Brine water block
- Steam block
' —T>
Heating
steam L]

. Cooling
reject

Condenser . Distillate

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 quariéreresults from the WaterTAP platform are
identical to thosérom the Pyomo model, which were verified against the original Pythonlmode
The model estimates of the followingtput 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 MEBTVC and VAGMD model were implemented to
WaterTAP platform

Compared to LIMED model, MEDTVC also includes motive steam in the process as
shown inFigure3-2. This model includes 6 status block, with an addition block for motive steam

compared to LIMED model. This model includes 191 variables and 61 constraints.

E . Seawater/
Feed water . vaporator . Brine water block
B steam block
I 1y
Motive Heating - .
steam L] steam . Cooling
reject
Condenser > . Distillate

Figure 3-2. Diagram of status blocks implemented in MEDVC WaterTAP model
(3) V-AGMD
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Figure 3-3 shows the flow properties that is accounted for in the VAGMD madided.
model includes$ status blocks to fully capture the mass and energy balances of the system.

Average status of water in
. the heat exchanger

Heat source

A

Outlet of condenser .

Condenser Evaporator

T . Qutlet of evaporator

. Water in the tank

. Permeate

Cooling source . Average status of
water in the cooler

QOutlet of cooling water . .Inlet of cooling water

Figure 3-3. Diagram of status blocks implemented in Mizatch WaterTAP model

solution isolution

(4) FO
T A -
I 1
! FO module i
| I
i | I
Feed water: % : : o
| E | 1 o
[ 1= | 1
(] | ]
! = | I
I ! 1
I 1
I | 1
I | 1
: ! 1
i | Strong draw iStrong draw
Brine I X
|

Figure 3-4. Diagram ofthe FO unit model
This FO mode(depicted inFigure 3-4) is constructed based on the Trevi SystR@3

pilot plant configuration. The extraction of water from the feed flow relies orphdsic

synthetic polymer draw agent that is either a hydrophilic liquid or a hydrophobic liquid
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depending on temperature. In its hydrophilic state, this agent draws water across a semi
permeable membrane by osmotic pressure. Once thesdiationhas 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 pol ymer
coalescer (separator), and a polishing Aiitration (NF) membrane further purifies the product
stream by removing stray polymer. The associata@ golution package is used to simulate the
mass and thermal energy transfer within the process.
At the technical heart of -floneheatexeéhangeesd Tr evi
recover process heat from both the draw and purified water stiemamsferring heat directly to
the dilute draw as it exits the osmosis membrane cartridges.
The FO model has 6 degrees of freed@iable3-5) 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_props.conc_mass _|

Feed salinity 6TDSO ] sfeed g/L

Feed

temperature feed_props.temperature Tf oC

Feed volume feed _props. fl ow_vol _ p| vfeed m3/s

flow rate

Strong draw stron dr aw rops. mas

solution (A) . 9 W_pTops. XA None

- O0DrawSol uti ono]

mass fraction

Strong draw

solution

temperature strong_draw_props.temperature TA oC

entering FO

Draw solution

massfractlonlnproduct_props;mass frxp None

product water 60DrawSol uti ono]

(P)
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We developed the surrogate equations of one of the draw sol(fimuse 3-5) that are
used in the operation. Draw solutidh-11501 is a polymer compound of which the density,

thermal conductivity and specific heat capacity are tested and recorded as below:

Draw Solution Densit . .
y Specific Heat Capacity

1100.00 - ,

1090.00 - g 5 -

1080.00 - ‘i y = 2E-06x%° - 0.0001x?- 0.0279x+ 4.188
__1070.00 - Z 4 R2=0.9988
E 1060.00 Fy
< =] 3
g 1050.00 @
£ 1040.00 y =-0.0002x*+ 0.0115x%%+ 1.1849x + 1000.4 % = 2 -
£ 030,00 - R? =0.9995 o
510 5

1020.00 ] 1 -

I

1010.00 Ty

1000.00 4 'E 0 T T T : \

990.00 : : : : . 3_ 0 20 40 60 80 100

0 20 40 60 80 100 “n ,
. . Concentration (wt %)
Concentration (wt %)

Figure3-5Dr aw sol ution properties of Trevios

3.3 Flowsheet implementation inWaterTAP

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 flowsheaetse and
existing process models such as heat exchangessts separatorBaveenabled the detailed

simulation of different processes.
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-------------------- . 3.3.1 Batch VAGMD

|+ MD

Sistillate The first flowsheet we implemented in

WaterTAP is the batchAGMD, utilizing

the IDAES multiperiod structure, which links

steadystate models over a time horizon with

constraints between periods. Therefore, sets of
MD

distillat : .
e constraints at one temporal index willext

hrine

decisions taken at a different moment in time.

It was originally designed to model the

SRS relationship between the energy systems and

o wholesale electricitynarkets ands perfectly

distillate

suitable for simulating the accumulated

performance of a batch operation

Figure3-18 shows the multiperiod

Brine discharge at the structure of the batelkAGMD configuration
end of a batch

_ o that were introduced in Chapter 2. Similarly,
Figure 3-6. IDAES multiperiod structure of a

batch-VAGMD system the MD brine generated at a certain moment

of time 0 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. 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 tradeff between model complexity and accuracy. Longer period length leads to a smaller

number of time periods and thiess constraints and variables, with a sacrifice on the simulation

89



accuracy. A range between-320 seconds is selected as the ideal length of period based on the
model verifications with experimental results from PSA.

Table3-6 shows the example simulation results of-A8MD batch operation on
WaterTAP. The feed seawater is assutedoe35 g/L and 2%C, 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/m

Table 3-6 Periodwise system performance of a seawateABMD in a batchoperation

Operatioll Feed | PermeatgAccumulate Feed | Gain|Accumulate(Accumulate(Accumulatec

Period time [Salinity Flux distillate [temperaturjoutpu] recovery STEC |SEEC (kWh
(min) | (g/L) |(kg/hr/m2] volume (L) © ratio ratio (kWh-th/m3 e/m3)
t1 2.0 36.0 1.6 14 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 7.0 274 94 14.1% 69.2 0.29

e

t25 50.9 | 96.6 1.1 31.9 28.6 8.3 63.8% 79.0 0.32
t26 529 |1102.3] 1.1 32.9 28.6 8.2 65.8% 79.8 0.33
t27 55.0 {1085 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 | 1224 1.0 35.7 28.9 7.9 71.4% 82.7 0.34

3.3.2Semtbatch 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 thebsdohi hybrid
operation of LFMED and VAGMD. LT-MED shows high thermal efficiency at loweiire
salinity (5070 g/L) and can be powered with layvade heat, while \AAGMD enables water

recovery at higher salinity range (>70 g/L) and its batch operation further improves its thermal

efficiency. |l t6d be i ntr i g uidofhtheseawodechmadogiesi n g f u l
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can be economically favorable in higfaterrecovery required applications, e.g. desalination
with ZLD.
This idea can be depicted by ttmvsheetbelow, whichsimulates the sentiatch
operation ofan LTMEDVAGMD sy st em using | DAES® mul tiperi oc
1 each period in the processing phase contains a sttaigyflowsheet as depicted in
Figure3-7
T eachperiodincorporates a list of the following models

o oneLow Temperature Multi-effect Distillation (LT-MED) model from

WaterTARREFLO

o oneVacuum Airgapped Membrane Distillationbase model (VAGMB

base)from WaterTARREFLO,
o oneMixer model from IDAES
o two Separatomodels from IDAES
1 the system performance is evaluated based on a single Aquastill MD module which all
inputs are associated with

T the system can be scaled to any capacity in the cost evaluation
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https://watertap-reflo--168.org.readthedocs.build/en/168/technical_reference/unit_models/treatment_models/lt_med_surrogate.html#lt-med-homepage
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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 MEDVAGMD semibatch system processing phase
This configuration takes feed water into the MED sydfiesh andtreats the MED brine

with VAGMD in a semibatch 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 bitibe wiored 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 inFigure3-8, during the processing phase, the liquid salinity in the mixer
increases over time while the mixer volume remains unchanged atspeséredbatch volume.
Upon reaching the usapecifiedpoint, 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 liquicheah
the mixer is back to thepecifiedbatch volume. The refilling phase is simplified as a stesddie
period when the system operates at the starting point of the privcpeactice, the disarge

and refilling phase can be completely avoided with backup tanks.

Discharge

Discharge
4 Batch 1 @ Batch 2 4
Target salinity | ! l
— - 1. _‘
) - n : ===
X e o -7 i S
E - i : - 1 O_
//’ v e \‘ [
c 1 ’
= R . L \ (_30
> . Vi ,
= g Vmixer ! ‘ 4 5
é & MED brine AN S 2
T salinity ‘ ——_——-—- =
v | x
¥ Vtank 2
Processing phase Refilling phase Processing phase Refilling phase
multiperiod additional period

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:
1 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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1 Discharging and refilling phase:
o The length of discharging and refilling phase is determined by the following

eqguation:

h

h h

W j h w
wherew f { andw r are the volumetric flow rate of MED brine and MD
distillate at the beginning of the processing phaseuand;; is the liquid volume stored in tank
at the end of processing phase.
1 System scaling
The system can be scaled for cost analysiposesThe user needs to specify the target
system capacitiarget_system_capacity, and the model galculatethe capacity of MED and

MD respectively, based on the performance of a specifiedisaitin operation.

Table 3-7. Equations for s ystem performance of LTMED -VAGMD semi -batch operation

Descriptions Equation
Water production from
MED during processing
phase

Water production from MD . >
during processing phase
Water production from 0 v § ap O
MED during refilling phase
Water production from MD 0 f & 0 O o
during refilling phase
Total water production 0 f 0 5 ¢ O 7 F O f &
during one batch O &

Total operation time of one 0 0 00
batch

System capacity associate Ry
to one MD module OwWNnww Qoe—ea—

Total thermal power . OB Wy, Y@ 5 0 2 5 Y@ j
required )
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Average STEC of one batc VO & sts o

operation 0 k

We conducted a techreconomic comparison between VAGMiatch and this new
semibatch hybrid operation. A recovery rate of 72.3% recovery rate is set for a feed seawater
with 35 g/L salinity.Table3-8 below shows that under with default costing assumptions, the
LCOW of the sembatch hybrid operation is 0.5$7tess 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 showsotieatialof 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*uday capacity)

Bat c Seriat c h- N
VAGMD VAGMD
MED syst em?cdaap - 677
MD system?3kaday 1000 323
Operational ti 59.0 91. 9
STEC f{tkKWym 83. 8 77.8
LCOW f$/ m 2. 13 1.66

Figure3-9 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
semtbatch operation is also 40 mins longer, because the optimized MD systenosileas

third of the size in the batch VAGMD configuration.
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Figure 3-9. Variation of the brine properties in the mixer (serhatch MED-VAGMD vs. batch

VAGMD)

3.33 Improvement of the multi-effect single component (NaCl) crystallization model in

WaterTAP

100

WaterTAP includes a steadyate crystallizer model, and it has been demonstrated for a

single solutgNaCl). 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 perform@igeee

3-10shows 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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Figure 3-10. Capital cost and specific energypnsumption at different yields and feed salinities

As shown inFigure 3-10 (a), CAPEX goes up as yield and feed salimityreasesWe
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. FFagure3-10 (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 ther mal ener |
intensive to be heated uptivia 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 importatitis pfoject to

properly couple the desalination components and crystallizer for ZLD purposes.

$500,000 700
$450,000 /
$400,000 o
$350,000 500
$300,000
$250,000
$200,000
$150,000 200
$100,000
$50,000
S0 0
0 50 100 150 200 250
Feed salinity (g/L)

300

CAPEX (S)
STEC (kWh / m3 feed)

100

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 showRigure3-12 and is solvable within 120 kg/s

feed flow rate (~10,000 m3/day).
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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:

EE1 6 GOaTRUTE -9

Whered . is the salt mass flow rate (kg/s) after the crystallization,

6 091 Q0 G the recovery revenue of the salt, defaulted as 70%$/ton in the following analysis,
andu is the feed volumetric flow rate {s)

Figure3-13 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, whichsndicate
a salinity range of approximately &50 g/L, and the crystallization yield is ranged from 30

90%.
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6.86 19.2
LCOW ($ per m3 feed) NaCl recovery revenue ($ per m3 feed)

0.2 4 0.2 4

0.1 A 0.19

NaCl mass fraction

T 3.24

0.4 0.6 0.8 0.4 0.6 0.8 14
Yield NaCl mass fraction
OPEX ($ per m3 feed) STEC (kWh per m3 feed) 2.96 666

NaCl mass fraction

0.4 0.6 0.8 0.4 0.6 0.8

Yield NacCl mass fraction 153 275

Figure 3-13. WaterTAP crystallizer model tecreconomic 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 increaassalinity and yield increase, since more salt is
separated. Potentially it reaches 19.2§#ad, which largely exceeds the total LCOW the
corresponding 6.86 $/hfieed. 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 muléiffect NaCl crystallization model that we started developing last
guarter, by extending it to aeffect system with constrained temperature differences between
effects to model actual industrial systems. Crystallization. As advis¥@dlia, most industrial
scale halite crystallization systems comprise-effécts (minimum 3 effectsandthe
temperature differences between effects is kept belo¥ 18 avoid premature fouling of the

heaters .
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Figure 3-14. Flowsheet of a 4effect evaporative crystallizer
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input, kept the temperature difference between effects in the rarge1d °C, and maintained

the temperature ohe last effect temperatute ~50 °C. Thenewsystem $ shownFigure3-14is

optimized with the delta T constraint and shows higher thermal efficiency thaeffec8

configuration(141 vs. 188 kWh/rfeed, respectively)

For testingthe validity of the model,we conducted grametric analysiso evaluatethe

impact of various parameters on the system performdree baseline case describes-efféct

crystallization system operated at a yield of 0.9 with a capacity of 4,3B0ime/day. The brine

is fed at 246 g/L and 28C. The associated specific thermal energy consumption (STEC) is 158

kwh/m? feed and the levelized cost of water is 1.784%%&md. Figs. 24 below investigate the

techneeconomic performance aariousconditions.
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Figure 3-15. Technaeconomic performance at different feed salinity (g/L)
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Figure3-15 showsthe system STEC and LCOW within the feed salinity range of 246 g/L
(brine of a batchY AGMD seawater desalination system with a recovery rate of ~85%) to 323 g/L
(near saturation of NaCl at 2@). It shows arnncreasing.COW at higher feed salinity, despite
of a higher thermal efficiencgs measured by lower STEC. This happens becaus@ higher
salinity results in a largeamount ofcrystalscollected thus larger equipment ansubsequently

higher capital cost.
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Figure 3-16. Technical performance with differenspecificationsof lasteffect operating temperature

Figure 3-16 showsthe impact of choosing a target operating temperature at theé"ast(4
effect, considering that the following reactive crystallizer for Mg and Ca removal is most favored
at 2%C. Reducing the operating temperature froniG@o 25°C benefits the thermal efficiency
(~10% less STEC) but requires ~50% more of the heat exchanger(HX) area. As a result, the
calculated LCOW decreasesly slightlyfrom 1.78 to 1.72 $// It is worth noting that this model
currently implements a cost functionfjflate-styled heat exchanger, which is much cheaper than
a particulafishelland tubé heat exchanger used in highly concentrated applications, according to
Veolia. Weplan +to collectindusty data to develop a new cost function of fisespoké heat

exchanger and see if it changes the result.
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Figure 3-17. Economic performance with different steam pressure

Figure3-17 shows the syste cost with steam pressure in the range of 0.5 bar to 4.5 bar,
which is a typical range from the {downturbine in a cogeneration facility. WaterTAP crystallizer
model has a fixed steam cos0at cents/mthat 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)
andtherefore we steam tables should be added in WaterTAP to allow the description of various

steam sources

334Trevi 6s forward osmosis configuration
With the available module from IDAES, we can generalize the-efediet FO configuration
that was practiced by Trevi System in Hawahis flowsheet:
1 simulates the configuration of the pilot FO system that Trevi System constructed
1 incorporates a list of the following unit models

o oneFO model from WaterTAFRREFLO

o oneMixer model from IDAES

0 two Separatomodels from IDAES
o two Heat exchanger(ODpodels from IDAES

o threeHeatemodels from IDAES
1 supports steadgtate only
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https://github.com/watertap-org/watertap-reflo/blob/main/docs/technical_reference/unit_models/treatment_models/forward_osmosis_trevi_flowsheet.rst#id1
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1 is verified against r e wper@t®nal data and modeling results

() ()
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Heater2

Strong draw
solution

Regenerated strong
draw solution

Figure 3-18. Diagram of the Trevi System8FO configuration in WaterTAP

A discussion of each process component is givdallasvs:

T The FO membrane separates the fedhe wateby 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.

T FO brine exits the FO membrane module and is discharged after heat recovery in the heat
exchanger and after chemical neutralization.

1 The diluted draw solution (approximately-80%) exits the membrane module and is
circulated through the heat exchangers to the coalescer, where the draw solution polymer
will be separated.

1 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 pelitser
the coalescer and, after giving heat to the diluted draw solution from the FO module,

enters the FO membrane module.
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T 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.

T 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.

1 Concentrated draw solution at 80 wt % draw solution polymer goes through the heat
exchanger and enters permeate side of FO membrane module.

1 From the coalescer, the product stream is hot NF feed at ~ 1 wt % draw solution polymer,
that after preheating the diluted draw solution as described above, is pumped davthe
pressurdNF unit by the NF feed pump.

T An additional RO filtration step is installed for the NF permeate in case product water
guality does not fullfil requirements, with special reference to rejection of Boron.

1 The NF brine stream, which is a warm stream containing thee)déEted draw solution
polymer, is recirculated and combined with cold dilute draw solution downstream of the
FO membrane.

T According to the efficiency of the heat exchangers, both thpeMiReate and brine will

be slightly warmer than the original feed seawater finally resulting in loss of heat.

Figure3-19 shows the simulated results of a given condition (labeled in blue boxes) in

Hawaii pilot plant. The steaestate thermal energy consumption is calculated as 26.64 KiWh/m

which is close to the operational data varying betwee#QlBWh/n?.
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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 chaptesummarizes the development ahalti-component precipitation and
crystallizationmodel designed for servinthe dual purposes of brine volume minimization and
valuable salt recoveryihe moel includesdescriptionf thechemical processes feelective

precipitation ofNa, Mg and Cacompounds

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 faneshling freshwater
availability [1]. The worldwide desatiation capacity forecast ptetiover 30 years shows an
expansion capacity of >200 million*fday by2030 B3]. Currentglobal brine production is
approximately 141.5 million Afday, corresponding to 51.7 billion®fyear B4]. Desalindion
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.résult, zerdiquid-
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-componentrystallization a critical aspect of ZLD, offers significant advantages in
brine management. It serves two primary functions: reducing brine volume and enabling the
selective recovery ofariousminerals Thus, hese processe®t only alleviate disposal

challenges but also create opportunities for resource recovery. Poirieigg} ahdlyzed a novel
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multi-crystallization system for achieving ZLD in desalination plants. The sy&eovers
calcite, anhydrite, halite, and epsomite atitizes a heat recovery systehatreduce energy
consumption from 690 to 8kWhi per metricton feed brineCerda et al[86] studiedthe need
for new technologies to improve water management in lithium production frofalsalbrines.
Li et al. [87] conducted simulations of a sgitoduction process from brine. The authors
presented a novel mulsalt (such as magnesium hydroxide, calcium sulphate, and sodium
chloride) crystallization process and optimizetbiteduce the energy consumption by 86.7
87.3% througlpreheatinghe feed brine witlseparated steam ahdat pumpzZhang 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 consumpfioiali et al.[89 developedan integrated
membrane system for the recovery of salts (e.g., calcium carbonate, sodium chloride, and
magnesium sul fate) from nanoyltration retenta
of at least one of the target solids, and they did rtablsh any opesource platform to
simulate the multcomponent system performance. Most of the previous studies on brine
crystallization incorporate energgtensive technologies such as membrane distillation (MD)
and mechanical vapor compressor (MVEmerging desalination technologies have pcbee
be proficient in highly saline conditiodse.g.,the batch operation of vacuum-gapped
membrane distillation (VAGMEbatch [3,17] andenhanced reverse osmosis (RO) technologies
[28, 90|60 and yet venfew studies have holistically examined their potential in ZLD
applications.

Recent advancements have improved the efficiency and feasibility sb&¥@d brine

management tprecipitate bivalents as carbonates, as it simultaneously addresses waste CO
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utilization and mineral recovery. Bang et[&l1, 92, 93] demonstratethe feasibility of
carbonizing brine to precipitate valuable carbonate minerals like hydromagresbitalcite
Their studiesalsoexploreddifferent operational parameteasd CQ injection methods to
increase C@mineralizatiorwhile reducing energy use and waste generation.

Theapplication of simulation tools has further enhanced understanding and optimization
of ZLD processes. Reaktord4], an opersource 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 hasdeen widely used to simulatbemicalreactive 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, Pythbased environment for simulating and optimizing
water treatment systems. Developed as an-sparce library, WaterTAP includes dd¢ai
models for desalination processes, chemical reactions, and energy consumption analysis. It
builds on the IDAES (Institute for the Design of Advanced Energy Systems) framedgpak{l
integrates powerful optimization solvers like IPOPT (Interior Point Optimi2é})als the
primary solver for nonlinear programming (NLBYoblems 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. Parda]et al.
provide comprehensive overviews of Water TAPOS
processes. Atia et aB(] conducted cost optimizations of lesaltrejection (LSR) reverse

osmosis (LSRRO) on WaterTAP and identified optimal conditions such as the salt permeability
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of each st ag €98 usedVateri APetd evaluatd thedecleomnomic
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-héglovery desalination
systems that incorporate detailed water chemistry predictions into psu@desnodels for
optimization, and their study integrated surrogate models generated from tBm@mé Cloud
application programmingnterface p9] into the WaterTAP modeling of the system. In this study,
the integration of WaterTAP and Reaktatwows the potentiaf providing an opensource
framework for advancing sustainable water management technadbygeegbling both robust
chemical simulations and system level optimization

This chapterexpands desalination modeling statehe-artby proposing a
comprehensive ZLD treatment train combinergerging desalination technologies, such as
VAGMD -batch and LSRRxoupled withselectivechemical precipitatioprocesss. Our
approach emphasizes the recovery of fpghty salts, effective brine volume reduction, and
integration ofindustrial waste&CO; for enhanced sustainabilithccordingly, we built a modeling
platform using opesaccess WaterTAP and Reaktoro process models andtisedimulations
of selected producedaterand brackish water desalination cagée recovery rates of water
and product solidreevaluatedy 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
4.2.1.1Producedwater

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 southeasteMeiew is
among the most productive oil and gas producing regions in the world. The region currently
generates 120 million barrels of produced water per day. It alone accounts for most of
theproduced water volumia the United States, which is estimagt@round®0i 25 billion barrels
per year. Approximately 8®0% 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 techhibarriers remain 100]. Table 4-1 lists average
conditions of the produced water in the Permian Basin; we used these conditions in our
simulations.

Table4-1. Major element composition and properties of the produced water

Permian Basin Producec
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. Brackistvater also contains variety of potentially recoverable minerdlable4-2
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 reggriedorporated multiple mineral
recovery processes to recover NaOH, HCI, and MgSO4 in itsdesslination treatmen1(1].

Table4-2. Major element composition and properties of the brackish brin®2, 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, amdntsval 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@durrent study.

4.2.2 ZLD treatment trains in case studies of produced water and brackish water
4.2.1.1Producedwater
This section describes a proposed desalination-fpeatment train to achieve ZLD with

multi-component precipitation and crystallization processssshown n 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 spanies contained in the
feedwater after necessary pretreatment. Mg and Ca are selectively collected as calcite and
magnesite with pH adjustment and £gldition, the detail of which will be discussed in section

2.3. The filtrate is then sent to an evapieeacrystallizer to recovery halite and further reduce the

brine volume.

Permeate

Vapor
NaOH CO, condensation

Feedwater

Waste flow with
ol -1 Filtrate  BSVETEIETVERS  minimized volume

Brine precipitation crystallizer

Calcite Halite
Magnesite

Figure 4-1. Brine treatment train toward ZLD for produced water

In this ZLD design, brine concentration technologies like enhaR€&dforwardosmosis
(FO), or MD were considered to generate brine at high enough salinity to enter the crystallization
process. In a previous stublyrror! Bookmark not defined.!, the performance of osmotically a
ssisted reverse osmosis (OARO) and VAGM&ich were compared at different feed salinities
and recovery rates. OARO was found to be more-efsttive in desalinating seawater while

VAGMD -batch was advantageous at highed salinities. Furthermore, the default desalination
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technology considered for this case study was VAGB&ICh because it has higher tolerance of

bivalents than other membrabased desalination technologies.

4.2.2.2 Brackish brine

As indicated inTable4-2, aside from the abundant Ca and Mg S0 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 (Ul 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 br@8 [n 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 processder in the considered pathway and apply the Apuéicipitation process from
this study before desalination, as the pretreatment pradesgever this configuration would
consume aelativelylarger amount of chemical addition due to the larger volunheawkish flow
thatwould need to be treated.

To avoid theaforementionedisadvantagg we could evaluate the applicability of LSRRO
in this case, asSRRO 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 shownhkigure4-2, the retrofitted LSRRO configuration

incorporates mukcomponent chemical precipitation processes between the first and second stage.
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Feedwater Product
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Chemical

precipitation

Vapor
condensation

LSR Module

Waste flow with

v
Calcite Filtrate 2| minimized volume
Evaporative >

Magnesite = crystallizer
LSR Module

Halite

Figure 4-2. Retrofit of a 3stage LSRRO configuration to incorporate chemical precipitation after the
first stage and crystallization for brine management

4.2.3. Multi -component precipitation and crystallization

4.2.3.1Chemical precipitation of Mg and Ca
As shown inFigure 4-3, NaOH and C@are added to create conditions for calcite and

magnesite precipitation through thime&ccessive steps

NaOH » Brucite
Filtration
Desal + Mg(OH), NaOH y
; a * + | Magnesite

brine pH =10.5 suspended g

Step 1 : Co,

co pH=10.2
: » Calcite Step 3
pH=8.7
Step 2

Figure 4-3. Schematic of brine carbonization and Mg and Ca selective precipitation processes

The corresponding chemical reactions are shovlrabile4-3. The precipitation of
calcite and magnesite depends on the sufficientiGi€ction at proper pH, which is explored in

the case study sections.

Table4-3. Precipitation reactions of magnesite and calcite
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Chemical Reaction Steps Equation #

-C ¢ (°-Cl( (4-1)

#/ CP #/] &N (4-2)

#/ I (P (#1 (4-3)

(#/1 1 (P (1 #1 (4-9)

#A #] OHAl (4-5)

-C  #I °- @&/ (4-6)
-C  #1 d ( i

Total o. @/ (I (4-7)
#A #/1 o ( ]

4.2.3.2Validation and verification of the chemical model

The modeling of the chemical processes of the reolponent solution system is
developed and validated using experimental results reported by Bang &l]abnfd by
Thangasamy et. alLp4]. Bang et al.demonstrated COmineralization 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, ®0bbling for carbonization, and the
formed precipitates were collected and identified as calcite and hydromaghbaitgasamy et
al. [104 investigated the effects of G@& oncentrati on and OH (al kal
recovery from desalination brine.

Simulations were conducted by Thangasamy e{l1d4 using Visual MINTEQV3.1
software 105 and PHREEQC v3.7.0 softwargof to predict mineral formation under varying
pHand COparti al pressures. El ectrochemical expert
reduction reaction in authentic brine solutions, with controlled electric current defisage
studies complement each other, offering insights for using brine fos€fDestration and mineral

recovery.
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To investigate the validity of the Reaktoro predictions in modeling roattiponent
precipitation in a saline systemid&CaK-Mg1 HT Cl 4 SO8OQHT1T H & OGs1 CO: H20
[107], we compared the Reaktoro results obtained by two databases (Pitzer and Minteq) for the
conditions of the experimental dataBang et al. 91]. In addition, OLI Studid22], which is a
commonly used commercial software, was used in parallel to-eeosdg the modeling results.
The composition of the tested brine is showi able4-4 and the comparisons of the predictions
of the two models and the experimental data are showigime4-4.

Table 4-4. Major ions concentration in the tested brine (pH=8.2)

Major lons Mg Ca Na K Cl SO
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 linEgyime 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 inFigure 4-4, the modelpredicted precipitation of Mg(Ok)and C4OH).
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 hydesxis kinetically hindered when
the solution is not alkaline enough to induce sufficient nucleation and develop precipitation. For
example, Equatiord(9) shows that the formation rate (r) of Ca(®@I8)quadratically proportional
to the concentration df ( . Another reason for this difference is the presence of organic or ionic
impurities (such as Fe, Mn, NH in the seawater brine, which may prolong the nuclear induction
period!’d as they compete with crystal precursor species.

O Qt#A t/ ( Et#A ( (4-9)
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where’Q andQ are the forward and reverse rate constants.

«Ref. Mg+2 OLI Mg+2
«-Ref. Ca+2 OLI Ca+2
2500
~ 2000
?
% 1500
(&)
>
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Mingeq Ca+2
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19500
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Figure 4-4. Validation of OLI (with MSE database) and Reaktoro (with Pitzer and Minteq database)
liquid solution models againsteferenceexperimental results by Bang al. [91] on Mg?*, C&* (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 kedexr standard deviation

from the repeated experiments, as indicated by the error dagume4-4(b); hence, the predicted

concentration of Nashows 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%dndCa

less than 2% for Na (as shownTable4-5).

Table4-5. NRMSEs between different models and databases

Species | OLI MSE vs. OLI MSE vs. Reaktoro Minteq
Reaktoro Reaktoro Minteq | vs. Reaktoro Pitze
Pitzer
Mg? 2.8% 9.3% 12.3%
Ca* 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 GOThe composition of the tested solution from Thangasamy et. al
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[104], is shown inTable4-6. In this simulation, CQis fed at a constant partial pressure, while
OH is added gradually into the system.

Table4-6. Composition of simulated brine solutiorlp4Error! Bookmark not definetifor model v

alidation
Major lons Mg?* | c&* Na+ | Fe&" | NHs Cl SQ#
Concentration | 2,950/ 900 | 20,000 1 0.4 | 32,220| 5,000
(mg/L)

Figure 4-5 compareghe 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 CQ 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 divetfye fro
experimental data. It is noted that visual MINTEQ employsDebyeHickel-based activity
coefficients, which describe longnge electrostatic interactions instead of the glamge
interactions in the Pitzer activity coefficients model09]. This finding aligns with the
understanding that the Minteq database has a more detailed carbon chemistry speciation, such as
MgHCOz+ and CaHC®+, which is not included within the Pitzer database. Also, the Pitzer
database includes fewer compounds than Minfed)][ 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 databas®)deling results (left) on brine
with CGO;, gas equilibrium against thealidated simulation results using visuMINTEQv3.1 software
and digitizedfrom Thangasamy et a[.104] at differentOH  and CQ conditions(right)

4.2.3.3Multi -effect evaporative crystallizer for halite removal
WaterTAP includes an evaporative crystallizer (forced circulation) model for NaCl

recovery. It is a singleomponent (i.e., NaCl) crystallization steady state moéigiure 4-6
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describes the main components of this model, namely crystallization unit,, laeatexeparator.
However, in industrial applications, muéffect (3 5 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 withefiati systemsJg].

Crystallizer

A 4

Suspension

P Separator
N )

g
:

Figure 4-6. Schematic representation of the evaporative crystallization configuration system modeled
in WaterTAP, comprising a crystallization unit (C), a heater (@nd a separator (S)

Accordingly, we expanded the singdffect crystallizer model in WaterTAP to a multi
effect system by introducing heat exchangers betw#eats [L11]. Figure4-7 shows a schematic
of the setup of our new-dffect crystallizer model witlthe associated pressure and temperature
conditiondabeledn each effector the produced water case study, the detail of which is discussed
in the next sectianin this configuration, ach 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 4effect evaporative crystallizer extended from the WaterTAP crystallizer
model(The optimized operating temperature and pressure of each effect for the produced water case
are labeled)

4.3ZLD operational profiles in the produced water case study

The recovery rate of MD desalination of high salinity waters depends on the feedwater
salinity. Inapreviousstudy[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
validatedfor 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 concemtkafddOH solution for building
the alkaline environment required for separations. The operational profildevaaleped against

1 liter of the brine and discussed in detail in this section.

4.3.1. Separation of Mg(OH).
As shown inFigure4-3, the first step of the considered process pathway is to separate Mg
and Ca by taking advantage of the pH difference of thalroxide®formation A similar process

has been simulated in case studies astiasvn inFigure4-8.
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Figure 4-8. Hydroxides formation§) and NaOH solution additionlf) with varied pHat different
NaOH concentrations (0.1M, 1Mand 5M)in the produced water case stu€ifhe operating point is
markedwith a star)

Figure4-8(a) shows that 99% of Mg is formed as magnesium hydroxide starting at pH 10.
Asdiscussed 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 é&lablpserved 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 &f 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. Howignee 4-8(b)
suggests that the moddutedthe 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 NaOHRolution. The second step is to precipitate Ca by adding NaOH and CO

together Figure4-2). 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 C®could enable a higher recovery
rate of Ca while capturing waste g@om
industry, increasing the sustainability of this
application.

The precipitation profiles of this process
are shown ifrigure4-9; the selected operational
point is marked with a star. Bang et &1,[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 O
and at leas0.08 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
(Figure4-9(a) andFigure 4-9(c)), and this will
introduce impurities in the calcite precipitation.
The simulation shows that this byproduct can be
minimized to neazero by controlling the
operating point in the suggested range and

maximizing the removal of Mg from the
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previous step. Around 9 g of G@& required to fully precipitate Ca, and 93% of {bbled is

captured by Ca.

4.3.3. Carbonization of Mg
The finalchemicalreactive process (shownhigure4-2) is the carbonization of Mg(OHR)
to MgCGQs, a more stable mineral form of Mg. The filtered Mg(@8l)spension from the first step
is added back to the brine after remov®ey Figure4-10 specifieshe evolution of Mg solid with
the additional amount of GOOur model predicts that 97% Mg(Ottan be converted to MgGO
at the optimal operational condition where 2.6 g-@&added to the brine, the volume of which
was increased to 1.112 L from the previous step. The corresponding operating point isimarked

Figure4-10.
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Figure 4-10. Precipitation profiles ofMg carbonizationwith different chemical addition combinatios
(The precipitation percentage of MgG@a) and solution pH (b) are considered the design parameters)

Since this process is sensitive to £ddition (i.e., pH change), additional buffer solution
using the same 5M NaOH was simulated and plotteéigure 4-10. With the presence of
additional alkalinesolutions the carbonization ratio of Mg is maintained at a relatively high level
(>95%) over a wider range of GQAs a matter of fact, this similar carbonization process of Mg
in Bang et al[93] generated a MgC{xonversion rate of 69% when G@as injected until pH

reached 8, which was also verified using Reaktoro model; with a propeaddi@ion and pH, the
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MgCGs could have been increased. Thus, the addition of NaOH solution or the controled CO
injection can be used to maintain a relatively higher pH (k@) to increase the amount of
recovered magnesium carbonate.

Under the selected operating point, where no NaOH solution is introducedsystem,
Figure4-11further explores the conversion from Mg(Qk) MgCQs as CQ is gradually injected.
COs? is the dominating ion in the carbonate system during the conversion process, after which
HCOs becomes dominant and coexists witsCi@:. The pHstabilizes after the C{addition of

6.5 g and so does the concentration of the species, withe@€hing its saturation point.
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Figure 4-11. Evolution of Mg with added Cgof the solution(No NaOH is added in this caje
4.3.4. Crystallization of NaCl

After the chemical removal of Mg and Ca and introducing additional NaOH apdt6©
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 bleigi 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 crystaliradielt-igure

4-12 showsthe multieffect crystallizer performance within a yield range of 0.99. Upto 90%
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of the feedbrine could be evaporated and condensate as freshwater production at a yield of 0.99,

as can be sedrom theFigure4-12(b), althoughthe energy consumption could be relatively high.
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Figure 4-12. Precipitation profiles of CaC@with different chemical addition combinationspecific
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 thdase 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 otbrine with 21.2.8g/L salinity andl MGD flow rate a 3 or 4-effect halite
crystallizer uses 676% less thermal energy than a sirgtfect 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®C2temperature difference between
effects based on interactions with industry. The operating conditiofistaceinTable4-7.

Table4-7. Optimized operational parameters of aeffect crystallizer (1 MGD capacity of feed brine)
application in the produced water case study

Effect1 | Effect2 | Effect3 | Effect4
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 temperatur¢  81.40 69.96 58.52 47.15
(°C)

Operatingpressure (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 energyequirement (kW)| 27768 25712 24345 23568

Effect STEC (kWhAfeed) 604.33 597.61 590.80 583.92

Heat transfer area (A) 252.85 658.99 707.14 799.17

4.3.5. Overall performance

Table4-8 summarizes the overall performance of the simulated ZLD process pathway that
corresponds to the produced water chemical composition and the optimal operating points
identified foreachstep within the ZLD process.

Table4-8. Design points, performance of each step of the ZLD treatment train, and overall
performance of the produced water case study

Treatment Solid Solid | Added | Added | STEC | SEEC Water Brine

Step steps recovery | purity | NaOH | CO2 | (kWhw/ | (kWhe | recovery | Volume

P rate (%) | (%) @ @ m°) m°) (9] (9]

Desalination

1 (MD-batch) - - - - 176.5 0.603 1.0 1.0

2 | MIOH: | 99979 | 100% | 5.0 . . : 1.026
separation

3 Cacq 99.88% | 100% | 16.0 | 9.0 , o - 1.112
precipitation
MgCOs

4 carbonization | 97.86% | 99.87% - 2.6 - - 1.113
(optional)

5 NaCl 90% : . - | 1569 | 1.323 | 0964 | 0074
crystallization

Ove_rallll performance i i i ) ) ) 98.2% 3.7%

wrt. initial feed water

Overall performance

10.7 5.9

wrt. totalproduct - - kg/m?® | kg/? 169.8 0.98 - -

water

* Specific thermal energy consumption (STEC) and specific electrical energy consumption (SEEC) are specific to

the fresh water produced in step 1 (desalination), vthég arespecific 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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4.4ZLD designs for thebrackish brine case study

The chemical simulationKigure4-13) from theReaktoro model indicates the scaling of
gypsum (CaSeRH-0) 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%.
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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 usingsie®ie LSRRO system with a recovery rate
of 79.0%, 56.9%, and 61.5% for each stage. In the consideration of padarize¢ constrained
the recovery of the firsstage RO so that the brine concentration at the membrane on the outlet
side B below 38.5 g/L, which is the point where scaling starts to form as indicated-igome
4-13. Theassociated 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/n?. The sacrifice in energy consumption by pivoting to a@piimal operating point can
be compensated for by lowering the salinity of the-Btage brine, where TDS is reduced to 32.4

g/L with Mg and Ca removed.
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Similarly, the ZLD profiles for multcomponent precipitation and crystallization for this
case study are shownkiigure4-14to Figure4-16 andTable4-9. Theoverall performance of
the system and the optimal operational point of each step are summaiizddeid10Table

4-10.

4.4.1. Separation of Mg(OH)

The profile of the Mg separation shows a similar trend as in the produced water case study
in Figure4-14, exceptess 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 agpHof 10.5 in this case.

————— Mg(OH)2 - 0.1M - = Mg(OH)2 - 1M ——Mg(OH)2 - 5M
----- Ca(OH)2 - 0.1M ——-Ca(OH)2- 1M ——Ca(OH)2 - 5M SRR e N i TR
----- Mg recovery rate - 0.1M — — Mg recovery rate - 1M~ —— Mg recovery rate - 5M ’
50 J— 100 2.00
45 r 90
40 L 80 _. 160
— <
- s =
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E 30 reo < s 1.20
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0 0 0.00 1

12 14 6 8 10 12 14
pH

Figure 4-14. Hydroxidesformation(a) and NaOH solution addition (byvith varied pH at different
NaOH concentrations (0.1M, 1Mand 5M) in the brackish brine case studyhe operating point is
marked with a stay

4.4.2. Precipitation of calcite

In this step, the addition of 2.6 g @&nd 0.025 L of 5M NaOH is selected as the optimal
operating point as marked kgure4-15Figure4-15, 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)
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abyproduct of thigprocessKFigure4-15Figure
4-15(c)), thus, introducing minor impurities in
the collected CaC¢) compared to no
Mg(OH). 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) impurities from forming but
result in a lower carbonization rate of +97

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), and bubbling 1 g of CQinto the
effluent, 98.3% of the total Mg is carbonized
as MgCQ (Figure 4-16(a)). Similarly, the
addition of NaOH could enable a wider

operational range of CG@or a high conversion

Figure 4-15. Precipitation profiles of CaC@with
different chemical addition combinations of
NaOH and CQ in the brackish brine case study;
solution pH (a), Ca precipitation rate (b) and
impurity generation (Mg(OH)) (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 studyf fie precipitation percentage of MgG®a) and solution pH b) are
considered the design parametgrs

4.4.4. Crystallization of NaCl

In Table4-9, theoptimized 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 feedratone
of 180 g/L versus 212.8 g/L.

Table4-9. Optimized operational parameters of aeffect crystallizer (1 MGD capacity of feed brine)

application in the brackish brine case study

Effect1 | Effect2 | Effect3 | Effect4
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
Operatingtemperature ¢C) 89.08 77.08 65.08 53.08
Vapor condensation temperature  81.40 69.96 58.52 47.15
(°C)
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
Liquidwaste (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 (kWhffeed) 621.75 615.21 608.57 601.85
Heat transfer area (A) 258.71 671.21 716.66 805.51
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44.5. Overall performance

The simulation results prove that the proposed LSRR ipitation hybrid also enables

high recovery rates of both product water and solid, while also avoiding the scaling risk by

controlling the stagéevelrecovery rate of LSRRO. The chemical consumption per cubic meter of

the product water is much less than in the produced water case studyattev-10, because of

the relatively low amount of metal to be recovered.

Table4-10. Design points and performance of each ZLD process and the overall performance of the
brackish brine case study

Treatment Solid Solid Added | Added | STEC SEEC Water Waste
Step SteDs recovery | purity | NaOH COz2 | (kWhw!/ | (kWhe | recovery | outflow
P rate (%) (%) @ @ m?) m?) L volume (L)
1 LSRRS stage| ; ; - - 2622% | 2.333 1.0
2 MI(OH): | 993906 | 100% | 1.8 ; - - 1.009
separation
3 Cacq 9991% | 99.9%%6 | 5 2.75 - ; 1036
precipitation -
MgCO:s
4 carbonization | 98.3%% | 99.98% - 1 - - 1.036
(optional)
5 LSRRZO stage ) _ _ ) ) ) . 0.358
6 LSRR:? stage ) _ _ ) ) ) . 0.148
7 Naq . 90% - - - 162.9 1.36F 0.129 0.010
crystallization
Ove_rqll_ performance ) ) ) ) ) ) 99 1% 0.4%
wrt. initial feed water
Overall performance
2.76 1.53
wrt. total product - - kg/m? | kg/m? 8.410 2.637 - -

water

* 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, anshliéa The selective
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precipitation processes are optimized through pH control anda@dition, 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 opatcess Reaktofbased crystallizain model for the considered
case studies is verified by comparisons with experimental laboratory data and with the results of
simulations using the wetested 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 operatiauat of fresh water comes from

the thermal energy (169.8 kWhiwi total product water) and NaOH addition (10.7 kaftotal

product water).

This research also extends the proposed pathway to subdhatdant brackish water and
identifies the potential limit and its associated solution. Chemical precipitation between LSRRO
stages is a promisingetrofit 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 feedsitdtnarded
from the system. The primary consumptfor this treatment train includes electric energy (2.637
kWh/m? of total product water) and NaOH addition (2.76 kyamitotal 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 iaddit applications for further
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validation. Additionally, the planned integration of Reaktoro and WaterTAP will provide a robust

systemlevel cost optimization of muktomponent optimization.

135



Chapter 5: Investigation of renewableenergy-driven

desalination in the U.S. under IPCC scenarios

This chapternvestigate the potential of solar desalination for alleviating water scarcity in
various U.S. regions by leveragiggospatial data, climate projections, aothrdesalination
models. Assess the feasibility of renewald@ergydriven 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 ul[@dieerWestgneUnied Statesi® e xt r e
currently experiencing what is potentially the worst drought in 1,200 y&&%s 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 demanfikl3 The unreliability of weathedependent wateand 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 increadd.14 Water demand in the United States is projected to increase by up
to 140% by 2050 and 220% by 2071,

Past water demand and supply trends in the United States reflect a history of adaptation.
Wi thdr awal i ncreases had been facilitated by
of reservoirs and water conveyances (canals, tunnels, and pipefiddi&jonal adaptation

measures, such asgditional reservoir storage capacity, groundwater mining, instream flow
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reduction, and agricultural to urban transfer
constraints[115 However, escalated urban water crises may most heavily affect those who are
socially, economically, and politically disadvantaged.g|

On the demand side, important changes can be made to use water more effitiedtly.
The Intergovernmental Panel on Climate Change (IPCC) 2018 [@d&ytmentions that
changing agricultural practices can be an effective climate adaptation strategy. Such practices
include mixed crogivestock production systems and improved irrigation efficiency. However,
in some cases, adaptive strategies in the agrialibector had a detrimental impact on the
regionbdbs capacity t o [plYdwuthedore tfew afiany, cestffestivef o od s
options exist to decrease water demand in the municipal, thermoelectric power and industrial
sectors. In generadaptation 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
guantities of brackish groundwater into new sources of freshj&€r However, for this
potential to be realized, desalination must become more sustainable by resolving the energy use
and brine management challen§&21]. Here we quantify the magnitude of this challenge,
based on the | PCC0&6s [322xbtatkishigrosnd wasdB@M)t scenari o
composition from the US Geological Surdp 3, BGW resource volumes, salinities and depths

based on mapping by Sandia National Laboraitb®g, 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 WaterTA&deling platforms, show on coursvel,

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 anddustrial 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

5.21 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 freshwateMidthe East and
North Africa. Its contribution to the water supply in the United States currently is less than 1% as
its scalingup is being hindered by concerns about high energy use and brine mana@Eaéent.
In addition, desalination plants driven by fodsil 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[a2&pn.

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 millidtd)nmost of
which using reverse osmosis (RQ}29 Figure M1 in Methods shows this desalination capacity
aggregated on countgvel. 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 (204,3%6)mand the second has a production
capacity of 27.5 MGD (104,099%d). They both use reverse osmosis (RO) but the recovery rate
from seawater at the Carlsbad plant is about §0%§] whereas the recovery rate from BGW at
the Kay Bailey plant is about 83P631]. As of 2018, there are 295 brackish water RO desalination
plants representing about 72% of the total US desalination capEaQy.

Typically, brine from seawater desalination plants is disposed of by ocean water discharge,
while brine from inland plants is disposed of by deegll 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 processesy(, 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 crystallizati®@g 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 consumpti@r60 kwh/n?). [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 resourdd.35 136 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 EI Pasd137]. In general, the economic viability of beneficial reuse of desalinatigrduct
salts depends on having local markets.

Both membrandased and thermal desalination have shown potential for brine
concentration that is the prerequisite for MLD/ZLD. L-ealtrejection reverse osmosis (LSRRO),
is an emerging enhanced RO technology that reduces the osmotic pressure by sétivormass
through the membrane and thus increases the pressure limitation of conventional RO. The
technology has been recently validated at small -gitate.[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 $/rhto concentrate seawater with a recovery of 70

Among thermal technologies, membrane distillation (MD) may have the highest potential
for MLD/ZLD and it can use lowemperature solar and/or waste heat. The -stiatet MD
configuration is the vacuw®nhanced aigap (VAGMD), which is being tested at giilscale at
Plataforma Solar de Almed (PSA), Spaifl7]. Related simulation results showed that the
VAGMD with a batch operation can concentrate RO brine at costs of 0.5% $&ro-cost waste
thermal energy is available frorh139] 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 commeral 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)
LSRROcrystallizer and a batch VAGMirystallizer pathway.Figure 5-1 shows the

configuration of these two pathwaylhe nanofiltration (NF) takes in thHed 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 concentrakeitigeto the salinity level (i.e.,

1507 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 theral pathway, brackish will directly be treated with ba¥thGMD 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 (FPSClliasifiee major

sustainable energy source, compensated by grid electricity or external heat, respectively

Figure 5-1. Electricity ( @) and Thermal Energy ( b) Desalination Pathways to ZLD
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