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SUMMARY

Water desalination is a reliable process for supplying freshwater water, but geogra-

phy, cost (operating/capitol), and environmental impacts pose signi�cant challenges for

widespread adoption. Today, nearly all (� 99%) desalination plants rely on fossil fuels as

the primary energy source to produce heat or electricity to drive the desalination process. If

this trend continues, carbon emissions from fossil fuel-powered desalination plants could

increase to 400 million tons of CO2 per year by 2050. Additionally, the projected waste

brine produced at current desalination plants by 2050 may approach 240 km3 per year. So-

lar desalination technologies (thermal and electric) could provide a sustainable path toward

achieving high volume (million gallons per day) renewable driven desalted water while

achieving minimal or zero liquid discharge (MLD and ZLD). This is of growing interest

in an effort to minimize waste (carbon and brine). Yet, ef�cient integration between solar

capture and desalination remains a critical challenge. Furthermore, the high-energy inten-

sity required to reach saturation in MLD/ZLD processes is a critical obstacle. The aim of

this PhD dissertation is to propose a framework that integrates thermodynamics, geograph-

ical information systems, and machine learning for developing and predicting sustainable

strategies to integrate solar energy with desalination, in an effort to contribute to the devel-

opment of a sustainable industry with reduced CO2 emissions and brine rejection. Using

computational models for large-scale systems and data analysis, this research program aims

to evaluate the current state of desalination worldwide and the potential of solar thermal

hybrid desalination systems for producing freshwater with low brine rejection. The use of

geographic information systems bene�t the analysis process allowing to integrate geospa-

tial data. The use of machine learning bene�ts the processing of high amounts of data and

system optimization, decreasing the computational time and resource consumption.

xxvii



CHAPTER 1

INTRODUCTION AND BACKGROUND

1.1 Water scarcity/stress and desalination

Water scarcity as a result of drought, anthropogenic overuse, increased demand, and cli-

mate change, affects nearly 30% of the world's population. This value increases to 40%,

when considering the quality of supplied water (temperature and salinity) [1]. With pro-

jections of water scarcity doubling by 2050 [2], the use of conventional water sources will

not satisfy the global water demand (quantity or quality). Desalination is a reliable strat-

egy to augment water supply, especially if used to treat non-conventional water sources

(seawater, industrial waste, brackish water, etc.). However, there are sustainability and

practical challenges associated with the treatment of non-conventional water sources. With

the challenges centering on energy intensity, costs, and environmental impact.

1.2 Current state of Desalination and challenges

Desalination of brackish water or seawater is an energy-intensive process compared to

conventional water production methods [3]. For instance, producing clean water from lakes

or rivers requires 0.37 kWh/m3. Conversely, the treatment of wastewater requires 0.62-0.87

kWh/m3, and the energy for producing clean water from seawater ranges from 2.6 to 8.5

kWh/m3 [4].

The leveling-off, or constantly reported, water production cost from conventional de-

salination methods is 0.9 $/m3 for Reverse Osmosis (RO) systems. Yet, to be sustainable,

i.e, comparable and competitive with current water prices from conventional sources, the

cost of freshwater produced through desalination should not exceed 0.5 $/m3 [5]. The U.S.

Department of energy has set cost targets with the objective of developing new technolo-
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gies capable of producing water with comparable cost and impact as conventional water

sources (pipe parity) [6]. New cogeneration or hybrid/modi�ed desalination systems can

reach cost close 0.7 $/m3, yet the sustainability of these systems are unknown [5].

As of 2021, there are 17183 desalination plants online, presumed online, under con-

struction, and awarded. These plants have a total capacity of 136 million m3 of freshwater

per day. There are 13567 desalination plants online, presumed online, and under construc-

tion. These plants have a total capacity of 121 million m3 of freshwater per day. Thus, the

desalination industry will grow by at least 12% in the next few years [7]. The most adopted

desalination technology today is RO, with 87% of plants using membranes to treat water.

RO is followed by Multi-Effect Distillation (MED), Electrodialysis (ED) and Multi-Stage

Flash (MSF) with 6%, 3% and 2% (Figure 1.1a)[7]. In terms of the feedwater treated by

the installations (Figure 1.1b),� 70% of the plants treat seawater (20000-50000 PPM) or

brackish water (3000 - 20000 PPM) in equal proportion. Today, 21% of the plants treat

low salinity feedwater (TDS< 3000 PPM), and 9% wastewater. Only 1% of the current

desalination plants treat brine or concentrated seawater [7].

RO (membrane-based) plants produce 79% of the current total capacity installed, while

MSF and MED (thermal-based) plants produce 16% of the total capacity installed (Fig-

ure 1.1c). While the number of plants treating brackish and seawater are similar, the treat-

ment of seawater contributes to 62% of the total capacity installed, with brackish water

contributing with 18% (Figure 1.1d). Low salinity feedwater plants produce 10% of the

total capacity as wastewater treatment plants. The capacity of brine treatment plants is

currently negligible.

Today, nearly 99% of the desalination plants rely on fossil energy. If this trend contin-

ues, by 2050, the desalination industry will be responsible for 400 million tons of CO2 per

year [4]. The production of freshwater through desalination also generates a high salinity

brine (about two times above seawater salinity levels) which contains residual chemicals

from the desalination processes. Rejection to the environment can harm local ecosystems
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Figure 1.1: Current desalination plants distribution worldwide grouped by a) technology of
desalination employed, b) feedwater quality, c) total capacity installed per technology and
d) total capacity installed by feedwater quality

through a lethal osmotic shock (�sh, algae, seagrass, plankton, and others) [8]. This waste

brine will increase to 240 km3 per year by 2050 according to projections [4].

Current desalination industry operates with an average recovery ratio of 42% [7, 9].

Thus, for every cubic meter of freshwater produced, the desalination industry rejects 1.38

cubic meters of a higher concentration brine. Only 1% of the current desalination plants

treat brine or concentrated seawater and thus most are rejected as a waste [7]. As this

new industry grows, emphasis on sustainable decision-making is critical to prevent addi-

tional impacts to the environment [2]. There are commercial and mature brine management

strategies like sewer discharge, surface water discharge, deep-well injection, and evapora-
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tion ponds. These approaches do not completely mitigate all risks associated with brine

disposal, and valuable water is lost during disposal [10].

The emergence of minimal liquid discharge (MLD) and zero liquid discharge (ZLD) is

the primary strategy to eliminate the environmental impact associated with brine rejection

and disposal. Yet, MLD and ZLD are constrained by high cost [11]. MLD and ZLD require

design of plants capable of maximizing water recovery, which results in a salt saturated

brine (MLD) or solid salts (ZLD) waste stream.

1.3 Motivations and scope

The high dependency on fossil energy sources and projected environmental damage as-

sociated (carbon emissions and brine rejection), prompt a strong need of developing new

sustainable strategies. These strategies should incorporate renewable energies, increase the

level of freshwater recuperation and overcome the prohibitive cost of current brine manage-

ment strategies. A sustainable desalination industry must provide continuously freshwater

at a comparable cost to conventional water sources, with a reduced or zero environmen-

tal impact using renewable energy sources. Achieving these goals requires a desalination

plant to achieve high recovery ratios and minimize impact. In other words, sustainable

desalination must outperform the current desalination industry in terms of thermodynamic

performance, economic competitiveness, environmental impact, and provide social bene-

�ts.

This work aims to integrate these four dimensions (thermodynamics, economics, envi-

ronment, and social) to evaluate and propose sustainable strategies for the implementation

of large-scale solar-driven desalination systems with low brine rejection. The adoption and

consideration of sustainable strategies and factors are crucial for encouraging the growth of

the renewable-driven desalination industry. The analysis of macro-scale desalination sys-

tems requires the integration of several disciplines, thus can be considered as an extension

to the proposed macro-energy systems methodology applied to desalination [12].
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Macro-scale analysis allows one not only to evaluate desalination technologies but also

the geographical conditions that affect the industry. Solar desalination depends largely on

the location. This determines the amount of available solar energy, level of water stress,

and socioeconomic conditions. Large-scale desalination brine disposal also is a variable to

consider representing an important constrain for the long-term life of the plant. Recogniz-

ing the difference and importance of location, the use of Geographic Information system

(GIS) approach is bene�cial [3]. The large amount of data associated with GIS analy-

sis and large-scale systems computational modeling, can be aided using machine learning

algorithms.

Chapter 2 aims to present a literature review identi�es the current state of solar desali-

nation technologies and the importance of brine rejection and CO2 emissions reduction.

This chapter presents the research questions and task designed.

Chapter 3 aims to determine the prospects for large-scale solar-thermal desalination

highlighting the potential opportunities for large-scale solar-thermal desalination. Also,

identifying the critical metrics that are necessary for large-scale solar-thermal desalina-

tion. Finally, evaluating how performance improves through the hybridization of different

desalination systems which emphasizes the importance of the exergy cascade utilization

principle to improve solar-thermal desalination systems.

Chapter 4 aims to identify economic and production trade-offs as a function of critical

design parameters for a sCO2 CSP-MED cogeneration system producing power and wa-

ter. A computational thermodynamic model is developed for estimating power and water

production along with levelized costs and second law ef�ciency. this work considers four

main input parameters from the power block and desalination block in�uencing the per-

formances of the studied system. The complexity of a cogeneration system modeling and

optimization represents a major issue for computational resource consumption. Here, using

arti�cial neural networks (ANN), for predicting the performance and most in�uential sys-

tem parameters, helps for reducing the computational time consumption without reducing
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the precision of the results. This chapter examines the sensitivity levelized cost (electricity

and water) and production (energy and water) have on system performance (recovery ratio,

thermal ef�ciency, gain output ratio (GOR)) considering the operation of the cogeneration

system.

Chapter 5 aims to integrate geospatial data with a computational thermodynamic model

in multi-criteria decision analysis for evaluating the suitability and prioritizing the im-

plementation of brine concentration facilities operating under minimum liquid discharge

(MLD) in the contiguous US as a strategy for brine management not based on brine re-

jection. The brine concentration system hybridizes a reverse osmosis system (RO) as a

preconcentrator with a mechanical vapor compression system (MVC) as brine concentra-

tor. Identi�cation of the best potential geographic location is based on thermodynamic,

economic, environmental, and social criteria. The establishment of brine concentration

facilities and networks throughout the contiguous United States ultimately will aid in min-

imizing waste and maximizing water production from industrial desalination processes.

Chapter 6 aims to integrate machine learning methods for identifying the optimal size

of an electricity-driven zero liquid discharge plant driven by photovoltaic panels (PV-ZLD)

as a function of the inlet brine feed �ow and its concentration. The plant incorporates a

brine crystallizer into the system presented in chapter 5 for completing the ZLD cycle.

A new computational thermodynamic model is �rst developed for producing the required

training data. A multi-objective optimization using a genetic algorithm identi�es the trade-

off between the second-law ef�ciency of the ZLD plant and the total levelized cost of water

(LCOW) when using the electricity grid as a backup energy source. Geospatial data for

four locations of interest in the contiguous US are used as variables during the optimization

process. A spatially constrained clustering algorithm further estimates the required number

of PV-ZLD plants based on the optimal size. Finally, this chapter explores the in�uence in

optimal size of the addition of carbon emissions minimization as a new objective.

The incorporation of multi-criteria decision analysis and multi-objective optimization
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in this dissertation, responds to a need of incorporating into the analyses several con�icting

criteria or objectives simultaneously for decision-making. The consideration of sensitivity

analysis in the weights of multi-criteria decision problems (chapter 5) or the presentation of

non-dominated Pareto fronts (chapters 4 and 5) provides several potential solutions based

on different criteria allowing to study the in�uence of increasing the importance of every

selected criteria or objective.
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CHAPTER 2

LITERATURE REVIEW

2.1 Solar driven desalination

Integrating renewable energy, such as solar, with desalination plants is of particular interest

to mitigate carbon emissions [13, 14, 15]. There are two main solar energy integration

strategies for desalination: direct and indirect systems. Direct solar desalination refers to

any thermal process where solar capture and desalination occur within the same system.

Examples include solar-driven water vaporization systems (solar stills and other photo-

thermal materials). While direct integration creates intensi�ed processes, ultimately they

suffer from low rate of production (� 100 m3/day), low performance in terms of gain

output ratio (GOR< 1), and high levelized cost of water (LCOW up to 6.5 $/m3) [16, 17].

Indirect solar desalination refers to any system where the subsystems (solar capture and

desalination) operate independently and are connected through an integration subsystem.

One promising indirect route heavily investigated is photovoltaics (PV) with RO (PV-RO).

This is promising as the cost of PV has signi�cantly dropped over the last few decades, and

the temperature match between systems (near ambient), allows for ease of integration [18].

However, despite the promise, PV-RO systems still suffer from higher average costs (11.7

-15.6 $/m3 for seawater treatment and 6.5 - 9.1 $/m3 for brackish water)[16, 19].

The energy storage system (batteries) for the PV array, required for reaching large ca-

pacity factors without grid support, is the main responsible for the high cost for PV-RO

systems [20]. While some of this high cost can be mitigated by increasing the production

volume, PV-RO is not competitive when compared to fossil desalination-based systems

[16]. Replacing energy storage systems with optimized water storage systems is a promis-

ing strategy for decreasing PV-RO LCOW from 2.91 to as low as 1.74 $/m3 when supplying
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in average a demand of 1000 m3/day. [21].

The current cost for PV-RO is similar to solar-thermal integration (CSP-MED) strate-

gies which have been shown to attain prices which approach 2.4 - 2.8 $/m3 while produc-

ing more than 5000 m3 of water per day [16]. CSP thermal desalination systems are an

applicable technology able of reaching large water production levels compared with other

renewable-driven desalination systems (Figure 2.1) [4].

Figure 2.1: Renewable driven desalination systems development, production capacity and
cost range. Figure reprinted with permissions from Desalination, Vol 413 [4]

2.2 Renewable driven desalination in industry

Currently, renewable-driven desalination contributes to about 1% of the current desalina-

tion industry capacity [20]. 62% of these plant are RO and 42% relies in Photovoltaic arrays

(PV) as renewable energy source [19]. Solar-driven desalination plants produce less than

100 m3/day due to its current limitations [19]. The intermittence of the supplied energy in-

creases the capital cost due to the inversion of energy storage mechanisms [20]. Moreover,

the integration of solar desalination is still an immature technology for large-scale systems,
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prompting the need for more research [4, 19]. In the latest years, this scenario changed with

the construction of the plant Al Khafji solar-powered seawater reverse osmosis (SWRO) in

Saudi Arabia. This plant has a capacity of 60000 m3/day and uses the grid as support when

the PV system can not operate [7, 20]. United Arab Emirates plans to build a 100000

m3/day plant powered completely by a 22 MW PV plant. By 2030, Abu Dhabi aims to

power the country's desalination industry with 100% renewable energies [20]. However,

while this addresses the energy issue, the brine disposal is not addressed with these PV-RO

plants.

Coastal regions may be able to meet energy and disposal needs with seawater reverse os-

mosis based plants driven by grid or off-grid available renewable electricity (photovoltaics,

wind, hydro). Here, waste disposal should be minimized; however, disposal is easier due

to the plant's proximity to the ocean. Inland desalination plants in remote regions will

face greater challenges with less access grid-scale renewable electricity, and no access to

oceans for waste disposal [22, 23]. Large-scale disposal of waste brine from large-scale de-

salination plants is geographically limited and an environmental challenge due to the low

recovery ratio of RO [24]. The water source variability (brackish to hyper-saline) also com-

plicates the selection of the desalination technology. While reverse osmosis is emerging as

the obvious choice for seawater desalination, treating high salinity streams with high re-

covery ratios will require some degree of thermal separation [23]. For these requirements,

solar-thermal desalination with low-cost thermal energy storage may provide avenues for

continuous off-grid renewable-powered desalination.

2.3 Brine management

Commercial brine management strategies are limited to sewer discharge, surface water

discharge, deep-well injection, and evaporation ponds [10]. In the rare case, brine is reused

for irrigation. Rejecting waste brine to local water reservoirs without proper management

can impact local ecosystems, which is a strong motivator for developing technologies and
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facilities which can treat this waste rather than disposing the waste [8]. However, beyond

waste production, the disposal of conveyed water away from a desalination site is energy

intensive and counterproductive. Thus, state-of-the-art brine management strategies do not

mitigate risks and result in a signi�cant loss of valuable water [10]. Brine disposal without

proper control has three main factors that can affect the species in the nearby environment

or water bodies: salinity, temperature, and alkalinity [25].

Minimal liquid discharge (MLD) and zero liquid discharge (ZLD) desalination plants

are emerging as the ideal approach to both minimize brine rejection, disposal, and max-

imize water recovery[11, 26]. MLD desalination system achieves a recovery ratio of up

to � 95% depending on feed salinity. With this operation for every cubic meter of water

produced, only 0.05 cubic meters of water is wasted. Furthermore, ZLD desalination plants

achieve a recovery ratio� 99%, resulting in no wasted water. The output waste for MLD

is a low volume salt-saturated brine, and for ZLD is a solid salt with potential economic

value. A traditional ZLD system combines a preconcentrator system (e.g. typically reverse

osmosis) with a thermal-based system as a brine concentrator. The most common and

mature brine concentrator method is mechanical vapor compression (MVC) [11, 27]. A

crystallizer or evaporation pond can further separate the water from the concentrated brine.

The total energy consumptions of these electricity-driven systems depend on the amount of

brine treated and its concentration [28].

The large acceptance for brine discharge methods lies in the reduced cost per cubic me-

ter of brine [10, 29]. Operational costs are usually associated only with pumping the brine

compared with brine treatment system working in ZLD [30]. However, ZLD systems had

proven economic viability in the latest years as a shale gas wastewater treatment method

[31]. ZLD has also a presence in power industry being used in an attempt to reduce water

waste during the cooling process [32]. Currently, the US leads in ZLD applications, with an

emphasis in industry applications (power, fertilizers, chemicals, or mining) but desalination

is not a well-adopted technology due to cost constraints [33].
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ZLD requires more energy than MLD due to the absence of a crystallization step. For a

hybridized RO module with a forward osmosis system (FO) for preconcentration, followed

by traditional concentration. Operation in ZLD scheme requires 1.39 times more energy

than operating in MLD scheme but the ZLD scheme recovery is 98.15% overall (compared

with 85% for MLD) [27]. The salinity of the inlet brine in�uences directly the performance

of a ZLD system. Under an economic and environmental framework of analysis, a RO-BC-

BCr traditional ZLD system treating brackish water consumes 2.38 less energy and is 0.8

times less expensive compared when treating seawater [34].

From a thermodynamic point of view, based on second-law ef�ciency values, the brine

concentration step has a higher improvement potential than brine crystallization [35]. This

is due to the larger difference in second-law ef�ciency between reported brine concentration

technologies and crystallization processes [35]. In this area, the integration of membrane

process has gained interest as concentration or crystallization steps due to their low energy

consumption and abilities for integration with waste heat. An RO-ED ZLD system can

reach a cost of 3 $/m3 and consume less energy than MVC systems, but is feasible only in

locations where the salt cost is large [36]. Membrane distillation has proven the capacity

to crystallize and separate the salts from the brine [37]. As a brine concentrator, membrane

distillation reaches as low as 2 $/m3 when integrated with waste heat [38]. Membrane dis-

tillation has �exibility for integration with freeze crystallization and salinity gradient ponds

for ZLD operation [39, 40]. Currently, the use of membrane systems for brine concentra-

tion or crystallization faces critical challenges associated with scaling, fouling, polarization

wetting, and the capacity for scaling up into large-scale systems [41].

Even considering the larger improvement potential of brine concentration step com-

pared with brine crystallization, new solar-based crystallization had shown large produc-

tivity for separate salts from brine. While these systems can compete in productivity with

solar ponds, they lack in mechanism for recovering additional freshwater due to the evap-

oration [42, 43, 44]. The main advantage of these systems is the total independence of
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grid energy. Innovative designs aim to recover freshwater while separating the salts from

brine. A PV panel can be cooled by brine in a multi-stage membrane arrangement recover-

ing water and high-concentration brine [45]. These systems are in the lab-scale phase and

scale-up is not yet studied.

Lately, hybridized thermal desalination system have shown to be competitive with cur-

rent brine disposal strategy and cheaper than evaporation ponds for large scale systems

(�gure Figure 2.2). A MED-TVC system operating in minimal liquid discharge scheme

can reach 1.69 $/m3 when using waste heat. The main component in cost is the thermal

energy cost [46]. A fully ZLD system using MED as brine concentrator can decreases the

water cost from 4.17 $/m3 to 1.16 $/m3 when using waste heat [29]. This indicates that,

while solar-thermal desalination can be suitable for inland regions desalination when fo-

cusing on ZLD processes, the thermal energy cost is a barrier to overcome suggesting the

potential of electri�ed processes.

A solar-thermal ZLD system with fuel backup for producing heat does not provide

direct bene�ts due to the fuel cost subsidy in the region of study. However, there are other

quanti�able bene�ts such as the independence of electricity costs and reduced emissions

that justify the implementation of the studied system [47].

2.4 Machine learning as a tool for large-scale systems modeling

The computational simulation models for large-scale desalination or brine management

system involves the resolution of large non-linear equation systems simultaneously. Data-

driven methodologies like machine learning can help in reducing the computational time

for predicting different performance metrics based on simulation or experimental data [48].

Machine learning techniques like arti�cial neural networks (ANN), support vector ma-

chines (SVM) or k-nearest neighbor regressors (KNN) had been used for predicting, con-

trolling, and optimizing renewable-driven desalination systems [49, 50, 48, 51, 52, 53].

Similar approaches had been applied in power and hydrogen production or heating systems
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Figure 2.2: Brine disposal methods and costs used in industry compared with brine treat-
ment technologies proposed in literature. Figure includes the systems analyzed in this
dissertation (chapters 5 and 6).

obtaining accurate predictions for the thermodynamic performance or cost of these sys-

tems with a decreased computational resources consumption [54, 55, 56, 57, 58]. One of

the main advantages of a machine learning approach for optimization is that the predictions

are based on input data and are not mathematically constrained. Desalination systems anal-

yses also had implemented machine learning algorithm with geographic information sys-

tems (GIS)[59, 60, 53], but none on ZLD systems. Multi-objective optimization (MOO) is

a useful tool for identifying optimal design under different thermodynamic, economic, and

environmental parameters when aiming at exploring non-dominated in�uence in decision.

A solar-driven ZLD system comprising a solar steam Rankine cycle and a multi-effect me-

chanical vapor re-compressor presents a trade-off between cost and environmental impact,

however, it can decrease its total annualized cost up to 85% when increasing the environ-

mental impact by only 8.5%, based on Pareto fronts [61].

Multi-objective optimization has gained interest in sustainability analysis as a tool for

weight the relative importance of multi-criteria in a decision-making process evaluating the
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optimization of multiple objectives of interest simultaneously [62, 63]. The implementation

of multi-objective optimization allows for studying, simultaneously, con�icting objectives

identifying the improvement of one objective when decreasing the performance of other

objective [64].

2.5 Research questions and purpose

The current state of renewable-driven desalination indicates a focus on reducing the pro-

duction cost to make this alternative competitive with traditional water production or fossil-

driven desalination. There is an increasing interest in evaluating the performance of brine

management strategies focusing on MLD/ZLD showing that these systems are viable.

However, there is a gap in the study of the in�uence that location has on the optimal de-

sign or suitability for solar-driven desalination systems working with large recovery ratios.

A framework integrating geospatial data and machine learning can contribute to the de-

velopment of new strategies or evaluation of new desalination systems for a large-scale

application under a macro context.

The overarching research question of this thesis is: can macro-scale analysis and ma-

chine learning effectively identify if optimally integrated solar-driven desalination/brine

management systems can compete with conventional alternatives? The research approach

will focus on developing macro-scale analyses which integrate thermodynamic, economic,

environmental, and social metrics, to evaluate the potential of solar-driven desalination as

a sustainable freshwater source and strategy for treating produced brine. To address the

overarching question, I will explore the following research questions:

Q1: What factors from thermodynamics, economics, environment, and social dimensions

are relevant to consider when performing macro-scale analyses of solar desalination

systems?

Q2: How macro-scale analyses can inform us the sustainable potential of solar desalina-
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tion systems?

Q3: What are the bene�ts of considering macro-scale analyses in solar desalination sys-

tems compared to traditional technoeconomic analyses methodology?

Q4: What is the potential of a low brine rejection solar desalination system? And how do

these systems in�uence environmental impacts?

Q5: How can machine learning algorithms help in identifying optimized renewable-driven

desalination systems?

The tasks proposed for answering these questions involve literature reviews, the de-

sign of computational models for theoretical analysis, the application of GIS approach for

geospatial evaluation, and the use of multi-criteria decision analysis (MCDA). These tasks

are:

Task 1: Evaluate the current state of the desalination industry and renewable contribution.

Task 2: Prospects and critical metrics for Large-Scale Solar-Thermal Desalination and the

exergy cascade principle

Task 3: Optimizing a high-ef�ciency large-scale solar thermal desalination plant using neural

networks.

Task 4: Macro-scale GIS analysis of the sustainable potential of a brine concentration system

in the USA.

Task 5: MOO using GIS for a solar-driven large-scale ZLD system.
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CHAPTER 3

LARGE-SCALE SOLAR-THERMAL DESALINATION

3.1 Introduction

Water scarcity as a result of drought, overuse, and climate change affects nearly 20% of

the world's population [65]. It results in the need for widespread adoption of desalination

systems. By 2050, the supply of desalinated water could increase to 192� 106 m3/day

to accommodate population and water demand growths [2]. Today, nearly all (� 99%)

desalination plants rely on fossil fuels as the primary energy source for the production of

heat or electricity [4]. If this trend continues, carbon emissions from fossil fuel-powered

desalination plants could increase to 400 million tons of CO2 per year by 2050 [4]. The

waste brine produced at desalination plants is also projected to increase to 240 km3 per

year by 2050 (half the volume of Lake Erie) [4]. This prompts a strong need to explore

strategies for developing renewable driven desalination plants with reduced waste (CO2

and brine) production.

Coastal regions may be able to meet these needs through the use of seawater reverse

osmosis based plants driven by grid available renewable electricity (photovoltaics, wind,

hydro, or nuclear). Here, waste disposal should be minimized; however, disposal is easier

due the plants proximity to the ocean. Inland desalination plants in remote regions will face

greater challenges with less access grid-scale renewable electricity [22, 23]. Large-scale

disposal of waste brine is also geographically limited to regions with deep well injections

sites [3]. The water source variability (brackish to hyper-saline) also complicates the se-

lection of the desalination technology. While reverse osmosis is emerging as the obvious

choice for seawater desalination, treating high salinity streams with high recovery ratios

will require some degree of thermal separation [23]. For these requirements solar-thermal
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desalination with low-cost thermal energy storage, may provide avenues for continuous

off-grid renewable powered desalination.

This chapter provides insight into critical energetic, economic, and environmental per-

formance metrics for solar-thermal desalination systems. This work highlights the chief

bottlenecks and opportunities needed to improve these technologies, and emphasize the

importance of the exergy cascade utilization principle. Finally, this chapter explore the role

water production volume will have on cost and sustainability.

3.2 Critical Metrics for Thermal Desalination

Thermal desalination technologies rely on phase-change in order separate salt from water.

This process is inherently energy intensive, resulting in low energy ef�ciency[23]. The

second-law ef�ciency is the critical metric used within the �eld of desalination to indicate

how close a technology is to the minimum least energy as de�ned by the Gibbs free energy

of separation for an in�nitesimal recovery [66, 67, 68]

� II =
_W min

least

_Wsep + _QH

�
1 � T0

TH

� =
lim

rr ! 0
_mp(gp � gb) � 1

rr (gf � gb)

_Wsep + _QH

�
1 � T0

TH

� (3.1)

whereg represents the speci�c Gibbs energy of the inlet and outlet �uids andrr the recovery

ratio de�ned as the ratio between produced water and feed water (_mp/ _mf). The subscripts

p, f, andb denotes the produced water, saline feed water, and the ef�uent concentrated

brine. The difference between the speci�c Gibbs energy of the inlet and outlet streams

represents the least work of separation in the limit of reversible operation. A combination

of energy balance and entropy balance derivates this expression. The useful exergy output

of a desalination system is the minimum least work of separation, de�ned as the least work

of separation under in�nitesimal recovery
�

lim
rr ! 0

�
[69]. _W sep is the power consumed by

the separation process (pumping, compression or direct electricity, depending on the de-

salination process studied) and_QH

�
1 � T0

TH

�
is the exergy of the heat consumed during
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the separation process with respect to the ambient temperature (T0) and heat source tem-

perature (TH). The use of exergy based metrics such as second-law ef�ciency allow one

to compare desalination systems independent of the energy required (electricity or heat).

The expected second-law ef�ciency for a thermal desalination technology (assuming zero

electricity consumption) operating in the range of typical standalone MED technology, re-

quiring between 50 to 67 kWh/m3 of speci�c thermal energy, ranges from 7% to 9% for

seawater (35 g/kg) using steam at 100°C [66]. To put this into context, the expected second-

law ef�ciency for electricity-driven reverse osmosis (non-thermal) technology is between

10% and 20% for seawater, with the speci�c energy consumption ranging from 2.5 to 5

kWh/m3 depending on the system con�guration (i.e., energy recovery) [66]. The potential

method to close the gap is to enable thermal desalination to make use of high-temperature

energy (Equation 3.1). Indirectly using high-temperature heat sources, such as the waste

heat of the high-temperature power cycles, can also increase the second-law ef�ciency of

the overall system (i.e., power block + thermal desalination unit).

In addition to the second-law ef�ciency, the gained output ratio (GOR),

GOR =
_mphfg

_Qdesal;in
(3.2)

which is the ratio between the latent heat of the produced freshwater (hfg) and the input

thermal energy (_Qdesal,in) is an important performance metric [70]. The GOR measures how

many times the latent heat is captured in condensation and re-used in a subsequent evap-

oration process at lower operating pressures and boiling temperatures [66]. A plant GOR

is typically between 6-9 for a commercial standalone multi-stage �ash (MSF) system and

10-13 for multi-effect distillation (MED) system [66]. Strategies to improve the thermody-

namic ef�ciency and GOR of thermal desalination plants center on re-utilization of latent

heat within the system. The use of multi-effects (or stages) is one approach employed to

reuse waste heat from a separation process in a new sub-process. Each sequential stage has

a minimum temperature difference to maximize the thermodynamic ef�ciency and GOR
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while increasing the heat transfer. However, there are also practical limitations associated

with increasing the number of system components and stages, which constrain the max-

imum attainable GOR and thermodynamic ef�ciency. Adding more effects increases the

cost of the system but also decreases the temperature difference between each stage, which

is the main driving force in these systems.

Conventional thermal desalination systems (MED, MSF, humidi�cation-dehumidi�cation)

also require energy in the form of electricity for compression and pumping. This results

in a further reduction in the maximum second-law ef�ciency to less than 7% [66]. Thus,

in order to compare the capacity of thermal desalination technologies, it is necessary to

account for both forms of energy (electricity and heat) due to the differences in the qual-

ity of the energy source [67]. Second-law ef�ciency and the Universal Performance Ratio

(UPR) proposed in recent years [71] are metrics that allow comparison between technolo-

gies considering the quality of the energy source. However, both require a detailed exergy

analysis to convert thermal energy consumption into equivalent work[67]. Due to the lack

of reported data for heat source temperature in open literature, it is necessary to account for

an equivalent conversion of thermal energy into electricity when Carnot ef�ciency cannot

be estimated. In these cases, this study propose an adapted form of the Universal Perfor-

mance Ratio called Equivalent Universal Performance Ratio (UPRequiv), which considers

the reference latent heat of evaporation and speci�c equivalent electricity consumption as

follows

UPRequiv =
href

CFkJ;kW h SECequiv
(3.3)

where href is a constant benchmark value representing the speci�c enthalpy of evapora-

tion at 73°C (2326 kJ/kg), CFkJ,kWh is a conversion factor for kJ/kg to kWh/m3 equal to

3.6. SECequiv , the speci�c equivalent electricity consumption of the desalination system in
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kWh/m3, is de�ned as

SECequiv = SEEC + STEC � � cdt (3.4)

where SEEC (kWhelec/m3) and STEC (kWh/m3) are the speci�c electricity and thermal

energy consumption, and� cdt is the average electricity generation, distribution and trans-

mission ef�ciency (33% in the US) used for obtaining the electrical equivalent of thermal

energy [72]. A high UPRequiv indicates an improved performance. UPRequiv represents

an alternative for comparing technologies, but it lacks precision when comparing systems

driven by different primary energy sources [67]. However, to the author's knowledge, there

is a lack of a solid universal metric allowing comparison of desalination systems when

driven by different primary energy sources, especially when considering renewable energy

sources.

GOR is inversely proportional to STEC and function of latent heat of evaporation (href).

Therefore the limitations outlined for GOR also constrain the UPRequiv. With the rapid pace

of renewable thermal energy, these chief considerations associated with traditional thermal

desalination systems (high thermodynamic ef�ciency, GOR, UPRequiv), are less likely to

solely guide decision makers. This is because with solar-thermal desalination systems, heat

is produced through renewable energy rather than fossil fuels. Thus, the value proposition

of the lost energy is less signi�cant. Next section highlights alternative metrics which may

drive decision makers.

3.3 Critical Metrics for Solar-Thermal Desalination

Solar-thermal desalination technologies rely on the capture of solar radiation in order to

drive water phase-change to separate salt from water. Ef�cient capture and conversion

of thermal energy is still important for solar-thermal desalination, as inef�cient use will

increase footprint and capital cost. Thus, decreasing the energy consumption to reduce the
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Figure 3.1: System composition and critical metrics evaluating energy, economic and social
bene�t performance for solar-thermal desalination.

capital investment is critical to enable widespread adoption of solar-thermal desalination

systems and technologies. The gain output ratio of solar thermal desalination (GORSTD)

is de�ned as the ratio of the latent heat of produced water (or the enthalpy required to

evaporate the distillate) to the input solar energy (_Qc,in). Fundamentally, GORSTD is a

function of the thermal ef�ciency of the solar collector (� c), the heat transfer ef�ciency

(� t ) from collector to desalination systems (� t is 1 for direct solar-thermal desalination

technologies like solar still, and photothermal membrane distillation), and the gain output

ratio (GOR) (Figure 3.1).

GORST D =
_mphfg

_Qc;in
= � c� t

_mphfg

_Qdesal;in
= � c� tGOR (3.5)

For solar thermal desalination, GOR takes into account all the thermal energy entering

the desalination device into account [67], while GORSTD is the metric evaluating the solar

energy input. While the ef�ciencies of the solar collector and collector-to-desalination

heat transfer ef�ciency are always less than one, deploying a well-designed multi-stage

desalination system with latent heat recovery may increase GOR to greater than 10 [72].

The speci�c water productivity (SWP) [73], de�ned as the mass of water produced
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per solar radiation area per time, is a key solar-to-water metric for measuring the overall

performance of a solar-thermal desalination system in experiments. SWP is useful for

making technoeconomic considerations since it combines both the environmental factor

(solar radiation) and overall system performance.

SWP =
E

hfg
GORST D =

E
hfg

� c� tGOR (3.6)

where E is the solar irradiance (kW/m2), hfg is the latent heat of evaporation,� c the ef�-

ciency of solar collector system for converting solar energy into thermal, and� t the heat

transfer ef�ciency for evaporating water using thermal energy. SWP compares how ef�-

ciently solar radiation is used to produce freshwater. When this metric can not be measured

or calculated, the UPRequiv is suitable as an alternative. However, as earlier mentioned,

UPRequiv can not be used as a sole comparison tool, but as a complement for a detailed

analysis, since it lacks precision when considering different energy sources.

A techno-economic evaluation of solar-thermal desalination is most closely tied to

the solar �eld capital cost and plant economic performance. The levelized cost of water

(LCOW) in the unit of $/m3 evaluates the cost of each cubic meter of produced water over

the entire life. This is a suitable economic measure which can be easily compared with

other desalination technologies (Figure 3.1). LCOW is expressed as the ratio of the total

annualized cost of the solar desalination system over the annual freshwater production. The

total annualized cost considers capital (CC), operation and maintenance (CO&M ) , and fuel

(Cfuel) annualized costs, the latter considers electrical and thermal energy consumption cost

[74]. The annual freshwater production depends on the capacity factor of the plant and the

nominal water production.

LCOW =
CRF � CC + CO& M + Cfuel

CFST D VST D
(3.7)
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CRF =
kd(1 + kd)yrs

(1 + kd)yrs � 1
(3.8)

where CRF is the Capital Recovery Factor applied for annualizing in equal parts the total

Capital Cost expenditures (CC) of the system, with the discount rate (kd) and the lifetime

of the system (yrs) [75]. The use of solar energy reduces fuel costs (Cfuel) to even zero for

systems without fossil backup[76], yet solar driven desalination system traditionally have

higher capital cost which more strongly in�uences the LCOW [77]. CFSTD is the capacity

factor of the solar desalination plant de�ned as the ratio between the current annual pro-

duction and the nominal freshwater production (VSTD). Thermal energy storage enables a

larger capacity factor for solar-thermal desalination while maintaining the capacity cost of

the desalination subsystem. Meanwhile, as the solar collector size increases for a larger

amount of water production, the installation unit capital cost (per energy capacity) de-

creases [78]. Therefore, deploying low-cost thermal energy storage can reduce the LCOW

(Equation 3.7).

It is important to take environmental implications and social costs into account as indi-

cators for solar-thermal desalination systems. This is accomplished through estimation of

CO2 emission abatement, de�ned as the difference between carbon emissions of a solar-

thermal desalination system with the hypothetical same system operated with fossil fuels.

CO2 emission abatement bene�ts population through the reduction of carbon levels in the

air. The social cost of carbon (SCC) aids in estimating this bene�t, since the SCC represents

the long term damage of emitting one additional ton of CO2 has been quanti�ed to be 42

$/tonCO2 (Figure 3.1) [79]. Through multiplying the CO2 emission abatement by the SCC,

the social economic bene�t per cubic meter of freshwater produced can be added into the

techneconomic model. Thus, a full evaluation of a solar-thermal desalination system must

not only evaluate the system performance (GORSTD, SWP and UPRequiv), but must evaluate

the technoeconomics (LCOW), and environmental bene�ts (CO2 emission abatement and

social bene�t).
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3.4 Approaches to overcome chief limitations

Concentrated solar (CS) technologies produce high-quality thermal energy above 200°C

by adopting a series of re�ective surfaces to redirect solar beam onto tubular (e.g., com-

pound parabolic concentrator, linear Fresnel re�ector, and parabolic through concentrator)

or focal-point absorbers (e.g., parabolic dish and solar tower) [80]. However, the state-of-

the-art thermal desalination technologies operate at a much lower temperature range (e.g.,

70°C of multi-effect distillation and 110°C of multi-stage �ash [81]) in order to avoid the

soft scale components (such as magnesium, calcium, and sulfate ions) from degrading the

system. Thus, direct integration of high-quality heat sources from concentrated solar tech-

nologies (CS) with a low-temperature desalination system result in substantial exergy losses

[82]. The solar-thermal desalination technologies operating within restricted temperature

range suffer from low energy performance (GORSTD) due to insuf�cient latent heat recov-

ery, and the thermodynamic and economic challenges are exacerbated. Finally, coupling

a thermal desalination plant with a solar system introduces additional losses (� c and� t ) in

the solar collector and the heat transfer process (Equation 3.5).

Exergy cascade utilization approach plays a signi�cant role in engineering next-generation

CS-desalination systems that overcome these known thermal and economic limitations.

Exergy cascade utilization enables an effective integration of low-temperature thermal de-

salination systems with high-temperature CS collectors by cascading and distributing the

harvested high-quality thermal energy to thermal applications at varied temperature ranges

(Figure 3.3a). Exergy cascade utilization for integrating high-temperature CS technologies

with desalination systems can be mainly categorized into (a) electricity + heat, (b) heat +

heat, and (c) boosting stage/effect-level exergy cascade utilization with pretreatment ac-

cording to the purposes of the cascaded energy applications at varied temperature ranges

(Figure 3.2).

(a) Electricity + heat: A concentrated solar power (CSP) cogeneration plant which

25



Figure 3.2: Three major approaches to overcome chief limitations of solar-thermal desali-
nation: (a) electricity + heat, (b) heat + heat, and (c) boosting stage/effect-level exergy
cascade utilization by raising feeds in a higher temperature without scaling with enhanced
pretreatment.

produces electricity and waste heat is a system-level exergy cascade utilization approach

that avoids large exergy losses associated with CS-desalination systems [83, 84, 85]. This

electricity + heat exergy cascade is especially applicable for the high concentration ratio

CS technologies (e.g., solar tower) which ef�ciently produce electricity (Figure 3.2). The

low-temperature waste heat from the power cycle drives the desalination system with the

matching energy-quality requirement. The CSP cogeneration plant bene�ts from the per-

spectives of economy and synergy. The integrated low-temperature desalination system

may replace the cooling condenser (accounts for� 3% of plant investment cost [86]) of

the CSP power plant and the desalination system shares the capital cost of the solar �eld

with the power block. Furthermore, in such a system, the desalination system produces the

freshwater to meet the power block water demand onsite, the power block can effectively

deliver electricity to desalination auxiliary components (pumps and control system).

The CSP cogeneration scheme does not necessarily improve the energy related perfor-

mance metrics associated with the desalination system (GOR, SWP and UPRequiv). How-

ever, the high production volumes allow for improvements in economic-related perfor-

mance metrics (LCOW). There is a growing number of works that examine the various

power cycles (e.g., Rankine cycle sCO2 Brayton cycle [87, 88], steam Rankine cycle [89],
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and regenerative Rankine cycle [90], etc.) and the integration points of low-temperature de-

salination [91] for enhancing overall thermal-economic performance of CSP cogeneration

plant. Other than cogeneration plant (electricity + desalination), the electricity + heat ex-

ergy cascade utilization approach can also be deployed for only freshwater production. The

power produced by high-temperature CS technologies may drive desalination systems that

consume electricity (e.g., reverse osmosis [85] and mechanical vapor compression [92]).

The power can also drive heat pumps to raise the energy quality of waste heat or ambient

so as to match the operating temperature of thermal desalination process [82, 93].

(b) Heat + heat: The high-temperature CS technologies (> 600°C) require costly high-

accuracy re�ector tracking systems and more complex (e.g., molten salt) pipeline designs

for reducing optical losses and maintaining continuous operation [94]. Therefore, it is

worth exploring the solar desalination design schemes for CS systems with a lower op-

erating temperature range (< 300°C), which produce electricity less ef�ciently. The CS

technologies may cascade the collected heat to multiple thermal desalination systems (i.e.,

heat + heat hybrid desalination) (Figure 3.3a). In this work, hybrid refers to systems that

take advantage of the exergy cascade utilization principle combining multiple desalination

or water treatment (i.e., enhanced pretreatment) technologies together. The hybridization

scheme expands the operating temperature range of desalination system by combining dif-

ferent desalination technologies based on the high operational temperature (Figure 3.2),

increasing the level of latent heat recovery, and making use of high-temperature energy

sources from CS technologies.

The exergy �ow within the heat + heat hybridization scheme (Figure 3.3a) illustrates the

exergy cascade utilization principle. Losses and destruction occur as the exergy �ow from

solar radiation (exergy factor� of � 0:93[95]) crossing the solar system and temperature-

cascade desalination sub-systems (exergy factor de�ned by Carnot ef�ciency [95]). Each

desalination sub-system utilizes energy according to its energy quality requirement (tem-

perature boundary conditions). In principle, high-grade energy from a CS collector can be
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integrated with a high-temperature desalination unit, and waste heat from that unit can be

recovered to initiate rapid vaporization in a low-temperature desalination sub-system (Fig-

ure 3.3b). Furthermore, the sensible heat of produced freshwater can be recycled to preheat

the feedwater.

(c) Boosting stage/effect-level exergy cascade utilization with pretreatment:Hy-

bridizing pretreatment prior to thermal desalination systems can also extend the operating

temperature window(Figure 3.2) . Pretreatment methods can remove mineral components,

alleviating the scaling formation in the concentrated brine at high temperatures [96]. The

higher top brine temperature (temperature of the preheated feedwater entering the �rst

stage) of the desalination systems can improve the stage/effect-level exergy cascade uti-

lization (i.e., more latent heat recuperation times) and utilize higher quality thermal energy

from CS technologies. Hybridizing nano�ltration (NF) into multi-effect distillation (MED)

as a pretreatment method can extend the top brine temperature from 65°C to 125°C, en-

abling more number of effects for recovering latent heat [4]. A lab-scale solar-NF-MSF

demonstrate water production rates nearing 1 m3/day and a GOR of 15. These values are

nearly double of the state-of-the-art MSF systems[97]. The exergy cascade utilization de-

sign method makes use of high-temperature CS technologies, fully utilizes varying quality

energy, and increases the latent heat recovery and recovery ratio. The three approaches

mentioned above can collaborate to further improve water production volume and cope

with dynamic water and power demands. Despite the promise of exergy cascade utilization

design principles, there are only a limited number of theoretical and experimental studies

(especially for heat + heat approach) that apply these principles to solar desalination [98].

3.5 Current state of solar-thermal hybrid systems

This section evaluates the current state of solar-thermal hybrid systems based on LCOW,

UPR, carbon emissions, and social cost of carbon through a literature review and compared

it with non-hybrid desalination technologies. Non-hybrid refers to a sole thermal desalina-

28



Figure 3.3: Thermodynamic explanations for a simpli�ed solar hybrid desalination system
consist of high- (150°C), medium- (110°C), and low-temperature (70°C) desalination tech-
nologies.

tion technology driven by solar energy, while hybrid refers to the same thermal desalination

technology operating in combination with other desalination/water technologies for further

or previous treatment. Reported production values range from very small demonstrations

to large scale (Figure 3.4). Very small systems produce less than 1 m3/d (suitable for lab

scale, pilots, or a family use), small scale plants produce less than 10 m3/d (suitable for

small villages), medium scale plants produce less than 1000 m3/d (suitable for towns or

villages) and large scale plants produces more than 1000 m3/d (suitable for municipal ap-

plications)[99]. The economic bene�t of solar thermal desalination systems depends on

the desalination technology (hybrid or non-hybrid) and the plant capacity with. There is

greater bene�t for solar hybrid desalination at large scale systems (� 1000 m3/day) [98,

99, 100]. At this scale, theoretical studies on solar hybridized MED-based plants suggest

that the LCOW may range from 3.09 to 0.45 $/m3. This is a lower LCOW than non-

hybrid solar-MED systems (Figure 3.4a) [99] and fossil-fueled MED systems (0.52 - 1.5

$/m3 for MED)[72]. The hybrid system with the lowest LCOW reported is a CSP co-

generation system producing power with high-quality energy to drive a reverse osmosis

(RO) and releasing low-quality waste heat to drive a hybrid MED-TVC. The thermal vapor

compression (TVC) enables the sensible heat recovery from the produced steam, acting as
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a high-temperature heat source for the MED system at a lower energy consumption[92].

This multi-system hybrid plant (combining electricity + heat and heat + heat approaches)

produces 7600 m3/day at a cost of 0.45$/m3[101].

For very small scale capacity (� 1 m3/day), a HDH systems (yellow points on Fig

4a) achieves a LCOW reduction as production increase without accountable bene�t for hy-

bridization. The hybrid method (integrated with single water �ash [102] or solar still [103])

is not able to increase water production enough to decrease LCOW when compared with

non-hybrid solar HDH systems (Figure 3.4a). Solar hybrid MSF systems achieved a LCOW

comparable to a theoretical model for solar non-hybrid MSF, but on a much smaller scale.

These experimental systems combine MSF with RO (electricity + heat approach)[104] and

offer promising results that have potential economic bene�ts for modularization of solar

desalination.

The system con�guration, capacity, and speci�c electricity and thermal energy con-

sumption (SEEC and STEC) all affect the UPRequiv (Figure 3.4b). There is a slight increase

in UPRequiv with the plant size. At a large scale and assuming a low SEEC consumption

of 1.5 kWhelect/m3 [72], CS-MED hybridizing with TVC subsystem (heat + heat approach)

can achieve a higher UPRequiv compared with non-hybrid MED systems [105, 106]. While

the use of hybrid Humidi�cation-Dehumidi�cation (HDH) (HDH) or MSF systems does

not noticeably decreases LCOW compared with its non-hybrid counterparts in low scale

systems (Figure 3.4a), their UPRequiv values reach� 30, which are higher than any other

non-hybrid solar thermal system (Figure 3.4b).

The high UPRequiv and water production rate of CS-hybrid MEDs reduces carbon emis-

sions. A solar hybrid HDH system has higher opportunities with low CO2 emissions, com-

parable with hybrid MED due to the low electrical pump work requirement (SEEC). How-

ever, this technology is still in the pilot or lab scale phase and thus is only suitable for very

small scale water demand (Figure 3.4c). The difference between carbon emissions from

these solar hybrid systems with the current estimated environmental impact of desalina-
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tion systems (25 kgCO2/m3)[107] allows one to estimate the CO2 abatement social bene�t

through the social cost of carbon (SCC). CO2 emissions for a concentrate solar heat sys-

tem (CSH) are� 5.98 gCO2/kWhthermal. Multiplying carbon emissions savings by the SCC

provides the social economic bene�t per cubic meter of freshwater produced (Figure 3.4d).

Allocating the social bene�t to LCOW provides a possible reduction of the produced wa-

ter. Under this point of comparison, small scale solar hybrid desalination systems offer the

higher social bene�t (1.15 $/m3) when compared with non-hybrid systems, and equal ben-

e�ts to large-scale solar hybrid MED plants. This indicates that solar hybrid desalination

involving exergy cascade utilization principle is a suitable alternative for producing fresh-

water with a lower impact in the environment independent of the capacity needs and with

a social bene�t associated. Some desalination technologies have not yet been integrated in

hybrid systems such as directional solvent extraction (DSE). DSE is a thermal-desalination

process without phase change [108], and offers signi�cant opportunities for energy sav-

ings. The all-liquid-phase process utilizes solvents to extract freshwater out of saline water

and release it as the solvents cool down. DSE operates at low-temperature (45°C), present-

ing the potential to integrate DSE in the heat + heat exergy cascade utilization approach

(Figure 3.3a and Figure 3.3b). In addition, the high-temperature heat source for future

hybridization designs will not be limited to concentrating solar collectors. Both solar ther-

mochemical processing [109] and thermal industrial process heat [110] may integrate with

hybrid thermal desalination technologies of large-temperature windows.

3.6 From theory to reality

The principle of exergy cascade utilization implies that each sub-system (e.g. desalination

unit) operates at a different temperature. Combining multiple desalination systems that

operate at high and low temperatures enables the integration of high-quality concentrated

solar thermal energy and energy performance improvement of the water production. While

simple in theory, hybridizing systems with various operating temperatures is challenging.
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There are four types of streams to consider in designing the CS-hybrid desalination system

(with heat + heat exergy cascade utilization approach). The heat transfer �uid transmits

the thermal energy collected by the solar system to the desalination device. Fluids at dif-

ferent parts of the desalination plant can be categorized as freshwater (product), feedwater

(initial), and brine (product). Brine at high temperature is prone to scale formation, which

may degrade system performance and increase maintenance costs [4]. Sending the brine

Figure 3.4: The comparison between solar driven thermal desalination systems operating
hybridized (pre�x H) and non-hybrid (i.e., the sole desalination technology) as a function
of daily water production (Table 1). LCOW (a), Universal Performance Ratio equivalent
(UPRequiv) (b), Carbon emissions associated with thermal energy consumption (c) and so-
cial bene�t of CO2 emissions abatement (d). The thermal desalination technologies con-
sidered were humidi�cation dehumidi�cation (HDH), multi-effect distillation (MED) and
multi-stage �ash (MSF) [98, 99, 111]. We assume low energy intensity values for cur-
rent typical desalination [72] when electricity consumption is not reported in literature (1.5
kWhelect/m3 for MED, 2.5 kWhelect/m3 for MSF, 0.09 kWhelect/m3 for HDH producing less
than 0.01 m3/day and 0.4 kWhelect/m3 for HDH producing above 0.01 m3/day) [72, 103,
112].
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to the desalination unit that is less prone to scaling (i.e., operate at a lower temperature) is

one strategy to mitigate this dynamic. High-temperature freshwater from higher tempera-

ture units can either perform as a heat source to the other desalination units or help preheat

saline water to lower the energy consumption. The waste heat in the ef�uent brine from one

desalination unit can initiate the other unit's desalination process. Therefore, it is neces-

sary to consider the function of various streams in order to design a CS-hybrid desalination

system. Different �uid streams forms a topological network. Figure 3.5 demonstrates an

example of a hybrid desalination system engineered with exergy cascade utilization princi-

ples. A parabolic trough collector (PTC) operates around 200°C and drives a desalination

plant comprised of three sub-units. The three sub-units include: (1) an adsorption desali-

nation (AD) unit, (2) a multi-effect humidi�cation dehumidi�cation unit (MEH), and a (3)

multi-effect distillation (MED) system. The PTC supplies the high-temperature thermal

energy to the AD unit with absorbent material of a high regeneration temperature (e.g.,

active Alumina of 120-260°C [113]). Therefore, the absorbed water turns into superheated

steam exchanges heat with dry air within the MEH unit. A compressor may be required

to ensure the vapor temperature above� 110°C so that it can release both the sensible and

condensation heat at the water-air heat exchanger. The liquid with remaining sensible heat

(� 70°C) performs as the motive steam to the MED unit. Though the vapor �ows from

high-temperature to low-temperature units, the overall design of brine �ow presents a trend

of low-temperature corresponding to high salinity. The detailed design should consider

the salinity tolerance and operating temperature of each desalination technology (and even

specify into each evaporation effect). For example, the high-temperature adsorbent beds of

AD are separated from the low-temperature brine tank. As the low-temperature brine runs

through the coil within the adsorbent bed, cooled adsorbent becomes hydrophilic and starts

to adsorb vapor from the low-temperature (� 50°C) brine tank. Therefore, it can process

the brine ef�uent with high salinity from the MED unit. Meanwhile, the design of brine

�ow may take advantage of the waste heat from the concentrated brine. For instance, the
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Figure 3.5: Schematic diagram of a topological solar thermal desalination model that con-
sists of concentrating solar collector (parabolic trough concentrator), high- (adsorption de-
salination), medium- (multi-effect humidi�cation dehumidi�cation), and low-temperature
(multi-effect distillation) technologies. Incorporating different operating temperatures of
desalination units enables exergy cascade utilization and improves overall water produc-
tion performance.

brine �ows from the lower temperature effect of MEH can be directly introduced the MED

to reduce the energy consumption.The proposed topological system that consists of differ-

ent desalination units makes use of exergy in a cascading manner. It provides a potential

route to improve energy performance (GORSTD) drastically. Introducing more distillate

stages/effects by sacri�cing driving potential or/and a pretreatment method (e.g., nano�l-

tration [114]) to broaden the temperature window can further improve the performance.

3.7 Optimization methodologies:

After designing a novel CS-hybrid desalination system based on the exergy cascade utiliza-

tion principles, it is necessary for future plant designers to carry out optimization method-

ologies in order to improve the energy, exergy, economic and environmental performance.

To elevate the energy performance (GORSTD), designers may deploy a solar tracking sys-
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