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ABSTRACT

Desalination a primary technique to overcome the issue of water scarcity is currently the focus of
the research community. One of the challenging issues faced concerning the basic needs of man-
kind is water scarcity and the world can never say no to water, as it is an elixir of life. South Africa’s
“Day Zero” insists on the need for water preservation as well as the effective utilization of water.
Reduction of wastage though serves as one of the ways to overcome the water scarcity, the genera-
tion of water effectively from the enormous saltwater available is the ultimate choice. The research-
er’s focus is currently on improving the efficiency of desalination and hence the conversion rate.
This proposed analysis focuses on consolidating the existing artificial intelligence based desali-
nation techniques as well as forecasting the significance and outcome of those techniques with the
aid of patent landscape analysis, which proves to be the novel part of this article as well.
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1. Introduction

The necessity of water is always in the demanding phase
and that affects many countries worldwide. The “Water
World” magazine provides the fact that the scarcity in the
Middle East doubles in the year 2040 and a few parts of
the US and China also get affected by water scarcity [1].
Maybe the reason behind the scarcity is varied we need a
common solution to over this. Table 1 provides us multi-vari-
ate conclusion that the demand since 2030 will be an alarm-
ing factor amidst a negligible change in supply and increase
of population in the specific region of the Middle East.

The scenario of water demand in the Middle East
urged to take steps on investing fuel in the desalination
process, wherein fuel is their major resource. Sustainable
development is instituted as a part of that, harvesting the
freshwater for a better life is incorporated [3] (Table 2).

It is a well-known fact that even though a major portion
of the world is covered by water bodies, a comparatively
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less percentage is freshwater. The increase in demand for
water across the world drives them to involve in the desali-
nation process. From Fig. 1 it is found that among various
countries across the world involved in the desalination
process, the Middle East remains the major contributor.
Also, it is evident that the interest and involvement of the
nations across the world in the process of desalination,
insists researchers work towards the analysis of desalination
techniques. Finally ends up in optimization of the desali-
nation process, which is achieved with the assistance of Al
techniques. The following section of the article is aimed at
providing insight into the future of desalination by elabo-
rating on various Al-based desalination techniques.

2. Al techniques for desalination

The volume of data and uncertainty of parameters for
desalination make the involvement of Al techniques to a
greater extent. Among the various desalination models,
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the following four models with a primary focus on Al
namely the hydrate model, sustainability optimization
model, reverse osmosis model, and graphene nanopore are
predominant.

2.1. Hydrate model

The two adaptive intelligence models that are based on
an adaptive-network-based fuzzy inference system (ANFIS)
along with support vector machine (SVM) techniques are
established to effectively predict the desalination efficiency
of water produced by a hydrate-based desalination treat-
ment process. For determining the optimal values of SVM
sample coefficients, a genetic algorithm is used for evolu-
tionary optimization. The compressed natural gas and CO,
hydrate generation tests were carried out and the desali-
nation capacity of the produced water was measured and

Table 1
Prediction of water demand up to 2050 in the Kingdom of Saudi
Arabia [2]

Countries Population x 10° ~ Water production  Year
(m?/d) x 10°
Demand  Supply
Kingdom of 20 4 6 2000
Saudi Arabia 27.5 7.5 12 2010
32 12 16 2020
37 19.5 17 2030
41 29 17 2040
44 41 17 2050

used for sample training and verification. On the com-
pletion of model development, graphical and statistical
analysis approaches have been used to evaluate the per-
formance of the recommended samples by comparing the
sample predictions with the measured test data. For the
ANFIS model, the coefficient of determination (R?) along
with the average absolute relative error (AARE) has been
calculated as 0.9927 and 0.58% correspondingly, and for
the SVM model, the values obtained are 0.9985 and 0.35%
correspondingly. These statistical factors confirm the best
accuracy along with the robustness of intelligent simula-
tions and hence help in envisaging the desalination perfor-
mance of water produced by a hydrate-based desalination
treatment process. Furthermore, the influence of this sta-
tistical technique has been adopted to define the outline.
The results obtained show that all test data are reliable and
both ANFIS and SVM models are statistically valid [5].

Table 2
Worldwide contribution in desalination [4]

S. No. Country In percentage
1 Kingdom of Saudi Arabia 18

2. USA 17.8

3. United Arabic Emirates 16.66

4. Spain 7.64

5. Kuwait 6.46

6. Qatar 3.39

7. Oman 1.38

8 Bahrain 1.32

9. Others 27.35

EN
Initial Salinity

Fuzzification

Gas Equilibrium Pressure

Fig. 1. Optimising the desalination process using ANFIS [5].

Desalination efficiency
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Optimizing the desalination
process using ANFIS
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ANFIS along with the SVM techniques were first used
to model the hydrate-based desalination process. The desali-
nation efficiency is predicted by taking the initial salinity of
the produced water and the gas hydrate equilibrium pres-
sure as input parameters. To create the mock-up structure,
the hydrate pre-test method is used to measure the desali-
nation capacity of various salinized water in the presence
of CNG as well as CO,. The genetic algorithm is used as an
evolutionary optimization technique to obtain adjustable
parameters of the SVM model. The reliability of the pro-
posed models is evaluated by comparing the sample predic-
tions with the measured test data and by the calculation of
statistical parameters including such as MSE, AARE as well
as R2. The MSE and AARE of the ANFIS model are found to
have the desalination competence of 0.2412 and 0.58%, cor-
respondingly, with a high value of R* as 0.9927. The values
of AARE, MSE, and R? for the SVM technique were found
to be 0.35%, 0.0843, and 0.9985 correspondingly. These sta-
tistical criteria depict the ideal agreement of ANFIS along
with the SVM sample forecasts with test data. Tough the
SVM method is found to be moderately better than the
ANFIS technique, both the proposed intelligent models
can be used with greater accuracy to simulate the hydrate-
based desalination process. Further, external analysis is
done based on the alien technique to assess the accuracy of
the implemented data. The results found reveal that all the
measured data are reliable as well as that both developed
models are statistically correct and acceptable [5].

2.2. Sustainability optimization model

Currently, water desalination has been on the upswing
worldwide. The factors such as planning and technical deci-
sions have better significance for the strategic systems, where
many plants have been contracted constantly. The divergent
desalination combinations based on multiple performance
metrics applied over factors such as locations, capabilities,
and energy sources were analyzed using Al techniques and
proposed for decision-makers to make wise investments.
Thus, determining the location of optimal stations and the
efficiency of the water desalination system for future expec-
tations. Even further smart results choose a few existing
and recommended planting optimal desalination technol-
ogies. In addition, a forum for decision-makers that could
help in configuring the pipe network and moving water

Technology category Technology type

Environmental impact Design capacity

Network structure

distribution capacity

Capital costs

Energy Source .
Energy consumption

Fig. 2. Proposed idea of using Al for desalination [6].
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between planting sites is provided by Al techniques. The
work proposed is a better way to escalate the strategic deci-
sion-making process for the finest water desalination facility.
The system proposes a set of Al replacements for numerous
desalination plants. The alternative solutions are provided
by the decision support systems and tools, but they are
incomplete. Hence the proposed work also provides a sys-
tematic decision-making process to validate multiple water
desalination alternatives, considering the intelligent water
pumping network and the pumping of water through each
location. The case study of Jordan which is a starting coun-
try in desalination is tested with the projected work and the
results illustrate where economic and environmental bene-
fits occur and demonstrate how Al techniques can provide
the optimal settings for the desalination process to decision-
makers.

Jordan’s case study is found to have used several Al
techniques for decision making in the strategic planning of
desalination facilities and a significant factor in environ-
mental considerations is highlighted. Further, an algorithm
to improve the desalination process is projected and used
to clarify Jordan’s case study. The projected method could
enable smart sustainable and financial development for
desalination installation with the help of Al techniques, by
decision-makers and individuals in Jordan. The proposed
system hence also offers a better solution to the issue of water
scarcity in Jordan, which exploits excess wastewater to pro-
duce efficient planting methods [6]. It is shown in the Fig. 2.

2.3. Reverse osmosis model

The process of desalination of salty water and seawater is
found to be the main source of the countries that suffer from
scarcity of rainwater and are destitute of rivers and lakes.
Removal of saltwater is done using a variety of techniques
like multi-stage flash filtration, reverse osmosis, membrane
filtration, electrolysis reversal, solar evaporation, and so on.
The very popular technique is reverse osmosis (RO) as it has
a simpler design and is economical due to factors such as
low energy, low operating temperature, and low water pro-
duction costs. Al techniques like artificial neural networks
(ANN), as well as support vector regression (SVR), are used
for reverse osmosis dewatering. The input parameters of the
samples include sodium chloride concentration, feed tem-
perature as well as pressure. The output parameter is the

Smart Al enabling
desalination sustainability

optimization



36 M. Priyadharshini, D. Balaji / Desalination and Water Treatment 261 (2022) 33—41

penetration rate. The experimental data are assessed and
verified against Al-based models. These Al-centred models
are further equated with the extensively utilized multiple
linear regression (MLR) over the virgin test (unseen) data-
set based on statistical measures like AARE, R? coefficient
of determination, and so on. The SVR-based model demon-
strates a low value of AARE of 1.95% along with a value of
high R? of 0.9963 while its corresponding values for ANN
and MLR models are 9.35%, 52.04%, 0.9899, and 0.9157 cor-
respondingly. Thus, the structural risk minimization (SRM)
principle-based SVR model is found to be the best, most
accurate, and generalized in comparison to the empirical
risk minimization (ERM) based MLR and ANN models for
the saturate rate prediction. Furthermore, through these
Al techniques, exceptional predictions can be made for
the unseen data which not only diminishes the number of
experimentations to be done but also aid the more effective
design as well as fabrication of membrane-based desalination
unit [7].

2.4. Graphene nanopore

Nanoporous graphene has proven to be a strong candi-
date for water desalination applications. Its ultrathin thick-
ness makes energy-efficient water desalination possible. The
geometry of the hole on the graphene membrane plays a
significant role in its dewatering performance. In this work,
the nanopore geometry optimization method for graphene
membrane using deep reinforcement learning (DRL) was
proposed. The nanopore designed using DRL resembles the

Table 3
Al for desalination

Osirk Lake fractal shape located in Missouri, which enables
significant ion rejection while allowing maximum penetra-
tion. The DRL-designed ossicle-shaped hole is shown to have
a 10% higher ion rejection rate compared to circular holes
while allowing the same amount of water flow. The reason
for the high ionic rejection of the Oscar-shaped graphene
nanopores is that their shape limits the passage of hydrated
ions in certain areas within the hole [8].

The desalination process discussed above is powered by
Al techniques and the Table 3 gives the summarization of the
outcomes achieved by applying Al to the above desalination
process.

From the summarization provided in Table 3, bet-
ter results for the desalination process are achieved using
machine learning, neural networks, and fuzzy logic. The
efficiency is improved in terms of power saving, wastage
minimization, prediction, etc., and various Al-related tech-
niques that could benefit are identified namely ANN, Fuzzy,
Fuzzy reinforcement learning, etc. Fig. 3 could further pro-
vide us detail on the prediction of various domain-specific
parameters in various perspectives.

The general classification of desalination technologies is
physical and chemical methods [45] as presented in Fig. 4.

The design and operation of the seawater desalination
plant are complex due to various social and environmen-
tal factors based on the classification and Al techniques
that could serve better for decision making, parameter pre-
diction, parameter optimization, and control [44]. From
the analysis provided above ANN and GA has a higher
chance of optimizing the desalination process and could be

S. No. Description Technique Efficiency Reference
1 Flux, conductivity control for the reverse Model-free sliding mode and fuzzy - [9]
osmosis (RO) desalination controllers
2. RO plant efficacy is assessed based on total Multilayer perceptron hybrid with 52% [10]
dissolved solids (TDS) prediction particle swarm optimization
3. Active power filters are allocated Genetic algorithm (GA), and 25% power [11]
particle swarm optimization (PSO) saving
4. RO design Whale optimization algorithm - [12]
5. Ranking the sustainability Fuzzy logic — Mamdani 61%-70% Rank-  [13]
ing
6. Desalination flow control by tuning pro- Fuzzy reinforcement learning Improved [14]
portional integral derivative online
7. Optimization of membrane Al Minimizing [15]
waste
8. RO monitoring for a longer period Artificial neural network (ANN) with a Performance [16]
tree model analysis
9. Membrane physical state analysis Neural network Consistent [17]
10. Performance estimate ANN - [18]
11. Performance estimate of heat pump ANN Prediction is [19]
better
12. Multi-stage flashing optimization ANN - [20]
13. Water permeability assessment Neural network - [21]
14. Fault detection Machine learning 95% [22]
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Fig. 3. Operation over desalination by AI technique.

*VI

Artificial Neural
[Network - ANN

Prediction of performance
of RO [31,36]
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Reverse Osmosis
Electro dialysis

Membrane methods

Physical Methods

Chemical Methods

Hydrate process

Fig. 4. Schematic of desalination methods [44].

interpreted in the other way as the techniques suitable for
the renewable energy-driven desalination system.

3. Future of desalination — a landscape analysis

The volume of work in any field of research is measured
by the number of publications that are available as reviews
and implementation results. Today, Patents are considered

Multi stage flash

Multi-effect distillation

Vapour compression
Humidification / Dehumidification
Freezing

Adsorption desalination

to be one of the significant factors to analyze the research
work carried out and products being developed. The patent
landscape analysis is one of the ways to sight the growth
of any process under study. The patent landscape analysis
provides an update of day-to-day activities in the field when
compared to articles, and journals, in which case the upda-
tions are not so fast and also hard to consolidate the yearly
evolution and segregation and not flexible as with patent
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Table 4
Landscape analysis artificial intelligence-based desalination [41]

S. No. Country Major applicants Year-wise count
1. USA -85 Strong Force IoT Portfolio 2016 LLC - 55 2014-3

2. PCT - 34 Al Mazeedi Wael Faisal — 11 2015-5

3. EPO -4 Sampson Glenn A -5 2016 -4

4. Australia -3 Friesth Kevin Lee — 4 2017 -6

5. Canada -3 GDOInc. -4 2018 -31

6. China -2 Breakthrough Tech. LLC. -3 2019-32

7. Finland -1 Kevin Lee Friesth — 3 2020 - 20

8. Lone Gull Holdings, Ltd. -3 2021 -9

9. BTU Research LLC -2

EPO - European Patent Office — EPO; PCT — Patent Cooperation Treaty

/ Predictor
:
!
1

Controller

Machine
Learning
Module

First
Controller

Fig. 5. Al-controlled desalination [42].

database. The prediction is done based on the current trends
in filing the patents that focus on the process of desalination
during the year 2021. The graph below provides an insight
into the trend of desalination that uses Al The landscape
depicts that the USA is quite dominant in Al technology,
in particular in the field of desalination. No other country
is found to have such a considerable count. “Strong force

- Energy Storage Unit

Function

First Process .

Second Process

Product
Storage Unit

IoT portfolio 2016 LLC” is the applicant with a major con-
tribution of around 55 patents related to Al-based desalina-
tion, again the count is far from the competitors. It further
reveals that the experts in the domain know the implica-
tion of this technology in a varied domain, so considerable
research is in progress. The last decade filing reveals that
initially during 2014 it was sluggish and gradually there is
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Fig. 6. Al-based desalination [43].

a raise, but there was a sudden peak during the year 2018
and still, the count is progressive. It reveals the significance
of Al technology in the process of desalination. The land-
scape analysis gives a picture of the accelerating growth
when the latest technologies are being used for optimization.
The graphs are plotted as a result of the patent landscape
analysis based on three main parameters namely year of
publication, applicants, and publishing country.

The total count is 132 as per the record for the keyword
EN_ALL: (“artificial intelligence” “desalination”) with

“single-family member”, which means the same patent filed
in different countries is omitted and considered as one patent.

The patent analysis on desalination using Al reveals fur-
ther that the technologies developed by the Massachusetts
Institute of Technology (MIT), USA have potential scope
soon. A deep discussion on the technologies is provided
herewith. It is tabulated in Table 4.

3.1. Time-variant multi-stage control system

A control system that has power and energy controlled
at one or more levels. The initial controller is fixed at a level
that optimally separates power in-between as a minimum of
two processes to increase instantaneous output with the lim-
ited amount of power currently available. The electricity is
optimally separated between the ion exchange membranes
and the pumps, increasing the instantaneous production of
desalinated water for a certain amount of electricity using
electrodialysis reversal (EDR) desalination. An optional con-
troller at another level is fixed that separates the power that
is time-variant between the processes at the first level con-
troller and the storage unit based on energy, future power
availability, and performance forecast. In the case of EDR,
the electricity generated by the photovoltaic (PV) line is
divided between the EDR and the desalination process by the
battery, which is the future PV [42]. It is revealed in the Fig. 5.

3.2. Deformation-enhanced cleaning of fouled membranes

Controlled decomposition is some to perform enhanced
cleaning of a contaminated membrane, where-in a feed
mixture consisting of a solvent and dissolved components
flows to the retention side of a membrane block. The sol-
vent rushes through the membrane from the retention side
to the side of an infiltration or membrane block. When a
stain forms on both sides of the membrane, a driving force
is generated throughout the membrane, in which the mem-
brane responds by rotating back and forth or pulling to
the side, sideways. The stain-membrane interface caused
by membrane deformation is expelled from the membrane
via mechanical fatigue and is in contact with a spacer in
contact with the membrane [43]. It is revealed in the Fig. 6.

4. Summary and conclusion

The future and growth of the desalination process are
assessed with the aid of Al techniques. Al provides the
greatest support in assessing the performance of the desali-
nation process as well as could be used to optimize the
process. The desalination using Al techniques has various
advantages including reduction of wastage, increase in effi-
ciency, better prediction, and so on. The Al-based desalina-
tion is predicted to provide a measurable method providing
accurate and efficient techniques that could best suit the
desalination process by considering the various evaluation
parameters. The proposed review is aimed at providing the
statistical validations that could guide the researchers to
focus on the optimization of the desalination techniques to
prevent the issue of water scarcity instead of a blind fixa-
tion on suitable techniques. The patent landscape analysis
makes focuses on the research progress and hence depicts
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the growth of technology not only for the desalination pro-
cess but also in evaluating the process. The combination
of classical modeling methods and Al tools or techniques
could generate a higher potential to enable optimal oper-
ations, in complex operating environments particularly.
The scope of a hybrid intelligent system is growing popu-
lar in recent years, as more real-world complex problems
could be handled easier and better.
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