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Membrane distillation (MD) technology is increasingly gaining attention as an environmentally sustainable water
treatment method of emerging interest. During last three decades there has been wide efforts to model and
improve the performance of this technology. In this study we examine both the mathematical and computational
modeling methods used in MD with a data-driven method. To gather the dataset, a broad range of terms related
with theoretical modeling of MD were searched in the Scopus database. The collection consists of 526 documents
including 116 journals, 14,291 references used by authors, 1252 involved authors and 29.47 % international co-
authorship rate. The overall pattern of publications is found to increase over time indicating the enhancing
interest on theoretical modeling of MD process. Journal of Membrane Science and Desalination are the top two
journals publishing theoretical modeling of MD, with 105 and 100 articles, respectively. Dr. Ghaffour N.
contributed with the highest number of articles, 24; and Dr. Khayet M. has the highest articles fractionalized
value with 7.08. The dataset was categorized first into mathematical and computational modeling, then into the
used mass transport approaches through membrane hydrophobic pores. Recently, in MD field computational
modeling has been considered more than mathematical modeling. The combined Knudsen diffusion/ordinary
molecular diffusion model is the dominant mass transport approach considered in MD mathematical modeling
with 117 articles. On the other hand, computational fluid dynamics is the most used computational method with
114 articles.

1. Introduction

The process of understanding, quantifying, simulating, visualizing,
or defining anything (usually a particular part, feature or process) using
mathematical equations or other approaches like computer simulations,
is known as scientific modeling [1]. Numerous scientific disciplines
depend on modeling in one way or another. Scientific modeling helps
human to better understand and analyze complex systems, thus it is
utilized in a variety of sectors such as science, engineering, economics,
and social sciences [2]. One can find in the open literature different
scientific modeling approaches like toy models, mathematical (analyt-
ical) models, physical (scale) models, numerical models, computational
models, conceptual models, mental models, etc.

Various types of models and simulations have been developed in
membrane distillation (MD) technology of emerging interest used for
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water treatment. This non-isothermal separation process can produce
distilled water from various sources such as seawater and wastewaters
with practically zero liquid discharge to the environment since it can
treat high saline solutions up to their saturation including brines and can
make use of renewable energies such as solar energy and waste heat
[3-6]. The applied driving force is the vapor pressure difference estab-
lished between the two sides of a porous and hydrophobic membrane (e.
g., single hydrophobic layer or multi-layered membrane with at least
one hydrophobic layer were used). Therefore, water vapor is transported
through dry hydrophobic pores following different mechanisms since
different MD configurations have been considered to apply the necessary
driving force (i.e., direct contact MD, DCMD; air gap MD, AGMD; vac-
uum MD, VMD; sweeping gas MD, SGMD, etc.) and different engineered
membranes with different pore sizes have been used [7-15]. The main
objectives of MD theoretical modeling and simulations is to predict the
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permeate flux of the used membranes and MD configurations, to figure
out and understand the mechanism of transport of water vapor through
dry membrane pores, to analyze the temperature and concentration
polarization effects on the MD performance, to quantify the thermal
efficiency in MD systems, to model membrane distribution and/or
spacers in modules in order to prevent their wetting and improve their
MD performance, to optimize the MD operating parameters in order to
reduce energy consumption and increase the MD permeate water pro-
duction, etc.

1.1. Mathematical modeling in MD

Mathematical modeling using both heat and mass transfer equations,
are fundamental in describing and understanding the non-isothermal
MD process. The involved equations incorporate complex interactions
between the hot feed stream, the membrane, and the cold permeate,
depending on the considered MD configuration (DCMD, AGMD, VMD,
SGMD, etc.).

In general, the mass transfer of water vapor through the hydrophobic
pores of the membrane is written as [16-18]:

J =B, AP, = By, (Pjn — Ppm) @

where By, is the mass transfer coefficient of the membrane, Py, is the

partial water vapor pressure at the feed membrane surface and Py, is the

partial water vapor pressure at the permeate side of the membrane.
The heat transfer through the membrane is defined as [18-20]:

O = h (Tpw — Tpw) + JAH, @)
where, Q;, is the membrane heat flux, hy, is the membrane heat transfer
coefficient, Ty is the temperature at the feed membrane surface, Tpm is
the temperature at the permeate membrane surface, J is the total
permeate flux and AH, is the latent heat of vaporization.

The amount of heat transferred through the membrane depends
mostly on the considered MD configuration and the membrane charac-
teristics [18,20,21]. The thermal efficiency and overall MD performance
(i.e. permeate flux and separation factor) are related strongly on the heat
transferred throughout the membrane module. The heat transferred by
conduction, first term of Eq. (3), is heat lost through the MD process as
no mass transfer is associated to this heat. Therefore, membrane mod-
ules design plays a pivotal role in achieving successful MD operations.

The Navier-Stokes equations (Eq. (3)) and the energy balance
equation (Eq. (4)) are commonly used in MD modeling [19,22-25].
These equations govern the flow behavior of the involved fluids within
the membrane module [23,25].

P
P (a—: + vVv> =Vr+ VD ®3)

where, p is the vapor density, v is the vapor velocity vector, t is time, V1
is the stress tensor representing viscous effects and VD is the diffusion
tensor representing mass transfer effects.

On the other hand, the energy balance equation (Eq. (4)) accounts for
heat transfer mechanisms, including conduction and convection, which
are fundamental in characterizing the temperature profiles and heat
exchange during MD separation process. The energy balance equation
for both the feed and permeate liquids (Eq. (4)) is [26,27]:

pC,VVT — V-(kVT) =0 @

where p is the feed or permeate liquid density, C, is its heat capacity at
constant pressure, Vv is its velocity vector, T is its absolute temperature
and k is its thermal conductivity coefficient.

Inside the membrane, the energy balance equation is written using
the following equation (Eq. (5)) [26,27]:

International Journal of Thermofluids 21 (2024) 100567

where, Tj, is the temperature inside the membrane and k;, is the thermal
conductivity of the membrane that is calculated based on the membrane
porosity (¢), the thermal conductivity of the membrane matrix (ks) and
that of the vapor present inside the membrane pores (kg).

The mathematical modeling of MD must be done based on assump-
tions and simplifications depending on the considered MD configuration
(direct contact MD, vacuum MD, sweeping gas MD, air gap MD, etc.),
membrane type (flat-sheet, hollow-fiber, dual or triple layered, etc.),
model applied (e.g. Knudsen diffusion, molecular diffusion, Poisseuille
or viscous type models); etc. For instance, in all MD configurations the
following assumptions have been made: there is only one flow direction;
there is no heat loss from the module; there is no difference in property
over the whole length of the membrane (the thickness or permeability of
a membrane remain the same in different regions); only vapor phase
exists in the membrane pores; there is no convective heat transfer in the
pores; at low concentrations the dissolved salt has little effect on the
vapor pressure, velocity profile and temperature profile; and the mem-
brane pores are cylindrical and not interconnected; there is no effect of
pore size distribution on mass transfer (in mathematical modeling ap-
proaches such the Dusty-Gas model through porous media instead of the
pore size distribution, the mean pore size is commonly considered)
[28-31]. However, ignoring the pore size distribution effect may cause a
substantial inaccuracy due to the broad distribution of the pore size of
the membranes used in MD since the mass transfer mechanism changes
with the pore size compared to the mean free path of the evaporated
molecules [20,32]. The disadvantage of applying the Dusty-Gas model is
the simultaneous occurrence of Knudsen flow and viscous flow. The
contribution of each mass transfer resistance is not necessary the same
for both. A more detailed model on this aspect was published for the first
time by Essalhi and Khayet [33]. Surface diffusion that refers to matter
transport through the membrane matrix (i.e. water transport) is gener-
ally ignored in MD, since it is believed that the affinity of water and
membrane material, which is hydrophobic or even superhydrophobic, is
very low. More details regarding the consideration of mass transport
through membrane material in MD together with the membrane pore
size distribution instead of the mean pore size can be found in this
research study published by Khayet and Matsuura [34], and more
detailed MD mathematical modeling reviews can be found elsewhere
[17,19,32,35,36].

1.2. Computational modeling in MD

Computational models are approaches that use computers and pro-
gramming languages to process information faster and more efficiently
than humans. They are more complex, reliable, versatile, detailed, and
can be tested on many cases. Computers can perform billions of opera-
tions per second and handle very large data sets. They can also perform
complex operations automatically with programming which make these
methods more useful in many systems such as energy, bioscience, ge-
ology, mining, and trade for modeling [2,37-42].

Various computational models have been developed for different MD
configurations and membrane modules by means of computational fluid
dynamics (CFD), response surface methodology (RSM), artificial neural
network (ANN), Monte Carlo (MC), molecular dynamics simulations
(MDS), machine learning (ML), etc. [43-47].

CFD is the most considered MD computational methodology since it
generates predictions of fluid-flow events based on the equations gov-
erning fluid motion (i.e. Navier-Stokes equations) and conservation (i.e.
conservation of momentum, mass, and energy). With CFD modeling,
various modules, membranes and operational parameters design stra-
tegies have been carried and, as results, reduced temperature and con-
centration polarization effects and high thermal efficiencies with high
MD performance were possible prior to manufacturing membrane
modules and conducting tedious MD experiments. For the MD process,
the CFD models can predict the pressure, velocity, temperature, and
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concentration distributions throughout the whole membrane modules
by solving coupled continuity, energy, momentum, and concentration
transport equations [48-50]. Since, CFD modeling is based on standard
mass and heat transport theories, in general, the considered assumptions
and simplifications in mathematical modeling procedures are also fol-
lowed in CFD modeling. However, CFD may model not only 2D but also
3D temperature profiles and fluxes of complex modules with distinct
spacers and geometric configurations. The final optimal structure or
flow dynamics may be obtained numerically. In fact, the majority of CFD
applications in MD oversimplified the module geometry or the involved
physical phenomena [19,35,36].

Response surface methodology is another approach applied for MD
process optimization. RSM approach can model and evaluate a situation
in which the response is impacted by several factors, define the quan-
titative law, and present the contribution of the variables using visual
graphics and digital technologies. RSM can minimize the number of
experiments while also increasing test precision. More significantly, it
can investigate and display the underlying relationships of affecting
elements, which is critical for understanding the complicated contami-
nation mechanisms on membrane distillation [51-54]. MD studies
employed with RSM has the objectives to optimize water productivity
per unit volume of module, permeate flux, water production per unit
energy consumption, regeneration performance, near-stable flux, initial
flux decline, final foulant thickness, pollutant interactions, etc. For these
purposes operational and configurational parameters has been investi-
gated by MD researchers. 3D surface graphs of binary parameters have
been sketched for visual verifications. RSM results indicated the inter-
action effects of the variables had a substantial impact on the objectives
and optimum conditions can be determined using this method [44,
53-56]. RSM approach is not based on any assumptions but on statistical
design of experiments (DoE), in which all MD operating parameters are
varied simultaneously allowing the study of the interaction effects be-
tween these parameters. The response surface models (i.e. regression
models: quadratic models between the responses and the input vari-
ables) are obtained based on the collected experimental data depending
on the input variables (i.e. operating parameters of MD systems). The
response surface models are then tested with analysis of variance
(ANOVA) and then used for optimization purposes applying different
tools such as canonical analysis, Monte Carlo simulation, etc. [19,
57-61].

ANOVA is a statistical tool that allows us to determine the relative
relevance of various process factors that impact system performance.
The traditional ANOVA method is used to assess if the outcomes of a
given data or study are significant and to discard the null hypothesis
(which suggests the status quo). The goal of ANOVA in optimization is to
group a collection of experimental findings based on a common variable
or parameter and an objective function or response. The ANOVA will
then reveal how significant the variance in these data is, as well as the
link between the system parameters and the system response. The se-
lection of the 95 % confidence interval of the results in the studies has
become a standard [62-65]. ANOVA can be used solely, and a com-
plementary technique employed together with other computational
modeling techniques in many MD articles. The purpose of using ANOVA
in MD varies from determining the statistical significance of the opera-
tional parameters to verify the RSM results. The ANOVA applications
helped researchers to determine the significance of thickness of the
fouling layer on the membrane surface of two different membranes,
compiling RSM results and validating the statistical significance of
operational factors [53,66-69]. In ANOVA it is assumed that the mea-
surements for all the experimental results have the same population
variance. Besides it is assumed that the observations for each input
setting are approximately normally distributed. Even though the
ANOVA requires these assumptions it is unaffected by minor deviations
from equal population variance or a normal distribution. Perhaps it is
this versatility of the ANOVA method that makes it one of the most
popular modeling methods among MD researchers [70,71].
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Monte Carlo method is another type of computational modeling
employed in MD. MC methods are computer tools for the (typically
approximate) solution of mathematical problems that rely heavily on
random sampling. It was initially developed by Stanislaw Ulam, John
Von Neumann, and Nicholas Metropolis in the field of physics as part of
the Manhattan Project during World War II. MC simulations are used to
examine the model’s structure and evaluate model uncertainty [72-74].
The MC method has been applied to investigate the penetration of vapor
via membrane holes and to analyze heat and mass transport over hy-
drophobic membranes from various MD configurations such as direct
contact or vacuum. The impact of diffusion mechanics was applied in the
studies and the results showed very good correlation with experimental
data. MC model is widely used in MD modeling because it has the ability
to account for the effect of temperature polarization, membrane physical
features such as pore interconnectivity, and fluid dynamic [46,75-77].
Besides, MC modeling has more realistic presentation of pore space
when compared to other approaches. The drawback of MC method is
that it has only validation in Knudsen mechanism [36]. MC modeling
approach can theoretically include molecular diffusion through the
membrane matrix, when necessary, especially when volatile organic
compounds are present in the feed solutions to be treated by MD. It
would be important for MD researchers to consider through MC appli-
cations the contribution of this type of diffusion to mass transport in
order to achieve more accurate results [35].

Another computer modeling used in MD is molecular dynamics
simulation (MDS). MDS is an atomic scale computational technique in
many scientific areas, which integrates the classical equations of motion
for all particles in a system across discrete time intervals. The interaction
energies between the atoms and the forces exerted on the atoms play a
significant role in the outcomes of MDS. The more accurate and well
executed the simulation processes, the more successful the results. This
technique enables the observation of microscopic features during the
mobility of atoms as well as the determination of the trajectories of
atomic motion. It is an effective additional tool for analyzing the out-
comes of the experiment [78-81]. Due to the high computing time and
spatial scale requirements, MDS have now been widely used in MD to
research membrane transport and optimize membrane design, albeit
primarily for nanostructures without the involvement of phase change.
This method has been utilized to addressing the droplet con-
densation-evaporation dynamics on fibers, to provide some insight on
the oil-surfactant-salt-membrane-water system’s intricate relationships,
and to model vapor transport through CNT. The MDS approach did a
good work to reveal and optimize the vapor transport through mem-
branes, revealing the complex interactions in an MD module and water
condensation/evaporation on the surface of fibers [80,82-84]. Although
the MDS method has been incorporated in MD modeling, it has not
avoided some assumptions and simplifications. Some studies have
adopted approaches such as choosing to use a simple mathematical
equation, reducing to a single type of molecule instead of using air
(which is composed of different molecules), and downscaling to increase
computational speed, modifying some parameters to adjust the specified
research [80,85]. Moreover, MDS in general is confined to systems with
length scales of nanometers and time spans of nanoseconds [86].
However, despite these limitations, MDS which was first started to be
used in the late 1950s [87], remains one of the highly preferred methods
by MD researchers.

Machine learning (ML), a subset of artificial intelligence, tries to
predict an outcome by extracting patterns from massive data sets,
typically in the structure of an algorithm and the ML techniques are now
widely used and have gained ground in many fields. The general
workflow of machine learning [88] can be seen in Fig. 1. Supervised,
unsupervised, and reinforcement learning are the three main categories
of ML. The most popular type of ML is supervised learning, where the
model is developed using labeled data (input) that has been annotated
with tags that correspond to the desired outputs. Unsupervised learning
trains models to find recurring patterns in the input dataset using
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Fig. 1. Basic flow chart of machine learning.

unlabeled data. With only input data and the objective of optimizing the
cumulative reward, the reinforcement learning algorithm learns
behavior through trial and error [89-95]. Artificial Neural Network,
which is suited to discovering challenging correlations and patterns
across datasets, has grown as a strong tool in the field of ML. This
popularity can be due to ANN’s ability to interpret complicated patterns
[96]. The use of machine learning in MD is recognizable. The use of
machine learning in MD domain can assist to identify the key elements,
identifying the impacts of operating parameters on membrane fouling,
performance, etc. in MD configurations such as sweeping gas, direct
contact, air gap and vacuum. The results of the studies show how
important the use of machine learning in the MD domain is and that ML
can be very useful in understating the dynamics of MD processes [45,47,
97-99]. ML has started to surpass other computational methods in
versatility and computational power. ML also offers better performance,
less coding, less human intervention, and more general solutions. For
example, RSM can draw a 3D response surface by performing multiple
response analysis to study not only the effects of the input variables on
the response but their interaction effects. While this requires multiple
response analysis, ML approaches (tree-based, linear, sample-based,
support vector machines) can be used to estimate the relative contri-
bution of all input variables affecting the system to the output variable in
just a single analysis. ML can apply a multidimensional regression and
does not need to have a complex physical analysis of an MD system. In
general, to date ML is the most efficient method for optimization.
Although ML techniques are considered to be state of the art modeling
methods, it should be noted that, the size of the data set, the accuracy of
the data, the type of data, the division of the data (train-
ing/test/validation sets) and the pre-processing of the data are impor-
tant factors affecting the accuracy of the application [36,100].

Accurate modeling with mathematical and/or computational ap-
proaches enables MD researchers to evaluate the overall MD system
performance, predict permeate fluxes, and optimize operating condi-
tions to ensure sustainable and efficient MD processes for addressing
global water scarcity challenges [24].

This paper is a data-driven review that addresses recent research
statistics of mathematical and computational modeling of MD. Unlike
traditional review, a data-driven review, also known as data mining, has
a clearly stated purpose and a specified search approach with inclusion
and exclusion criteria. A data-driven review is objective, balanced and
impartial, and determines the emphasis and scope of the interested
domain [101,102]. This data-driven review employs data analysis, data
mining and bibliometrics. Due to the large number of publications in MD
modeling, a data-driven review is a needed to provide a critical evalu-
ation of the publications. The analysis of this research reveals the
development and trends of mathematical and computational modeling
of MD over time, as well as the methods used by researchers. There isn’t

a one ideal modeling strategy that works well in every situation, MD
configuration or MD application; but depending on the modeling goals,
there ought to be a best strategy to follow. The work carried out by
researchers to fully understand the dynamics of MD and to develop more
efficient systems continues unabated. Despite the ongoing intensive ef-
forts in both the scientific community and industry, the modeling ap-
proaches applied to understand the dynamics of the MD method have
not reached the ultimate goal, which is to make MD a worldwide leading
and industrial separation process. This research provides a compre-
hensive assessment of the current state of knowledge with a coherent
synthesis and classification of MD modeling approaches, which sys-
tematically identifies gaps to be overcome for the improvement of this
technology. In general, modeling processes are based on assumptions
and simplifications, because a holistic approach to model a system re-
quires funding, manpower, know-how, computational power, etc. One
of the impacts of the results of this data driven review is to reveal
important information such as leading scientists, approaches, resources
in the MD modeling domain and to encourage collaborations to enable
holistic modeling of MD. The findings also allow membrane researchers
to track which modeling approaches are used more, which are trending,
modeling efforts on membrane configurations, and modeling gaps that
need to be filled in the literature.

2. Methodology

In order to collect all MD articles a search was carried out in the
Scopus database on 13.07.2023 using a broad spectrum of keywords.
The main reason for selecting Scopus database for the present study are
that it covers many major publishing organizations, meets the re-
quirements of indexing, and has more content than other databases
[103]. Our search criteria were as follows: "a membrane distillation
term" AND "a modeling term". In this case AND is an operator. Mem-
brane distillation terms used are: membrane distillation, MD, trans-
membrane distillation, pervaporation, capillary distillation, membrane
pervaporation, thermopervaporation, direct contact membrane distil-
lation, DCMD, air gap membrane distillation, AGMD, sweeping gas
membrane distillation, SGMD, sweep gas membrane distillation, mem-
brane air stripping, MAS, vacuum membrane distillation, VMD, vacuum
enhanced membrane distillation, VEMD, permeate gap membrane
distillation, PGMD, liquid gap membrane distillation, LGMD, water gap
membrane distillation, WGMD, conductive gap membrane distillation,
CGMD, material gap membrane distillation, MGMD, thermostatic
sweeping gas membrane distillation and TSGMD. Modeling terms used
are: Knudsen, molecular diffusion, transition, free molecular flow,
viscous, Poiseuille, ordinary molecular diffusion, numerical model,
convective transport, convective, convection, diffusive transport, diffu-
sive, diffusion, Navier-Stokes, surface diffusion, energy balance
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equation, Darcy, Knudsen-viscous, theoretical modeling, mathematical
modeling, computational modeling, data-driven modeling, modeling,
dusty gas model, Stefan-Maxwell, Stefan diffusion, mathematical
modeling, numerical simulation, simulation, Brownian, Nusselt number,
computational fluid dynamics, CFD, response surface methodology,
RSM, Monte Carlo, machine learning, ML, neural network, artificial
neural network, ANN, deep learning, supervised learning, unsupervised
learning, reinforcement learning, analysis of variance, ANOVA, and
molecular dynamics simulation, MDS. Additional refinement criteria
were also applied to improve the processability of the collection. These
are, document type: article, publication stage: final, source type: journal,
language: English. After the data set was obtained, it was manually
reviewed, and irrelevant data was deleted. After carrying out all filtering
operations the collection contained 526 articles.

Manual and software-based approaches were used to uncover the
hidden and significant statistical values in the MD collection. Some
figures were created with Flourish online studio (https://flourish.studi
0). R programming language was the main source for the data anal-
ysis. In R, Biblioshiny (Bibliometrix) and ComplexUpset libraries were
utilized. Massimo Aria and Corrado Cuccurullo created Biblioshiny, a
program that offers the full complement of tools required for scientific
stats workflow to carry out a thorough bibliometric analysis [104].
ComplexUpset library is a very useful tool for visualization of inter-
secting sets with its additional features [105]. The methods followed in
the calculations are as follows [106,107];

The average citations per document (ACD) value of the dataset was
calculated as:

T
ACD = re (6)
ND

where TC is the total number of citations of the documents, and ND is the
total number of documents. The co-authors per document (cAD) of the
dataset was determined with the following equation:
cAD = & ()
ND

where AA is the authors appearances. For this index, the number of
authors in each article is averaged. Besides repeated author names are
taken into consideration.

The international co-authorship (IcA) value of the dataset can be
computed as in Eq. (8):

McCP

IcA = ——
ND

x 100 ®
where MCP is the multiple country publications.
The times cited per year (TCY) value of a document is calculated as:

TC,

TCY =
DA,

9

where TC, is the total number of citations of the document n and DA, is
the age of the document n. DA, is determined as (Y7 — Y;) in which Yyis
the year of the collected dataset, Y, is the publication year of the
document n.

The normalized average citations (NAC) of a collection can be
determined with Eq. (10):

HT Y

NAC = 17(: (10)

The articles fractionalized (AF) value of an author can be computed
as follows:

1
Ncad

AF = an

i=1

where m is the number of co — authored documents of an author and N.qq
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is the number of co — authors in the corresponding document.
3. Results and discussions

The main statistical details of the 526 documents in the collection are
given in Table 1.

The dataset covers 37 years of modeling efforts carried out on MD
separation process. It started with the first article published on mathe-
matical modeling of MD entitled "Heat and mass transfer in membrane
distillation" published by Schofield et al. in 1987 [108]. In this study
experimental research was conducted to establish and validate equa-
tions for heat and mass transport in MD. The temperature polarization
phenomenon was presented and demonstrated for the first time for a
better understanding experimental result. Combining Knudsen and
molecular diffusion was a reasonable approach to describe vapor
transport through dry and hydrophobic membrane pores [108].

A total of 116 sources (i.e., journals) were registered in the collected
dataset indicating that the MD application area is extremely wide and
diversified. This also suggests that the MD modeling field is multidisci-
plinary, or it includes a wide variety of branches. The average number of
citations per document is 34.73, which is a proof of a dynamic research
area with a considerable influence on following research studies. The
documents in this topic are well-founded and supported by prior liter-
ature, and the publications are extensive and thorough, as attested by
the 14,291 references. With 1252 involved authors in MD modeling, the
field clearly has a sizable and vibrant research community. It was found
only12 single-authored documents, indicating that teams or groups of
researchers, rather than lone researchers, conduct research on MD
modeling. The average number of co-authors per document is 4.07,
showing that the research studies in this area was generally performed
by teams or groups of researchers. This could also suggest that the study
in this area is diverse or interdisciplinary and that the researchers’
backgrounds and expertise are quite wide. The reasonably good number
of international co-authorships, 29.47 %, confirmed the considerable
amount of international cooperation and exchange of knowledge in this
field of research. The gradual increasing trend of the annual publications
on MD modeling studies can be seen in Fig. 2.

Fig. 2 shows that the interests on theoretical modeling of MD, both
on mathematical and computational modeling, is expanding worldwide
and drawing more attention of MD researchers. Only during the last
year, 2022, it was collected 54 publications, which is the highest number
throughout the whole dataset timespan. Note that 2023 covers only a 6-
month period, but the trend of publications clearly shows that by the end
of 2023, the number of articles involving mathematical and computa-
tional modeling may exceed the number of articles published in 2022.
Some years, 1989, 1992 and 1995 appear without any publication, while
during the last decade, 2013-2023, a total of 382 articles have been
published with and an average of 38.2 publications per year. This in-
dicates that 72.6 % of all articles in the dataset were published during
the last decade. This might be attributed partly to the progress of
computational approaches and software. In a recent published article
[103], it is reported that the number of publications in the whole MD
domain experienced a significant increase, especially since 2012. The
positive breakthroughs in the mathematical and computational
modeling of MD are seen also during the same period. Therefore, it is

Table 1

Main information about the collection.
Timespan 1987:2023
Sources (Journals) 116
Average citations per document 34.73
References 14,291
Authors 1252
Single-authored documents 12
Co-Authors per document 4.07

International co-Authorships (%) 29.47
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Fig. 2. Yearly published MD modeling articles.

obvious that there is a correlation between MD publications and MD
modeling studies. The obtained data also reveals some notable peaks or
fluctuations in the number of publications over various years. This can
be due to various reasons such as the variation in received funds, pol-
icies, technologies and materials advances, organized conferences and
congresses, collaborations, etc.

Journals that publish a large number of articles on a given topic can
be called core journals. Fig. 3 shows the top 10 journals where MD
modeling research studies have been published.

The top two journals in the dataset, with 105 and 100 articles each,
are Journal of Membrane Science and Desalination, respectively. These
two journals are identified as the most outstanding and suitable for
communication of this subject with ~39 % of published articles in the
dataset since both the heat and mass transport are carried out through
porous membranes and desalination is the most appropriate application
of MD technology. Desalination and Water Treatment, the third journal
in the collection, published 54 articles. Although there are 116 journals
publishing articles on MD modeling, most publications are concentrated
in the above mentioned three specific journals.

The page count and cited by values of the published articles were
visualized with box plot integrated into beeswarm plot. The results can
be seen in Fig. 4. Note that 76 articles did not have the page count in-
formation when retrieved from the source.

The page count values range from 1 to 69 with a mean of 10.4 and a
median of 10. The most frequent value is 10, which occurs 45 times. The
page count figure is skewed to the right, which means that while some
numbers are significantly higher than the average, most values are at
low page count. The obtained data in this study can be compared to
those published [109], on the whole MD literature to figure out both the
global and local subjects in MD, although there is a difference of about 6
months in terms of annual coverage. The average page count value of the

INTERNATIONAL
JOURNAL OF

- DESALINATION

HEAT AND
MASS TRANSFER

| MEMBRANES |
L © (1)

Fig. 3. Top 10 journals considered for MD modeling publications.

articles in the entire MD domain was found to be 11.10, which means
that theoretical modeling articles is shorter than the average page count
of MD articles. A regular MD article is between 8 and 12 pages, which is
equal to that in MD modeling. Besides, the median values are the same
for both. The cited by values range from 0 to 592, with a mean of 32.6
and a median of 17. The most frequent value is 0, which occurs 37 times
indicating that these articles have not received citations yet. However,
the average publication year of these articles is ~2022. Since these ar-
ticles were published recently, it is obvious that it is early to receive
citations. Similar to the page count, the cited by plot is also highly
skewed to the left (i.e., most articles are clustered at low citation value,
while a few articles are cited much higher than others). Again, if we
compare the cited by values of this dataset with the results reported
elsewhere [109] the mean value of times cited found when analyzing the
whole MD domain is 32.76, which is very close to that found in the
present MD modeling collection (i.e., 32.6). Besides, the median value of
the whole MD dataset is 16, which is lower than that of this MD
modeling collection (i.e., 17).

Knowing the top authors in an area may help the readers to keep up
with new findings and advancements, locate trustworthy sources of
knowledge and inspiration, and uncover fresh angles and ideas. The top
10 authors of MD modeling research studies based on the number of
publications are listed in Fig. 5.

From Fig. 5 it can be seen Dr. Ghaffour N. contributed with the
highest number of articles (24). This means that he is the most pro-
ductive and active author in MD theoretical modeling research field. Dr.
Khayet M. comes second with 19 published articles and Dr. Zhang J.
ranks the third with 14 published articles. Fractionalized articles are a
method of quantifying each author’s contribution to a publication by
splitting credit evenly among all coauthors of the same publication.
When evaluating the productivity or influence of various authors or
organizations, the value of fractionalized articles is important for pre-
venting any possible double-counting of publications [110]. Considering
the calculated fractionalized values, the highest (7.08) belongs to Dr.
Khayet M. and this result reflects that he often publishes with less
co-authors than the other researchers that appear within the top 10
authors.

Citations analysis is an effective way of identifying a research work’s
origins and impacts. it may show the significance and relevance of a
certain article within its field of research. It was claimed that the top
features of a highly cited articles is summarized as, a title of 7-13 words
that includes some common terms, an article with more than 33,600
characters, including references (about 5600 words), six authors or
more, and at least six figures and two tables [111,112]. Fig. 6 shows the
top 10 articles based on their total citations.

As it is indicated in Fig. 6, Journal of Membrane Science published 9
of the top 10 articles. The journal Desalination published only 1 article
among the top 10. The most cited article in the dataset with 592 citations
is the first published paper by Schofield et al. [108] in 1987 on modeling
of MD entitled "Heat and mass transfer in membrane distillation".
Although this is the most cited article, considering the publication year
of the articles, the most cited one on an annual basis is Qtaishat et al.
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Fig. 6. Top 10 articles based on their total citations.

[113] entitled “Heat and Mass Transfer Analysis in Direct Contact
Membrane Distillation”, with a value of 25.31 citations/year. This in-
dicates that if the trend continues this way, Qtaishat M.’s article will
become the most cited one in the near future. In this study a complete
and comprehensive research on heat and mass transfer in DCMD. It was
found that mass transfer influenced the heat transfer flux in the feed
thermal boundary layer, across the membrane, and through the
permeate thermal boundary layer. To analyze the experimental results
of the thermal boundary layers’ heat transfer coefficients, mem-
brane/liquid interface temperatures, temperature polarization coeffi-
cient, membrane mass transfer coefficient, and evaporation efficiency, a
mathematical model was developed and numerically computed. It was
claimed that the mass transfer contributed significantly to the total heat
transfer only in the membrane area, whereas it was insignificant in both

the feed and permeate boundary layers. The membrane conductive heat
transfer coefficient was determined utilizing a trial-and-error technique
in tandem with the solution of the proposed model equations [113].

As stated in the Introduction section, MD separation process is
classified into four main variants based on the way the permeate is
collected (DCMD, SGMD, AGMD, VMD) [8]. The advantages and
drawbacks of these configurations were reviewed elsewhere [7]. Briefly
the advantages and disadvantages of these MD configurations can be
summarized as follows:

- DCMD - Advantage: reasonably high flux, simple design and opera-
tion. Disadvantage: low non-volatile rejection, high conductive heat
loss.
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- SGMD - Advantage: high flux, low conductive heat loss. Disadvantage:
high costs, necessity for large condenser.

- AGMD - Advantage: low heat loss, high non-volatile compounds
rejection, low membrane wetting. Disadvantage: relatively low
permeate flux, high mass transfer resistance.

- VMD - Advantage: high flux, negligible heat loss. Disadvantage: high
risk of membrane wetting [7].

MD researchers are still looking for the appropriate designs of the
MD configurations through the improvement of engineered membranes
and modules. The majority of the proposed designs suffer from the low
thermal efficiency, low permeate flux, membrane wetting and fouling
among others as well as scale-up difficulties. Recent configurations such
as vacuumed air gap membrane distillation (VAGMED), sub-
atmospheric AGMD, conductive gap or material gap membrane distil-
lation (CGMD or MGMD), permeate gap, liquid gap or water gap
membrane distillation (PGMD, LGMD or WGMD), flashed-feed-VMD,
vacuum-enhanced membrane distillation (VEMD) and vacuum multi-
effect membrane distillation (V-MEMD) are all hybrid MD configura-
tions trying to enhance their MD performance [114]. In this research we
investigated the mathematical and computational modeling of different
MD configurations using an upset plot. When representing the in-
tersections of numerous sets, which is difficult to perform using con-
ventional techniques, an upset plot is very helpful [103]. The resulting
upset plot is shown in Fig. 7.

As can be seen in Fig. 7, the most modeled configuration is DCMD.
This is expected since DCMD is the most considered configuration from
experimental standpoint and the DCMD set-ups exhibit a relatively more
simple operation provided that both water evaporation and condensa-
tion are carried out at both sides of the membranes pores [115]. In total
197 articles deal with DCMD theoretical modeling. Among these arti-
cles, 187 were devoted only to DCMD, while 5 also included AGMD (i.e.
DCMD and AGMD) [48,116-119], 3 incorporated VMD (i.e. DCMD and
VMD) [120-122], and 1 article also involved LGMD (i.e. DCMD and
LGMD) [123]. It was found that one article included the 3 configura-
tions, DCMD, AGMD and VMD [124]. It can be seen in Fig. 7 that VMD is
the second configuration most modeled with a total of 97 articles. VMD
was mentioned 3 times in the same article with DCMD [120-122], 2
times with AGMD [125,126] and 1 time together with both DCMD and
AGMD [124]. The least modeled configurations were found to be the
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hybrid TSGMD and MGMD with one time each [127,128]. This is
attributed partly to the fact that these two MD variants are generally
least considered in MD. TSGMD is a hybrid configuration combining
both AGMD and SGMD as the inert gas that flows through the permeate
side of the membrane is cold down by a cooling surface increasing
therefore the driving force through the membrane module length and
improving the permeate flux as consequence [129]. The third MD
configuration that has been mathematically and/or computationally
modeled is AGMD with a total of 76 articles. Among the main MD var-
iants, few theoretical models were developed for SGMD (10 articles). In
general, this configuration also received very few experimental atten-
tions since inert gases are involved to carry out the produced water
vapor and condensation takes place outside the membrane modules. The
most striking point in Fig. 7 is that there are very little attempts have
been made to model TSGMD and MGMD processes, and even there is a
lack of comparison of MGMD with other MD configurations. Fig. 7 also
indicates the years of the published MD studies. From the annual dis-
tribution of MD configuration-based publications, the light green color
(>2017) is by far the most dominant in most columns. This confirms that
most of the developed MD theoretical models have been conducted
during last 6 years. The fact that only the mathematical and computa-
tional modeling of LGMD, and LGMD together with DCMD articles were
published since 2017, is also an indication of the importance attributed
to LGMD and the need to understand its links with the main configu-
rations. Both SGMD and MGMD are not very popular among MD sci-
entists. Therefore, mathematical, and computational modeling of these
configurations have not been studied much. The most important
conclusion to be drawn from Fig. 7 is that a general theoretical model
valid for the four MD main configurations has not yet been developed.

After the overview of the whole dataset, the mathematical and
computational modeling articles were categorized, and the obtained
number of articles were found to be 285 and 241, respectively. Fig. 8
shows the number of articles published each year for each theoretical
modeling methodology.

As can be seen in Fig. 8, mathematical modeling of MD has been
considered since 1987 [108], whereas computational MD modeling
started much later, in 2004, with the publication of the first article by
Imdakm and Matsuura entitled “A Monte Carlo simulation model for
membrane distillation processes: Direct contact (MD)” [46]. Since then,
computational modeling has attracted a lot of attention in MD research
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Fig. 8. Yearly publications of the mathematical and computational MD modeling approaches.

field. For instance, during last 8 years the number of published articles
focused on computational MD modeling surpasses those developed
considering mathematical MD modeling. Besides, the average age of the
published articles using computational models, 4.40, is much lower than
that of the articles focused on mathematical models, 9.87. This result is
understandable because the generation and accessibility of large vol-
umes of data together with the incredible advance of computer tech-
nologies (i.e., huge increase in CPU and GPU based computational
power). The number of mathematical modeling articles published in
2017 is 24, whereas that of computational modeling articles published
in 2022 is 35. However, the question is: what are the average number of
citations? While the computational modeling articles has an average of
34.83 citations, the mathematical modeling articles has an average of
44.39 citations. This result may be misleading because the articles
devoted to mathematical modeling started to be published earlier (from
1987 onwards) than those of computational modeling. Therefore, it is
normal for the mathematical modeling articles to receive more citations
than the computational modeling. It would be more explanatory to
examine the normalized average citations (NAC) values. The NAC of the
mathematical modeling collection is 4.50 whereas that of the compu-
tational modeling collection is higher, 7.05. This indicates that the
computational approaches are more popular within the MD researchers
than the mathematical models. The Journal of Membrane Science is
ahead of Desalination in publishing articles containing mathematical
methods with 75 and 58 published articles, respectively. However, the
opposite occurs for the publication of computational modeling articles,
finding that Desalination is ahead of Journal of Membrane Science with
42 and 30 published articles, respectively.

A general classification of both mathematical and computational
modeling methods has been conducted to further elaborate the analysis
of the collected MD modeling dataset. The results are illustrated in
Fig. 9.

As can be observed in Fig. 9, mathematical modeling approaches can
be categorized into 10 distinct groups. The most prevalent approach is
the utilization of the combined Knudsen diffusion/ordinary molecular
diffusion model (or Bosanquet equation [33]) for water vapor transport
through porous and hydrophobic pores in MD, with a total of 117
published articles. Depending on the MD configuration, the applied
mean temperature and the pore size of the used membrane, Knudsen
diffusion flow model, molecular diffusion model (i.e., Brownian diffu-
sion model) and viscous or Poiseuille flow model or the combination
between them have been considered [17,20]. The Knudsen diffusion
model is used to model mass transfer processes through membrane pores
whose size is smaller than the mean free path of water vapor molecules,
describing the resistance imposed by the membrane structure in absence
of air. Its combination with the diffusive ordinary molecular model in
presence of air (e.g. in DCMD configuration) or with the viscous model
for large membrane pores and when a hydrostatic pressure difference is
applied between the feed and permeate (e.g. VMD configuration)
describe the mass transport of membranes subjected to different
conditions.
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Fig. 9. Categorization of mathematical and computational modeling ap-
proaches (N/C denotes none categorized MD configuration).

While a significant portion of model development has been concen-
trated in the domain of mass transfer relevant to MD processes, thermal
process modeling had also been subject to meticulous scrutiny. Other
categories encompassed convective heat transfer, mass transfer coeffi-
cient/diffusion + static thermal conductivity and Brownian motion,
heat transfer, heat transfer: dynamic model, heat transfer: Fourier’s law,
Maxwell-Stefan equations, Dusty Gas Model (i.e. general model based
on kinetic theory of gases through porous media). These categories
merged the development of both mass and heat transfer models. Once
again, the DCMD configuration emerged as the most studied by all
models, except within the category of mass transfer coefficient/diffu-
sion + thermal conductivity, where the VMD configuration ranked first
with 17 publications. These two configurations, DCMD and VMD along
with AGMD, encompassed ~91 % of the investigated MD modeling
literature, marking them as configurations of paramount interest to MD
researchers.

Among the categorization of computational models used in MD, CFD
is dominantly ahead of other techniques with a total of 114 published
articles. Almost all configurations, especially DCMD that has been
considered in 47 articles, have been analyzed by means of CFD modeling
[130-132]. Response surface methodology (RSM) is the second most
preferred approach in computational modeling contributing with a total
of 38 articles [133-135]. Interestingly SGMD configuration has not been
evaluated yet by MD researchers. The ANOVA approach was also
considered in the optimization of MD separation process mainly
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together with RSM modeling [136-138]. Recently, Machine Learning
(ML), the hot topic of the present century, has been applied in MD
process. Very limited number of studies, 23 published articles, have
performed MD simulation using ML [139-141]. ML is a fast-expanding
approach that it will continue to play an increasingly crucial role in
science and technology in the future including in MD research field.
Therefore, it is important for the future of MD that membranologists
already start applying different applications of ML (classification, clus-
tering, object detection, natural language processing, forecasting, etc.)
in their research domains. Others class include proportional-integral
control algorithm, multi-component simulation, CHEMCAD simulation,
Aspen Custom Modeler simulation, Engineering Equation Solver simu-
lation, etc. It is obvious that more inclusion of such neglected methods in
the literature would be helpful in understanding and clarifying some
unsolved issues in MD technology. It was also found that Monte Carlo
simulation was used for DCMD and VMD and not for other configura-
tions [75,76,142] Likewise molecular dynamics simulation approach
was only applied in 2 configurations, DCMD and AGMD [80,83,143,
144]. It is seen in Fig. 9 that there are articles where more than one
computational modeling was applied, and process dynamics were
explored. Multiple computational modeling approaches such as
ANOVA/ML, CFD/RSM, ANOVA/CFD, ML/RSM have been applied in a
limited number of cases for some of the basic configurations [145-148].
It is important to further investigate the application of such comparative
or complementary computational modeling, since very little studies
have been done on these topics. More accurate and reliable results may
be obtained in the MD field. As a future perspective, all modeling ap-
proaches in the literature can be used to evaluate the thermal energy
cost and electricity cost depending on the operating conditions. How-
ever, MD modeling processes need to be a reference for the industrial use
of MD with a holistic approach, taking into account the costs arising
from investment, maintenance and pre-treatment [19].

4. Conclusions

MD is gaining popularity as an environmentally and economically
sustainable method for water treatment especially for desalination.
There has been an increasing effort in theoretical modeling MD to un-
derstand mass and energy transfer and to improve the process’s per-
formance. This study uses a data-driven approach to investigate the
mathematical and computational modeling of MD to reveal the state of
the literature. On July 13, 2023, 526 documents dealing with theoretical
MD modeling were found in the Scopus database. The dataset consists of
37 (1987-2023) years of modeling effort. 116 different journals have
been involved in the publication of these documents. The collection
includes 1252 authors, and 29.47 % international collaboration
demonstrated that the field is quite broad and influential.

The overall pattern of publication has been observed to increase over
time especially after 2012. The top two journals publishing MD
modeling are Journal of Membrane Science and Desalination, with 105
and 100 articles, respectively. Dr. Ghaffour N. has published most arti-
cles (24) and Dr. Khayet M. has the highest article fractionalized value
(7.08). Journal of Membrane Science published 9 of the top 10 articles.
Schofield et al.’s publication [108] received the highest number of ci-
tations (592). With 25.31 citations per year, Qtaishat et al.’s study [113]
is the most cited article on an annual basis. In total, 197 articles deal
with DCMD modeling. VMD was discovered to be the second most
modeled configuration, with a total of 97 articles. According to the upset
plot, most of the theoretical modeling efforts have been conducted
recently after the year 2017.

It was observed that computational modeling efforts have attracted
more attention than mathematical modeling during last 8 years. When
the end-leaves (approaches used in mathematical and computational
modeling) were examined, it was found that in mathematical modeling
the combined Knudsen diffusion/ordinary molecular diffusion model is
the most considered (117 articles) being the DCMD configuration the
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most considered (47 articles). It is obvious that the dynamic mass
transfer and diffusion/mass transfer coefficient approaches have been
somewhat overlooked in mathematical modeling of MD. In computa-
tional MD modeling, it was observed that CFD is the most considered
technique in almost all configurations, especially DCMD. RSM is the
second most preferred approach, but SGMD configuration has not been
evaluated yet with RSM. MC simulation and MDS are only applied for
some MD configurations (DCMD, AGMD, VMD). Multiple computational
modeling approaches (ANOVA/ML, CFD/RSM, ANOVA/CFD, ML/RSM)
are used in a limited number of cases for some of the basic MD config-
urations, but their benefits and challenges should be discussed further.
MD is a separation process of emerging interest with applications in
various environmental fields (treatment of brines, industrial wastewa-
ters, use of waste heat and renewable energies, production of pure water
for hydrogen production, etc.). Continued research and development in
MD modeling to better understand the mass transfer, the effects of
different operating parameters, the different membrane structures, the
temperature and concentration polarization phenomena, etc. on the MD
performance (i.e. permeate flux and rejection factor), thermal efficiency,
fouling and scaling among others, will improve the potential of MD as a
leading sustainable and effective water treatment solution, especially for
the separation on non-volatile solutes from water such as in
desalination.
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