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Preface

This Reprint is a collection of research studies on the modeling and simulation of membrane

processes. The aim of this Special Issue is to provide an overview of recent developments in modeling

and simulation techniques applied to membrane processes and membrane-based systems. The

contributions included in this volume illustrate the diversity of approaches currently used in the field,

ranging from fundamental studies on membrane materials and transport mechanisms to advanced

process simulations and optimization strategies for industrial applications.

The motivation behind this Special Issue is to highlight the growing importance of modeling and

simulation as tools for accelerating the development and implementation of membrane technologies.

By bringing together contributions from diverse areas of membrane science and engineering, the

volume aims to provide a comprehensive perspective on current modeling practices and emerging

trends shaping the field’s future.

This volume is intended for researchers, engineers, and graduate students working in membrane

science, chemical engineering, environmental engineering, and related disciplines. By presenting a

collection of studies that spans fundamental modeling concepts and practical process applications,

the Special Issue seeks to contribute to the continued advancement of membrane modeling and

simulation methodologies.

José M. Gozálvez-Zafrilla

Guest Editor
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Editorial

Modeling and Simulation of Industrial and Environmental
Processes with Membranes

José M. Gozálvez-Zafrilla

Institute for Industrial Radiophysical and Environmental Safety (ISIRYM), Universitat Politècnica de València,
46022 Valencia, Spain; jmgz@iqn.upv.es

1. Introduction

Membrane technologies are a key technique in modern separation because of their
flexibility and the intrinsic modularity of membrane processes, which can reduce energy
consumption compared to conventional thermal separations and enable separations that
are difficult to achieve with other processes [1–3]. That is why membrane processes are
widely used in many industrial and environmental applications, such as desalination,
water and wastewater treatment, gas separation, purification and product recovery, food
and beverage processing, pharmaceutical and biotechnological operations, biomedical
devices, membrane reactors, environmental remediation, energy-related technologies,
and sensors. In all these fields, the use of membranes continues to evolve and expand.

In the membrane field, as in many other scientific and engineering disciplines, mod-
eling and simulation can play a fundamental role. From a scientific perspective, it can
contribute to understanding the underlying membrane phenomena. In membrane engi-
neering, when combined with the modeling of other units, simulation supports process
design and development, allowing performance optimization and enabling efficient process
control. While many other separation processes are often described using equilibrium-
based models, membrane systems are inherently rate-based. Membrane modeling requires
accounting for complex interactions among membrane material properties, transport mech-
anisms, hydrodynamics, and operating conditions. In addition, physicochemical processes
such as membrane fouling and scaling must be considered for long-term applications.
However, the modularity of membrane systems facilitates scaling and integration into
larger processes, thereby enabling more manageable simulation.

Process simulators, except in some specific cases, still include limited or simplified
membrane unit models. The main reason lies in the complex interactions described above,
which make membrane separations highly case-specific. Membrane researchers, therefore,
require a thorough understanding of the underlying phenomena in order to develop reliable
membrane models. In addition, they must possess solid mathematical skills and design
appropriate experiments to obtain model parameters from experimental data.

Consequently, several modeling levels are typically considered. At the first level,
modeling focuses on membrane materials and transport at the microscopic scale. Transport
and mechanistic models (e.g., solution–diffusion, Donnan–Steric Pore Model (DSPM),
and dusty–gas) as well as phenomenological and empirical models (e.g., resistance-in-
series, scaling, and deposition models) are commonly used [4]. These models are usually
developed through experiments with small membrane samples or through microscale
simulations such as molecular dynamics or pore-network modeling.

A second level of modeling accounts for hydrodynamic effects at the membrane
module scale, including phenomena such as concentration polarization and axial dispersion.

Membranes 2026, 16, 225 https://doi.org/10.3390/membranes16070225
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These effects are typically investigated at pilot-plant scale and are increasingly supported
by computational fluid dynamics (CFD) [5,6].

At a larger scale, system-level modeling integrates complete processes and plants. At
this level, simulation is commonly used for process design and optimization, as well as
for integrating membrane units into hybrid systems with other unit operations, such as
adsorption, reaction, or distillation [7–9].

Programming and well-established numerical algorithms continue to play an impor-
tant role in solving and exploiting model results. However, new Artificial Intelligence
techniques are emerging as a complementary approach. These techniques include artificial
neural networks, machine learning methods, genetic algorithms, and data-driven surrogate
models [10,11].

Although the benefits of modeling and simulation in membrane science are consider-
able, simulation results must always be critically assessed against experimental observa-
tions, and the effects of uncertainty should be carefully evaluated [12–14].

2. Overview of Published Articles

This Special Issue includes contributions that address several aspects of modeling
and simulation in membrane science and engineering, as discussed in the Introduction. The
contributions have been arranged following a progressive thematic logic from fundamental
materials, modeling methods, process applications, to integrated systems:

I. Membrane Materials and Transport Mechanisms (contributions (1)–(3));
II. Physicochemical Phenomena Affecting Membrane Performance (contribution (4));
III. Data-Driven Modeling and Artificial Intelligence (contributions (5), (6));
IV. Filtration Process Modeling and Optimization (contributions (7), (8));
V. Desalination and Industrial Membrane Systems (contributions (9)–(11));
VI. Biological Membrane Systems (contribution (12));
VII. Energy Perspective (contribution (13)).

We start with three fundamental studies on membrane structure and transport, which
provide a basis for membrane modeling in their respective fields. Contribution (1) inves-
tigates the relationship between polymer structure and gas separation performance in
poly(arylene ether ketone)s and poly(diphenylene phthalide) membranes. The study pro-
vides valuable insights into how polymer molecular architecture influences permeability
and selectivity. The work (2) studies hydrogen permeation through palladium membranes.
Permeation is analyzed through a combined experimental and theoretical evaluation of
Sievert’s law assumptions, providing an improved understanding of hydrogen transport
modeling and explaining differences in experimental observations of the Sievert’s exponent.
Contribution (3) investigates phenomena in porous media, analyzing the influence of grain
membrane geometry on permeability properties in porous stone. It can provide a reference
for different grain structures.

Physicochemical phenomena influencing membrane operation are addressed in
contribution (4), through the case of reverse osmosis scaling. In this work, calcium
carbonate crystallization was investigated using fluorescent-tagged antiscalants. This
idea offers a unique opportunity to track the location of scale-inhibitor molecules during
calcite scale formation.

The increasing availability of computational tools has led to the development of new
modeling approaches based on Artificial Intelligence and on data-driven methods. The
potential of applying Artificial Intelligence methods is exemplified in contribution (5).
In this work, different control strategies are compared for a peristaltically pumped low-
pressure membrane process, demonstrating the potential of advanced control algorithms
to improve operational stability in membrane systems. The ideas generated can be used

https://doi.org/10.3390/membranes16070225
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in a batch process to adjust pressure and crossflow velocity to minimize energy required
for the concentration stage or to jointly optimize the operation and cleaning phases. In
contribution (6), machine learning techniques are used to analyze the factors influencing
the gas-separation performance of carbon molecular sieve membranes. The work results
highlight the importance of structural characteristics in gas permeability.

The following contributions shift to unit-operation-scale studies focusing on filtration
processes and performance optimization. Gas sparging-assisted microfiltration of bacterial
cultivation broths is modeled and optimized using response surface methodology and ge-
netic algorithms in (7), while a related study (8) investigated the use of Kenics static mixers
combined with gas sparging to enhance crossflow microfiltration performance and mitigate
membrane fouling.

Next, contributions expand to system-level simulations of integrated membrane pro-
cesses for desalination and environmental applications. A hybrid multi-stage flash–reverse
osmosis desalination system is modeled and structurally optimized in (9) to improve
system performance. The work provides detailed model-based numerical calculations
useful for design. In the work (10), modeling and operational optimization were applied
to reverse osmosis for treating wastewater from coal-fired power plants. The work is a
significant effort in the development of zero-emission wastewater treatment systems. An-
other system-level study (11) examines atmospheric water generation via reverse osmosis
technology under different flow configurations. The work determined the reverse osmosis
membrane configuration that required lower energy demand and stages.

Contribution (12) is the representative of hybrid biological membrane systems in
this Special Issue. Microbial metabolic processes in a hydrogen-based membrane biofilm
reactor are modeled to evaluate simultaneous bromate and nitrate reduction, highlight-
ing the importance of coupling biological and transport phenomena in environmental
treatment systems.

Finally, a comprehensive review of renewable hydrogen production technologies
is presented in (13). The review discusses the main production methods, scale-up chal-
lenges, and the role of hydrogen in future energy systems, providing a broader context for
membrane-based technologies increasingly employed in hydrogen purification and sep-
aration processes. This review has received more than 325 citations at the time of the
publication of this Special Issue.

3. Conclusions

Overall, the contributions to this Special Issue are representative examples of the main
modeling approaches used in membrane science and engineering. From fundamental
material studies to process simulation and optimization, these works demonstrate how
these techniques can contribute to the development and performance optimization of
membrane technologies. To date, the average number of citations of the contributions to
this Special Issue is higher than the journal average, indicating strong interest in membrane
modeling and simulation and highlighting the quality and impact of the published works.

These developments suggest that modeling, simulation, and data-driven methods will
continue to play a central role in the future advancement and industrial implementation of
membrane technologies.

Funding: This research received no external funding.
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Structure-Property Relationship on the Example of Gas
Separation Characteristics of Poly(Arylene Ether Ketone)s and
Poly(Diphenylene Phtalide)

Alexandre Alentiev 1,*, Sergey Chirkov 1, Roman Nikiforov 1, Mikhail Buzin 2, Oleg Miloserdov 3,

Victoria Ryzhikh 1, Nikolay Belov 1, Vera Shaposhnikova 2 and Sergey Salazkin 2

1 A.V. Topchiev Institute of Petrochemical Synthesis, Russian Academy of Sciences (TIPS RAS),
119991 Moscow, Russia; sm1th@ips.ac.ru (S.C.); nru@ips.ac.ru (R.N.); kochenkova@ips.ac.ru (V.R.);
belov@ips.ac.ru (N.B.)

2 A.N. Nesmeyanov Institute of Organoelement Compounds, Russian Academy of Sciences (INEOS RAS),
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3 V.A. Trapeznikov Institute of Control Sciences, Russian Academy of Sciences (ICS RAS),
117997 Moscow, Russia; oleg_milos@mail.ru
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Abstract: Three poly(arylene ether ketone)s (PAEKs) with propylidene (C1, C2) and phtalide
(C3) fragments, and one phtalide-containing polyarylene (C4), were synthesized. Their chemical
structures were confirmed via 1H NMR, 13C NMR and 19F NMR spectroscopy. The polymers
have shown a high glass transition temperature (>155 ◦C), excellent film-forming properties,
and a high free volume for this polymer type. The influence of various functional groups in
the structure of PAEKs was evaluated. Expectedly, due to higher free volume the introduction of
hexafluoropropylidene group to PAEK resulted in higher increase of gas permeability in comparison
with propylidene group. The substitution of the fluorine-containing group on a rigid phtalide
moiety (C3) significantly increases glass transition temperature of the polymer while gas permeation
slightly decreases. Finally, the removal of two ether groups from PAEK structure (C4) leads to a
rigid polymer chain that is characterized by highest free volume, gas permeability and diffusion
coefficients among the PAEKs under investi-gation. Methods of modified atomic (MAC) and bond
(BC) contributions were applied to estimate gas permeation and diffusion. Both techniques showed
reasonable predicted parameters for three polymers while a significant underestimation of gas
transport parameters was observed for C4. Gas solubility coefficients for PAEKs were forecasted by
“Short polymer chain surface based pre-diction” (SPCSBP) method. Results for all three prediction
methods were compared with the ex-perimental data obtained in this work. Predicted parameters
were in good agreement with ex-perimental data for phtalide-containing polymers (C3 and C4)
while for propylidene-containing poly(arylene ether ketone)s they were overestimated due to a
possible influence of propylidene fragment on indices of oligomeric chains. MAC and BC methods
demonstrated better prediction power than SPCSBP method.

Keywords: polyether ketones; polymer synthesis; gas separation membranes; permeability; diffu-
sion; properties prediction

1. Introduction

Over the past twenty years, the separation of gas mixtures has been one of the
most rapidly developing and knowledge-intensive areas of membrane technology. The
following different types of materials are used to prepare membranes for gas separation:
polymeric materials, such as homo- and copolymers [1]; inorganic materials, such as
carbon molecular sieves [2] or metals [3]; and polymer matrices filled with inorganic
particles, such as so-called mixed-matrix membranes [4]. In the majority of membrane

Membranes 2021, 11, 677. https://doi.org/10.3390/membranes11090677 https://www.mdpi.com/journal/membranes6
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gas separation processes, asymmetric or composite polymer membranes are used, the
materials of the thin selective layer [5] of which, as a rule, are glassy amorphous polymers.

Mass transfer in such membranes is carried out by the solution-diffusion mechanism.
The stationary gas flow through the membrane is directly proportional to the pressure
drop and inversely proportional to the thickness of the membrane. In this case, the
proportionality coefficient is the gas permeability coefficient (P) for the material of the
selective membrane layer. In the literature, P is usually expressed in off-system units,
i.e., Barrer (1 Barrer = 10−10 cm3(STP) cm cm−2 s−1 cmHg−1). The P values for polymer
materials vary within 3–8 orders of magnitude, depending on the nature of the polymer
and the gas [5,6]. P for the polymer–gas system is determined by the gas diffusion
coefficient D and gas solubility coefficient S of the material [6], as follows:

P = D·S, (1)

In the literature on the membrane topic, as a rule, D is expressed in cm2 s−1, and S is
expressed in cm3(STP) cm−3·cmHg−1 or in cm3(STP) cm−3·atm−1.

An important factor characterizing the efficiency of the gas separation process is the
ideal selectivity of the separation of i and j gases, as follows:

αij = Pi/Pj, (2)

The potential efficiency of the material for gas separation is determined by the posi-
tion of the experimentally measured values P and α for the polymer on the permeability–
selectivity diagrams (Robeson diagrams), relative to the empirical so-called “upper bounds” [7,8]
of the overall distribution. The “upper bounds” on the Robeson diagrams are formed
by polymers with the most-favorable combination of permeability and selectivity. The
coefficients of permeability, diffusion, and solubility, as well as the ideal selectivity of gas
separation, are considered to be the transport parameters of the polymer–gas system, at a
constant temperature. To separate mixtures of non-condensable gases, such as H2, He,
N2, O2, CO2, and CH4, glassy amorphous polymers with high diffusion selectivity are
used as materials for the selective layer [6,9].

The chemical structure of a polymer affects its macroscopic properties in a complex
way. Firstly, it is connected to the intermolecular interactions in the polymer and its
chain rigidity. These properties subsequently determine the glass transition tempera-
ture, density, free volume, and other macroscopic characteristics of the polymer [6,10].
Moreover, the latter, in turn, have an influence on the gas transport properties. Thus,
most of the works on the design of the chemical structure of polymers are based on the
assumption that a higher fractional free volume (and lower density) leads to higher gas
permeability, while free volume distribution and also intermolecular interactions have
an effect on the selectivity of different gas pairs [6]. For a long time, the main direction
to improve gas transport characteristics consisted of an introduction of bulky moieties
into a polymer structure [11]. However, the latest trends in high-performance polymer
preparations include the structures with “kink” fragments, e.g., PIMs, polymers with a
bisfluorene fragment, Tröger base polymers, and iptycene-containing polymers [12–14].
Thus, phtalide-containing polymers seem relevant for the study of such structures.

The extensive information accumulated to date on the transport parameters of
polymers with different chemical structures of the elementary unit [15,16], allows one
to not only search for empirical relationships between the chemical structure of the
elementary unit with the transport characteristics of polymers [7,8,13,17–28], but also
to predict transport parameters from the chemical structure of the elementary unit [29].
Such predictions are possible both by the group contribution methods [29–39], but also
by using elements of the graph theory [29,40–42] and geometrical indices [43,44], as well
as by using neural networks [29,45,46] or computer modeling [29,47–56]. Computer
modeling by molecular dynamics, or Monte Carlo [50,55,56], is a fast-developing method
for predicting the transport parameters of polymers, and, from the point of view of
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the physical nature of the process, the most adequate one. However, these methods
take a lot of time for calculations on supercomputers and, with all the prospects, they
cannot currently be used for a wide range of polymers, although they seem necessary
for modeling local tasks for specific polymer materials. The use of self-learning neural
networks to predict the properties of substances requires large datasets (several tens of
thousands of structures studied), which is unreachable for the transport parameters of
polymers; currently, no more than 2000 structures have been studied. Therefore, the use
of neural networks for the adequate prediction of the transport parameters of polymers is
currently limited. More attractive for the existing datasets [15,16] are the various variants
of the group contribution method that was used for these datasets before [29,35,36,38],
or the developed methods of geometrical indices [43,44], which takes into account the
geometric parameters of the model fragments of polymer chains. However, when using
any prediction methods, it is necessary to verify these methods for new polymers that
were not included in the dataset, on the basis of which these contributions or indices were
determined.

Among the classes of polymers presented in the database [15], not all are equally
present. Polyimides have the most numerous representation (Table 1); therefore, for
this class, the predicted data are closest to the experimental ones [29,32,35]. For such a
practically important and extensive class of polymers as poly(arylene ether ketone)s [57,
58], the database [15] contains only 41 different structures, so for this class, the verification
of predicted data is very interesting.

Table 1. Distribution of polymers throughout classes.

Class Number of Polymers

Polyimides 394
Polyacetylenes 107
Polyesters 88
Copolymers 81
Polyethers 72
Polynorbornenes (metathesis and additive) 70
Polysulfones 52
Polyamidoimides 40
Polyamides 37
Other nitrogen-containing polymers 31
Polystyrenes 22
Polycarbonates 19
Vinyl polymers 15
Polyacrylates 15
Other carbon-chain polymers 10
Other hetero-chain polymers 8
Polyphosphazenes 4

Thus, in this work, a number of poly(arylene ether ketone)s (PAEKs), as well as
poly(diphenylene phthalide), which only has a common structural element with one of
the PAEKs, were synthesized and studied, and the process of verifying various methods
for predicting transport parameters for these polymers was carried out.

2. Materials and Methods

2.1. Polymer Synthesis

The synthesis of poly(arylene ether ketone)s (PAEKs: C1–C3, Figure 1) was car-
ried out by polycondensation method according to the mechanism of the reaction of
nucleophilic substitution of activated halogen in arylene dihalide, by the interaction
of 4,4′-difluorobenzophenone with dipotassium phenolates of bisphenols (bisphenol A,
bisphenol AF, phenolphthalein), similar to the method described in [59] (Figure 1). Further,
4,4′-Difluorobenzophenone (0.0988 mol), bi-sphenol(2,2-bis(4′-hydroxyphenyl)propane
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or 2,2-bis(4′-hydroxyphenyl)hexafluoropropane or 3,3-bis(4′-hydroxyphenyl) phthalide)
(0.1 mol), 4-fluorobenzophenone (0.0024 mol), pre-milled freshly calcined K2CO3 (0.13 mol),
N,N-dimethylacetamide (200 mL), and chlorobenzene (100 mL) were loaded in an argon-
blown four-necked flask equipped with a stirrer, an argon supply tube, and a system for
azeotropic removal of water. The flask was heated on an oil bath whose temperature was
increased within ~0.5 h up to 185 ◦C. The time of synthesis after complete removal of an
azeotropic chlorobenzene–water mixture was 7 h. The reaction mixture was cooled and
dissolved in chloroform. The resulting solution was filtered from salts and washed with
stirring many times with water. After evaporation of the chloroform solution at 25 ◦C
and drying for 18 h with a gradual increase in the temperature from 60 to 140 ◦C, and
then for 25 h at 160 ◦C. The PAEKs was obtained as a film in yield of 99%; the reduced
viscosities (ηred) were 0.62 dL/g (for C1), 0.53 dL/g (for C2) and 0.78 dL/g (for C3).

Figure 1. PAEKs C1–C3 synthesis scheme.

Reduced viscosity ηred was determined in chloroform at 25 ◦C and a polymer con-
centration of 0.5 g for 100 mL of a solvent, using an Ubbelohde viscometer with a capillary
diameter of 0.6 mm. The synthesis of polydiphenylene phthalide was carried out by the
following scheme [60] (Figure 2).

Figure 2. Poly(diphenylene phthalide) C4 synthesis scheme.

The three-necked flask (50 cm3) equipped with a stirrer, a gas-inlet tube and air con-
denser with bubble counter was purged with argon. Then 2′-carboxy-4-phenylbenzophenone
acid pseudo chloride (10 g) and nitrobenzene (15 mL), which was purified by vacuum
distillation and dried over molecular sieves, were placed into the flask. The solution
obtained was heated in inert atmosphere to 80 ◦C (in bath) and then 0.4 mL of SbCl5 (it
was synthesized by chlorination of SbCl3 and purified by vacuum distillation) was added.
Polycondensation was carried out at 80 ◦C for 30 h and then at 100 ◦C for 10 h.

After completion of synthesis and cooling of reaction mixture, polymer was dissolved
in 300 mL of purified chloroform. Polymer solution was filtered and the polymer was
precipitated at stirring and slow adding in methanol (near 1000 mL of methanol purified
by distillation). The precipitate obtained was filtered and washed with methanol. Then
repeated extractions by methanol and acetone (methanol and acetone were purified by
distillation) were performed. The polymer was dried at 120 ◦C. The polymer yield was
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8.2 g. Polymer reduced viscosity was 0.56 dL/g at 25 ◦C (0.5 g of polymer per 100 mL of
the chloroform).

2.2. Polymer NMR Characterization

Chemical structures of C1–C4 polymers were confirmed using 1H NMR, 13C NMR
and 19F NMR spectra. Spectra for C1 and C3 were previously reported in [61], spectra for
C4 were previously reported in [62].

The 1H and 13C NMR spectra of C1–C3 samples were measured on an Avance
400 Bruker spectrometer (400.13 and 100.61 MHz, respectively) using CDCl3 solutions;
Me4Si was used as an internal standard. Signals in the 1H and 13C NMR spectra were
assigned according to the data calculated using program ACDLabs. 19F NMR for C2
sample was recorded on an Avance 300 Bruker spectrometer (282.40 MHz) (Billerica, MA,
USA) for solution in CDCl3 using CF3COOH as the external standard.

Results of 1H NMR and 13C NMR analyses are provided in Tables S1 and S2 (Supple-
mentary Materials), respectively.

The 19F NMR spectrum of sample C2 contains a singlet in the region of minus
63.90 ppm, which is characteristic of the chemical shift of the CF3 group.

2.3. Investigation Methods

Polymer films were obtained by casting on a cellophane support from a 5% solution
in chloroform (reagent grade) with drying for 2–3 days at room temperature, followed by
bringing it to a constant mass in vacuum.

Differential scanning calorimetry (DSC) studies of the films obtained were performed
on a DSC-3 apparatus (Mettler-Toledo, Columbus, OH, USA) equipped with a liquid
nitrogen cooling system. Measurements were performed in dry argon with purging
through the cell at a gas flow rate of 60 mL/min and at a heating rate of 10 ◦C/min. The
temperature signal was calibrated by the beginning of the melting of indium and zinc at
a heating rate of 10 ◦C/min. The heat flow rate was calibrated considering the melting
heat of indium. To assess the presence of residual solvent in films, TGA method in air
at a heating rate of 10 ◦C/min was used (Derivatograth-C apparatus, MOM Budapest,
Hungary).

The density of polymer films ρ (in g/cm3) was determined at room temperature
(22 ± 2 ◦C) by hydrostatic weighing in propanol-2. The fractional free volume (FFV) was
determined using the Bondi method [63], as follows:

FFV = 1 − 1.3·Vw/Vsp, (3)

where Vw is the van der Waals volume of a monomer unit (cm3/mol); Vsp = M/ρ is
the specific occupied volume of a polymer (cm3/mol); M is the molecular mass of the
monomer unit of a polymer (g/mol).

The gas (He, H2, O2, N2, CO2, CH4) permeability (P) and diffusion (D) coefficients at
a temperature of (21 ± 2 ◦C) for the prepared films were obtained by the integral baro-
metric method on the MKS Barotron installation. The software based on “LabVIEW”was
used to control the experiment. The experiments were carried out at room tempera-
ture; upstream pressure was about 1 atm. In the case of studying the permeability of
oxygen, the upstream pressure was varied in range of 1–5 atm, and it was shown that
the permeability coefficients of this gas, as well as the diffusion coefficients, remained
constant. The downstream pressure did not exceed 1.3 × 10−3 atm; therefore, under the
conditions of the experiment, the reverse diffusion of the penetrating gas was neglected.
Permeability coefficient P and diffusion coefficient D were determined via the curve of
gas permeation through the polymer film into a calibrated volume (P: by the slope of
the linear dependence of the flow through a film after the steady-state mass transfer was
reached; D: by the method of Daynes-Barrer using the time lag θ (s): D = l2/6θ, where l is
the film thickness). The solubility coefficients (S) were calculated from the experimental
values of P and D using the formula S = P/D. From the data obtained, ideal separation
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selectivities (α = Pi/Pj) and diffusion selectivities (αD = Di/Dj) were found for different i
and j gas pairs. The experimental measurement error for P was 5%, for D was 10% and,
subsequently, the calculation errors were 15%, 10%, and 20% for S, α and αD, respectively.

The experimental P and D were extrapolated to 35 ◦C using the method from [64] in
order to perform comparison with the predicted values based on the database [15].

2.4. Prediction Methods
2.4.1. The Method of Modified Atomic Contributions (MAC) and the Method of Bond
Contributions (BC)

The methods used in this work to predict gas permeability and diffusion coefficients
were described previously [32,38]. Summary is provided below.

A set of polymers is selected from the database [15]. All structures of repeat units
are presented as molecular graphs in the database [15]. Structural formula of the repeat
unit is then split into a set of fragments (atoms or bonds with the nearest neighbors),
and an increment (variable, representing quantitative contribution of the fragment) of a
physical property in question is assigned to every fragment. The sum of these increments
multiplied by the normalization factor (introduced to consider a difference in polymer-
chain molecular weights or lengths) is the predicted value of the physical property
being calculated. The system of such equations (Equations (4) and (5) for MAC and BC,
respectively) for a set of polymers selected is then solved to get a number of increment
values and a number of predicted property values. The increments obtained are then
used to calculate a new polymer property. All of the operations described above from the
splitting of the polymers from the dataset to the calculation of increments and predicted
properties are performed via RIADA software [38]. The difference between the modified
atomic contributions (MAC) method and bond contribution (BC) method is in the way
of repeat unit splitting into the fragments. In both cases the polymer repeat unit is split
into the atoms (MAC) or bonds (BC) of the main chain and side groups; however, BC
method also includes the “mixed” bonds connecting main chain with the side groups.
The universal scheme for MAC and BC methods is provided in Figure 3.⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

lgX1 = ∑
i

(
mini1

M1
·Ii

)
lgX2 = ∑

i

(
mini2

M2
·Ii

)
. . .
. . .
. . .

lgXk = ∑
i

(
minik

Mk
·Ii

)
(4)

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

lgX1 = ∑
i

(
ni1
N1

·Ii

)
lgX2 = ∑

i

(
ni2
N2

·Ii

)
. . .
. . .
. . .

lgXk = ∑
i

(
nik
Nk

·Ii

)
(5)

where k is number of polymers in test set; i is total number of group types (atoms for MAC
or bonds for BC); I is an increment of a given group; X is a physicochemical property
tested (permeability or diffusion coefficient); n is number of groups in a given polymer; m
is molar mass of atom; M is molar mass of a monomer unit; N is total number of bonds in
a monomer unit.
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Figure 3. Universal flowchart for group contribution methods (MAC and BC).

2.4.2. Short Polymer Chain Surface-Based Prediction

This paper continues the development of practical application of the quantitative
structure–property relationships (QSPR)-based short polymer chain surface-based predic-
tion (SPCSBP) method from [43,44,65]. The method consists of modeling of the polymer
macromolecule conformations with a size of about several hundred atoms. The approach
is to calculate the accessible surface areas of the spherical model of a molecule using the
Lee-Richards algorithm [66] for a large set of conformations of individual polymer chains
and in constructing the dependencies of the accessible surface area (ASA) from the probe
radius (Figure 4) on their basis. The coefficients of linear approximation of the obtained
dependencies are used as explanatory variables in multiple linear regression. The sig-
nificant variables and their weights in the regression are found based on experimental
measurements from the database of the A.V. Topchiev Institute of Petrochemical Synthesis
of the Russian Academy of Sciences [15], obtained either by direct S measurements or by
division of experimental permeability coefficients by experimental diffusion coefficients
(S = P/D).

Conformations of polymer chains are the result of molecular mechanical modeling,
the procedure of which is implemented in the RDKit (Python) environment. The de-
veloped SPCSBP method is performed using freely distributed software, is maximally
automated, has the possibility of parallelization on a cluster and has an acceptable calcula-
tion time for single polymer. The method also ensures the stability of the obtained results
and their reproducibility, and is applicable for specific polymers used in membrane gas
separation.

Schematic flowchart of the method is provided in Figure 4 below.
Mean absolute percentage errors (MAPEs) (Equation (6)) and mean percentage errors

(MPEs) (Equation (7)) were calculated for all of the prediction methods used in order to
assess these methods accuracies and compare them, as follows:

MAPE =
100%

n ∑n
i=1

∣∣∣∣At − Ft

At

∣∣∣∣, (6)

MPE =
100%

n ∑n
i=1

∣∣∣∣At − Ft

At

∣∣∣∣ (7)

where At is the actual value, Ft is the forecast value and n is the number of data points.
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Figure 4. SPCSBP method flowchart.

3. Results and Discussion

3.1. Thermal Properties and Free Volume

All the polymers synthesized in the work have high glass transition temperatures
(Tg) (Table 2). The Tg for poly(diphenylene phthalide) C4 is not detected and, apparently,
it is higher than the decomposition temperature (>440 ◦C). At the same time, according
to thermomechanical analysis (TMA) data [67], a softening temperature of 420 ◦C is
observed for this polymer. Poly(diphenylene phthalide) C4, in fact, is a fragment of
poly(arylene ether ketone) C3, without the –O–Ph–(C=O)–Ph–O– group; therefore, in a
number of synthesized polyheteroarylenes, it is interesting to trace not only the influence
of substituents in the main chain, but also the change in its nature. Thus, the traditional
replacement of –C(CH3)2– (C1) with a more voluminous fluorine-containing group, –
C(CF3)2– (C2), leads to an increase in FFV and Tg (Table 2). It is obvious that the presence
of trifluoromethyl groups in the structure of the polymer C2 should reduce the interchain
interactions [68] in the polymer, compared to C1, and, subsequently, reduce the Tg.
However, this effect is inferior to the influence of the chain stiffness, which ultimately
causes a slight increase in the glass transition temperature for the polymer C2.

The introduction of a rigid and polar phthalide group (C3) into the main chain
of PAEK also leads to an increase in FFV compared to C1, approaching that for C2
(Table 2). The presence of a polar group should increase the interchain interactions in
the C3 polymer, hindering molecular mobility, and thereby causing an increase in the
glass transition temperature. Therefore, a significant increase in Tg for the C3 polymer,
compared to the glass transition temperatures for C1 and C2, seems reasonable (Table 2).

The exclusion of the PAEK –O–Ph–(C=O)–Ph–O– group from the main chain is the
reason for a significant increase in the chain stiffness; therefore, despite the polarity of the
phtalide group, the free volume of the polymer C4 increases significantly. Thereby, the
free volume of the polymers increases in the following series: C1 < C3 < C2 < C4.
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Table 2. Physicochemical properties of PAEKs.

Polymer Designation Structure Tg, ◦C ρ, g/cm3 FFV, %

C1 155 1.195 10.4

C2 163 1.377 11.9

C3
229

218 [69]
249 [70]

1.259
1.249 [69]

-

11.6
12.3 [69]

-

C4 >440 1.215 13.3

3.2. Experimental Gas Transport Properties

The experimental gas permeability coefficients for the obtained polymer films are
presented in Table 3. As can be observed from Table 3, poly(diphenylene phthalide) C4,
which can be attributed to medium-permeability polymers, is characterized by the highest
P values for all gases. In general, the P values for all gases change in the same manner as
the free volume, and naturally increase in the following series: C1 < C3 < C2 < C4.

Table 3. Experimental gas permeability coefficients P (Barrer 1) for synthesized polymers at (21 ± 2
◦C).

Polymer He H2 O2 N2 CO2 CH4

C1 6.8 7.0 0.53 0.068 2.7 0.065
C2 14 11 1.3 0.21 6.7 0.22
C3 8.9 9.7 0.86 0.12 5.0 0.11
C4 32 52 10 2.2 83 2.8

1 Barrer = 10−10 cm3(STP)·cm·cm−2·s−1·cmHg−1.

Slightly different patterns are observed for the gas diffusion coefficients in the syn-
thesized polymers (Table 4). Poly(diphenylene phthalide) C4 is characterized by the
highest values of D, in accordance with the value of fractional free volume. The diffusion
coefficients for O2, N2, CO2, and CH4 of C2 are 2.3–3 times less, of C1 are 6–10 times
less, and of C3 are 7–12 times less than that of C4. For penetrants with a small molecule
size, the differences in the diffusion coefficients are significantly smaller. So, the value of
D(H2) for C2 is only 1.9 times less than that for C4, and for C1 and C3 it is 3 times less. In
general, D for all gases increases in the following series: C3 < C1 < C2 < C4. However,
it is worth paying attention to the behavior of the gas diffusion coefficients in PAEK C3.
When replacing the –C(CF3)2– group (C2) with a phtalide moiety (C3), there is a sharp
decrease in the diffusion coefficients of permanent gases, by 3–4 times, despite the fact
that these polymers have comparable fractional free volumes (Table 4).
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Table 4. Experimental gas diffusion coefficients D·108 (cm2·s−1) in synthesized polymers at (21 ± 2
◦C).

Polymer He H2 O2 N2 CO2 CH4

C1 290 76 1.5 0.41 0.38 0.067
C2 290 120 3.8 1.0 1.2 0.23
C3 230 74 1.2 0.27 0.35 0.056
C4 360 230 8.9 2.7 3.3 0.68

It should be noted that the gas permeability and diffusion coefficients for the polymer
C3 (Tables 3 and 4) are consistent with the literature data [69,70].

Generally, as a polymer class, PAEKs show low levels of permeability and diffu-
sion [15]. The bulk phtalide group can be anticipated to increase in terms of its gas
permeability and diffusion coefficients. However, there is a significant difference (ap-
proximately one order of magnitude) between the P and D of C3 and C4 polymers
(Tables 3 and 4), despite the presence of a phtalide group in both of these structures. This
can be attributed to the more-rigid main chain of the C4 polymer, allowing the formation
of a kinked structure, which is not the case for the C3 polymer, which contains flexible
–O– links. One would expect C4 to show a behavior similar to highly permeable kinked
polymers that demonstrate microporosity [12–14]. That is not the case though, due to the
high dipole moment of the phtalide group that contributes to the high level of interchain
interactions for C4.

The behavior of gas permeability and diffusion coefficients has a corresponding
effect on the changes in the solubility coefficient S (Table 5) in a series of synthesized
polymers. The largest S values for all gases are observed for the polymer C4. However,
unlike the data for P and D, the second place, with slightly lower S values for all gases
except helium, is occupied by C3. Moreover, the solubility coefficient of CO2 for the
studied polymers increases in the series C2 < C1 < C3 < C4, while S(N2) increases in the
series C1 < C2 < C3 < C4. The solubility coefficients of H2, O2, and CH4 for C1 and C2
are almost the same, so the value of S for the studied polymers increases in the series
C1 ≈ C2 < C3 < C4. For helium, since D is determined with the greatest error, it can only
be argued that the solubility coefficient for C4 is greater than that for the others. Basically,
this indicates the large size of the free volume element (FVE) in C4 and C3 compared
to other polymers, which is probably caused by the presence of a rigid, although polar,
phtalide fragment.

Table 5. Experimental gas solubility coefficients S·103 (cm3(STP)·cm−3·cmHg−1) for synthesized
polymers at (21 ± 2 ◦C), calculated as P/D.

Polymer He H2 O2 N2 CO2 CH4

C1 0.23 0.92 3.6 1.6 71 9.7
C2 0.48 0.94 3.4 2.1 56 9.6
C3 0.39 1.3 7.2 4.4 140 20
C4 0.89 2.3 11 8.1 250 41

A qualitative comparison of the gas transport parameters of the studied PAEKs
C1–C4 with the results obtained for other polymers from the TIPS RAS database can be
made by plotting them on the diffusion coefficient–permeability coefficient and solubility
coefficient–permeability coefficient diagrams [25]. Since the most attractive results for
PAEKs were obtained for the CO2/N2 pair, these diagrams are presented for carbon
dioxide (Figure 5a,b) and nitrogen (Figure 5c,d). As can be observed from the presented
data (Figure 5a,c), the diffusion coefficients of nitrogen and carbon dioxide naturally
increase with the increase in gas permeability. However, while the data points for N2
are located near the “middle line” (least-squares fit for overall dataset on the D = f(P)
diagram) of the general point cloud, D(CO2) for polymers are below the “middle line”,
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which indicates reduced carbon dioxide diffusion coefficients for the corresponding
gas permeability level, especially for the PAEKs C3 and C4. Apparently, this is due to
increased interchain interactions in polymers containing a phthalide group.

Figure 5. Diagrams of D vs. P and S vs. P for CO2 (a) and (b), respectively) and N2 (c) and (d), respectively). The solid black
dots correspond to PAEKs C1–C4, the gray dots correspond to P, D and S of the gases for polymers from TIPS database [15].

On similar S vs. P dependencies (Figure 5b,d), the solubility coefficients of N2 for
the polymers C3 and C4 are located above the "middle line", while for polymers with a
bisphenol fragment (C1 and C2), they are located below it. Thus, for polymers C3 and C4,
the influence of an increased free volume is evident (Table 2). It is noteworthy that the
solubility coefficients of carbon dioxide for all the studied polymers lie above the "middle
line", with the exception of the polymer with the –C(CF3)2– group (Figure 5b). This
behavior seems to be associated not only with an increased free volume in polymers, but
also with the presence of specific interactions of the CO2 molecule with oxygen-containing
phthalide and ketone groups. A similar phenomenon is often recorded when studying
sorption and permeability in polymers containing ether groups (e.g., Pebax [71]).

It is worth noting that when replacing the –C (CH3)2– fragment (C1) with –C (CF3)2–
(C2), despite the increase in the solubility coefficient of N2 (Figure 5d), there is a significant
decrease in S(CO2) (Figure 5b), which may indicate a reduced affinity of the polar CO2
molecule to the fluorine-containing group.
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The ideal gas separation selectivities for all the polymers are shown in Table 6; the
locations of the studied polymers in the Robeson diagrams for O2/N2 and CO2/N2 gas
pairs are shown in Figure 6a,b, respectively.

Table 6. Different gas pairs ideal selectivities (α) of permeability for synthesized polymers at (21 ± 2
◦C).

Polymer
α

O2/N2 CO2/N2 CO2/CH4 He/N2 H2/CH4 He/CH4 H2/N2

C1 7.9 40 42 100 110 100 100
C2 6.2 32 30 67 50 63 52
C3 7.2 42 45 74 88 81 81
C4 4.5 38 30 15 19 11 24

Figure 6. Robeson diagrams for oxygen–nitrogen (a) and carbon dioxide–methane (b) for the studied polymers. For
comparison, the data for poly(arylene ether ketone) PEK-c are given [69] (data from [69] are similar to those from [70]).
Upper bounds are provided from [7] (1991) and [8] (2008).

As can be observed from Table 6 and Figure 6a, the most permeable C4 has the
lowest selectivity for the oxygen–nitrogen gas pair. The selectivity of polymers increases
parallel to the upper bound in the diagram, which corresponds to the trade-off effect.
In general, the selectivities of the studied polymers are low, with the exception of the
CO2/N2 pair (Figure 6b). In this diagram, the point for C4 is located near the 2008 upper
bound [8] for glassy amorphous polymers. Note that according to the diagrams presented
in Figure 5, a high selectivity for the CO2/N2 pair for the polymers C1, C3 and C4 should
be determined by the increased solubility of carbon dioxide.

3.3. Predicted Gas Transport Parameters

Table 7 present a comparison of the experimental data for the studied polymers
extrapolated to 35 ◦C by the method from [64], and the data predicted by the chemical
structure of the elementary unit by the methods of modified atomic contributions and
bond contributions [38] at 35 ◦C.
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Table 7. Experimental gas permeability coefficients P (Barrer) for synthesized polymers at 35 ◦C and predicted data for the
same polymers.

Polymer Type of Data He H2 O2 N2 CO2 CH4 MAPE 1, %
MPE 2,

%

C1
Experimental 9.33 10.1 0.753 0.120 3.67 0.124 - -

MAC 5.3 4.5 0.30 0.037 1.1 0.040 61 61
BC 7.1 4.9 0.33 0.045 1.3 0.047 53 53

C2
Experimental 17.9 15.0 1.72 0.320 8.16 0.345 - -

MAC 28 16 1.9 0.28 7.2 0.21 23 −1.7
BC 35 24 2.6 0.34 9.8 0.25 43 −34

C3
Experimental 11.4 13.1 1.13 0.183 6.08 0.175 - -

MAC 8.7 6.3 0.50 0.078 2.0 0.070 53 53
BC 11 6.9 1.3 0.14 3.5 0.073 32 27

C4
Experimental 38.4 64.5 11.8 2.93 89.2 3.71 - -

MAC 23 22 2.5 0.35 8.6 0.30 76 76
BC 41 46 4.3 0.56 10 0.20 61 58

1 MAPE = mean absolute percentage error. 2 MPE = mean percentage error.

As can be observed from Table 7, the experimental and predicted permeability
coefficients for C2 and C3, in general, are close, while for C1 and C4, the predicted values
are lower than the experimental ones.

It has been previously shown that the BC method is more accurate, as it discriminates
the bonds between the main chain and side groups that contribute significantly to polymer
rigidity [59]. We can observe the same picture in Table 7, as follows: MAPEs and MPEs
are mainly lower for BC, except for the C2 polymer. This may be due to a shared tendency
of MAC and BC to overestimate increments for fluorine-containing fragments and, as a
result, overestimate P for fluorine-containing polymers [72–74].

Though the MAC and BC methods are completely statistical, there is a way to explain
some differences in the predictions for C1–C4 polymers via increment values [72]. Let
us consider C1/C2 and C3/C4 polymer pairs and the less-accurate MAC method. It can
be observed that the permeability coefficient is predicted to be higher for C2 than for C1,
which is consistent with the experimental data. Here, one can assume that the –CF3 group
introduction into the structure as these groups decreases the interchain interactions [68]
and leads to the polymer free volume being higher. This is indeed so for the predicted
values, as the –CF3 side group has a high positive contribution to P, while the –CH3 side
group has a slight negative contribution to P. It also may be the reason why the error of
the C1 prediction is higher; according to the literature [75–82], –CH3 introduction into a
polymer structure affects gas permeability in an unclear manner, even the position of the
–CH3 group introduced affects gas permeability in opposite ways [81]. So, there is a high
possibility that this ambiguity leads to the –CH3 group increment being underestimated,
which, in turn, will give a lower level of predicted permeability for polymers where –CH3
introduction is increasing the permeability.

It is also worth mentioning that the model used splits the polymer in a manner
where –CH3 is a single side-group atom (with hydrogen neighboring atoms), while –CF3
is a side-group C atom (with non-hydrogen neighboring atoms) and three side-group
F atoms. Returning to Figure 3, this is the moment that should be considered carefully
for optimization of the splitting process used. The software now does not discriminate
between the –F atom being a substituting atom at the fluorinated phenyl-group or –CF3
group, and does not discriminate between side-group C atoms in the tert-butyl group
or –CF3 group. However, it is important to perform analysis showing if it is appropriate
or not.

As for the C3–C4 pair, first, it is worth mentioning that data from [69,70] were used
in the training dataset, so it is only expected that the predictions for this polymer will be
more accurate. Both models (MAC and BC) predict C4 permeability to be higher than that
of C3, which is in accordance with the measured permeability coefficients. However, the
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ratio P(C4)/P(C3) for the actual values is significantly higher than that for the predicted
ones (Table 7). The difference between the C3 and C4 repeating units is in two additional
phenyl-rings in C3, and also in the –O– and >C=O links in the main chain of the latter
(Table 2). Phenyl rings do not lead to a high difference, because their higher number in
C3 is compensated by normalization on molecular weight. So, –O– and >C=O fragments
seem to contribute to the predicted permeability difference. As –O– and >C=O (combined
>C= and =O atoms) have negative contributions to gas permeability, C3 permeability
being lower than that of C4 seems logical. However, the ratio P(C4)/P(C3) difference
can only be explained by the overestimation of negative –O– and =O absolute values
(>C= fragment has a positive value, so it is out of the question), and underestimation
of other fragments positive increments. These should be slightly modified, so that they
were compensated in the same way as they are now in the C3 structure, while making
C4 (where no –O– and non-phtalide =O are presented) permeability higher. It leads us
to the need of closer increments investigation, in order to make MAC and BC prediction
methods more accurate and universal. Table 8 presents the experimental gas diffusion
coefficients D·108 (cm2·s−1) in synthesized polymers at 35 ◦C, and predicted data for the
same polymers.

Table 8. Experimental gas diffusion coefficients D·108 (cm2·s−1) in synthesized polymers at 35 ◦C
and predicted data for the same polymers.

Polymer Type of Data O2 N2 CO2 CH4 MAPE, % MPE, %

C1
Experimental 2.6 0.89 0.71 0.17 - -

MAC 1.3 0.4 0.9 0.18 34 12
BC 1.5 0.44 0.7 0.18 25 15

C2
Experimental 6.0 1.8 1.8 0.45 - -

MAC 4.7 1.7 4.1 0.59 45 −21
BC 5.4 1.9 2.7 0.50 18 −9

C3
Experimental 1.9 0.5 0.55 0.11 - -

MAC 2 0.53 0.77 0.11 13 −8
BC 1.8 1.4 1.2 0.25 107 −69

C4
Experimental 13 4.4 4.6 1.1 - -

MAC 4.8 1.1 1.3 0.13 75 50
BC 2.4 12 9.0 0.97 91 −28

As can be observed from Table 8, the predicted diffusion coefficients for all the PAEKs
(C1–C3) are close to the experimental ones, and for C4, there is a large spread between the
two methods; BC, in general, predicts larger D, while MAC predicts the smaller ones. In
this case, the BC method does not show the expected accuracy, as there are more different
increments for this method than for MAC, and it leads to the equation system being less
overdetermined than is needed for the method to be precise. Overall, the database [15]
does not contain as many diffusion coefficient values as permeability coefficient values,
so the prediction accuracy drops [38]. Figure 7 shows the comparison of experimental
and predicted data in the diagrams Ppred = f(Pexp) (Figure 7a) and Dpred = f(Dexp) (Figure
7b).

As can be observed from Figure 7, generally, the scatter of the experimental and
predicted data for C1–C3 fits into the half order of magnitude value, which, essentially,
corresponds to an average accuracy of predictions for MAC for separate classes of poly-
mers [29,32,35], and exceeds the accuracy of the predictions as MAC and BC for the entire
dataset [38]. The predicted values for C4 are out of the range of the half order of magni-
tude, but remain within the range of one order of magnitude deviation, inherent of the
accuracy of the predictions of both MAC and BC over the entire dataset [38]. Apparently,
this behavior for C4 is caused by the abnormal rigidity of the polymer and the lack of
representatives of such a class of polymers in the whole dataset, which naturally affects
the accuracy of predictions by the group contribution method.
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Figure 7. Comparison diagram of predicted and experimental values of permeability coefficient (a) and diffusion coefficient (b).

The solubility coefficients, predicted using the SPCSBP method, are presented in
Table 9. These values were compared to the solubility coefficients calculated by the
MAC and BC methods (Table 9), as Ppred/Dpred, where Ppred and Dpred are the predicted
permeability and diffusion coefficients, respectively, obtained via the MAC or BC methods.
The experimental solubility coefficients, obtained as P/D (both parameters extrapolated
to 35 ◦C [64]), are also present in Table 9. It should be noticed that the extrapolation
of P and D to 35 ◦C was performed by the method from [64], using weak correlations
(R2 = 0.25–0.66), which might lead to a high error in the P (35 ◦C) and D (35 ◦C) calculation.
Therefore, the S (35 ◦C) calculation error may also be high. However, to our knowledge,
the method from [64] is the only method to extrapolate experimental values of P and D to
35 ◦C when temperature dependences are unavailable. %clearpage

Table 9. Experimental gas solubility coefficients S·103 (cm3(STP)·cm−3·cmHg−1) in synthesized polymers at 35 ◦C and
predicted data for the same polymers.

Polymer Type of Data He H2 O2 N2 CO2 CH4 MAPE 1, % MPE 2, %

C1

Experimental 0.25 1.0 2.9 1.3 52 7.3 -
MAC - - 2.3 0.93 12 2.2 50 33

BC - - 2.2 1.0 19 2.6 44 30
SPCSBP 0.76 2.4 7.8 5.9 77 18 175 −175

C2

Experimental 0.49 1.0 2.9 1.8 44 7.7 -
MAC - - 4.0 1.7 18 3.6 40 13

BC - - 4.8 1.8 36 5.0 30 −3
SPCSBP 2.1 4.5 14 11 140 39 362 −362

C3

Experimental 0.40 1.4 5.9 3.7 110 15 -
MAC - - 2.5 1.5 26 6.4 63 42

BC - - 7.2 1.0 29 2.9 63 34
SPCSBP 1.2 2.9 8.3 7.6 100 25 86 −84

C4

Experimental 0.89 2.3 9.1 6.6 190 33 -
MAC - - 5.2 3.2 66 23 47 65

BC - - 18 0.47 11 2.1 94 64
SPCSBP 1.2 4.0 12 12 140 32 42 −32

It is worth noting that the MAPEs and MPEs presented in Tables 7–9 were calculated
for each of the four polymers investigated. MAPEs were also calculated for individual
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regressions for different gases using all the validation set of polymers. They were the
following: He—100%, H2—56%, O2—53%, N2—59%, CO2—67%, CH4—77%. It can be
observed that though the overall MAPEs are satisfactory, some disturbingly large MAPEs
were obtained for some of the individual polymers (MAPE for C1 is 175% and for C2 is as
great as 362%).

The comparison diagram Spred = f(Sexp) is presented in Figure 8.

Figure 8. Comparison diagram of predicted and experimental values of solubility coefficient.

As is demonstrated in Figure 8, the MAC/BC and SPCSBP methods predictions are
within one order of magnitude (except two points obtained by the BC method) compared
to the experimental values. This level of prediction accuracy is not quite satisfactory
for the solubility coefficient; however, some interesting observations can be made for
further development of the methods. It is worth mentioning that MAC/BC and SPCSBP
methods have shown opposite deviations; mostly negatively in the case of MAC/BC and
mostly positively in the case of SPCSBP. Using the MPE calculation results, one can clearly
see that the mostly underestimated (positive MPE numbers) values of Ppred combined
with the overestimated (negative MPE numbers) values of Dpred lead to the expected
noticeable S underestimation.

The SPCSBP method has more physical sense, as it includes longer-chain fragments
modeling, and is based on the theory connecting polymer and gas surface areas with
gas solubility in polymers [83]. However, if one compares the prediction errors for the
polymers under discussion, it is obvious that SPCSBP gives good solubility coefficient
predictions for C3 and C4, while there are significant errors observed for C1 and C2. The
main difference between C3–C4 and C1–C2 polymers is in the presence of a phtalide
group in the former pair, and the presence of a –C(CH3)2 or –C(CF3)2 group in the latter.
We have calculated MAPE for poly(arylene ether ketone)s with a phtalide group and
without it present in the training dataset used. They were 93% and 14% for –C(CH3)2 or
–C(CF3)2-containing and phtalide-containing poly(arylene ether ketone)s, respectively. It
seems that the error of the method is also persistent for –C(CH3)2 or –C(CF3)2-containing
poly(arylene ether ketone)s, because MAPE for such polymers is six times higher than
for the others. A possible explanation of the phenomenon might be associated with
the circumstances that (i) the indices used in the SPCSBP method do not describe the
peculiarities of the –C(CH3)2 or –C(CF3)2 groups in poly(arylene ether ketone)s structures,
and their effect on gas solubility; (ii) experimental data for poly(arylene ether ketone)s
with such fragments is not sufficient for regression training. All of these issues demand
further investigation. This will include the addition of new fragment indices into the
regression, application of the clustering method from [65] with regression building for
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separate clusters, and also comparison of different oligomer conformations obtained by
the SPCSBP method and molecular modeling method from [84–87].

4. Conclusions

The poly(arylene ether ketone)s and polyarylene with propylidene and phtalide
moieties, with high glass transition temperatures and fractional free volumes, were
synthesized. The introduction of hexafluoropropylidene (C2) and phtalide (C3) groups
was shown to increase the glass transition temperature, gas permeability, and fractional
free volume, when compared to the C1 polymer, due to the increase in the rigidity of the
polymer chain and interchain interactions. It was demonstrated that a bulky phtalide
group acts differently when introduced into a rigid or flexible main chain, and can lead to
the formation of a kinked structure in the former case. However, increase of permeability
and diffusion coefficients for such kinked structure is limited compared to well-known
kinked polymers (PIM-like, Tröger base polymers, iptycene-based polymers, etc.), due
to an increase in the interchain interactions caused by the high dipole moment of the
phtalide group and compaction of the structure. Group contribution methods (MAC and
BC) demonstrated (i) the same qualitative trends for the predicted gas permeabilities
and diffusivities as the ones observed for the experimental data, and (ii) reasonable
agreement of the predicted parameters with the experimental ones for all the polymers
under investigation, except polydiphelenephtalide (C4). The latter is attributed to the
overestimation of negative increments of –O– and =O fragments and the underestimation
of positive increments of other fragments, present in the C4 polymer. The gas solubility
coefficients obtained by the SPCSBP method have sufficient forecasting power for phtalide-
containing polymers, while the opposite is true for propylidene-based PAEKs. This fact
demands additional investigation of the influence of –C(CH3)2 and –C(CF3)2 bridges in
the structure of polymers of different classes on geometrical indices in the framework of
the SPCSBP approach.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/membranes11090677/s1. Table S1. Chemical shifts and signal multiplicity in 1H NMR
spectra for samples C1–C4. Table S2. Chemical shifts and signal multiplicity in 13C NMR spectrum
for samples C1–C4.
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Abstract: Palladium and palladium alloy membranes are superior materials for hydrogen purifica-
tion, removal, or reaction processes. Sieverts’ Law suggests that the flux of hydrogen through such
membranes is proportional to the difference between the feed and permeate side partial pressures,
each raised to the 0.5 power (n = 0.5). Sieverts’ Law is widely applied in analyzing the steady state
hydrogen permeation through Pd-based membranes, even in some cases where the assumptions
made in deriving Sieverts’ Law do not apply. Often permeation data are fit to the model allowing
the pressure exponent (n) to vary. This study experimentally assessed the validity of Sieverts’ Law
as hydrogen was separated from other gases and theoretically modelled the effects of pressure
and temperature on the assumptions and hence the accuracy of the 0.5-power law even with pure
hydrogen feed. Hydrogen fluxes through Pd and Pd-Ag alloy foils from feed mixtures (5–83%
helium in hydrogen; 473–573 K; with and without a sweep gas) were measured to study the effect
of concentration polarization (CP) on hydrogen permeance and the applicability of Sieverts’ Law
under such conditions. Concentration polarization was found to dominate hydrogen transport
under some experimental conditions, particularly when feed concentrations of hydrogen were low.
All mixture feed experiments showed deviation from Sieverts’ Law. For example, the hydrogen
flux through Pd foil was found to be proportional to the partial pressure difference (n ≈ 1) rather
than being proportional to the difference in the square root of the partial pressures (n = 0.5), as
suggested by Sieverts’ Law, indicating the high degree of concentration polarization. A theoretical
model accounting for Langmuir adsorption with temperature dependent adsorption equilibrium
coefficient was made and used to assess the effect of varying feed pressure from 1–136 atm at fixed
temperature, and of varying temperature from 298 to 1273 K at fixed pressure. Adsorption effects,
which dominate at high pressure and at low temperature, result in pressure exponents (n) values
less than 0.5. With better understanding of the transport steps, a qualitative analysis of literature (n)
values of 0.5, 0.5 < n < 1, and n > 1, was conducted suggesting the role of each condition or step on
the hydrogen transport based on the empirically fit exponent value.

Keywords: concentration polarization; palladium foil; palladium-silver membrane; permeation;
hydrogen permeation; mixed feed gas; Sieverts’ law; n value; transport modeling

1. Introduction

Pure hydrogen gas is considered to be a valued chemical product, due to its use
in refinery processes and as a feedstock for ammonia synthesis [1,2]. Furthermore, in
recent years, hydrogen has been valued as a promising form of energy storage for spo-
radic renewable power and as a clean fuel [3]. The conventional method for hydrogen
production is primarily steam reforming of fossil fuels [4,5]. Historically, hydrogen is pro-
duced from fossil fuels, out of which 60% is from dedicated primary hydrogen-producing
facilities. In the Middle East, hydrogen from natural gas (NG) costs (USD 1/kg H2). As
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far production is concerned, 71.27% of hydrogen is produced from NG, 27.27% from coal,
and the remaining 1.4% is equally divided between petroleum and water electrolysis.
Most recently, bio-hydrogen production has gained attention compared with fossil-based
hydrogen. Biomass gasification of bio-wastes is commercially available with 88% en-
ergy conversion efficiency, while processes such as dark and photo fermentation, bio
photolysis, and microbial electrolysis cell (MEC) are still under development, and the
combined energy conversion efficiency of all processes does not exceed 25% [6]. The latter
processes have some limitations: (i) the bio-photolysis requires an external light source
and a customized bioreactor and still the hydrogen yield is low; (ii) the dark fermentation
is thermodynamically limited and favors the pretreatment of certain wastes with the
need of an additional separation unit for H2 purification plus the effluent has a high
BOD; (iii) the photo-fermentation is only suitable for VFA-rich waste, constrained by
day-night cycle (i.e., an external source of light) and produces low hydrogen rate with
low light conversion efficiency; and (iv) MEC: despite the high H2 yield the production
rate is low and there is a demand for external voltage as well as the catalyst [6,7]. The
limitations can be accommodated and overcome by the use of: an efficient and properly
designed bioreactor, appropriate process modifications, a suitable feedstocks, and an
efficient microbial strains [8]. Moreover, because of the high H2 diffusivity, the low density
(as gas or liquid), the higher gravimetric energy content and the wider flammability limits
compared to most fossil fuels; hydrogen cost and safety obstacles are there at every step of
distribution, shipment, or storage. Hydrogen can be delivered as a pressurized gas, or in
the liquid form, combined in an absorbing metallic alloy matrix or transported in a chem-
ical precursor form such as lithium. Hydrogen storage-classified risk is a concern, and
hence an electrochemical hydrogen storage was developed by the integration of a solid
multi-walled carbon nanotube (MWCNT) electrode in a modified unitized regenerative
fuel cell (URFC). The developed porous MWCNT electrode had electrochemical hydro-
gen storage capacity of 2.47 wt%, comparable with commercially available AB5-based
hydrogen storage [9–11].

Some industrial applications such as combustion are capable to use the reformate gas
mixture with no treatment, while other applications need the feed gas to be highly purified
in hydrogen [12] by use of a well-known technology as the pressure swing absorption
(PSA) [13]. However, this method is still suffering from complexity and relevant high
energy requirements. An attractive and suitable purification alternative technology for
PSA, is the use of dense palladium (Pd) metal membranes. Palladium membranes are
basically considered to be a passive system, where in such system, the driving force for full
separation is basically the hydrogen partial pressure across the membrane [14]. Palladium-
based membranes (Pd or Pd-alloy) are unique in their relative thermal stability and hence
operates at high temperatures to save the capital and the operating cost through retaining
both hydrogen and carbon dioxide at high pressures [15,16]. A hydrogen separation
membrane unit can be ideally applicable in gas cleaning (upstream technology) and in fuel
cells and/or hydrogen turbines (downstream technology) [16]. Additionally, membranes
can be combined to catalysts in order to conduct simultaneously equilibrium-limited
reactions and hydrogen separation in a single unit called catalytic membrane reactor
(CMR) [17]. Consequently, Palladium membranes have been often used for water gas shift
and steam reforming reactions to shift the reaction and achieve high conversion and hence
promote the production of highly purified hydrogen [18]. However, some limitations in
palladium membranes performance have been encountered due to incorporation of less
expensive materials and moving to the composite structure, permeability evaluation of
impure feed gas containing hydrogen molecule, and finally optimization of the operating
conditions. Therefore, transport resistances and the assumptions used in deriving the
Sieverts’ Law, the hydrogen flux-pressure dependence equation, to be carefully evaluated.

Hydrogen transport in palladium-based membranes starts by the adsorption of
hydrogen molecules on the membrane surface, followed by dissociation into atomic
hydrogen, then transition of atomic hydrogen from the surface into the bulk metal,
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then atomic diffusion through the bulk metal, re-combinative desorption, and finally
gas transport away from the surface to the bulk gas [19]. The existence of other gas
components with hydrogen in the feed (as gas mixture) can decrease the permeation of
hydrogen through the membrane [20,21]. The mixed feed, with fast hydrogen depletion
in the membrane, develops a fluid phase resistance that either decreases the effective
hydrogen partial pressure difference for permeation or limits the dissociative adsorption
of hydrogen on the palladium surface [20]. There are several scenarios to describe the
decrease of hydrogen-permeation (i) hydrogen dilution in the feed by the presence of
other gas components, (ii) hydrogen depletion of the bulk feed due to hydrogen removal
along the length of the membrane module, (iii) the build-up of a hydrogen-depleted layer
adjacent to the membrane surface as a result of gas phase mass transport limitation, and
possible competitive adsorption of mixture components on the membrane surface [22].
The Sieverts’ law can be applied to predict and evaluate the hydrogen permeation flux
when Pd-H2 system considered as infinitely diluted or has “Ideal behavior”, in this
scenario, the hydrogen diffusion in the lattice controls permeation and, at the same
time, the H-concentration in the same lattice is so low [23]. It is worth mention that
the previous described conditions are essential but not sufficient for pressure exponent
to be 0.5. Overall, all metal membranes are far from ideal behavior. Therefore, major
deviations from the Sieverts’ law have been noticed in the literature [24,25]. A main
experimental finding for very thick palladium membranes, i.e., either thick Pd or ultrathin
Pd composite membrane, is that the permeation behavior can considerably diverge from
the Sieverts’ law [24,26], and it can be related to the solubility and diffusivity in the
metal lattice [27–29]. Additionally, some theoretical case studies reported a different
Sieverts’ pressure exponent n from the ideal value even in the presence of pure hydrogen
feed [27,30,31]. Flanagan and Wang [32–34] presented a common approach to evaluate
the Einstein hydrogen diffusivity (referred to as “intrinsic” or “ideal” diffusivity) and
the nonideal correction from the experimental isotherms of the thermodynamic factor
versus the atom ratio, in addition to the case where the excess of chemical potential is
estimated by a linear function of the atom ratio. Another approach is proposed by Hara
and coworkers, who established a methodology to assess the intrinsic concentration-
independent hydrogen permeability and solubility by means of polynomial functions
of the square root of the hydrogen partial pressure [27,35]. However, the continuous
development and improvement of high-performing thin metal membranes is making
the external mass transfer more and more significant and hence increase the complexity
of the approach. Peters et al. (2008) [36] quantified the external mass transfer effect
on hydrogen permeation through a 2.2 mm-thick Pd-alloy tubule membrane reactor
system. A maximum H2 flux of 1223 mL cm−2 min−1 was obtained at 400 ◦C and
26 bar pure hydrogen feed pressure while in a mixture of 50% H2 + 50% N2 a maximum
H2 flux of 230 mL cm−2 min−1 was at 26 bar. Even in water gas shift gas mixtures
conditions a stronger influence of the dilution and the mass transfer, on the hydrogen
flux, was largely observed. In general, the concentration polarization is a visible element
in delaying hydrogen permeation [37,38]. Concentration polarization is generated by the
stimulated concentration boundary layer along the membrane surface and this results in
a lower hydrogen partial pressure at the retentate side of the membrane. The process of
concentration polarization is schematically illustrated in Figure 1 across a dense palladium
foil in the presence of hydrogen-helium feed mixture, where PH2,s and PH2,f are the partial
pressure of hydrogen at the surface and in the bulk fluid, respectively.
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Figure 1. Schematic of hydrogen transport through a fluid phase on the feed side and then through
the metal membrane.

According to this phenomena, hydrogen permeation deviates from Sieverts’ law and
the model of continuous stirred tank reactor (CSTR) cannot be applied, particularly close
to the membrane surface zone [39], hence, the mass transfer across the Pd membrane
approaches the behavior of plug flow reactor (PFR). Concentration polarization may
be intensified with low feed gas flow rate, high membrane permeability and selectivity,
high H2 partial pressure difference across the membrane and at high membrane tempera-
ture [17,40]. In other words, increasing feed gas flow rate can significantly minimize the
concentration polarization effect, as it flushes the fluid phase layer close to Pd surface.
According to literature, the concentration polarization is a noticeable factor in retarding
hydrogen permeation, where normally a pressure exponent (n) value in the range of
0.5–1.0 is reported [41–43]. If an appropriate pressure exponent is employed, the ratio of
H2 flux and H2 partial pressure difference is characterized by a constant and one is able
to identify the permeate of the tested membrane from the ratio. The pressure exponent
(n), which is typically treated in the literature as an empirical fit parameter and normally
an appropriate value is employed for analyzing permeation fluxes, differs from one study
to another. In the current study some (n) values from literature, for a more complicated
system with supported and unsupported Pd membranes in cases of pure and mixture
feeds, are discussed.

Recall that the fast development of Pd-based membrane modules and the relevant
applications of hydrogen purification/removal/catalytic reactions requires a better un-
derstanding of the hydrogen transport and the limitations in the Pd-based membrane
structures as well as the high temperature and pressure operations. Therefore, the effect
of operating conditions (T, P) on pressure exponent (n) was modeled, as well as the
experimental easement of CP effect. It is worth to add here that despite the concentration
polarization drawback of a lower flux, it can potentially be used as an advantage in the
catalytic membrane reactor (CMR) system [44]. For example, in hydrogenation reaction,
without altering the reaction pressure or temperature it is possible to adjust the feed com-
position and therefore lower the hydrogen penetration to the reaction zone. Controlling
the hydrogen flux through the membrane would consequently controls the hydrogen
coverage on the catalyst surface at permeate side, and subsequently, the selective hydro-
genation reaction rate as well as reaction yield can be theoretically controlled [45–47].
Furthermore, the oxidation state of a catalyst deposited on the downstream side of a
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palladium-based membrane reactor could potentially be dynamically adjusted during
reaction by adjusting the hydrogen feed composition or conditions [48–50]. For example,
if the catalyst is reducing too quickly, the hydrogen flow rate could be reduced by diluting
the hydrogen feed more. To model and analyze hydrogen permeation in such systems,
the transport mechanism must be well understood.

The current work is a fundamental study on hydrogen permeation through palladium-
based membranes to experimentally and theoretically assess the assumptions in deriving
the Sieverts’ Law in cases of concentration polarization and diverse operating conditions.
The findings of the study are used to evaluate and interpret the literature-based reported
pressure exponent (n) values where it is considered an empirical fit parameter.

2. Theory

Hydrogen permeates through all dense metallic membranes including palladium-
based membranes via the same mechanism as a complex multistep process [51,52]. The
transport through these membranes is modeled using the solution-diffusion approach. In
the solution-diffusion model, the flux of hydrogen gas through Pd-based membranes is the
product of its solubility, a measure of the amount of hydrogen absorbed in the membrane
under equilibrium conditions, and its diffusivity, a measure of how fast hydrogen atoms
transport through the membrane [53–55].

Hydrogen permeation through palladium membranes is a complex, multi-step pro-
cess, as shown in Figure 2.

Figure 2. Schematic of hydrogen transport mechanism through Pd-based membranes.

Hydrogen molecules dissociatively adsorb on the surface (steps 1 and 2), diffuse
through the bulk metal (step 3) as H atoms, and recombine as molecular hydrogen and
desorb from the permeate side (steps 4 and 5). Assuming constant diffusivity in the bulk,
step 3 is rate limiting, and that the driving force for transport can be represented by the
sorbed phase atomic hydrogen gradient, Fick’s Law gives the steady state hydrogen flux,
JH2 (mol/m2 s), as:

JH2 =
−DNb

2
dX
dz

(1)

where D is the hydrogen diffusivity in the bulk metal (m2/s), X is the bulk composition of
hydrogen inside the membrane (mol H/mol Pd), Nb is the bulk metal Pd concentration
(mol Pd/m3), and z is the spatial dimension along the thickness of the membrane. The 2
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comes from the fact that there are 2 moles of H in one mole of H2. At steady state, the
flux is independent of z, so dX/dz must also be constant (i.e., there is a linear bulk phase
concentration profile). Thus Equation (1) can be re-written as:

JH2 =
D
2L

Nb

(
X f − Xp

)
(2)

where Xf and Xp are the hydrogen compositions inside the membrane on the feed and
permeate sides, respectively. The bulk hydrogen concentrations (X’s), in Equation (2) are
related to the hydrogen pressure, PH2, by:

X = Xmθ =
Xm

√
KH2
RT PH2

1 +
√

KH2
RT PH2

(3)

where KH2 is the adsorption equilibrium constant and Ө is the fractional surface coverage
of hydrogen. Assuming diffusion of atomic hydrogen through bulk metal to be the slowest
step in the process and is considered to be rate limiting as per the Fickian diffusion, the
broader steady state hydrogen permeation flux; JH2 (mol/m2 s), through palladium
membranes [22,56–58] can be obtained by substituting Equation (3) into (2) as follows:

JH2 =
DNb
2L

⎛
⎝Xm

√
KH2
RT PH2,f

1 +
√

KH2
RT PH2

−
Xm

√
KH2
RT PH2,p

1 +
√

KH2
RT PH2,p

⎞
⎠ (4)

where D is the diffusion coefficient (m2/s), L is the membrane thickness (m), KH2 is the
adsorption equilibrium constants on feed or permeate side (mol/m3), and PH2,f and PH2,p
are the feed and permeate side partial pressures of H2 (Pa), respectively.

In order to obtain the above equation, the following assumptions were employed:

• Diffusion of H through Pd metal is rate limiting (for membrane thickness ≥10 μm);
• Surface coverage of H at both the feed and permeate sides of the membrane is in

equilibrium with the respective fluid phases;
• There is no concentration gradient at feed side (i.e., from bulk feed to membrane sur-

face);
• Constant diffusion coefficient in Pd, i.e., D �= f (PH2);
• Linear H in metal phase concentration profile, i.e., Fick’s Law can be applied;
• No species other than H on surface—either adsorbed molecules or contaminants, i.e.,

palladium sites are not blocked and hence the effective area for permeation is the
same throughout the process.

Furthermore, by assuming weak adsorption on surface, at low pressure and high
temperature, we can get √

KH2

RT
PH2 � 1

Moreover, if the adsorption equilibrium constant is assumed to be the same on
both sides of the membrane, then the expression of Equation (4) can be simplified in the
Sieverts’ Law format as follows

JH2 =
QH2

L

(
P0.5

H2,f − P0.5
H2,p

)
(5)

where QH2 is the permeability of H2 through membrane material (mol/m s Pa0.5), and, if
Equation (4) is compared with Equation (5), then permeability can be expressed as

QH2 =
DNbXm

2

√
KH2

RT
(6)
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However, permeability is typically expressed in terms of diffusivity (D) and solubility
(S), as per equation: QH2 = DS, therefore, considering Equation (6) and the latter definition
the solubility (S) can be expressed as

S =
NbXm

2

√
KH2

RT
(7)

Then, "Sieverts’ constant”, Ks, (Pa0.5) as defined by Shu et al. [45,58], can be related
to the adsorption equilibrium constant (KH2) reported in this study in Equations (4) and
(5) as follows:

1
Ks

=

√
KH2

RT
(8)

The Sieverts’ constant can also be theoretically calculated at a given temperature
from the correlation (16) below, where ΔHo

H and ΔSo
H stand for the standards enthalpy

and entropy for atomic hydrogen and it is obtained from the literature.

Ks = 76.8 exp

(
ΔHo

H
RT

− ΔSo
H

R

)
(9)

Additionally the “constant diffusivity”, D (m2/s), was calculated by employment of
Equation (10) in which ED = 4.5 E−7 m2/s and Do = 24.1 kJ/mol (as given by Birnbaum
and Wert [59]).

D = Doe−ED/RT (10)

When concentration polarization occurs, a layer adjacent to the surface at feed side
is formed and hence hydrogen must initially diffuse through the boundary layer before
reaching the membrane surface. Assuming a simple model where hydrogen is diffusing
through a stagnant film of helium and if the diffusivity is assumed constant then, the
steady state flux of molecular hydrogen through the boundary layer, JH2,BL (mol/m2·s),
can be described as follows [60]:

JH2,BL =
−DH2,He Pf

RTσ

(
yH2,s − yH2,f

)
(11)

where DH2,He is the diffusivity of H2 in the feed mixture (m2/s), σ is the boundary layer
thickness (m), Pf is the feed pressure (Pa), and yH2,s and yH2,f are the H2 mole fractions at
the surface and in the bulk feed, respectively. Figure 3 shows the different layers through
which hydrogen must penetrate through when, for example, a mixture feed of H2/He
is introduced and hydrogen is only permeated through the membrane material. In this
figure, Ff, Fp, and FR are total molar flow rates (in mol/s) at feed, permeate, and retentate
sides, respectively. The figure reflects the hydrogen molecule concentration or partial
pressure distribution and helium is not shown but the boundary layer is the layer of
stagnant helium limiting the hydrogen transport in the membrane.

The concentration polarization was experimentally analyzed; however, the validity
of Sieverts’ Law was examined using Sieverts’ Law but the pressure exponent (n) to be
unknown, i.e., an empirical fit parameter, as expressed in Equation (12) below

JH2 =
QH2

L

(
Pn

H2,f − Pn
H2,p

)
(12)

The strong adsorption effect as well as the high temperature effect were theoretically
evaluated using Equations (4), (6)–(10), and (12).
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Figure 3. Schematic diagram showing concentration polarization in mixed feed.

3. Materials and Methods

3.1. Materials

Palladium foils (25 μm thick and 99.9% purity) and palladium-silver foils (75:25 wt%,
25 μm thick and 99.9% purity) were provided by Alfa Aesar (Haverhill, MA, USA). The
foils were mounted in stainless steel module to be introduced in the following section.
Kalrez o-rings of 45.14 ± 0.46 O.D. and 42.52 ± 0.38 mm I.D, which lose its structural
integrity at 589 K, was used to seal the module. Ultra-high purity (grade 5) of 99.999%
hydrogen and pure helium (grade 5) with purity of 99.999% were provided from General
Air (Exton, PA, USA). Helium was used as a leak detector, inert gas, and diluent in the
mixed feed gas.

3.2. Methods
3.2.1. Membrane Module Design

A membrane module was designed to insure high contact surface area and hence
enhanced simulate of the realistic operating conditions. The module and inlet/outlet
system were designed to fit a commercial filtration flange from Millipore with one port
on each side, as illustrated in Figure 4.

Figure 4. Schematic diagram of the used membrane module.
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The module has an outer diameter of 80 mm and an inner diameter of 47 mm. It
can handle a maximum inlet pressure of up to 2.0 MPa and a maximum pressure drop
across the flange of 355 kPa. The measurements were typically made with feed pressures
of 101–214 kPa and pressure drops range 17–121 kPa. The module has two back pressure
support screens with 0.5 mm and 1.5 mm diameter holes. The 45.14 ± 0.46 O.D. and
42.52 ± 0.38 mm I.D. Kalrez o-ring was used to seal the foil to the feed side of the module,
and on the permeate side, the foil seals directly to the finer support screen. The effective
inner diameter of the Kalrez o-ring was estimated to be ~40 mm. This matches the O.D.
of the screen part of the finer support. Accordingly, a calculated permeation area of 12.57
cm2 was used for flux calculations.

The extent of mixing inside the module was characterized in a side experiment. The
spreading of the peaks when the flow goes through the module indicates that mixing
occurs in the module, and the composition inside the module on the feed side could
assumed to be equal to the retentate composition rather than the feed composition.

3.2.2. Membrane Foil Pretreatment

All Pd-based foils, used in this study, were rinsed with acetone and then placed
in stagnant air environment inside a GC-8A oven (Shimadzu, Kyoto, Japan) and then
activated, ex situ, at 673 K and ambient pressure for one hour. Once the foil was mounted
in the holder, the module was purged with inert gas to remove any air inside before
the run. The inert gas continued to flow while the module was heated to the required
temperature, and hence the foil was also activated in situ in a flowing inert gas, from
room temperature to the experiment temperature (i.e., a value of 473, 523, or 573 K).

3.2.3. Experimental Setup

The used apparatus in H2 permeation studies is shown in Figure 5. It mainly consists
of a membrane holder, gas cylinders, Brooks mass flow controllers (model 5850E, AK
Ruurlo, The Netherlands), a (1–10–100 mL) bubble flow meter from Hewlett-Packard
(Palo Alto, CA, USA), a flow system with Swagelok G.I. 60-psi range pressure gauges
(Solon, OH, USA) two thermocouples from Omega (model HH21 type J, Norwalk, CT,
USA), and a Prisma Quadrupole Mass Spectrometer model QMS 200 M2, purchased
from Pfeiffer Vacuum (Wetzla, Germany). The membrane module was heated inside a
GC-8A type gas chromatography oven (provided by GOW-MAC Instrument Company,
Bethlehem, PA, USA) and the feed side pressures were established using a 0–100 psig
(0–689 kPa) Swagelock KBP series diaphragm-sensing back pressure regulator (Cleveland,
OH, USA). The feed and permeate pressures were measured with a 0–100 psia (0–689 kPa)
CMM-121977 HEISE pressure gauge (Stratford, CT, USA). An in-line static mixer from
Koflo (model 3/8-40c-4-6-2, Cary, IL, USA) was used to introduce the desired mixtures at
feed side from pure gas cylinders of hydrogen and helium. All valves were supplied by
Swagelok (Solon, OH, USA).

Hydrogen permeation through Pd and Pd-25% Ag foils was developed in the Mil-
lipore membrane module in a flexible set up with or without introducing a sweep gas
to carry the permeated hydrogen either to a mass spectrometer for analysis or to the
bubble flowmeter for measuring its flow rate, as indicated in Figure 5. The membrane
holder, as earlier mentioned, has two inlets and two outlets that allow the flow across the
feed and permeate surfaces. Helium was used to purge the system prior to permeation
measurements, and also to sweep permeated hydrogen in some cases. The foils were 25
μm thick with 12.57 cm2 effective permeation area. The foil was activated (pretreated)
and then mounted in the module. The helium purged air from the system and the module
was heated to the run temperature, then the feed mixture was introduced to the module
at the feed side to start the permeation experiments. Hydrogen permeation fluxes from
mixture feeds were measured in the temperature range of 473–573 K and feed pressure
range of ambient to 214 kPa for a helium mole percentage as low as 5% and as high as
83%, binary feeds. The feed flow rate was varied from 114 sccm to 485 sccm. Two foils of
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palladium (Pd-1 and Pd-2) and one foil of palladium-silver alloy (75% Pd-25% Ag foil)
were used to obtain the results of this work.

Figure 5. Schematic diagram of the experimental apparatus.

3.2.4. Theoretical Calculations

In this part of the study, the impact of various operating conditions on (n) was
theoretically assessed. The modelling used Equations (4) throughout (12) to quantify the
impact. To determine the effect of strong adsorption (high pressure limit) on ‘n’, hydrogen
fluxes (JH2) were calculated by use of Equation (4) at various feed pressures (PH2,f) ranged
from 1 to 136 atm, while permeate pressure was maintained at 1 atm. These calculated
fluxes (JH2) were then substituted into Equation (12) using same operating conditions to
calculate ‘n’ values as an empirical fit parameter. Similarly, the weak adsorption effect
was modelled in the temperature range of 273–1273 K

4. Results and Discussion

The experimental studies analyzed hydrogen permeation fluxes from a mixed feed
through two Pd (i.e., Pd-1 and Pd-2) and one Pd-Ag alloy 25 μm-thick foils at different
operating conditions. The experimental studies on Pd-1 foil were achieved at an average
temperature of 523 K to conceptually prove the effect of impurities and the driving force
on mixed feed permeability; while for Pd-2 and Pd-Ag foils the mixed feed permeation
fluxes were measured in the anticipated temperature range of 473–573 K. Additionally,
the effect of strong adsorption (high pressure) and weak adsorption (high temperature)
was also theoretically examined to verify the validity of Sieverts’ Law assumptions, and
to analyze the realistic literature values of (n).

4.1. Permeability of H2 through Pure Palladium Foils

Two palladium foils (named Pd-1 and Pd-2) were used to study the effect of mixed
feeds on hydrogen permeation. These foils had an effective permeation area of 12.57 cm2

and were activated as described in Section 3.

4.1.1. Palladium Foil Pd-1

The Pd-1 foil was mainly used to isothermally assess the effect of hydrogen partial
pressure drop, the helium composition, and the feed flow rate on the degree of con-
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centration polarization in mixed feeds permeation, at 523 K. A description of Pd-1 foil
permeation operating conditions and the measurements are reported below (Table S1).
Hydrogen fluxes from a 95% H2-5% He feed mixture at hydrogen partial pressure drops
of 21, 62, and 117 kPa (PH2,f basis) were normalized by the corresponding pure hydrogen
fluxes through Pd-1 which were measured at similar conditions. For a leaner feed mixture
(70% H2–30% He), the normalized H2 fluxes were calculated for a fixed hydrogen partial
pressure drop of 62 kPa while varying the feed flow rate. Helium and hydrogen flows
were adjusted to maintain the required constant hydrogen composition. The results are
presented in Figure 6a for 5% He impurities in the feed while Figure 6b is for 30% He in
feed.

  
(a) (b) 

Δ

Δ

Δ

Δ

Figure 6. Hydrogen permeation fluxes through Pd-1 membrane foil at 523 K as a function of hydrogen pressure drop and
feed flow rate: (a) for a 5% He feed stream with ΔPH2 of 21 kPa ( ), 62 kPa ( ), and 117 kPa ( )); (b) for a 30% He feed stream
( )) compared to 5% He feed stream ( )) with ΔPH2 = 58 kPa and PH2,f = 152 kPa.

The hydrogen fluxes for the 30% He were lower than those for the 5% He feed
because of the stronger concentration polarization effect in the more dilute feed case, as
expected [61]. Moreover, at feed flow rate of 180 sccm, the flux for 30% He feed was ≈12%
lower than that of 5% He feed; while at higher feed flow rate of 355 sccm the percentage
was cut in half (i.e., 6%), as can be observed from Figure 6b. The helium mole% in the
retentate stream was calculated to be about 33% when ΔPH2 ≈ 58 kPa. As feed flow
rate increased, the flux approached the pure hydrogen feed as the effect of concentration
polarization decreased [17]. This behavior is concurred by the detailed results of 5% He
in Figure 6a, at different pressure drops and feed flow rates.

Furthermore, hydrogen permeation from mixture feeds was also measured at 523 K
maintaining ambient pressure on both sides of the membrane holder (feed and permeate).
In this case, helium was used as a diluent in the feed and as a sweep on the permeate side.
The helium sweep was maintained at 181 sccm, and on the feed side the helium composi-
tion was adjusted to vary from 8 to 83%. As shown in Figure 7, the H2 fluxes with the
mixture feeds did not vary linearly with (PH2,f

0.5–PH2,p
0.5) as predicted by Sieverts’ Law.

To get a linear plot of hydrogen flux vs. (PH2,f
n-PH2,p

n) n value was empirically
found to be close to 1 using feed compositions in the driving force and around 0.62 using
retentate compositions in the driving force indicating the gap in hydrogen partial pressure
between the bulk and the feed side membrane surface. Normally H2 permeation in the
case of pure feeds is controlled by the feed and permeate pressures which are the same
in bulk and close to the surface of the membrane, while in the case of mixture feeds, the
more the He, or the non-permeable impurities in the feed, the greater the pressure drop
in the gas film and accordingly lower driving force for hydrogen permeation [62].
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Figure 7. Mixed feed permeation through Pd-1 at 523 K for 8% to 83% He in feed balanced
with hydrogen. Both sides of holder were at ambient pressure and helium used as sweep gas.
Experimental runs were repeated as represented by the overlapped points.

4.1.2. Palladium Foil Pd-2

Table 1 summarizes the operating conditions of Pd-2 foil experiments for the perme-
ation of 13.5% He in H2 mixed feed gas. The fluxes were measured at several temperatures
and retentate-based hydrogen partial pressure drops while pressure at permeate side
was kept as ambient pressure. The 0.5 power dependence of the fluxes are presented in
Figure 8.

Table 1. Operation conditions for H2 in 25 μm thick Pd-2 membrane foil permeability studies.

Temperature
(K)

Partial Pressure Drop
(kPa)

Feed Mixture
% He in H2

Feed Flow Rate
(sccm)

473, 523, 573 ~29, 40, 55, 64, 79 ~13.5% 114

Figure 8. Hydrogen permeation fluxes, from a 13.5% He balanced with H2, through Pd-2 foil in the
temperature range of 473–573 K and ΔPH2,r of ~29, 40, 55, 64, and 79 kPa.

Clearly, the permeation did not follow Sieverts’ law as concentration polarization
in the feed again affected the flux [30]. The helium composition in retentate varied
from ~16.4 to 20.1 mol% as the pressure drop increased, at feed flow rate of 114 sccm;
suggesting a more severe CP effect as more hydrogen gas permeated through the foil.
To get these data to appear linear on a plot of flux vs. (PnH2,r

n-PH2,p
n), n must be about

0.9, as an average value for the three temperatures. In this case, the activation energy
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for permeation determined using the Q values estimated simultaneously with n using
expression (12) at various temperatures and estimated to be 8.12 kJ/mol. This value is less
than the activation energy for pure hydrogen permeation through Pd-2, by ≈43%. The
pre-exponential factor was 1.40 E-10 mol/m.s.Pa0.9, which as expected is also lower than
that estimated for pure hydrogen permeation [26]. This illustrates that using Equation
(12) when concentration polarization limits the permeation leads to under estimate of the
permeability parameters.

4.2. Permeability of H2 through Palladium–Silver Foils

To verify the findings obtained for Pd-1 and Pd-2 foils, the hydrogen permeation
experiments were repeated from a comparable He in H2 mixed feeds through 25 μm thick-
75% Pd-25% Ag foil (called Pd-Ag) at the operating conditions listed in Table 2. Hydrogen
fluxes were obtained by adjusting the helium gas flow rate in the feed (i.e., increase or
decrease). The experiments were repeated at different temperatures of 473, 523, and 573
K.

Table 2. Operation conditions for 25 μm-thick (75–25%) Pd-Ag membrane foil.

Temperature
(K)

Feed Mixture
% He in H2

Feed Flow Rate
(sccm)

Feed Pressure
(kPa)

H2 Feed Flow Rate
(sccm)

Permeate Pressure
(kPa)

473, 523, 573 10–57% 15–172 214 129 93

In this study, it was observed that after each increase in helium flow rate in the
feed, hydrogen flux at a given pressure was slowly decreasing. After each decrease in
helium flow rate, the flux at a given pressure was slowly increasing. The steady state flux
which is close to the average value of these two limits at a given pressure were used in
the analysis. This method was used at all temperatures and H2/He compositions. The
pressure dependence of the hydrogen fluxes, which clearly deviates from the 0.5-power
Sieverts’ law, is shown in Figure 9a; where the partial pressure of H2 on the feed side was
used assuming uniform composition.

 
(a) (b) 

Figure 9. Hydrogen fluxes from a mixture of H2/He through Pd-Ag foil at 473, 523, and 573 K at Pf = 214 kPa and
Pp = 93 kPa: (a) considering hydrogen partial pressure of the bulk feed (PH2,f); (b) assuming the hydrogen partial pressure
in the retentate (PH2,r) for the composition. The straight lines to represent the best fit of Sieverts’ law if assumptions are
valid.

While in Figure 9b, the flux vs. (PH2,r
0.5–PH2,p

0.5) was plotted using the retentate
composition; a less dramatic deviation from Sieverts’ law was observed. The best fit of
the data, presented in Figure 9a,b, was obtained when n ~ 1.4, when the feed composition
was used, and n ~ 1.0, when the retentate composition was used, respectively. This
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suggests that diffusion of hydrogen through the bulk metal was not the rate limiting step
in these measurements [63]. Using Equation (12) with the retentate composition as the
feed composition and n = 1, an activation energy of 21.37 kJ/mol and a pre-exponential
factor (Qo) of 2.53 E-10 mol/m.s.Pa were obtained. The values are not expected to be same
as to those obtained from experiments in which Sieverts’ Law is valid [23]. Interestingly
gas phase diffusion weakly depends on temperature compared to activated diffusion
through membranes [62], accordingly the activation energy for these measurements is
expected to be lower than that through the Pd-Ag membrane. Indeed, the estimated
activation energy for transport through a boundary layer and then through the Pd-Ag
membrane was found to be ≈18% lower than that for pure hydrogen transport alone
through the same foil in the same temperature range. The values were obtained from the
Arrhenius Plot using the results of Figure 9b.

4.3. Analyzing Sieverts’ Law Assumptions for the Mixed Feeds Permeation in Pd and Pd-Ag
Foils

As of the results presented earlier, it clear that hydrogen permeation from mixture
feeds of hydrogen/helium through the Pd and Pd-Ag membrane foils in the current
study deviated from Sievert’s Law at the conditions tabulated earlier. The comparative
results of Pd-2 and Pd-Ag foils at 523 K were generated in Figure 10. As expected, H2
fluxes in Pd-Ag were higher than those of Pd-2 foil but, as previously indicated, both do
not follow Sieverts’ 0.5-power law (Figure 10a). To better understand the concentration
polarization behavior in the two foils, the normalized fluxes were considered in Figure
10b. H2 fluxes in Pd-2 foil were obtained by varying the feed pressure and maintaining
the total feed flowrate at approximately 152 sccm while fluxes of Pd-Ag foil were obtained
by adding more helium in the feed at constant total feed pressure of 214 kPa. Accordingly,
for Pd-2 foil the increase in the feed pressure increased the driving force for hydrogen
permeation, since the permeation process is fast a fluid phase layer was developed on the
surface limiting the hydrogen flux and possibly led to surface saturation. On the other
hand, for Pd-Ag foil, the added helium increased the formation of fluid phase layer but
with relatively increased total feed flow rate, the CP effect was slightly minimized, and
hence this explains the increase in the gap in Figure 10a as hydrogen pressure difference
increased. These remarks support the results obtained for Pd-1 foil and illustrated in
Figure 6.

 
(a) (b) 

Figure 10. Hydrogen fluxes from a mixture of H2/He at 523 K through Pd-2 (in red symbols) and Pd-Ag (in green symbols)
foils (a) as a function of PH2

0.5 (Sieverts’ Law) for helium compositions of 0.15 and (0.126 to 0.515), respectively (b) as a
normalized flux versus hydrogen pressure drop. Permeate pressure was 93 kPa.

Selective and fast hydrogen depletion through Pd-based membrane foils leads to
accumulation of helium near the Pd surface, which causes a concentration gradient across
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a boundary layer in the feed [61]. Due to this phenomena, the partial pressure of hydrogen
in the bulk feed is not equal to the partial pressure of hydrogen at the surface, which is a
violation of one assumption in Sievert Law [17]. Hydrogen diffusion through the system
can therefore be perfectly limited by the hydrogen diffusion through the boundary layer
(fluid phase mass transfer) rather diffusion through the foil itself, which would normally
lead to a linear dependence (i.e., n = 1) of flux on hydrogen partial pressures rather than
the 0.5 exponent dependence of Sieverts’ law [23]. If both resistances are important, the
exponent on the partial pressures can be between 0.5 and 1 [23]. Concentration polariza-
tion obviously also lowers the flux in addition to changing the pressure dependence of
the flux, and improper analysis of fluxes measured under conditions where concentration
polarization is completely or partly rate limiting leads to underestimates of the membrane
permeability and its activation energy [17]. Furthermore, increasing the feed flow rate
decreases the effect of concentration polarization. Considering the influence of the flow
rate at the exit of the retentate side on H2 flux, a higher flow rate means more H2 being
sent into the membrane surface, sweeping the other impurities and rendering a thinner
H2 boundary layer along the membrane surface. This results in a larger H2 concentration
gradient on the surface and thereby intensifying H2 flux [63]. Hence, the total feed flow
rate should be considered when comparing hydrogen flux from feed mixture results,
which is not necessary when comparing pure hydrogen permeation fluxes [13]. At higher
partial pressure driving forces across the foil, concentration polarization is also more
severe as would be expected.

5. Mathematical Modeling

Equations (4) and (12) were mainly used to model and to independently assess
the strong and weak adsorption on validity of 0.5-power Sieverts’ law for the pure H2
permeation through 25 μm thick Pd foils. All parameters which were used in the model
calculations are reported in Table 3.

Table 3. Parameter values used in model calculations.

Parameter Value Units References

Qo 9.29 × 10−8 mol/m s Pa0.5 (Current study)
Ep 11.7 kJ/mol (Current study)
Do 4.5 × 10−7 m2/s Birnbaum and Wert(1972) [59]
ED 24.1 kJ/mol Birnbaum and Wert (1972) [59]

ΔHo
H −8.4 kJ/mol Holleck (1991) [64]

ΔSo
H −48.7 J/mol K Holleck (1991) [64]

Nb 1.13 × 105 mol Pd/ m3 Ward and Dao (1999) [22]
Xm 0.65 mol H/mol Pd Smirnov and Gol’tsov(1988) [65]
R 8.314 J/mol K (Gas constant)

5.1. Effect of High Pressure Limits (Strong Adsorption)

The strong adsorption effect on hydrogen permeation and consequently on the power
exponent (n) was assessed at 523 K for pure H2 permeation through Pd foil. The feed
pressure (PH2,f) was varied from 101 to 13,736 kPa (i.e., 1 to 136 atm) with permeate side at
ambient pressure (PH2,p). The results are presented in Figure 11. Additional temperature
results in the range of 473–573 K are available in the supplementary information (Table
S1).

The modelling results showed (n) values deviated from the 0.5 power. Clearly in Fig-
ure 11, as the PH2 increased the pressure exponent (n) decreased below 0.5. Theoretically,
if PH2 approaches the infinity (∞) then the membrane will be saturated and hence n will
approach zero, suggesting a permeation rate to be independent of PH2. Therefore, the
very strong adsorption in the case of a very high applied pressure, hypothetically indicate

that the assumption
√

KP
RT � 1 in deriving the Sieverts’ law is invalid.
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Figure 11. Modeling the effect of strong adsorption on pressure exponent (n) at 523 K.

5.2. Effect of Weak Adsorption (High Temperature Limits) on Pressure Exponent (n)

Similarly, the effect of weak adsorption (high temperature) was modeled by varying
the temperature from 298 to 1273 K. Three different feed pressures were chosen in the
model, i.e., 1.36, 30.62, and 68.08 atm. The permeate side was kept at ambient conditions.
The temperature dependency, as per model used, is reported in Figure 12. An increase of
absolute temperature by ≈3 times resulted in an increase of n values by 7% towards the
0.5 value. The weak adsorption supports the Sieverts’ law validity because it validates

the assumption
√

KP
RT � 1.

Figure 12. Modeling the effect of weak adsorption (high temperature) on hydrogen permeation rate
and the corresponding (n) value for hydrogen partial pressures in the range of 1.36–30.62 atm.

5.3. Combining the Effect of Pressure and Temperature in the Model

All results in Figures 11 and 12 were obtained assuming low pressure at permeate
side, and also individually addressed the effect of each parameter on (n). For example, an
increase in feed pressure by ≈130 atm caused a decline of (n) value by only 2%. While
a decrease of the temperature by 3 times lowered the (n) value by 7%. Furthermore, a
simultaneous increase of pressure accompanied by a decrease of temperature resulted in

a 30–50% more effect on (n) because the assumption
√

KP
RT � 1 is strongly not valid.

6. Explaining the Literature (n) Values and the Future Work Direction

The effect of high sorption coverage, i.e., high pressure or high adsorption equilib-
rium constant, as well as the concentration polarization were previously investigated.
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Concentration polarization resulted in pressure exponent (n) values between 0.5 and 1.0,
a high sorption theoretically assessed and produced (n) values below 0.5. These effects
were independently addressed and their impacts were quantified. If combined, the degree
of the deviation from Sieverts’ law will probably depend on the contribution of each step
in the permeation process.

Table 4 summarizes the membranes features and the operating conditions for some
realistic studies, in which (n) was treated as an empirical fit parameter and its value varied
from 0.5 to 1.41, as follows: (i) supported or non-supported Pd as thin as 0.5 μm and as
thick as 1000 μm, (ii) temperature range of 623–1219 K, (iii) pure feed gas or mixed feed
with up to 80% He, (iv) feed pressure in the range of ≈1–27 atm, and (v) permeate pressure
either as vacuum or 1 atm (sweep gas). The (n) values were qualitatively interpreted and
possible explanations were provided according to current study outcomes.

Table 4. Literature pressure exponent (n) values for hydrogen permeation through supported and unsupported Pd
membranes from pure and mixture feeds.

References Hurlbert and
Konecny [66]

Katsuta et al.
[67]

Morreale
et al. [24]

Gielens
et al. [25]

Gielens
et al. [25]

Chen et al. [61] Chen et al. [61]
Parameters

L (μm)
10–150 940 1000 0.9 0.5 6.93 6.63

no support no support no support no support with support Tubular Tubular
   

T (K) 623–773 769–1219 623–1173 623–873 623–873 623 623

Feed gas

H2 H2

 

90% H2–
10% He

 

20% H2–
80% He

20% H2–
80% He

H2
75% H2–
25% N2

Ptotal,f (kPa) 101–710 101 101–2760 101–505 101–505 101–202 303–506

PH2,f (kPa) 101–710 101 91–2480 20–101 20–101 101–202 303–506

P total,p (kPa) Vacuum Vacuum 118 101 101 101 101

Permeate
condition Vacuum Vacuum Ar sweep N2 sweep N2 sweep N2 sweep N2 sweep

n 0.68 0.5 0.62 0.5–1.04 ** 0.58–1.41 ** 0.5 1.0

Possible
justification of

(n)

L-Thick Pd ***
Pure H2
(n ≈ 0.5),

high P (n < 0.5),
High T

(n ~ 0.5),
high ΔPH2

desorption rate
limiting
(n ≈ 1)
→

Avg. (n) = 0.7

H-Thick Pd
Pure H2
(n = 0.5),

(low P and
high T)

(n = 0.5),
low ΔPH2

→
Sieverts’ Law

(n = 0.5)

Thick Pd
(n = 0.5),

with lower CP
* effect at feed

(n ~ 0.8),
Very high P

(n < 0.5),
high T

(n ~ 0.5),
→ Avg.

(n) = 0.63

Thin Pd
Strong mixed
effect (CP *)
and sweep

(n = 1),
High T

(n ~ 0.5),
moderate P

(n ~ 0.5),
→ Very thin
membrane

with strong CP
(n = 1)

Thin Pd
Strong mixed
feed or CP *

(n = 1),
high T

(n ~ 0.5),
Viscous flow in
support flux α

PH2
2 (n = 2),

moderate P
(n ~ 0.5)

→
Avg. (n) = 1.38

Thin Pd
Pure H2

low P
(n = 0.5),
High T

(n = 0.5),
→ Avg.
(n ~ 0.5)

Thin Pd
Strong mixed
feed or CP *

(n = 1),
low P (n = 0.5),

High T
(n = 0.5),
→ mass

transfer in
fluid phase is
the limiting

step
(n ~1.0)

* CP is an abbreviation for concentration polarization. ** Upper limit was evaluated. *** L-Thick Pd means relatively thick Pd and H-Thick
Pd refers to a very thick film.

Hurlbert and Konecny [66] reported an (n) value of 0.68 for pure H2 permeation
through 10–150 μm (relatively) thick Pd membranes with relatively high PH2,f = 7 atm and
T > 623 K and permeate side at vacuum. This value can be justified by the combined effect
of thick membrane (n = 0.5), high T (n→0.5), high Pf (n < 0.5), and desorption limiting
(n ≈ 1). Moreover, Katsuta and coworkers [67] assessed hydrogen permeation through
a very thick Pd membrane at operating conditions favored the 0.5 power. Furthermore,
Morreale et al. (2003) [24] investigated the mixed feed (10% He balanced with H2)
permeation for very thickness Pd in a relatively high temperature and pressure which
resulted in a pressure exponent value between 0.5 and 1.0. Interestingly Gielens and
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coworkers [25] conducted two studies one with support and one without, however, in
both 80% He–20% H2 mixture was introduced to a very thin palladium at relatively high
temperature. For the non-supported Pd the strong concentration polarization gave n ≈
1, while in the supported-Pd membrane the contribution was cumulative (CP → n = 1,
support → JH2,support α P2 → n = 2, high T → n = 0.5) so n was estimated to be ~1.4 [68].
Most recently Chen and coworkers [61] reported exponent values of 0.5 for very thin
tubular Pd membrane at relatively high temperature and moderate pressure drop. When
25% N2 balanced with hydrogen was introduced to the system a severe CP effect was
observed leading to an (n) value of 1.0, as expected.

The above qualitative analyses of n values in Table 4 clearly support the findings
of this work. The values obtained by qualitative analyses were close enough to the
literature-reported values. However, this study did not take into account the Pd surface
contaminants [69–71] or the membrane activation [72] to physically or chemically block
the surface. Nevertheless, the better understanding of the assumptions in Sieverts’ Law
enabled the authors to explain some of the literature values for similar conditions, such
the nature of the feed gas, operating conditions, and nature of the membrane (thickness,
dense or composite). Additionally, Suzuki and coworkers reviewed various methods for
consistent analysis of hydrogen permeability [73].

The limited applicability of the current approach suggests to better understand the
H2 transport in the palladium-based catalytic membrane reactors and consequently the
Sieverts’ Law assumptions. This requires a general transport model to incorporate all
possible mass transfer resistances [74], in addition to the reaction. The incorporation of
general model in assessing the assumptions of Sieverts’ Law and quantify the role of each
effect (i.e., mixed feed, support, thickness, catalyst, T, P, etc.) The general model aims at
numerically determining the pressure exponent (n) values. Figure 13 shows the possible
resistances in a typical Pd-membrane reactor; as follows: (1) fluid phase mass transfer,
(2) flow through support, (3) H2 dissociative adsorption on surface, (4) H from surface to
inside Pd, (5) H diffusion in Pd, (6) H from bulk to surface, (7) H atoms re-combinative
desorption, (8) H atom spill-over on catalyst, (9) surface reaction, and (10) unreacted or
produced H2 flow through fluid phase mass transfer. This proposed transport maybe
slightly different if hydrogenation or dehydrogenation reactions involved, or there is
a need for support on both sides, or the nature and stability of the catalyst (i.e., metal
segregation), and finally the shape of the module (disk, sheet, tube, hollow fiber, etc.).

Figure 13. Schematic diagram of resistances to hydrogen transport through a catalytic Pd-based membrane reactor, with
supported catalyst.
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7. Conclusions

Palladium membranes can be effectively employed inside reactors, and most recently
for hydrogen production from fossil fuels or from bio-wastes. The use of Sieverts’ law
with 0.5 exponent in such complicated system would either underestimate or overestimate
the hydrogen flux. Hence, some of the assumptions used in deriving Sieverts’ Law were
assessed in this study, either experimentally or by means of a simple model, to describe
the reported literature pressure exponent (n) in comparable studies. The assumptions
of our interest are: (i) diffusion of H through Pd metal is rate limiting, (ii) there is no
concentration gradient at the feed side, (iii) no species other than H2 on surface, and
(iv) weak adsorption behavior on surface. Hydrogen permeation studies from a mixture
feed through Pd-1, Pd-2, and Pd-Ag foils at different temperatures and pressure drops
resulted in a decline of H2 flux suggesting formation of an impermeable gas close to
the membrane surface (CP effect). The (n) value of 1.0, which was obtained from the
experimental data, suggests that concentration polarization to be dominant and hence
assumption (i) probably invalid. The pressure exponent (n) of 0.9 for Pd-2 foil fluxes
confirms a partial contribution of mixed feed effect on the validity of assumption (i), as
rate limiting step. Moreover, the Pd-1 studies stressed on importance of the feed flow
rate to minimize the CP effect, a 7% increase was observed in the normalized flux for 30%
He in feed when total feed flow rate was doubled. This explains that the actual driving
force for the permeation is lower than the theoretical value, i.e., PH2,f > PH2,surface, and
therefore, probably assumption (ii) in Sieverts’ law is not anymore valid. Furthermore,
the use of mixed feed with CP limitations may also affect the assumption (iii), as helium
physically stays on the foil surface. A stronger effect of this assumption can be observed
if contaminants like carbon chemically adsorbs on the surface, but in our study this was
minimized or eliminated when membranes foil were ex situ activated at 673 K. Lastly,
assumption (iv) was examined at high adsorption coverage, i.e., at high pressure and low
temperature, using a simple model assuming Langmuir adsorption with temperature
dependent adsorption equilibrium coefficient. Mathematical modelling confirmed that
high pressures or low temperatures could lead to n < 0.5 but based on the literature values
normally n is ≥0.5, which may suggest that the two effects are present but marginalized
with the stronger impact of the other steps. The experiments and modelling in this study
offer possible reasons explaining why experimentally fit value of the exponent, n, deviate
from 0.5. A more general model including concentration polarization and high adsorption
coverage effects on hydrogen transport in metal-based catalytic membrane reactor was
presented, accounting for the catalytic multi-layered porous support.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/membranes11100778/s1, Figure S1: Modeling the effect of strong adsorption (high P) on
pressure exponent (n) for temperature range of 473-573 K. Table S1: Operation conditions for H2 in
25 μm thick Pd-1 membrane foil permeability studies.
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Abstract: Studying the influence of grain characteristics on fluid flow in complex porous rock is
one of the most important premises to reveal the permeability mechanism. Previous studies have
mainly investigated the fluid flow laws in complex rock structures using an uncontrollable one
single parameter of natural rock models or oversimplified control group models. In order to solve
these problems, this paper proposes a novel method to reconstruct models that can independently
control one single parameter of rock grain membranes based on mapping and reverse-mapping
ideas. The lattice Boltzmann method is used to analyze the influence of grain parameters (grain
radius, space, roundness, orientation, and model resolution) on the permeability characteristics
(porosity, connectivity, permeability, flow path, and flow velocity). Results show that the grain
radius and space have highly positive and negative correlations with permeability properties. The
effect of grain roundness and resolution on permeability properties shows a strong regularity, while
grain orientation on permeability properties shows strong randomness. This study is of great
significance to reveal the fluid flow laws of natural rock structures.

Keywords: porous sandstone; grain membranes; mapping method; lattice Boltzmann; permeability

1. Introduction

Rock is a kind of complex geological body containing a large number of continuous
and discontinuous structures. These discontinuous structures cause the penetrability of
the rock at any scale, and they dominate the hydrological behavior of the rock. Therefore,
the study of fluid flow laws in discontinuous structures has great significance for the
prevention and control of inrush water in rock mass engineering [1] and the improvement
of oil extraction [2] and gas extraction [3,4] efficiency. The discontinuous structures of
the rock are extremely complex, so the structures should be quantitatively characterized,
and then the fluid flow laws in the rock are possible to be revealed by analyzing the fluid
behavior with different characterization parameters.

In order to characterize the discontinuous structures of the rock and obtain the fluid
flow behaviors in the structures, a variety of research methods have been adopted. For
the permeability experiments of the rock in the laboratory, computerized tomography
(CT) can capture the discontinuous structure inside the rock [5], and the steady-state and
non-steady-state methods can measure the rock permeability [6–8], and nuclear magnetic
resonance (NRM) can capture the fluid flow process to some extent [9]. The pore structure
model and permeability obtained by these methods are realistic. However, the fluid flow
paths in rock structures are challenging to catch with real-time and high fidelity. Fur-
thermore, due to the random structure of natural rock, the quantitative characterization
parameters between different rocks do not have regularity, so the permeability laws of
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rock structure are hard to study. To reveal the fluid flow paths, the theoretical analysis
method for rock permeability can realize quantitative characterization parameters be-
tween different rock models with a single variable [10]. It can also obtain permeability
results and visual flow paths that can be used to analyze the influence of rock structural
parameters on permeability behavior. However, this method can only solve the permeabil-
ity behaviors of simplified models and cannot solve the nonlinear permeability problem
of complex rock structures. With the rapid development of high-performance computing
platforms and numerical algorithms, the numerical simulation method has been widely
used in permeability analysis of complex structures in recent years. This method has the
advantages of solving complex problems, strong visualization, and low cost.

Constructing a numerical model that can simulate the natural rock structures (real
control group) and control the independent change of characterization parameters (single
control variable) is vital to study the fluid flow laws in complex rock structures based on
the numerical simulation method. The modeling of pore structures is usually divided
into direct and indirect methods. The direct methods refer to obtain two-dimensional or
three-dimensional natural rock pore structures using physical equipment (such as the
camera, CT) and image processing technology [11]. The model established by this method
can reproduce the structural characteristics of the natural rock (real control group), and
the permeability behavior of the natural rock can be obtained with the support of scientific
CFD algorithms. However, due to the random differences between different rocks, the
characterization parameters are intermingled with each other, which causes the hard to
realize independent variations of the characterization parameters. The indirect method
refers to using random distribution to reproduce some parameter characterizations in
a new model. Parameterization methods mainly include the fractal method [12], the
Gaussian field method [13], the simulated annealing method [14], the QSGS parameter
method [15], and the Markov chain Monte Carlo method [16]. These methods can estab-
lish plausible pore models and control the single variation of characteristic parameters,
but the complementary phase (grain structure) of pore structures is difficult to reflect the
morphology of natural grains, which cannot form a real control group. Xiao et al. [17,18]
used digital twinning technology and texture synthesis method to build highly realistic
rock moso-structures to keep the pore and grain structures natural and realistic. How-
ever, these methods cannot achieve single and independent changes in characterization
parameters.

Due to the high complexity and randomness of pore structures, it is challenging to
describe the pore structures accurately. The boundary (membranes) of mineral grains
delineates the pore structures over time by geological processes. In other words, the
pore structures that are structurally complementary to the grains are the product of the
interaction between mineral grains. Therefore, if the grain structures of the rock can be
accurately described, the pore structures will also be accurately described. Compared with
the complex pore structures, the relatively regular grain structures can reveal the fluid flow
laws of porous rock more easily. Many scholars have studied the permeability behaviors
by changing the space [19], radius [10], and roundness [20] of grains and obtained helpful
conclusions. However, the control groups in this research were simplified rock models,
and they could not accurately reflect the actual permeability behaviors. In this case, the
models with various parameters derived from these simplified control groups are likely
to reflect non-accurate permeability laws. Although the above studies can control the
single variable of the representational parameters, the results of the control groups are
not convincing.

With regard to permeability simulation, the finite volume method, finite difference
method, and finite element method, based on the Navier–Stokes (NS) equations, are
mainstream algorithms in most commercial software. However, the NS-based methods
for solving the fluid flow problems in complex porous media are challenging because the
mesh of these methods is difficult to guarantee both model and computational reliability.
By contrast, the lattice Boltzmann method (LBM) is based on the pixel (lattice) scale, which
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can reproduce complex pore structures and give accurate computational fluid results. The
advantages of LBM in complex porous media have been applied in many studies, such as
heat transfer [21,22] and water seepage [17].

This paper aims to study the influence of geometry characteristics of grains on
fluid flow laws by changing the geometric parameters of grains in natural rocks based
on natural rocks as the control group and the controlling single variable method. The
two-dimensional image of the natural pore sandstone provides an actual control group,
and the discrete mapping and reverse-mapping ideas are used to achieve single and
controllable grain parameters. Furthermore, the lattice Boltzmann method is used to
reveal the fluid flow laws of the pore sandstone model under different characterization
parameters.

2. Materials and Methods

2.1. Materials

The model in this research is from Oklahoma’s Permian-age Sandstone [23]. As
shown in Figure 1a, the physical size of the porous sandstone is approximate to 1 mm ×
1 mm, in which the mineral grains are off-white with a diameter of about 0.2 mm, and
the pores are dyed blue. In order to study the influence of mineral grains in this porous
sandstone on permeability behavior, the manual delineate method was used to separate
the 71 grains completely, as shown in Figure 1b. Then, image processing technology
was used to identify the mineral grain boundary and obtain the skeleton structure of the
boundary, as shown in Figure 1c. The area, equivalent radius, perimeter, and roundness
of separated mineral grains are shown in Table 1.

Figure 1. The process for obtaining grain boundaries (membranes) of porous sandstone. (a) Porous
sandstone; (b) Grain separation; (c) Grain boundaries.

Table 1. Grain geometry parameters (sorted by area from large to small).

No.
Area

/Pixels

Equivalent
Radius
/Pixel

Perimeter
/Pixel

Roundness No.
Area

/Pixels

Equivalent
Radius
/Pixel

Perimeter
/Pixel

Roundness

1 16,089 71.56 499.92 0.77 37 3246 32.15 219.75 0.76
2 13,745 66.14 476.77 0.70 38 3219 32.01 252.89 0.59
3 11,868 61.46 446.09 0.69 39 2664 29.12 245.94 0.55
4 11,452 60.38 422.87 0.75 40 2573 28.62 210.94 0.67
5 11,266 59.88 428.02 0.72 41 2418 27.74 193.40 0.74
6 10,784 58.59 621.10 0.35 42 2312 27.13 235.47 0.49
7 9309 54.44 396.04 0.71 43 2064 25.63 234.90 0.45
8 9080 53.76 430.48 0.59 44 2009 25.29 188.76 0.66
9 7983 50.41 484.83 0.41 45 1842 24.21 230.67 0.40
10 7930 50.24 370.31 0.72 46 1837 24.18 160.17 0.83
11 7320 48.27 343.00 0.72 47 1734 23.49 168.89 0.70
12 7146 47.69 339.35 0.73 48 1710 23.33 166.04 0.73
13 6693 46.16 373.26 0.55 49 1681 23.13 208.37 0.45
14 6637 45.96 400.66 0.49 50 1545 22.18 176.45 0.57
15 6498 45.48 332.51 0.68 51 1354 20.76 148.44 0.72
16 6397 45.13 362.81 0.57 52 1188 19.44 133.53 0.78
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Table 1. Cont.

No.
Area

/Pixels

Equivalent
Radius
/Pixel

Perimeter
/Pixel

Roundness No.
Area

/Pixels

Equivalent
Radius
/Pixel

Perimeter
/Pixel

Roundness

17 6204 44.44 317.68 0.70 53 975 17.62 114.47 0.85
18 6035 43.83 331.56 0.67 54 964 17.52 132.79 0.69
19 5975 43.61 338.20 0.62 55 949 17.38 136.12 0.59
20 5961 43.56 334.25 0.63 56 891 16.84 129.42 0.63
21 5671 42.49 296.29 0.74 57 816 16.12 107.51 0.80
22 5175 40.58 348.43 0.50 58 740 15.35 102.46 0.80
23 5079 40.21 349.42 0.49 59 682 14.73 144.48 0.38
24 5060 40.13 281.61 0.74 60 626 14.12 98.63 0.78
25 5013 39.94 288.02 0.69 61 563 13.39 120.57 0.47
26 4881 39.42 277.90 0.74 62 526 12.94 124.82 0.39
27 4497 37.83 267.34 0.73 63 521 12.88 89.63 0.74
28 4242 36.75 266.25 0.70 64 521 12.87 89.75 0.74
29 4216 36.63 288.08 0.61 65 498 12.59 104.58 0.53
30 4127 36.24 279.46 0.62 66 406 11.37 72.70 0.88
31 4054 35.92 278.28 0.62 67 268 9.24 64.43 0.76
32 3944 35.43 265.95 0.63 68 252 8.95 63.38 0.74
33 3885 35.16 291.08 0.52 69 243 8.80 54.94 0.91
34 3647 34.07 252.40 0.72 70 156 7.06 56.72 0.63
35 3506 33.41 231.89 0.74 71 144 6.76 46.05 0.79
36 3295 32.38 303.86 0.43

2.2. Mapping and Reverse-Mapping Method

Each grain in the porous sandstone is considered intact and homogeneous, and each
grain model can be abstracted as a topologically closed set (as shown in Figure 2), which
is a two-dimensional infinite point set in Euclidean space. There is much redundancy
in describing topologically closed sets using two-dimensional coordinates in Euclidean
space. Combined with the dimensionality reduction idea of manifolds, topologically
closed sets can be accurately described using boundaries, as shown in Figure 2. In
other words, if the grain boundary is accurately described, the intact grain will also
be accurately described. The grain boundary in natural rocks is characterized by high
complexity and randomness, so it is not easy to characterize the grain boundary with
geometric parameters accurately. Substitutively, the discrete and high-density points is
an effective method to describe complex boundary structure.

Figure 2. Dimension reduction of grain topologically closed sets.

In order to study the geometric characteristics of the grains (such as size, position,
roundness, and orientation), parameterized analysis of the grain characteristics is required.
The radius of an equivalent circle, the centroid, the distance between grain boundary and
the equivalent circle, the angle between the long axis and horizontal line represent the
size, the position, the roundness, and orientation, respectively. To describe the irregular
boundary of the grain, discrete points of the boundary are mapped onto the circle. All
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discrete points on the boundary can be recorded only by recording two sets of parameters
(slope of the centroid and boundary point, mapping distance between the circle and
boundary) under the condition of constant centroid and radius, as shown in Figure
3a. Thus, an unique boundary point can be determined by given an endpoint of a line
segment (centroid), a slope, and a signed distance (radius and mapping distance). The
original model can be perfectly reserve-mapping with two sets of parameters (slope
and mapping distance). As shown in Figure 3b, the radius, centroid position, mapping
distance, and slope can be adjusted in the reserve-mapping process to change the size,
spacing, roundness, and orientation parameters of grains, respectively, by using Formulas
(1)–(4)

ki = tanαi =
yi,j − ai

xi,j − bi
(1)

di = ±
√(

yi,j − ai
)2

+
(

xi,j − bi
)2 − ri (2)

xi,j = ai + sign
(
ai − xi,j

)× ri + di√
tan2αi + 1

(3)

yi,j = bi + sign
(
ai − xi,j

)× tan2α × ri + di√
tan2αi + 1

(4)

(ai,bi)—grain centroid position; ri—grain equivalent radius; di—grain mapping distance;
αi—grain orientation; (xi,j, yi,j)—the j-th point on the boundary of the i-th grain.

Figure 3. The mapping and reserve-mapping principle. (a) The mapping and reserve-mapping
process between irregular boundary and circle boundary; (b) Parameters relationships between
irregular boundary and circle boundary.

2.2.1. Size

Under the condition that the grain centroid coordinates, mapping distance, and slope
remain unchanged, a single variation in grain size can be achieved by adjusting the radius,
as shown in Figure 4. Assume that the grain radius increases by Δri, then the grain radius
after the change is

r′i = ri + Δri (5)

The results of grain size change is shown in Figure 5.

Figure 4. The principle of grain size change. (a) Original relationship between grain boundary and
mapping circle. (b) The relationship between them with the grain radius increasing Δri.
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Figure 5. The results of grain size change.

2.2.2. Position

Under the condition that grain radius, mapping distance, and slope remain un-
changed, the only change of grain position and spacing can be realized by adjusting
centroid position, as shown in Figure 6. Assume that Δai and Δbi are added in the hori-
zontal and vertical coordinates of the grain centroid, respectively, then the changed grain
position is (

a′i, b′i
)
= (ai + Δai, bi + Δbi) (6)

The results after the change of grain position is shown in Figure 7.

Figure 6. The principle of grain position change. (a) Original relationship between grain boundary
and mapping circle. (b) The relationship between them with the coordinates increasing Δai and Δbi.
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Figure 7. The results of the grain position change.

2.2.3. Roundness

Under the condition that the centroid coordinates, radius, and slope of the grain
remain unchanged, a single change in the roundness of the grain can be achieved by
adjusting the mapping distance, as shown in Figure 8. Assuming that the mapping
distance increases Δdij, then the mapping distance after the change is

d′ij = dij + Δdij (7)

The result after changing the mapping distance of grains is shown in Figure 9.

Figure 8. The principle of grain roundness change. (a) Original relationship between grain boundary
and mapping circle. (b) The relationship between them with the mapping distance increasing Δdij.

Figure 9. The results of grain roundness change.
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2.2.4. Orientation

Under the condition that the centroid coordinates, radius, and mapping distance of
grains remain unchanged, the single control variable grain orientation can be achieved by
adjusting the slope of grains, as shown in Figure 10. Suppose the grain orientation rotates
Δαi counterclockwise, then the slope of the point on the grain boundary after rotation is

k′i = tan(αi + Δαi) =
tanαi + tanΔαi

1 − tanαitanΔαi
=

ki + tanΔαi
1 − kitanΔαi

(8)

The results of grain orientation changes are shown in Figure 11.

Figure 10. The principle of grain orientation change. (a) Original relationship between grain
boundary and mapping circle. (b) The relationship between them under a Δαi counterclockwise
rotation.

Figure 11. The results of grain orientation change.

2.3. Lattice Boltzmann Method

The lattice Boltzmann method is a computational fluid dynamics method based on
the kinetic theory. Compared with other CFD methods, it is good at solving the fluid flow
process in complex structures. In this paper, the classical BGK solution model is adopted,
and the collision and streaming rules between grains are used to calculate fluid seepage
rules. The evolution equation as follows

f (x + eδt, e, t + δt)− f (x, e, t) = − 1
τ
[ f (x, e, t)− f eq(x, e, t)] (9)

where f is a function of variables t, x, e, and f(t, x, e) represents the density distribution of
grains which velocities are ξ at the position x at time t; τ refers to the average time interval
between two collisions, also known as slack time or relaxation time; is the equilibrium
distribution function.
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In order to solve the Boltzmann–BGK (Bhatnagar–Gross–Krook) equation by dis-
cretizing the evolution equation, the Taylor expansion equation of Maxwell’s equilibrium
state distribution function is

f eq
i = wiρ

[
1 +

3(ei · u)
c2 +

9(ei · u)2

2c4 − 3u2

2c2

]
(10)

where ωi is the weight coefficient; ρ is the density; ei is the discrete velocity; u is the
velocity, and c is the lattice velocity.

In this research, the phase space discrete model of D2Q9 is adopted, as shown in
Figure 12. According to the D2Q9 model, the discrete velocity set and weight coefficient
of e are respectively calculated as follows:

ei = c
(

0 1 0 − 1 0 1 − 1 − 1 1
0 0 0 0 − 1 1 1 − 1 − 1

)
(11)

wi =

⎧⎨
⎩

4/9, e2
i = 0

1/9, e2
i = c2

1/36, e2
i = 2c2

(12)

Figure 12. D2Q9 model.

Based on the Chapman–Enskog expansion formula, the macroscopic fluid density ρ,
velocity u, pressure p, and viscosity coefficient v can be derived through the following
equations:

ρ = ∑
i

fi (13)

u = ∑
i

fiei/ρ (14)

p = c2
s ρ (15)

v =
c2

3
(τ − 0.5)δ (16)

The standard rebound boundary is adopted in this research. The boundary of the
model is left in and right out, and the other boundaries are closed.

3. Results

In this section, the above methods are used to reconstruct the models of porous
sandstone, and the permeability laws affected by the parameters of grain membranes are
analyzed based on the reconstructed models. The simulation parameters in this paper are
derived from the literature [17], which has been verified by the physical experiments.
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3.1. Grain Radius

Grain radius determines grain sizes, which affects the structure and connectivity
of the pores surrounded by the grain membrane. In order to study the influence of
membrane structure radius on pore structure characteristics, the equivalent grain radius
in the original image (red box line) is reduced (−10, −8, −6, −4, and −2 pixels) and
increased (2 and 4 pixels) under the condition that the model size (700 × 700 pixels)
remain constant, as shown in Figure 13a. When the equivalent grain radius is small, the
pore channels formed by grain membranes have large sizes and good connectivity. With
the increase of the equivalent grain radius, the distance between grains gradually reduces,
and then contact or overlap, making the channels formed by the grain membranes become
narrow, and the connectivity decreases gradually.

In order to study the effect of the pore structure changed by the equivalent grain
radius on the permeability characteristics, the permeability, and flow path under different
grain radii were analyzed, respectively. As shown in Figure 13b, with the increase
of equivalent grain radius, permeability presents a decrease in an approximate power
function type. The permeability of the original model was 2228 mD. When the equivalent
grain radius was reduced by 10 pixels, the permeability of the model was 36,636 mD,
which is exceptionally high. When the equivalent grain radius was increased by 5 pixels,
the permeability of the model was 15 mD, which is extremely low. As shown in Figure
13c, when the equivalent grain radius was small, the number of fluid flow channels from
left to right is large, and the flow velocity was high. With the increase of the equivalent
grain radius, both the number of channels and flow velocity decrease gradually. When
the equivalent grain radius was increased by 4 pixels, only one narrow flow channel and
the flow velocity was very low.

Figure 13. Cont.
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Figure 13. Influence of grain radius on permeability. (a) Pore models with different grain radiuses; (b) porosity and
permeability of pore models with different grain radiuses; (c) flow paths and velocity of pore models with different grain
radiuses.

3.2. Grain Space

In porous sandstones, pore media is usually filled between mineral grains, so the
larger the space between the grains, the greater the pore media will be. Under the
condition that the size and shape of the grains are constant, increasing grain space, the
model size and spacing are raised by the same multiple. The length of the original image
(red box line) is 700 pixels while adjusting the space by 1/1.08, 1/1.04, 1.04, 1.08, 1.12,
1.16, and 1.20 times and the corresponding model lengths are 648, 673, 728, 756, 784, 812,
and 840 pixels, respectively. As shown in Figure 14a, when the grain space of the original
model is reduced, the grains contact and overlap, which have similar characteristics to
that of increasing the grain radius. With the increasing grain space, the pore channels
between grains become wide, and the connectivity becomes well.

As shown in Figure 14b, the permeability of the original model is 2228 mD. When
the grain space reduces, the permeability gradually decreases until it reaches zero. The
permeability increases linearly with the rise of grain space. When the spacing is increased
by 1.2 times, the permeability reaches 27,723 mD. As shown in Figure 14c, the flow
channel and velocity are tiny when the spacing is minimal. With increasing grain spacing,
the flow channel and velocity increase.
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Figure 14. Influence of grain space on permeability. (a) Pore models with different grain spaces; (b) porosity and permeability
of pore models with different grain spaces; (c) flow paths and velocity of pore models with different grain spaces.
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3.3. Grain Roundness

Mineral grains of natural rocks are irregular, and their irregularity largely determines
the shape of the membrane between solid and liquid, thus affecting the permeability
characteristics. The grain roundness of the original model (red box line) is extremely
diverse, ranging from approximate round grain shapes to very complex shapes. In order
to study the influence of grain roundness on permeability characteristics, all grains in the
rock model are reduced or increased by changing the mapping distance on the equivalent
circle under the condition that the model size remains unchanged, as shown in Figure 15a.
When the roundness is tiny, the grain complexity is high with a long major-axis and a
short minor-axis. The increase of the major axis will make the grains contact or overlap
and reduce the connectivity of the pores. As the roundness of grains increases, the
major-axis gradually decreases while the minor-axis gradually increases, and the shape of
grains becomes more and more round. Thus, pore connectivity and porosity show a slow
increase and then stabilize, as shown in Figure 15b.

When the grain roundness is small, the permeability is low, as shown in Figure 15b.
With the increase of roundness, permeability increases rapidly at first and then decreases
slowly. When the roundness is 1.8 times of the original model, the maximum permeability
reaches 5022 mD. As shown in Figure 15c, the flow channel and velocity increased rapidly
and then decreased slowly with the increase of roundness.

Figure 15. Cont.
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Figure 15. Influence of grain roundness on permeability. (a) Pore models with different grain roundness; (b) porosity and
permeability of pore models with different grain roundness; (c) flow paths and velocity of pore models with different grain
roundness.

3.4. Grain Orientation

Grains in natural rocks have diverse orientations, and grain orientation mainly
affects the contact relationship between adjacent grains, including separation, tangency,
or intersection. In order to reveal the influence of grain orientation on permeability
characteristics, different orientated grain models are obtained by rotated counterclockwise
at the same angle of all grains under the condition that the model size, grain size, and
shape remained unchanged, as shown in Figure 16a. The change of grain orientation
alters the pore structure and connectivity formed between adjacent grains and then affects
the pore structure characteristics of the whole model. As shown in Figure 16b, the rotation
angle of grain orientation has little influence on the porosity. The difference between
the maximum and minimum porosity is only 5.75%. When the rotation angle of grain
orientation is between 0–180◦, the porosity presents a slow increase and then slowly
decrease, and the porosity change law between 180◦ and 350◦ shows a similar tendency
to that between 0◦and 180◦.

As shown in Figure 16b, with the change of grain orientation rotation angle (every
10◦), there is no strong regularity between permeability and rotation angle. Only at an
angle of 210◦, was the model permeability (3139 mD) larger than the original permeability.
The model permeability at some angles was almost zero (such as 20◦, 30◦, 40◦, 60◦,
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70◦, 260◦, 290◦, 300◦, and 310◦). At other angles, the permeability fluctuated randomly
between 0 and 2228 mD (the permeability of the original model). The effect of grain
orientation on permeability had strong randomness. As shown in Figure 16c, with the
change of grain rotation angle, the flow channel and velocity have a large random change.
The fluid in the model with very low permeability could not flow from the left to the right
side of the model.

Figure 16. Cont.
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Figure 16. Influence of grain orientation on permeability. (a) Pore models with different grain orientations; (b) porosity and
permeability of pore models with different grain orientations; (c) flow paths and velocity of pore models with different
grain orientations.

3.5. Model Resolution

The lattice Boltzmann method, based on image pixel, was used to calculate the
permeability of pore models. A pixel is a relative scale, which can represent different
physical dimensions. To analyze the influence of image models under different resolutions
on permeability characteristics, this study obtained models with the side length of 200,
250, 300, 350, 400, 450, 500, 550, 600, and 650 pixels, as shown in Figure 17a. The results
show the pore structures between grains only change with the resolution, and its shape
did not change, so the change of model resolution did not affect the porosity, as shown in
Figure 17b.

With the increase of model resolution, the permeability gradually increased and then
became stable, as shown in Figure 17b. When the model side length was 200 pixels, the
minimum permeability was 1463 mD. When the model side length was 450 pixels, the
permeability was 2193 mD, similar to the 2228 mD at 700 pixels. As shown in Figure 17c,
the change of model resolution had little influence on the seepage path, but the seepage
velocity gradually increases when the resolution is higher.
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Figure 17. Influence of model resolution on permeability. (a) Pore models with different resolution; (b) porosity and
permeability of pore models with different resolution; (c) flow paths and velocity of pore models with different resolution.
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4. Discussion

Based on the actual control group of porous sandstone, this paper constructed
models that can describe the single parameter variance of grains by mapping and reverse-
mapping ideas and by further analyzing the influence of each parameter on the permeabil-
ity characteristics of pore structure. Basing on actual structure with one single parameter
as an influencing factor to analyze the permeability characteristic is of great significance
to reveal the permeability mechanism of complex structures.

In this paper, the actual sandstone model is used as the control group. Based on
the control single variable principle, the influence of grain radius, space, roundness,
orientation, and model resolution on connectivity, porosity, permeability, flow path, and
flow velocity. The influences of both grain parameters and the whole model on perme-
ability characteristics are obtained. Compared with the simplified model as the control
group, the actual control group ensures the accuracy of permeability characteristics under
complex structures. Compared with the analysis of permeability characteristics under
multiple groups of actual rock models, the principle of single-variable control ensures the
independent regularity between parameter changes and permeability characteristics.

This paper reveals the influence of grain boundary parameters on permeability
characteristics on the actual model, but it only shows the laws of changing a single
parameter model. In contrast, multiple parameters changing simultaneously are more
likely to leads to the difference of natural rocks. Besides, this paper mainly focuses on
the two-dimensional model to study the influence of grain parameters on permeability
characteristics. However, natural porous rocks exist in a more complex three-dimensional
space, and the influence laws of parameters still need to be further verified in three-
dimensional models.

Due to the limitations of this study and natural rock characteristics, the study of
grain parameter sensitivity of three-dimensional porous rock will explain the permeabil-
ity laws in natural rocks more truly. In the future, studying the influence of multiple
parameter combinations on the seepage characteristics is of great significance to reveal
the permeability mechanism under complex porous media.

5. Conclusions

This paper reconstructs models that can describe a single parameter change of grain
boundary based on the actual sandstone. Combined with mapping and reverse-mapping
ideas, the actual control group and the control of a single variable scientific method were
used to analyze the model parameters’ influence on permeability characteristics. Firstly,
with the increment of the grain radius from −10 to 5, the porosity and permeability
decreased from 56.51 to 28.06%, from 36,635.51 mD to 14.85 mD, respectively. Secondly,
with the multiples of the grain radius from 1/1.08 to 1.20, the porosity and permeability
increased from 27.13 to 56.49%, from 11.67 mD to 27,723.21 mD, respectively. Thirdly,
with the multiples of the grain roundness from 1/1.8 to 4.0, the porosity and permeability
increased from 32.55 to 40.87%, from 13.20 mD to 3828.57 mD, respectively. Fourthly,
the grain orientation change has less effect on porosity between 37.85 and 43.73%, while
it had a strongly random impact on permeability between 0 to 3138.61 mD. Fifthly,
with the model resolution increased, the porosity remained unchanged at 37.85%, while
permeability shows increased trends and then stabilized from 1462.87 mD to 2228.25 mD.

In conclusion, different grain parameters have significant differences in the influ-
ence on permeability characteristics. From the perspective of grain radius, space, and
roundness, there is a positive or negative correlation between porosity and permeability.
However, there was almost no correlation between porosity and permeability in terms
of grain orientation and resolution parameters. The change of model connectivity under
different grain parameters directly affects the change of seepage paths. These conclusions
can provide a reference for revealing the permeability law between different complex
rock structures.
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Abstract: Calcium carbonate scaling in reverse osmosis (RO) desalination process is studied in the
presence of two novel fluorescent-tagged scale inhibitors 1,8-naphthalimide-tagged polyacrylate
(PAA-F1) and 1-hydroxy-7-(6-methoxy-1,3-dioxo-1H-benzo[de]isoquinolin-2(3H)-yl)heptane-1,1-diyl-
bis(phosphonic acid) (HEDP-F) by fluorescent microscopy (FM) and scanning electron microscopy
(SEM). Both antiscalants diminished the mean size of calcite crystals relative to the blank experiment.
The behavior and localization of HEDP-F and PAA-F1 during calcite scale formation on membrane
surface was found to be significantly different from the distribution in similar RO experiments with
gypsum, reported earlier. In the former case, both antiscalants are concentrated exactly on the surface
of calcium carbonate crystals, while in the latter one they form their own phases (Ca-HEDP-F and
Ca-PAA-F1) and are not detected on gypsum scale. The difference is interpreted in terms of interplay
between background calcium concentration and sparingly soluble calcium salts’ solubility. HEDP-F
reveals slightly higher efficiency than PAA-F1 against calcite scale formation, while PAA-F exhibits
a higher ability to change calcite morphology. It is demonstrated that there is a lack of correlation
between antiscaling efficacy and ability of antiscalant to change calcium carbonate morphology in a
particular case study. An application of fluorescent-tagged antiscalants in RO experiments provides a
unique possibility to track the scale inhibitor molecules’ localization during calcite scale formation.
Fluorescent-tagged antiscalants are presumed to become a very powerful tool in membrane scaling
inhibition studies.

Keywords: reverse osmosis; membrane fouling; calcium carbonate scaling; fluorescent-tagged
polyacrylate; fluorescent-tagged bisphosphonate; fluorescence; scale inhibition

1. Introduction

Reverse osmosis (RO) has become a powerful technology for the purification of sea,
brackish and waste water [1–4]. RO is currently the most energy-efficient technology
for desalination, with an energy cost of about 1.8 kWh/m3, which is much lower than
that of other technologies [3]. However, one of the major limitations in efficient RO
application is the surface membrane fouling [4,5]. It is a complex phenomenon and could
be a combination of colloidal, organic, inorganic and biofouling [4].

Membrane fouling could significantly reduce productivity and permeate quality. The
former leads to increasing operation costs due to increased energy demands, additional
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pretreatment, foulants’ removal and membrane cleaning and maintenance, as well as
reduction in membrane lifetime [3]. Inorganic fouling or scaling is the formation of mineral
deposits on the membrane surface as the feed water becomes supersaturated by inorganic
salts. The relative content of dissolved salts is increased four to ten times, depending
on the operating recovery and rejection efficiencies [4] during high pressure membrane
operations. As a result, the concentration of salts may exceed their solubility limit and the
salts may crystallize onto membrane surfaces. The most common scales are represented by
calcium carbonate, calcium sulfate and silica [2,4,6,7]. Scale formation has always been a
serious limitation in designing and operating RO systems since scaling causes flux decline,
membrane degradation, loss of production and elevated operating costs.

Scaling was reported to occur by two crystallization pathways, surface crystallization
and bulk crystallization [4]. Scale deposition in membrane systems is a combination of these
two extreme mechanisms and is affected by membrane morphology and process conditions.
Surface crystallization occurs due to the lateral growth of the scale deposit on the membrane
surface, resulting in flux decline and surface blockage. Bulk crystallization arises when
crystal particles are formed in the bulk phase through homogeneous crystallization and
may deposit on membrane surfaces as sediments/particles to form a cake layer that leads
to flux decline. In addition, supersaturated scale forming conditions lead to scale growth
and agglomeration [4].

To mitigate the risk of membrane scaling, many methods, including feed water pre-
treatment, the optimization of operational processes, the development of novel membrane
materials and the addition of antiscalants, have been developed in accordance with the
characteristics of RO operating systems [1,5,8]. An application of antiscalants provides
retardation of scale formation, and increases the concentration coefficient of concentrate.
It is one of the most commonly applied methods for inhibiting scaling in the RO process,
especially in the situation that a high-water recovery is set to reduce concentrate volume
but cause an enhanced scaling potential, due to its high efficiency, low cost and easy
operation [8].

Among scale inhibitors, polycarboxylates (polyacrylates, polyaspartates, etc.) and
phosphonates are found to be highly efficient [2,4,9]. However, in spite of the availability
of a good number and wide variety of effective antiscalants, continuous research is being
conducted to improve the existing ones [2,9–11]. Recent reviews on scale formation control
in RO technologies [2,4,8,9,12] mention hypothetical mechanisms of inhibition: antiscalant
molecules adsorb to the active growth sites on the crystal surface of sparingly soluble
inorganic salt, formed either in the bulk feeding solution or at the membrane surface. This
sorption delays the onset crystallization (nucleation phase of crystallization) or retards the
growth of mineral salt crystals (growth phase of crystallization) [4,12].

However, in spite of numerous relevant studies, the lack of understanding of the com-
plicated physicochemical interactions involved among dominant scale-forming substances,
antiscalants, membranes and other coexisting substances in solutions still exists [8,11,13,14].
One of the promising possibilities to eliminate some gaps in antiscalant mechanisms un-
derstanding is a direct [13,14] or indirect [11] visualization of antiscalant. Indeed, our
recent experiments with gypsum scale formation in a laboratory RO facility in the presence
of fluorescent-tagged bisphosphonate antiscalant 1-hydroxy-7-(6-methoxy-1,3-dioxo-1H-
benzo[de]isoquinolin-2(3H)-yl)heptane-1,1-diyl-bis(phosphonic acid), HEDP-F (H4hedp-
F) [13] and of fluorescent 1,8-naphthalimide-tagged polyacrylate (PAA-F1) [14] revealed a
paradoxical effect: an antiscalant does not show any interaction with gypsum at all, but
provides nevertheless retardation of corresponding deposit formation.

Thus, it was of particular interest to track both fluorescent scale inhibitors during
calcite deposition on RO membranes in a model experiment. The present study is fo-
cused therefore on the scale inhibitor visualization after RO treatment of a model water
sample with high calcium carbonate content in the presence of two different fluorescent
antiscalants—PAA-F1 and HEDP-F (Figure 1). One of them represents polycarboxylates
(PAA-F1), while another one represents organophosphonic acids (HEDP-F). The major
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objective of the present work was to model the naturally occurring calcium carbonate
supersaturation process as the feeding solution steadily gets saturated, and to ascertain the
scale inhibitor location. As far as we know, this is a first full-scale report on antiscalant’s
visualization during calcite fouling onto membrane surface in a RO experiment.

Figure 1. PAA-F1 and HEDP-F molecular structures.

2. Materials and Methods

2.1. Reagents

Antiscalant PAA-F1 (Figure 1) was synthesized by our group, as described else-
where [15]. It has the mean molecular mass 4000 Da with c.a. 1 mass % of fluorescent
1,8-naphthalimide moiety. This corresponds randomly to c.a. 0.2 fluorescent fragments
per one molecule of polyacrylate. HEDP-F (molecular mass 502.1 Da), (Figure 1), was
synthesized by our group as described in [16]. For model scaling solutions, reagent grade
CaCl2·2H2O and Na2CO3 were used in crystalline form and were separately dissolved in
distilled water (conductivity 2 μS/cm) to prepare stock solutions.

2.2. Calcium Carbonate Feed Solutions Preparation

Following this study objectives, we had to start experimental runs with feeding
aqueous solution, undersaturated relative to calcium carbonate. At the same time, at the
end of each run the retentate has to become supersaturated, and capable of generating
a sufficient amount of calcite crystals for scanning electron microscope (SEM) detection,
and for confocal luminescent microscope analysis (FM) in both antiscalnt-injected and
blank experiments. Thus, the dosage of antiscalant should not be too high in order not to
suppress scaling completely.

The solubility of calcite in water at 25 ◦C and zero ionic strength (I) corresponds to
0.058 mmol·dm−3 [17]. However, at pH below 10 a higher concentration of calcium and
carbonate ions in aqueous phase becomes possible due to HCO3

− anions formation:

CaCO3 calcite � [CaCO3 ]solution + H+ � [CaHCO3]+ � Ca2+ + HCO3
− (1)

In order to find optimal experimental conditions, the chemical speciations for cal-
cium have been performed, based on chemical equilibria data [17–20], operating SPECIES
software [21], (Table 1, Table 2 and Figure 2).
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Table 1. Equilibrium constants (logK), used for equilibrium speciations at 25 ◦C and I = 0.

Equilibrium logK (-logKsol) Reference

Ca2++ CO3
2- � CaCO3 calcite 8.485 [18]

Ca2++ CO3
2- � [CaCO3 ]solution 3.22 [17]

H++ CO3
2− � HCO3

− 10.34 [19]

H++ HCO3
− � H2CO3

*where [H2CO3] = [CO2(aq)] + [H2CO3] 6.36 [19]

Ca2++ HCO3
− � CaHCO3

+ 1.14 [20]

Table 2. Calcium species’ distribution as a function of pH at 25 ◦C and I = 0 mol dm−3.

pH

Calcium Species, % (mol)

Ca2+ CaCO3 solution [CaHCO3]+ CaCO3 calcite

Initial solution [Ca2+] = 2.5 mmol·dm−3; [HCO3
−] = 2.5 mmol·dm−3

7.00 97.2 0.15 2.65 0.0

7.12 97.0 0.20 2.77 0.0

7.16 95.9 0.22 2.73 1.19

7.20 91.0 0.22 2.49 6.29

7.40 70.6 0.22 1.57 27.62

7.80 43.4 0.22 0.63 55.71

8.00 34.3 0.22 0.40 65.08

9.00 11.0 0.22 0.04 88.78

The same solution, concentrated (6-fold)

6.00 94.4 0.03 5.60 0

6.08 87.7 0.04 5.48 6.78

6.20 70.1 0.04 4.16 25.73

6.80 26.2 0.04 1.04 72.69

7.00 19.8 0.04 0.66 79.52

8.00 5.7 0.04 0.07 94.18

The data, presented in Table 2 and in Figure 2a, demonstrate that the initial 2.5 mmol·dm−3

calcium carbonate solution has no solid phase below pH 7.1, while above this boundary
calcite should appear in significant amounts, reaching 95 mol % at pH 10. For more con-
centrated calcium carbonate solutions (15 mmol·dm−3) the boundary of heterogeneity is
shifted to more acidic solutions (Figure 2b). Thus, if 2.5 mmol·dm−3 calcium carbonate
solution is prepared at pH 7.1, it would be a homogeneous liquid phase with 1% confi-
dence. A six-fold saturation of this solution in a RO facility at the same pH should lead
to the formation of solid phase (calcite), which would accumulate no less than 79 mol %
of total calcium, present in retentate (Figure 2b). Following these speciation diagrams the
stock CaCl2·2H2O and Na2CO3 solutions have been prepared in such concentrations, and
with such pH, that being mixed in 1:1 volume ratio they would give a 2.5 mmol·dm−3

calcium carbonate solution at pH 7.9, that is above the saturation level: 1.5 mmol cal-
cite (60%) has to be formed at this pH value. Notably, the supersaturation (S) of initial
2.5 mmol·dm−3 CaCO3 solution is ranging from 2.5 (pH 7.9) to 5.0 (pH 8.4) according to
diagram at Figure 2a. Here S is denoted as [Cainit]/[Caequil], where [Cainit] indicates initial
calcium concentration, and [Caequil] indicates equilibrium calcium concentration according
to the diagram at Figure 2a. However, due to the slow kinetics of solid phase formation,
the initial feed solution remains homogeneous after CaCl2·2H2O and Na2CO3 solutions
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get mixed. Meanwhile, the higher initial pH provides a higher yield of calcite crystals at
the end of an experiment.

Figure 2. Chemical speciations for 0.25 (a) and 1.2 (b) mmol·dm−3 CaCO3 as a function of pH at
25 ◦C and I = 0 mmol·dm−3.

Each stock solution was filtered (200 nm; Hydrophilic PTFE Millipore Millex-LG
membrane) before mixing to remove dust particles. An antiscalant was added to the feed
solution before use to achieve 5 mg·dm−3 dosage. This corresponds to c.a. 0.07 mmol·dm−3

PAA-F1 concentration (−CH2CH<COOH fragments) and to 0.01 mmol·dm−3 HEDP-F con-
centration.

2.3. Reverse Osmosis Membrane System

Calcite scaling experiments were carried out using an automatically controlled laboratory-
scale cross-flow RO spiral wound module RE 1812 tailored with thin film composite BLN
membrane (Figure 3). The test unit was operated in circulation mode whereby concentrate
after membrane module was returned back to feed water tank. The feed water was added
to feed water tank 1. The volume of tank 1 was 5 L. Feed water from tank 1 was supplied
by small gear pump 2 to membrane module 3. In all the experiments capacities were used
comprising commercially available spiral-wound filter elements (CSM RE1812-80 GPD)
made of polyamide and manufactured by CSM (Korea) operated at constant feed flow
rate of 72 ± 0.2 dm3/h, permeate flow rate of 6.0-6.3 dm3/h, constant temperature of
25.0 ± 1 ◦C; constant pressure 7 ± 0.2 bar in concentration mode. The area of membrane
surface was 0.5 m2.

Stabilized salt rejection, at a constant pressure of 7 bar, solution temperature of 25 ◦C,
and a pH value of 6.5–7.0 is reported to be 96.5–97.0 % for a 200 mg·dm−3 NaCl solution
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(manufacturer’s data). Each run was performed with a virgin membrane sample. Flux
recovery was 80 to 83%.

Figure 3. Schematic diagram of laboratory RO unit for membrane scaling tests: 1—feed water tank;
2—pump; 3—spiral wound membrane module; 4—permeate tank; 5—pressure gauge; 6—water flow
meter; 7—concentrate flow adjusting valve; 8—sampler.

2.4. Calcium Carbonate Scaling Experiments

Individual calcite scaling experiments were performed with a virgin sample of a pre-
soaked membrane: each membrane contacted with distilled water overnight (12–14 h) to
allow membrane permeability to stabilize. Experiments were run with a single superficial
cross-flow velocity and were terminated after reaching concentration coefficient K = 6. The
cross-flow velocity varied from 3.0 to 3.6 cm/s. This value adequately fits the range of
cross-flow velocities encountered in spiral-wound RO/NF. The retentate was periodically
sampled and tested for calcium content (EDTA titration) and pH. Pressure and retentate
cross-flow rates were monitored through digital sensors. The permeate volume was
continuously recorded. The temperature was almost constant (varying by less than 1 ◦C)
during each experiment at a level of 25 ◦C.

At the end of each experimental cycle, scaled membrane samples were carefully
extracted from the autopsied membrane element and submerged into an ultrapure water
bath for approximately 2 s to prevent further crystallization from evaporation of residual
scaling solution. Membrane samples were then air dried for at least 48 h and afterwards
cut into ten equally sized 4 cm × 10 cm pieces. These pieces were stored in desiccators for
at least 24 h. Then the fragments were sent for analysis by scanning electron microscopy
(SEM) and by fluorescent microscopy (FM).

2.5. Fluorescent Microscopy Measurements

Confocal microscopy measurements have been run with laser scanning confocal mi-
croscope LSM-710-NLO (Carl Zeiss Microscopy, Jena, Germany), 20× Plan-Apochromat
objective (NA = 0.8). The membrane samples were placed onto a Petri dish with a glass bot-
tom 0.16 mm thick. The fluorescence was recorded in the wavelength range of 470–600 nm,
when excited by laser radiation with a wavelength of 458 nm. It should be noted that
1,8-naphthalimide-based antiscalants provide fluorescence in the blue spectral region.
However, the fluorescent channel can be assigned any pseudo-color in the digital image
when acquired by laser scanning microscopy. Most often the fluorescent channel, if it is a
single one, is assigned the green pseudo-color because the dynamic range of human color
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perception for green is much wider than for blue. Thus, in the present work the original
blue emission is changed for an artificial green pseudo-color. In some cases, an overlay of
the fluorescent images with distribution of PAA-F1 and HEDP-F (green pseudo-color in
images) and transmitted light image (grey color) was obtained.

2.6. SEM Crystal Characterization

The membrane pieces with precipitated solids, after being triply rinsed with deionized
water and air dried at 20–25 ◦C, were characterized by scanning electron microscopy
(SEM, Hitachi TM-3030, Tokyo, Japan). The sample examinations by SEM were done at
15 kV accelerating voltage in a Charge-Up Reduction Mode with crystal phase located on
Conducting Double-Sided Tape and 4.1 mm working distance.

3. Results and Discussion

3.1. Variation of Calcium Concentration in Retentate

The data on calcium concentration in a blank experiment reveal a notable deviation
from linearity (dashed line) for concentration coefficient K = 2 (Figure 4). This indicates
accumulation of Ca2+ ions in solid phase. The difference between the total calcium content
(retentate + membrane; dashed line) and its concentration in the liquid phase (Figure 4c)
increases steadily as K values are changing from 3 to 6. Thus, almost 30% of calcium gets
deposited as calcite at the end of experiment, while for K < 2 all calcium species are found
in a liquid phase. At the same time, pH values remain constant within the range 7.9 ÷ 8.5
(Table 3).

 

Figure 4. Variation of total calcium content in retentate + membrane (a); of calcium concentration in
retentate in presence of HEDP-F (b); and in retentate in a blank run (c).

Table 3. Variation of calcium concentration and pH in retentate.

K

Blank Experiment
In Presence of PAA-F1,

5 mg·dm−3
In Presence of HEDP-F,

5 mg·dm−3

pH
Ca2+,

mmol·dm−3 pH
Ca2+,

mmol·dm−3 pH
Ca2+,

mmol·dm−3

1 7.9 2.4 ± 0.1 8.2 2.5 ± 0.1 8.4 2.5 ± 0.1

2 8.5 4.6 ± 0.1 8.6 5.6 ± 0.1 8.3 5.5 ± 0.1

3 8.4 6.6 ± 0.1 8.5 7.2 ± 0.2 8.3 7.4 ± 0.1

4 8.3 8.4 ± 0.1 8.5 8.5 ± 0.1 8.3 9.0 ± 0.1

5 8.1 9.6 ± 0.1 8.5 9.5 ± 0.1 8.1 9.9 ± 0.1

6 8.0 10.3 ± 0.1 8.4 10.9 ± 0.1 8.0 10.6 ± 0.1
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Notably, calcite deposition on membrane surface (30%) appears to be less than the
expected equilibrium value (95%). This difference is attributed partly to the uncompleted
equilibrium state of the system and partly to the loss of some carbonate ions in the form of
CO2 (some bubbles have been detected in permeate).

An incorporation of antiscalant diminishes scale deposition for K = 2 and 3, indicating
a definite scale inhibition phenomenon. However, at K = 6 a 5 mg·dm−3 dosage fails to
retard scaling, and the corresponding “b” and “c” curves demonstrate similar values for
both HEDP-F and PAA-F1, Figures 4 and 5. At the same time, HEDP-F reveals a better
antiscaling performance relative to PAA-F1 at K = 2 and K = 3. This is in reasonable
agreement with static tests, run for the non-fluorescent analogues of HEDP-F and PAA-F1:
HEDP and PAA [22–24].

Figure 5. Variation of total calcium content in retentate + membrane (a); of calcium concentration in
retentate in the presence of PAA-F1 (b); and in retentate in a blank run (c).

3.2. SEM and FM Analysis of Membrane Surface

SEM images of RO membrane surface after a blank run (Figure 6) demonstrate a small
number of isolated crystals and crystal clusters, typical for calcite [4,22]. Along with large
aggregates with sizes around 20 to 30 μm, Figure 6c, there is also a fine fraction (sizes
500 nm and less) (Figure 6d). On the whole, the calcium carbonate phase covers much less
than 1% of membrane surface.

After RO experiment with HEDP-F, calcium carbonate crystals reveal less uniform distri-
bution on the membrane’s surface (Figure 7a), and a smaller mean size relative to the blank
experiment: c.a. 10 μm, Figure 7b–d. However, some particle aggregates with sizes around
50 μm are also detected. The morphology of crystals does not seem to change significantly.
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Figure 6. SEM images of RO membrane surface after a blank run. Scale marker corresponds to
100 μm (a,b) or to 10 μm (c,d).

Virgin membrane surface exhibits a weak fluorescence itself (Figure 8a), but this
fluorescence does not mask antiscalant (Figure 8b). Fluorescent images of membrane
surface after RO treatment in the presence of HEDP-F demonstrate, that antiscalant is
concentrated exactly on the surface of calcium carbonate crystals, Figures 8b and 9. Notably,
an “inside” location of HEDP-F is normally visible as a shining crystal center with a dark
crystal surface [13,16]. Although, one can’t exclude an antiscalant presence in the form of
traces (which are beyond the detection limits) inside the crystals, but this effect is definitely
negligible relative to dominating fluorescence exactly on the calcite surface. A dominant
location of HEDP-F on calcite surface is very much different from its distribution, observed
by us earlier in a similar RO experiment with gypsum [13]. In the case of CaSO4·2H2O
scale formation HEDP-F is completely accumulated in its own solid phase (Ca-HEDP-F),
but it was not detected on gypsum crystals at all. At the same time, HEDP-F distribution on
CaCO3 surface is not uniform: some crystals are covered by an antiscalant completely, some
have accumulated HEDP-F only at the edges, and some reveal either traces of fluorescent
marker or even the lack of its presence (Figure 9c). Meanwhile, Figure 9c indicates also some
small green spots on the membrane surface, which can be attributed either to Ca-HEDP-F
solids or to HEDP-F, unevenly adsorbed directly to the membrane surface.
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Figure 7. SEM images of membrane surface after RO treatment in the presence of HEDP-F. Scale
marker corresponds to 100 μm (a,b) or to 10 μm (c,d).

Figure 8. 3D fluorescent images of virgin untreated membrane (a); and of membrane surface after RO
treatment in the presence of HEDP-F (b). HEDP-F fluorescence—green pseudo-color, Scale marker
corresponds to 50 μm.
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Figure 9. Fluorescent images of membrane surface after RO treatment in presence of HEDP-F: a—
HEDP-F fluorescence—green pseudo-color, b—transmitted light image (grey color), c—imposition of
a,b channels.

Tentatively, the differences in HEDP-F location between RO experiments with CaSO4·2H2O
and CaCO3 scaling are associated with initial (Ca2+) concentration, and with Ca/HEDP-
F mole ratio. In gypsum scaling experiments the calcium content was adjusted to 15
mmol·dm−3, and 0.014 mmol·dm−3 HEDP-F dosage was used [13]. In the recent study, all
experiments started with [Ca2+] = 2.5 mmol·dm−3, while HEDP-F dosage was almost the
same as in [13]: 0.01 mmol·dm−3. Thus, in a gypsum scaling experiment most of antiscalant
was accumulated in Ca-HEDP-F phase long before retentate got supersaturated relative to
CaSO4·2H2O. This fact was well documented by FM measurements of liquid phase [13].
We can’t rule out the possibility of Ca-HEDP-F phase formation in the present study. These
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are normally observed as spherical green species [14,16]. However, a confident assignment
of green spots on membrane surface (Figure 9c) to solid Ca-HEDP-F particles is hardly
possible, as far as visually they look similar to fine particles of calcite. On the other hand,
a significant part of 25 mg of HEDP-F, present in 5 L of stock solution, is adsorbed on
macro-crystals of CaCO3 as a surface layer. Thus, a very little amount, if any, is left for a
separate Ca-HEDP-F phase formation.

At the same time, the relative rates of CaSO4·2H2O, CaCO3 and Ca-HEDP-F formation
at equal supersaturation may also become responsible for the observed differences. Besides,
a different sorption ability of HEDP-F on CaCO3 and CaSO4·2H2O surfaces at pH 7 ÷ 8
may also give some contribution to these differences.

At first glance, the data presented in Figures 4 and 7–9, prove the conventional
mechanism of inhibition: antiscalant molecules adsorb at the CaCO3 crystal surface active
growth sites, and retard crystal growth and aggregation [12]. Indeed, the mean size of
calcite crystals, deposited in presence of HEDP-F, is smaller than that one in a blank
experiment. Besides, FM indicates a nonuniform localization of HEDP-F on some calcite
particles with higher accumulation of antiscalant exactly on the crystal edges and faces. On
the other hand, the sizes of antiscalant-covered and uncovered calcite crystals (Figure 9c)
are almost the same. This fact indicates, that the sorption of HEDP-F on the surface of
already formed CaCO3 plays the secondary role (if any) in retardation of scale deposition.
Thus, a nonconventional mechanism, reported by us earlier for gypsum [13,14,19], can also
be applied in this particular case. It was proposed that antiscalant molecules block not
the nuclei of sparingly soluble salt and the surface of its macrocrystals, but the surface of
solid nano/micro impurities, that are always present in any aqueous solution, even after its
filtration with 200 nm pore membranes [25–27]. These nano/micro impurities (nanodust)
act as promoters of heterogeneous nucleation of sparingly soluble salts. Their blockage
by antiscalant molecules diminishes the number of crystallization centers, available for
calcite nucleation, and causes retardation of initial (nucleation) steps of scale formation. As
a result, calcite solution in presence of antiscalant becomes more supersaturated than the
blank one. This in turn leads to the formation of smaller sized crystals.

The RO experiment with PAA-F1 (Figures 10 and 11) demonstrates the same effect
as with HEDP-F. The mean size of deposited crystals (Figure 10a) is smaller than of those,
formed in a blank experiment (Figure 6a). Antiscalant is also accumulated mostly on
calcite crystals (Figure 11a). Meanwhile, in the case of calcite PAA-F1, it also demonstrates
behavior different to gypsum scale formation [14]. In RO experiments with gypsum, PAA-
F1, like HEDP-F, does not interact with CaSO4·2H2O crystals, but forms individual solid
phase Ca-PAA-F1.

At the same time, unlike HEDP-F, polyacrylate definitely causes a well-expressed
crystal morphology change of calcium carbonate (Figure 10d). Although such effects have
been registered earlier both in our experiments [28], and in experiments of other research
groups [29,30], this observation should still be noted. The less efficient antiscalant PAA-F1
causes morphology change of calcite, while the more efficient HEDP-F does not. This result
casts doubt on the validity of the conventional statement, that the crystal habit change
by molecules of antiscalant is an approval of its scale inhibition activity [12]. Current
observation gives an additional indication that a correlation between antiscalant’s efficacy
and its ability to change scale crystal habit is generally missing.

A comparison of HEDP-F and PAA-F1 distribution onto calcite surface also reveals
some differences. PAA-F1 covers the CaCO3 surface completely and rather uniformly, while
HEDP-F demonstrates a nonuniform location: some crystals of calcium carbonate appear
to be completely uncovered, some are partly covered, while some are covered completely.
The present study indicates, along with latest reports [27,31], that fluorescent-tagged scale
inhibitors are capable to provide valuable information on the nature of scale inhibition.

80



Membranes 2022, 12, 194

Figure 10. SEM images of membrane surface after RO treatment in presence of PAA-F1; Scale marker
corresponds to 100 μm (a,b); or to 10 μm (c,d).

Figure 11. Fluorescent images of membrane surface after RO treatment in the presence of PAA-F1. (a)—
PAA-F1 fluorescence—green pseudo-color; (b)—transmitted light image (grey color); (c)—imposition
of (a,b) channels.

4. Conclusions

It is found that the behavior and localization of HEDP-F and PAA-F1 during calcite
scale formation on membrane surface is very different from their distribution in similar RO
experiments with gypsum. In the former case both antiscalants are concentrated exactly
on the surface of calcium carbonate crystals, while in the latter case they form their own
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phases: Ca-HEDP-F and Ca-PAA-F1. The difference is interpreted in terms of interplay
between background calcium concentration and sparingly soluble calcium salts solubility.

HEDP-F and PAA-F1 reveal different distribution onto calcite surface: PAA-F1 covers the
CaCO3 surface completely and rather uniformly, while HEDP-F demonstrates uneven location.

The lack of correlation between the efficacy of the antiscalant and its ability to change
the morphology of the calcium carbonate in the particular case study has been demonstrated.

The utility of chemical speciations for the preliminary choice of calcium carbonate
solutions (pH, initial concentration) is shown.

An application of fluorescent-tagged antiscalants in RO experiments provides a unique
possibility to track the scale inhibitor molecules’ location during calcite scale formation.
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Abstract: Peristaltic pumping is used in membrane applications where high and sterile sealing is
required. However, control is difficult due to the pulsating pump characteristics and the time-varying
properties of the system. In this work, three artificial intelligence control strategies (artificial neural
networks (ANN), fuzzy logic expert systems, and fuzzy-integrated local models) were used to
regulate transmembrane pressure and crossflow velocity in a microfiltration system under high
fouling conditions. A pilot plant was used to obtain the necessary data to identify the AI models
and to test the controllers. Humic acid was employed as a foulant, and cleaning-in-place with
NaOH was used to restore the membrane state. Several starting operating points were studied and
setpoint changes were performed to study the plant dynamics under different control strategies.
The results showed that the control approaches were able to control the membrane system, but
significant differences in the dynamics were observed. The ANN control was able to achieve the
specifications but showed poor dynamics. Expert control was fast but showed problems in different
working areas. Local models required less data than ANN, achieving high accuracy and robustness.
Therefore, the technique to be used will depend on the available information and the application
dynamics requirements.

Keywords: low-pressure driven process; peristaltic pump; microfiltration; intelligent control; artificial
intelligence; modelling; fouling; humic acid

1. Introduction

Peristaltic pumping is used in membrane processes, such as microfiltration (MF) or
ultrafiltration (UF), when high sealing without contact of the solutions with the lubricating
fluids or friction elements is required. Typical applications of this configuration are in food
processing industry separations, membrane bioreactors, membrane medical applications,
and laboratory experimentation.

The use of peristaltic pumps in membrane bioreactor systems also has the advantage of
diminishing the effect of tearing stress. For example, anaerobic sludge membrane reactors
using peristaltic pumping for pressure application and recirculation have been used to
treat municipal or industrial waters [1,2]. This kind of pumping allows special membrane
applications such as the use of fluidized glass beads to improve membrane performance [3].

In medical systems using membranes, mainly in artificial kidneys or microdialysis
sensors, pumps must not introduce harmful agents and must maintain sterility. Peristaltic
pumps can meet this requirement with suitable flow rate characteristics [4]. However,
problems related to the formation of particles may occur. These particles may be caused by
wear of the tube due to spallation [5] or degradation of the solution. An example of the
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latter situation is the formation of protein particles caused by the effect of the tube tearing
on proteins adsorbed on the tube walls [6].

The combination of peristaltic pumps and membranes is also widely used on a labo-
ratory scale. For example, multi-channel peristaltic pumps can perform many membrane
experiments at the same time [7] or experiments in which two peristaltic pumps work in
opposite directions [8].

1.1. Modelling of Peristaltically Pumped Low-Pressure Driven Membrane Systems

The development of control systems to meet permeate flow specifications is essential
for the proper functioning of the above-mentioned applications.

Most control systems are, in some way, model based. Therefore, the existence of
a computational model deduced from the physical behavior of the system can facilitate
control development. However, modeling and control of peristaltically pumped MF or UF
membrane systems can be more challenging than other membrane configurations.

The behavior and performance of peristaltic pumps can be approximately modeled
by lumped models based on physical considerations [9] or by using computational fluid
dynamics [10]. Disturbance models can also be used for control purposes [11]. However,
let us suppose that more accurate time-varying models are needed for control. In that
case, the models could be improved by taking into account changes in feed properties and
mechanical characteristics of the tubing material.

Membrane modelling must describe the permeate flux and component rejection and
its evolution over time. In MF, retention depends on particle size and pore size distribution.
The flow through the pores can be described by Poiseuille’s law. In UF, modelling of
solute and solvent transport is based on hydrodynamic equations describing hindered
diffusion and convection [12]. For most processes, fouling adds additional resistance to
flow. Moreover, the effect of fouling involves longer time dynamics than that those caused
by feed or operational variations. To describe the different fouling mechanisms (pore
blocking or gel layer formation), empirical models such as those developed by Hermia
can be used [13]. Other modelling difficulties are the different fouling potential of the
solutions [14], the important effect of spacer design on fouling [15], and the fact that the
membrane performance does not fully recover after the cleaning procedures. For both
processes (MF and UF), the situation can be more complex in the case of a non-constant
flow [16], as in the case of the pulsating flow produced by a peristaltic pump.

1.2. Intelligent Control Approaches for Low-Pressure Membrane Systems

In conclusion, accurate modeling of peristaltically pumped low-pressure driven mem-
brane systems is challenging due to the changes in system performance over time. In
general, models derived from first principles with sufficient accuracy are very complex.
Therefore, classical control techniques cannot be applied directly. On the other hand,
those models simple enough to apply well-known control techniques cannot describe the
long-term behavior of the system. This fact led the authors to consider the use of artificial
intelligence (AI) and system identification methods as the most appropriate approach.

Most attempts to control peristaltically pumped membrane systems have come from
the field of hemodialysis, where accurate control of fluid delivery is especially critical [17,18].
In this application, the use of hierarchical adaptive and supervisory control has allowed
adjusting the pump inputs to patient monitoring data [19].

In other fields where MF or UF have been applied, the modeling and control focus
on the interaction of the membrane and the pump, but on the membrane performance.
Niu et al. have recently carried out a critical review on the use of different AI methods in
fouling prediction [20]. They found that the most modeled features were transmembrane
pressure, flux dynamics, and flux decline by fouling. They divided the AI techniques into
single and hybrid algorithms. They indicated that the most employed single algorithm
was artificial neural networks (ANN), but others such as fuzzy logic, genetic programming,
or support vector machines were also used. Hybrid algorithms were usually built by
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combining these techniques with a search algorithm. Jawad et al. conducted a review
that found that permeate flux is the most modeled feature in the different MF or UF
applications. The same study showed that the most used model input is transmembrane
pressure (TMP), and that the composition-related parameters were also used as input in the
different works [21]. Recently, machine learning has been used to model the dynamics of
filtration and backwashing of UF by a back propagation ANN [22]. Ultrafiltration of protein
solutions has been effectively modeled using ANN for a tubular crossflow membrane [23].
This work used as inputs: operational time, pH, and ionic strength; and as outputs: filtrate
flow and protein transmission. The authors compared the performance of ANN with that of
the Hermia models [24] and obtained similar performance results for the fitted experiments,
but better ANN extrapolation capability for experiments not included in the fitting process.
Other AI-based modelling tools, such as fuzzy logic, have proven to be an alternative to
ANN modelling [25].

1.3. Selection of Study Case for Comparison of Control Approaches

Given the promising results found in the literature on AI methods applied to low-
pressure driven processes, this work aimed to compare the performance of a set of AI
modeling techniques for controlling peristaltically pumped membrane processes subjected
to strong fouling. The specific process case studied used a ceramic MF membrane with
a pore size close to the maximum UF pore size range. The operating conditions of the
MF system to be controlled were average crossflow velocity and average transmembrane
pressure. Forced membrane fouling was expected to produce permeability variability due
to both reversible and irreversible fouling.

The chosen techniques cannot only provide an accurate system description but can
also deliver models that are good for subsequent control design under all the expected
operating conditions. This balance between modeling and control could lead to a better
performance of the controlled MF system. Therefore, a comparison between the available
methods was made to determine which can be more effective in controlling the operating
conditions in a changing membrane system.

In order to obtain the data necessary for the creation of the models, each experiment
consisted of an operational step with fouling followed by a cleaning step. For the first step,
the selected foulant was humic acid at a relatively high concentration. Humic acid fouling
is one of the main factors limiting MF in water treatment [26,27] with humic acid aggregates
being responsible for most of the fouling [28]. For the second step, it was considered that
fouling by organic matter can be removed from ceramic membranes by cleaning-in-place
(CIP) procedures using alkalis. When NaOH is used, typical concentrations are in the range
of 0.5–2% wt. [29,30]. The combination of rapid fouling with humic acid and subsequent
cleaning with NaOH allowed short dynamic experiments with a rapid decrease in flow
rate suitable for model identification and control design.

The structure of this article is as follows. Section 2 explains the system developed
for the experiments, the experimental methods, and the model identification and control
procedures. Section 3 shows the results obtained for the three strategies considered: ANN,
fuzzy logic, and local models. Section 4 discuss the differences between the control strate-
gies studied. Finally, the Conclusions section summarizes the results and proposes ways
forward for further study.

2. Materials and Methods

2.1. Experimental Setup

Figure 1 shows a schematic of the pilot plant used in the experiments. The feed tank of
the main circuit had a volume of 28 L and was tempered in a Polyscience recirculating unit.
The main circuit contained a Micro CARBOSEP/Kerasep laboratory module. The peristaltic
pump used was the Masterflex I/P® brushless process drive with high-performance pump
head able to work from 33 to 650 rpm. The tubing used was Norprene HP 06404-70 with
an internal diameter of 9 mm. Downstream of the pump, a pulse damper was placed,
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constructed from a helical rubber tube. Two Bürket 8323 pressure sensors prepared to
work in the 0–4 bar range were placed in the inlet and outlet of the membrane module. A
Bürket 8031 flow sensor with a range of 10 to 100 L/h was placed at the membrane outlet
to measure the crossflow during fouling experiments and CIP operations. For permeate
flow measurement, a device for low flow rates was built ad-hoc. The flow measurement
was based on alternate filling and emptying of a permeate collection tank controlled by
a solenoid valve and measurement of the position of a buoy with a laser sensor. Two
three-way solenoid valves controlled the alternation between a fouling operation step, an
alkali cleaning step, and water flushing between both stages. Pump control and acquisition
of flow rate and pressure data were performed using a PCB circuit. An Advantech PC1-1711
DAQ card installed in a PC was used to record sensor data and send control actions to the
actuators (valves and pump). The user interface was performed in Matlab.

Figure 1. Schematic of the pilot plant.

The membrane used in the experiments was the Carbosep M14. This membrane is a
tubular ceramic membrane with a length of 400 mm and membrane area of 75.4 cm2, a nom-
inal cut-off threshold of 0.14 μm, and a nominal water flow rate of 375 L·h−1·m−2·bar−1.

2.2. Experimental Conditions

Model identification experiments were performed using humic acid sodium salt
(technical grade from Sigma-Aldrich) at a concentration of 20 mg/L. This concentration was
high enough to produce severe fouling in a short time. The experiments were carried out
between 2 and 5 h. The temperature of the feed tank was maintained at 25 ◦C. The applied
pressure range to build the model was between 0.3 to 2.5 bar. During the experiments, the
inlet and outlet pressure, the concentrate flow rate, and the permeate flow were sampled
at a rate of 1 s. The solenoid valve opening percentage and pump rotational speed were
the two variables manipulated by the control system during the fouling operating stage to
meet the pressure and flow requirements. The control actions were carried out at a rate
of 20 s. To recover the permeate flow, a CIP operation was performed after each model
identification experiment using a 0.1 mol/L sodium hydroxide solution.

2.3. Control Strategies

Three different approaches were used to control the system, requiring different strate-
gies to incorporate the information available from the systems and build the controllers:
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(i) artificial neural networks, (ii) expert control based on fuzzy logic, and (iii) control by
fuzzy-integrated inverse local models.

2.3.1. Control Based on Artificial Neural Networks (ANN)

An artificial neuron is an element that has an internal state (activation level) that
receives signals that can change its state. An artificial neural network (ANN) is a structure
capable of processing information defined as input variables to obtain a response expressed
as output variables. The ANN is organized in layers of neurons in which their parameters
(weights wi and biases bi) must be determined to match the mapping between inputs and
outputs. The fitting procedure to obtain the ANN parameters is known as training. In this
case, a non-supervised learning strategy has been used in which the data is divided into
one dataset for training, one for validation, and one for testing. Given an experimental
output obtained for the input conditions, the errors between the experimental output vector
and the response predicted by the ANN in its current state of adjustment against the input
are evaluated. The error obtained is used to adjust the values of the weights and biases.
The validation data set is used to measure the overall error of the network and determine
when to stop training the ANN. In our case, a layer of neurons with linear output and
radial activation functions (Figure 2) gave satisfactory results.

Figure 2. Artificial neural network: (a) layers structure, (b) detail of a neuron.

The model identified by ANN can be used to predict the behavior of the system, but
in this case, the objective was to control the system. Therefore, an ANN-based control
technique is needed. The designed controller was based on one of the simplest control
ideas that are applicable when a model of the system to be controlled is available: given
a desired reference to be followed by a system, the reference passed through the inverse
model gives the control action to be injected to the system to achieve the desired reference.
In real-world applications, subjected to disturbances, this simple structure is complemented
with additional elements. In this case, a classic direct control with reverse pre-feed (see
Figure 3) based on two ANN and a reference model is used [31]. The ANN is used twice in
this case. In the first step, the error, defined as the difference between the real (Ycomp) and
the desired (ref) output of the system is fed into a predefined reference model (the desired
behavior of the plant) giving an output (reff). This output goes to the inverse of the ANN
system model, providing then a control action (Un) which is compared to the control action
(UPI) given by a proportional-integral controller (PI) designed for the reference model. This
comparison generates the final control action (U) to be fed into the real system. This control
action is also fed into the ANN system model, whose output is compared to the real output
and the difference feedbacks to the reference. Next, the reference is compensated with the
difference between the real output of the plant and the output predicted by a non-affine
ANN and this error initiates the control actions computation again.
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Figure 3. Direct control with reverse pre-feed based on artificial neural networks.

Therefore, the identification procedure required the identification of two ANNs. First
the direct model, which provides the output prediction, was identified. The inputs used to
train the ANN were the output in the previous time and the inputs for the plant operation
(solenoid valve opening rate and pump rotation speed). Secondly, the inverse model was
identified after applying low-pass filtering to the signal. The Neural Network toolbox of
Matlab was used for both identifications.

The experimental data were obtained in the working area of the plant for a matrix
of combinations of pump speed signals in the range of 0.5–3 V (108–650 rpm) and valve
opening in the range of 65% to 80%.

2.3.2. Expert Control Based on Fuzzy Logic

The term fuzzy logic was introduced in 1965 with the Lotfi Zadeh’s proposal of fuzzy
set theory [32]. In contrast with Boolean logic which only considers false/truth values of
variables expressed by the integers 0 or 1, in fuzzy logic, the level of truth of a variable can
be expressed by any real number between 0 and 1. This is a natural way of representing
vagueness and imprecise information and has been applied to many fields.

From a practical view, a fuzzy system can be seen as a linguistically interpretable
model consisting of several “if-then” rules and logical operators using fuzzy sets as input
and output variables:

If input is A then output is B (1)

A rule-based fuzzy system, although it is a mathematical function and can be identified
from data similar to any other system, can make direct use of expert information as long as
it is interpretable. Therefore, experts in the operation of a specific system can easily build a
model or a controller without any modelling or control knowledge.

In this case, a fuzzy controller was built for the MF system defined above, based on
the available knowledge of the experts. The expert (in close collaboration with the control
engineer) defined the linguistic variables and the fuzzy rules. The Matlab Fuzzy Systems
toolbox was used for implementation purposes.

Although two independent fuzzy controllers can be built to control TMP and reten-
tate flow rate separately, it was thought that a multivariable controller could give better
results by taking into account their interaction. Combining expert information and control
possibilities, the structure presented in Figure 4 was agreed upon, aiming for fast and
accurate control. The main ideas were to quickly drive the system close to the desired
TMP/flow operating point, and then fine-tune the control around this point more precisely
but more slowly.
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Figure 4. Diagram of the fuzzy controller.

The first fast part can be accomplished using a look-up-table (LUT) strategy [33]. The
inputs of this table are the desired TMP (P_ref) and the retentate flow rate (Qr_ref) at the
operating point, and its outputs are the valve opening percentage (k_0) and the pump speed
(n_0) control actions to reach approximately the reference under standard base conditions.

These base control actions can be modified to new values (k and n) by a fuzzy controller
whose input variables are the transmembrane pressure error and the retentate flow error,
thus closing the gap between the actual output results (P and Qr) and the desired ones
(P_ref and Qr_ref).

2.3.3. Control by Inverse Local Models

By making use of the expert system information on the operating points defined in
the LUT (or any other partition of the input space) defined in the previous section, a more
classical control approach can be used. The idea is the opposite of the ANN approach
where a very accurate model of the systems is obtained to perform a good control of the
plant based on a complex controller. In this case, very simple models of the system must be
identified at each of the required operating points and a simple controller must be designed
for each of the models. Subsequently, all available control actions are integrated into a
single control action depending on the actual operating point. The complete controller can
be built, for example, as a fuzzy system [34] in which each controller at each operating
point is a rule, and the outputs are interpolated using membership functions created by
weighting the distances to the operating points (Figure 5).

Figure 5. Control structure with local models.
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Therefore, the idea was to identify several models for relating inputs vs. outputs of the
system (i.e., Vel and %Ev vs. P_ref and Qr_ref in the previous section) that contain only the
gain information between each pair of variables at each operating point. The information
included in each pair-of-variables local model can be arranged into a matrix where the
increments of each output with respect to each input associated with an operating point
can be easily organized:

[
ΔP
ΔQ

]
=

⎡
⎢⎣

∂P
∂n

∣∣∣
ko

∂P
∂k

∣∣∣
no

∂Q
∂n

∣∣∣
ko

∂Q
∂k

∣∣∣
no

⎤
⎥⎦·[Δn

Δk

]
(2)

where, for the sake of clarity, n is pump speed Vel, k is solenoid valve opening %Ev, P is
transmembrane pressure TMP, and Q is flow rate Qr. In this framework, the derivatives
of the local function directly relate the required control actions and the desired change in
operating conditions for a particular operating point (ko, no).

The controller for both outputs at the same time was easily obtained by inverting the
derivative matrix:

[
Δn
Δk

]
=
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∣∣∣
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∂P
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∣∣∣
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∂Q
∂k

∣∣∣
no

⎤
⎥⎦
−1

·
[

ΔP
ΔQ

]
(3)

However, although the simple gain models in each cell of the matrix can easily be
inverted (thus having an inverse system model at each operating point for a particular
input-output combination), the two-inputs–two-outputs derivative matrix in Equation (2)
is not always invertible (values close to zero, or one row/column is linearly dependent
on another).

If it is the case and the system is not very fast (as in MF), an approximate multivariable
control can be achieved by alternating small steps of single input-output control actions for
each of the matrix cells in Equation (3). Figure 6 shows the final control diagram used in
the control of the process, where a “control strategy” defines the alternate operation of the
single-input–single-output controllers based on the inverse of the appropriate matrix cell.

Figure 6. Global control diagram in an operating point.

Recall that there is a controller, as defined in Figure 6, for each predefined operating
point j in the (n, k) plane, and all of them are integrated using the scheme showed in
Figure 5. The integration is performed by weighting each control action j by its membership
function μj calculated as the relative distance from the actual operating point of the plant
to the local operating point j of the model/controller. Whenever our system operates in the
(n, k) plane of operating points, a particular operating point (ni, ki) of the plant at instant i
will be surrounded by 4 operating points, and the normalized membership (from 0 to 1) of,
e.g., the operating point i (out of 4) can be calculated as [35]:

μi =

1
di

∑4
1

1
dj

(4)
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where d is the absolute value of the Euclidean distance from the actual operating point of
the plant to the 4 nearest predefined operating points in the controller.

3. Results and Discussion

3.1. Control Based on Artificial Neural Networks

The neural network structure used to build the direct and inverse ANN models of the
controller had two hidden layers with 6 neurons per layer. The non-affine ANN used as
inverse models had an input layer with 8 neurons. This structure permitted a reasonable
balance between training time and prediction capability. The best training results were
obtained using the Levenberg-Marquardt algorithm. Model identification results were
reasonably good for both the direct and inverse models at most operating points.

The controller was tested on a 7 × 7 matrix of equally spaced operating setpoints
given by combinations in pump speed signal ranging 0.5–3 V (108–650 rpm) and valve
opening percentages from 65% to 80%. Figure 7 shows the trajectories in the flow-pressure
space of the controlled pilot plant. The ANN-based control was able to achieve the desired
reference (static specifications). However, these satisfactory results could be improved
from the dynamic specifications point of view since the controlled system showed signifi-
cant overshoot and long settling time during the plant start-up at some operating points
(Figure 8). This behavior was a consequence of a poor identification of the process dynamics
when the network was trained using the entire dataset.

Figure 7. Operating working area of the pilot plant obtained for pump signal speed 0.5–3 V
(108–650 rpm) and valve opening 65–80%.

3.2. Expert Control Based on Fuzzy Logic

In order to represent the expert knowledge on plant operation in a Mamdani rule-
based expert system with a number of fuzzy rules as in Equation (1), the “vocabulary” of
fuzzy input and output variables was first defined.

The input variables to the fuzzy controller in Figure 4 were the transmembrane
pressure error (eP) and the retentate flow rate error (eQ). First, the ranges of values of the
inputs were stablished to obtain the membership functions. The pressure error was divided
into the following categories: very negative (VN), negative (N), slightly negative (NS),
zero (Z), slightly positive (PS), positive (P), and very positive (VP). The same categories
were used to divide the flow rate range. The above definitions, in combination with the
information provided by experts, were translated into the fuzzification structure presented
in Figure 9.
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Figure 8. Control dynamics of ANN controller (flow rate reference in dashed green and flow output
in red).

Figure 9. Linguistic values assigned to the controller inputs.

Linguistic values were also assigned to the controller outputs in Figure 4: pump speed
and valve opening. All the linguistic variables are shown in Table 1, and the resulting
defuzzification structure is shown in Figure 10.

Table 1. Linguistic variables of the controller output.

Pump Speed Valve Opening

increase (high) NIH KIH
increase (medium) NIM KIM

increase (slight) NIS KIS
decrease (slight) NDS KDS

decrease (medium) NDM KDM
decrease (high) NDH KDH
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Figure 10. Linguistic values assigned to the controller outputs.

Once all the linguistic variables and their ranges were defined, the expert in the
operation plant was able to translate all his/her knowledge using the limited vocabulary
in the expert rules in Table 2. Each row is a possible eQ input, and each column is one of
the eP input possibilities. Each cell in the table represents the outputs to be applied. For
example, the first cell of the table corresponds to the rule:

If eQ is VN and eP is VN then pump speed is NDH (5)

Next, a fuzzy rule-based system composed of 49 rules as described above was then
defined to perform the control of the MF plant.

Table 2. Expert rules for the fuzzy controller according to defined fuzzy variables for inputs and
outputs.

eQ/eP VN N NS Z PS P VP

VN NDH KDM NDM NDM KDM NDS NIS KDM KDM NIM
N NDH NDM NDM KDM KDS NIS KDM KDM NIS

NS NDM NDM NDS KDS KIS KIM NIM
Z KIS NDM KIS - KDS NIM NIM KDS
PS KIM KIM KIS KIS KDS NIS NIM NIM
P KIH KIM KIM KIM NIM NIM NIM

VP KIH KIS NDS KIS KIS NIS KDS KDS NIH

The combination of all the information provided by the expert (linguistic variables
and rules) resulted in the nonlinear response surface of the controller for both outputs. The
controller performance can be seen for different operating points in Figure 11, with lower
overshoot and settling time than in the ANN approach for the same operating conditions.

The performance of the controller was also good for long experiments (about 4 h),
where the effect of fouling changed the plant behavior, as shown in Figure 12. The experi-
ments were repeated several times. The figure shows 3 cycles for pressure and flow control
at the operation point (55 L/h, 1.5 bar).

Finally, some experiments were performed to see the behavior of the controller when
changing the operating point. The results are shown in Figure 13.

3.3. Control by Fuzzy-Integrated Inverse Local Models

The 49 operating points, defined in the previous section, covering the entire operating
space of the plant were also considered in this study. A local model was identified for each
of them following Equation (2), and a local controller designed as in Equation (3).
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Figure 11. Controller performance for flow rate at different operating points defined by flow rate
and pressure (flow references are marked in dashed green in all cases).

Figure 12. Controller performance in long time runs at the operation point (55 L/h, 1.5 bar): (a) oper-
ating point for pressure; (b) operating point for flow rate.

In order to reach a desired operating point (P_ref, Qr_ref) while avoiding the inversion
problem in Equation (3), the alternate operation of the two controllers shown as “control
strategy” in Figure 6 was:

• Reach Qr_ref using the pump speed control variable Vel, but with the solenoid valve
fully open (for security reasons)

• If more pressure is needed, then close the solenoid valve by controlling the valve
opening %Ev to reach P_ref

• The last action will decrease the flow. Then reach again Qr_ref using the pump speed
control variable Vel.

• Follow the last two steps until both references (P_ref, Qr_ref) are obtained.

95



Membranes 2022, 12, 883

Figure 13. Controller performance (reference in green and output in blue): (a) change of the operating
point for pressure; (b) change of operating point for flow.

The desired operating point (P_ref, Qr_ref) need not be exactly one of the 49 predefined
operating points. Therefore, an interpolation strategy of the control actions was defined
(Equation (4)). Figure 14 shows, in the flow-pressure plane, how a representative operating
point (P_ref = 2 bar, Qr_ref = 54 L/h) was reached using the proposed strategy.

Figure 14. Flow-pressure path followed to reach a predefined operating point (P_ref = 2 bar,
Qr_ref = 54 L/h) using the proposed strategy.

Figures 15–18 then show the evolution over time of the outputs and control actions in
the same experiment. The results of the new strategy (inverse local models) are plotted in
blue, while the best strategy so far (expert control based on fuzzy logic) is plotted in red for
ease of comparison.
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Figure 15. Evolution of pressure output to reach the representative operating point (P_ref = 2 bar,
Qr_ref = 54 L/h) using inverse local models (blue), and expert control based on fuzzy logic (red).

Figure 16. Evolution of flow output to reach the representative operating point (P_ref = 2 bar,
Qr_ref = 54 L/h) using inverse local models (blue), and expert control based on fuzzy logic (red).

Figure 17. Evolution of pump speed control action to reach the representative operating point
(P_ref = 2 bar, Qr_ref = 54 L/h) using inverse local models (blue), and expert control based on fuzzy
logic (red).
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Figure 18. Evolution of valve opening control action to reach the representative operating point
(P_ref = 2 bar, Qr_ref = 54 L/h) using inverse local models (blue), and expert control based on fuzzy
logic (red).

3.4. Discussion of the Results

The three chosen approaches (ANNs, expert control, and fuzzy-integrated local inverse
models) were able to adequately control the MF system, as shown in the previous results
subsections. However, the three controllers showed differences in the performance of the
dynamic specifications: the speed at which the system reaches the operating point (settling
time), and presence of oscillations (overshoot). Some differences were also found in terms
of their robustness, and the data required for the development of the controllers (Table 3).

Table 3. Comparison of the control techniques studied.

Controller Modelling Control Robustness

Local models Few data required Slow, precise High. Some problems in
different functioning points

Expert control Only models look-up-table Sharp, fast, precise Pondering problems in
different working areas

Artificial neural networks Many data required Slow, precision achieved by
PI controller

Limited. The models do not
cover all areas

The ANN-based control had some problems at different operating points showing
oscillations that can be attributed to incorrect identification of the dynamics when the
network is trained to meet the full range of operating conditions. However, in this case
much more data is needed, or a more complex network structure may be required. This
implies a higher training effort which may make it difficult to use an adaptive approach.

The control based on fuzzy rules was able to work quickly from the fuzzy rules
deduced from the plant operating experience. However, it has the problem that in case of
major changes in the system, the expert will be needed again to define the new rules and
the whole identification process will have to be repeated.

Local models have the great advantage of requiring less data and expert effort than
the other methods for their identification. The settling time is somewhat slower than that
achieved by the expert model but sufficient for the studied process. Moreover, compared to
the expert models, they allow an easy adaptive implementation of the control, being then
the best simplicity-performance trade-off of the AI approaches shown.

4. Conclusions

All three types of regulators implemented were functional and capable of accurately
achieving the static specification reference over a wide range of flow and pressure operating
conditions. The controllers were also able to function properly during the period when the
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system was subjected to a high degree of fouling whenever the membrane of the system
was cleaned after each operation. The controllers performed well during experiments in
which the cleaning operations were able to avoid high irreversible fouling. Therefore, it can
be said that the AI control approaches studied in this work showed very good performance
in the control of a MF process.

The proposed control techniques can be applied to different fields: separation in the
food industry, membrane bioreactors, membrane medical applications, and laboratory-
scale experimentation. The technique to be used in each specific case depends mainly on
the information available: ANNs require a lot of experimental data, expert systems require
a human expert to be available, and local models require a combination of some expert
information and a few data. Dynamic process control requirements may also decide the
most appropriate approach, as some techniques are faster than others, in this case expert
control being the fastest technique. The same is true for robustness with expert systems
providing the best results in this case as well.

Although the proposed control strategies worked well under the conditions of the
in the experiments, adaptive versions of the three approaches are desirable and will be
developed in the future. Adaptive strategies will allow on-line calibration of the model
and controller during operation in the event of irreversible fouling or other changes in the
system, such as changes in temperature, pressure, or feed composition. In most situations,
the effects on process performance of operating pressure, crossflow velocity, temperature,
and pH are complex, highly feed composition dependent, and sometimes weakly explained
by physical models. A desirable adaptive control would be able to adjust in minimum
time the operating variables seeking to optimize process performance. For example, such
controllers can be used in a batch process to adjust pressure and crossflow velocity to
minimize the energy required for the concentration stage. Alternatively, they can also be
used in continuous processes to jointly optimize the operation phase and the cleaning
phase to improve process economics.
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Abstract: Gas separation performance of the carbon molecular sieve (CMS) membrane is influenced
by multiple factors including the microstructural characteristics of carbon and gas properties. In this
work, the support vector regression (SVR) method as a machine learning technique was applied to
the correlation between the gas separation performance, the multiple membrane structure, and gas
characteristic factors of the self-manufactured CMS membrane. A simple quantitative index based on
the Robeson’s upper bound line, which indicated the gas permeability and selectivity simultaneously,
was proposed to measure the gas separation performance of CMS membrane. Based on the calculation
results, the inferred key factors affecting the gas permeability of CMS membrane were the fractional
free volume (FFV) of the precursor, the average interlayer spacing of graphite-like carbon sheet, and
the final carbonization temperature. Moreover, the most influential factors for the gas separation
performance were supposed to be the two structural factors of precursor influencing the porosity
of CMS membrane, the carbon residue and the FFV, and the ratio of the gas kinetic diameters. The
results would be helpful to the structural optimization and the separation performance improvement
of CMS membrane.

Keywords: carbon molecular sieve membrane; gas separation; machine learning; support vector
regression

1. Introduction

Membrane-based gas separation technology has been widely concerned because of
its high separation efficiency, environmental friendship, and easy operation [1,2]. In order
to broaden the application of the technology, it is important to develop novel membrane
materials with excellent gas separation performance [3]. Carbon molecular sieve (CMS)
membrane is a carbon-based membrane fabricated from the pyrolysis of polymeric pre-
cursor film [4,5]. As a novel membrane for gas separation with a broad development
prospect, CMS membrane has the advantages of excellent gas permeability and selectivity,
high thermal and chemical stability, and anti-plasticization. The microstructure of CMS
membranes varies largely with the choice of precursors and preparation processes, af-
fecting the separation performance [5–8]. Exploring the influence of factors, such as the
microstructural characteristics and gas properties, on the gas separation performance, or
the so-called permselectivity, would be helpful to the adjustment of the microstructure
and the optimization to the membrane preparation. However, gas permeability of CMS
membrane is hard to correlate functionally with the plural factors which are not directly in-
terrelated [9–11]. The machine learning technique, which is the core of artificial intelligence,
makes it possible to realize the correlation [12,13].
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Machine learning is a computational technology to quantitatively predict the relation-
ship between the multiple conditions and the target based on given samples [13,14]. In
the fields of biomedicine, chemistry, materials, and the environment, the machine learning
technique has been successfully applied to the analysis of the relationship between the
characteristics and the performances of materials [15–19]. Specific to membrane-based gas
separation, machine learning has been applied to the performance prediction and struc-
tural optimization of polymer membranes, zeolite membranes, metal-organic framework
membranes, and composite membranes [20–26]. For CMS membrane, Behnia et al. [27]
predicted the gas permeability and selectivity through statistical analysis and modeling
based on five influential factors, including the type of precursor, blend composition of
precursors, final pyrolysis temperature, vacuum pressure during pyrolysis, and operating
pressure. The authors concluded that every factor has a significant impact on the gas
permeability, especially the final pyrolysis temperature. Based on the actual measurement
data of CMS membrane, the machine learning technique is feasible to discuss the influences
of structural characteristics, gas properties, and other factors on the gas permeation and
separation of CMS membrane.

Several methods based on machine learning techniques were used to analyze the
influence of plural factors on specific performance of material based on the obtained data in
recent years, such as multiple linear regression, partial least-square, multiple discrimination
vector, decision tree, and support vector regression [28–33]. The support vector regression
(SVR) method could seek the best compromise between the complexity of the model and
the learning ability to obtain the best promotion ability from the limited sample. The SVR
method has the following advantages [13,14,28]: (1) for small samples, it could achieve
the optimal solution through the existing information; (2) it could get the global optimal
solution in theory; and (3) the complexity of the SVR method is independent of the sample
dimension. The SVR method is anticipated to effectively analyze the influence of the factors,
including structural characteristics and gas properties on the gas separation performance of
the CMS membrane based on limited actual characterization results and experimental data.

In this work, the SVR method was applied to the analysis of the multiple factors
influencing the gas separation performance of CMS membranes. The data for analysis
were collected from the authors’ previous work [34–43]. The monomer structure formulas
of the polymeric precursors for preparing CMS membranes are shown in Figure S1. The
gas permeability and separation performance of CMS membrane were predicted through
the factors, and the key influencing factors were determined. The method and results in
this work may provide a new insight into the structure-performance relationship of CMS
membrane for gas separation.

2. Computational Methods

2.1. Data Collection

Since the existing characterization and measurement data were limited in the category,
some structural factors of CMS membranes were substituted by the related ones of pre-
cursors. Most permeation coefficients in the previous works were measured at 30 ◦C and
100 kPa (375 results selected as the sample in this work), and only a small amount of data
(24 results) was obtained under other conditions [34–43]. The influence of structural factors
and operating conditions was analyzed in the follow-up work.

Table 1 shows the influencing factors to be discussed as the independent variables
based on the structural characterization and gas permeability [34–43], including the precur-
sor characteristic, carbonization condition, carbon microstructure, and molecular property
of permeated gases. Among the characteristics of polymeric precursors, the fractional free
volume (FFV) and the carbon residue influencing the porosity of CMS membrane were
selected as the influential factors [44–46], as well as the fraction of sp2 carbon and aromatic
carbon affecting the arrangement of carbon molecules [47,48]. The pyrolysis temperature,
which is particularly applicable to the structural adjustment of CMS membrane, was chosen
as an influencing factor [49]. The carbon microstructural factors contained the average
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interlayer spacing, length, and thickness of the carbon microcrystal consisting CMS mem-
brane [6,9]. In addition, the gas molecular kinetic diameter related to the resistance, the
gas molecular mass affecting the free diffusion, and the gas–carbon interaction potential
influencing the gas sorption in CMS membrane were taken into consideration [50–52]. The
calculation methods of some factors are depicted in S.2–S.4 of the Supplementary Materials.

Table 1. The selected factors for analyzing the structural–performance relationship of CMS mem-
brane.

Category Contents

Precursor structure
Fractional free volume (FFV); carbon residue;

fraction of sp2-hybrid carbon; fraction of carbon in
aromatic rings

Carbonation condition Pyrolysis temperature

Carbon microcrystal structure Average interlayer spacing; length of carbon
microcrystal; thickness of carbon microcrystal

Properties of permeated gas molecules Mass; kinetic diameter; van der Waals potential
between gas and carbon

As the performance indicator (dependent variable) of CMS membranes, besides the
permeability of gases (CO2, CH4, N2, O2, and H2), a quantitative index, named characteris-
tic distance (d), was proposed in this work. Figure 1 shows the concept of d, which was the
vertical distance of a black legend away from the Robeson’s upper bound line of a specific
gas pair [53,54]. When the legend was above the upper bound line, the d was a positive
value; otherwise, the d was negative. The d, as a quantitative index, could measure the
gas separation performance of CMS membranes, including permeability and selectivity
simultaneously.

Figure 1. Permselectivity values (characteristic distance d) of the CO2/CH4 gas pair based on
Robeson’s upper bound [54].

The formula of Robeson upper bound line is [54]:

lgP = lgk + nlgα (1)

where P (Barrer, 1 Barrer = 10−10 cm3(STP)·cm·cm−2·s−1·cmHg−1) is the permeability
coefficient of fast gas; α is the selectivity coefficient; and n and lgk are the slope and
intercept of the upper bound line, respectively. In order to make a consistent evaluation
standard to different gas pairs, the n and lgk, as shown in Tables S2 and S5 in the Robeson
upper bound lines [54], were selected for all gas pairs in the sample.
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In order to ensure the comparability between different variables and the reasonability
of the regression results, the variable x should be transferred to X with the mean value of 0
and the standard deviation of 1:

X =
x − μ

σ
(2)

where μ and σ are the mean value and the standard deviation of the variable x, respectively.
The standardized results of the variables are shown in Figure 2, which were used to show
the relevance of variables qualitatively and illustrate the independence of them. Obviously,
variations of different independent variables with the group number were inconsistent and
did not follow a specific variation trend. Thus, it could be considered that the collected
data were suitable for calculation.

Figure 2. Standardized values of the independent variables.

2.2. SVR Theorem

Figure 3 indicates the basic idea of the SVR method. For independent variables x and
dependent variable y, the loss is calculated only if the difference between y and the results
predicted from the independent variable f (x) are greater than ε [13]. When |f (x) − y| <
ε, the value of |f (x) − y| is treated as zero; otherwise, the value is |f (x) − y| − ε. It is
equivalent to building a 2ε wide belt centered on f (x) and the prediction is correct when
the sample falls into the belt. The f (x) is called hyperplane, whose geometry is related to
the dimension of x. However, the hyperplane may not be constructed in practice due to
the characteristics of the sample. Under such circumstances, the samples could be mapped
from the original sample space to a higher dimensional feature space in order to realize the
linear correlation. The γ is called breadth, which affects the range of action and thereby
affects the generalization performance.

Figure 3. Diagram of SVR theorem.
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In the sample space, the hyperplane could be described by:

f (x) = wTx + b (3)

where w is the vector of weight (wT is the transpose of w), and b is the bias term. When
the sample needs mapping in order to construct a hyperplane, the original independent x
would map into the eigenvector Φ(x) and the hyperplane function becomes [13,28]:

f (x) = wTΦ(x) + b (4)

The purpose of the SVR is to find the hyperplane with the largest breadth (γ in
Figure 3), which is equivalent to find the w satisfying the objective function min‖w‖2/2
subject to yi·(wTxi + b) ≥ 1. In practice, however, the hyperplane is difficult to appear in a
linear form. There are two ways to make the sample linear regression: adding a penalty
coefficient to the objective function and mapping the samples to the higher dimensional
space. Then, the objective function of SVR hyperplane becomes:

min
w,b,ξi ,ξ̂i

[
‖w‖2

2
+ C

m

∑
i=1

(ξi + ξ̂i)

]
(5)

s.t.

⎧⎨
⎩

f (xi)− yi ≤ ε + ξi
yi − f (xi) ≤ ε + ξ̂i
ξi ≥ 0, ξ̂i ≥ 0

where C is the penalty coefficient, which is the tolerance for the error. The C should be
neither too large nor too small in order to prevent over-fit and under-fit. ξi and ξ̂i are called
slack variables, which indicate that the relaxation degree on both sides of the space might
be different.

Combined with the rationale of SVR as shown in Figure 3, the solution of the SVR
model would be achieved by constructing the Lagrange equation and solving its partial
derivative [13]. The Equation (4) could be written in the explicit form:

f (x) =
m

∑
i=1

(α̂i − αi)Φ(xi)
TΦ(x) + b (6)

where αi and α̂i are the Lagrange multipliers. The w would, therefore, be solved and used
in the comparison of each influencing factor.

In practice, the kernel function κ(xi, xj), which is a symmetric and positive definite in
the sample space, is constructed to replace the inner product of the mapping eigenvectors:

κ(xi, xj) = Φ(xi)
TΦ(xj) (7)

The kernel function could deal with feature space of arbitrary dimensionality, and the
functional form of Φ(xi), which is hidden in the kernel function, is unnecessary to calculate
explicitly [28,55]. Selecting the kernel function would be helpful to correctly construct the
hyperplane in feature space. In this work, the SVR models with linear function, polynomial
function, radial basis function (RBF), and Sigmoid function in S.6 (Equations (S13)–(S16))
were built as the kernel functions, and the best model was chosen to analyze the influences
of the multiple factors on the gas separation performance of CMS membranes.

3. Analyzing Process of Influencing Factors

Figure 4 depicts the analyzing process of the multiple influencing factors on gas
permeation and separation performance of CMS membrane based on the SVR method.
First, the obtained data were collected from the references [34–43]. The values of some
factors, such as FFV, carbon structural parameters, and gas–carbon interaction, should be
calculated through S.2–S.4 of the Supplementary Materials. Next, the data of each factor
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were standardized according to Section 2.1, in order to ensure the comparability between
any two independent variables. Then, the correlation coefficients were calculated and the
independent variables were eliminated with high correlation. After data elimination, the
remaining processed data were randomly divided into a training set (the blue dots) and
a test set (the red dots) in the proportion of 4:1 [26,29]. During the calculation, the data
of the training set were used to train the model, and the test set was calculated by the
trained model to test the model’s reliability. Finally, the important factors affecting the
performance were determined and finally analyzed based on the average weight results of
100 times calculation. The analyzing process on the basis of the SVR method was realized
using Python script.

Figure 4. The processing route of influencing factor analysis based on SVR method.

4. Results and Discussion

4.1. Correlation Analysis on the Independent Variables

If the two variables with strong correlation to each other in the sample are simulta-
neously taken into account in the analysis, the quality of the model may be negatively
affected and the regression result would become unreasonable [28]. Before the regression,
the correlation coefficient Rs (Equation (8), where the Cov(xi, xj) is the covariance of the
independent variables xi and xj, σ2(xi) and σ2(xj) and their variations) were calculated,
and one of the variables with large correlation coefficient was removed. The value of the
correlation coefficient, which assessed whether to remove the variable, was between 0.8
and 0.9 in the references [28,29,56–58]. In this work, the value was selected as 0.8, which is
also the criterion for judging whether two variables are highly correlated [59].

R(xi, xj) =
Cov(xi, xj)√
σ2(xi)σ2(xj)

(8)

Figure 5 shows the heatmap depicting the calculation results of the correlation coef-
ficients between every two independent variables in the sample data. All the correlation
coefficients were less than 0.8. Therefore, no variable was deleted in the processes of model
establishing, training, and predicting.
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Figure 5. Heatmap of the correlation coefficients between independent variations.

4.2. Model Reliability and Parameter Optimization

In order to validate the reliability of the SVR method in the correlation of the influenc-
ing factors and gas permeability of CMS membranes, the SVR method with four kinds of
kernel function and three classical multiple linear regression (MLR) methods (simple linear
regression, Ridge regression, and Lasso regression) were, respectively, used for the regres-
sion between the influential factors and the gas permeability of CMS membranes. Three
statistical indicators between the calculation results and the experimental data, including
the determination coefficient (R2, Equation (9)), root mean square error (RMSE, Equation
(10)), and mean absolute error (MAE, Equation (11)), were calculated in order to compare
the regression effect of each method.

R2 = 1 −

m
∑

i=1
[yi − f (xi)]

2

m
∑

i=1
(yi − y)2

(9)

RMSE =

√
1
m

m

∑
i=1

[yi − f (xi)]
2 (10)

MAE =
1
m

m

∑
i=1

|yi − f (xi)| (11)

where yi and f (xi) are, respectively, the actual dependent variable and the calculated result
based on the independent variable of the ith sample; y is the mean value of the actual
dependent variable; and m is the number of samples. The R2, RMSE, and MAE of the gas
permeabilities between the experimental data and the predicted values by SVR and MLR
methods were calculated, and the accuracies of these methods were determined by the
calculated results.

Tables 2 and 3 list the statistical indicators calculated by the SVR method and the
MLR method, respectively, based on the experimental data from the authors’ previous
work [34–43]. The calculated indicators of the SVR method, except for the one of the
models with the sigmoid kernel, exhibited larger R2, smaller RMSE, and smaller MAE than
the ones of the MLR method. This indicates that the SVR method with global optimality
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may correlate the influencing factors and the permeability of the CMS membrane more
accurately. In addition, the models with the RBF kernel and the polynomial kernel showed
similar regression effects on the influencing factors and the gas permeability of the CMS
membrane, but the models with the linear kernel and the sigmoid kernel could not correlate
the influencing factors and the performances well. The model with the RBF kernel, which
is less complex and could realize non-linear mapping, is slightly better than the one with
the polynomial kernel and is more suitable for the regression in this work.

Table 2. Statistical indicators of the results calculated by SVR models.

Kernel Function R2 RMSE MAE

RBF 0.794 0.281 0.139
Polynomial 0.730 0.321 0.181

Linear 0.303 0.516 0.209
Sigmoid –8.562 1.913 1.375

Table 3. Statistical indicators of the results calculated by MLR models.

Regression Method R2 RMSE MAE

Linear 0.201 0.553 0.387
Ringe 0.204 0.552 0.386
Lasso –0.060 0.637 0.409

In order to improve the regression performance of the SVR models with the RBF kernel
and the polynomial kernel, the parameters of the models needed to be modified. As for the
model with the RBF kernel, the penalty coefficient (C) in Equation (5) and the breadth (γ)
in Figure 3 were optimized. The polynomial degree of the polynomial kernel function also
needed to be adjusted. The variations of statistical indicators with the model parameters
are shown in Figure S3 and Figure S7. Aiming at larger R2 while avoiding both over-fit and
under-fit, C = 5 and γ = 0.3 were finally selected as the parameters of the SVR model with
the RBF kernel and the quadric polynomial kernel, respectively.

4.3. Analysis of the Influencing Factors
4.3.1. Factors Influencing Gas Permeability

The SVR models after parameter modification were used as the analytical models to
regress the sample data and predict the gas permeability of the CMS membrane.

1. Regression results

Figure 6 shows the comparison between the predicted results regressed by the SVR
analytical models with two kernel functions and the experimental data of the gas per-
meability from all the precursors presented in Figure S1 [34–43]. The scatter points were
evenly distributed on both sides of the diagonal, which indicated that the experimental
data and the corresponding predicted values were close to each other.

Table 4 depicts the statistical indicators based on the regression results in Figure 6.
Compared with the results in Table 2, the larger R2 and smaller MAE in Table 4 indicated
that selecting the appropriate kernel function and optimizing the suitable parameters was
important to improve the regression effect. The larger RMSEs in Table 4 was probably
because a small number of data points were not predicted accurately in order to ensure the
overall regression effect. The R2 of both models with optimized parameters were larger
than 0.8, which revealed the high correlation between the results calculated by the SVR
models after parameter adjustment and the experimental data. In addition, the regression
effect of the SVR model with RBF kernel was better for the regression, due to the larger R2

and smaller RMSE and MAE.
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Figure 6. Comparison between predicted results and experimental data of the gas permeability by
SVR method.

Table 4. Statistical indicators of the results calculated by SVR analytical models.

Kernel Function R2 RMSE MAE

RBF 0.841 0.413 0.129
Quartic polynomial 0.809 0.419 0.156

2. Influencing factors analysis

The radar map (Figure 7) was applied to represent the absolute values of the normal-
ized weights for each influencing factor (calculated by |wi|/Σ|wi|, where wi is the original
weight of the independent variable i). The factors with underline, which had a negative
weight value, were negatively related to the permeability according to Equations (3) and
(4), and were shown in absolute value in the radar map in order to realize an intuitive
comparison among the weight of each independent variable. Moreover, the weights of
the independent variables corresponding to the SVR models with the RBF kernel and the
quartic polynomial kernel were different.

Figure 7. The normalized weights of the influencing factors on gas permeability regressed by SVR
model with (a) RBF kernel; (b) quartic polynomial kernel (factors with underline are negative).

Figure 7a shows the regression result of the SVR model with the RBF kernel, which
indicates that the main factors affecting the gas permeability of CMS membrane are the FFV
of precursor, the average interlayer spacing, and the pyrolysis temperature. The precursor
with the higher FFV would convert into the CMS membrane with a more developed
microporous structure for gas transport and, therefore, the CMS membrane has higher gas
permeability [44]. This is consistent with the experimental results in the previous work on
the CMS membrane preparations from different precursors [36]. The average interlayer

110



Membranes 2022, 12, 100

spacing could reflect the pore size of the CMS membrane to a certain extent. Wider
interlayer spacing in the carbon matrix corresponded to a larger-sized micropore [36–38,42],
which caused less hindrance to the gas molecules [50]. Higher final pyrolysis temperature
would lead to a more thorough thermal condensation and a greater degree of shrinkage
for the CMS membrane [9]. The SVR model with the RBF kernel could more reasonably
determine the influences of each independent variable on gas permeability.

Figure 7b shows the regression by the model with the quartic polynomial kernel.
The calculated results may be unreasonable because the weight of the factor “mass of
gas molecule” was positive to the gas permeability. The gas permeability equals the
product of gas adsorbability and gas diffusivity. The adsorbability has little relation to
the molecule mass [5,8], while the diffusivity of gas molecule is inversely proportional to
the square root of its molar mass in general [51], which indicates that the molar mass of
gas should negatively relate to the gas permeability. Therefore, the SVR model with the
quartic polynomial kernel may not suitable for the analysis of influencing factors on the
gas separation performance of CMS membrane.

According to Figure 7a, showing the regression results by the SVR model with the RBF
kernel, it could also be found that the weights of the gas properties were smaller than those
of structural factors. Although the permeability of different gases in one CMS membrane
varies greatly, the influences of membrane structure on the performance are stronger than
those of gas properties regarding gas permeation. That is to say, the permeability of slow
gas in the CMS membrane with a suitable structure would be higher than the one of fast
gas in the membrane with a poor structure.

4.3.2. Factors Influencing Gas Separation Performance

The SVR model with the RBF kernel, whose regression result of the gas permeability
was more reasonable in Section 4.3.1, was selected to regress multiple factors to the char-
acteristic distance (d) and resolve the weights in order to determine and analyze the key
influential factors.

1. Regression results

Figure 8 shows the comparison of the characteristic distance between the predicted
results and the experimental data from all the precursors in Figure S1 [34–43]. The data
points in Figure 8 were evenly distributed on the value domain and exhibited good repre-
sentativeness, while the data points in Figure 6 were mostly concentrated on one side. The
R2, RMSE, and MAE calculated from the predicted results and the experimental data were
0.932, 0.260, and 0.165, respectively, which indicated the reliability of the model.

Figure 8. Comparison between predicted and experimental results of characteristic distance.
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2. Influencing factors analysis

Figure 9 shows the absolute values of the normalized weights. The most important
factor influencing the synthetic gas permeation and separation performance is the porosity
of the CMS membrane. The porosity is controlled by the carbon residue and the FFV of
precursor, as well as the ratio between the kinetic diameters of the fast component and
the slow component in the gas pair for separation. The smaller carbon residue of CMS
membrane indicates that more small molecular groups would escape from the solid matrix
during the thermal decomposition and more micropores would be created [42]. Such a
structure is conducive to the transport of gas molecules in the CMS membrane, especially
the fast gas [45,46]. Higher porosity corresponds to the larger FFV of the precursor, which
is helpful to the gas permeation and separation of the CMS membrane [8,36]. The ratio
of kinetic diameter, compared with other properties of gas molecules, is more influential,
which manifests that the gap of effective diffusion between different gas molecules in the
nanoscale micropores is the main reason for the selectivity of the CMS membrane. The
analysis results according to Figure 9 could be helpful to the structural optimization and
the separation performance improvement in the CMS membrane.

Figure 9. The normalized weight of the influencing factors on characteristic distance (factors with
underline are negative).

In addition, the weight of the average interlayer distance is relatively smaller than the
one in Figure 7a. Increasing the interlayer distance, which would simultaneously increase
the gas permeability of both fast gas and slow gas, may decline the selectivity of the gas
pair which, thereby, has no significant effect on the gas separation performance of CMS
membrane. The key influencing factors, i.e., the carbon residue and the FFV, are both
related to the porosity of CMS membrane, as discussed above [44–46]. In order to improve
the performance of gas permeation and selection comprehensively, priority should be given
to increasing the porosity of materials of the CMS membrane if the structural parameters
that need to be adjusted cannot reach the optimal level together. For the gas pairs with
specific components, the interlayer spacing could be adjusted appropriately according to
the kinetic diameter of gas molecules in order to improve the permeability.

5. Conclusions

The SVR method based on the machine learning technique was used to evaluate
the relationship between the influencing factors and gas separation performance of self-
manufactured CMS membrane. A simple index (d) based on the Robeson’s upper-bound
line was put forward to quantitatively evaluate the gas separation performance of the
CMS membrane, including both permeability and selectivity. Compared with the classical
MLR method, the SVR method with the RBF kernel could acquire more accurate results.
The main factors affecting the gas permeability of the CMS membrane are the FFV of
the precursor, the average interlayer spacing of graphite-like carbon sheets, and the final
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carbonization temperature. The performance of gas permeability depends more on the
structural characteristics than the properties of gas molecules. A reasonable structure
design is the key to improve the gas permeability of the CMS membrane. The main factors
affecting the gas separation performance of the CMS membrane are the carbon residue,
the FFV of the precursor, and the ratio of gas kinetic diameters. If adjusting the structural
parameters cannot reach the optimal performance, increasing the porosity of the CMS
membrane could be preferentially considered by increasing the space for the transport of
gas molecules.
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function.
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Aleksandar Jokić, Ivana Pajčin *, Nataša Lukić, Vanja Vlajkov, Arpad Kiralj, Selena Dmitrović
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Abstract: Production of highly efficient biomass-based microbial biopesticides significantly de-
pends on downstream processing in terms of obtaining as high concentration of viable cells as
possible. Microfiltration is one of the recommended operations for microbial biomass separation,
but its main limitation is permeate flux decrease due to the membrane fouling. The effect of air
sparging as a hydrodynamic technique for improvement of permeate flux during microfiltration of
Bacillus velezensis cultivation broth was investigated. Modeling of the microfiltration was performed
using the response surface methodology, while desirability function approach and genetic algorithm
were applied for optimization, i.e., maximization of permeate flux and minimization of specific
energy consumption. The results have revealed antagonistic relationship between the investigated
dependent variables. The optimized values of superficial feed velocity and transmembrane pressure
were close to the mean values of the investigated value ranges (0.68 bar and 0.96 m/s, respectively),
while the optimized value of superficial air velocity had a more narrow distribution around 0.25
m/s. The results of this study have revealed a significant improvement of microfiltration perfor-
mance by applying air sparging, thus this flux improvement method should be further investigated
in downstream processing of different bacterial cultivation broths.

Keywords: microfiltration; gas sparging; response surface methodology; desirability function;
genetic algorithm; permeate flux; specific energy consumption; microbial biopesticide; Bacillus
velezensis

1. Introduction

Nowadays, conventional agriculture often depends on chemical pesticides and
inorganic fertilizers in order to achieve stable and great quantity agricultural output.
An environmental concern as a result of the extensive use of agrochemicals has led to
development of sustainable agriculture approach [1]. Microbial biopesticides offer an
environment-friendly biotechnological alternative to chemical control of plant diseases
and pests [2,3]. Utilization of microorganisms or their metabolites in biological control
of various plant pathogens represents a fast-growing sector, with expected continued
growth in the following years, mostly due to inevitable and necessary development of
organic and regenerative agriculture [4,5]. Bacteria of the genus Bacillus could be found in
the majority of commercially available products for plant protection due to their favorable
characteristics for active component of microbial biopesticide [6–8]. Bacillus velezensis
has been investigated in biological control of different plant diseases considering the
ability of Bacillus velezensis strains to produce antimicrobial compounds and express
mechanisms related to plant growth promotion [9,10]. Bacillus velezensis IP22 is a novel
biocontrol agent, which expresses several mechanisms of antimicrobial action against
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plant pathogens, including competition for growth space and nutrients, as well as pro-
duction of lipopeptides [11,12]. Sustainable, environment-friendly, and cost-effective
production of biopesticides significantly depends on the method of cultivation broth
downstream processing [13]. Cell harvesting, i.e., cultivation broth clarification, is the step
in downstream processing with an aim of a solid/liquid separation to recover the micro-
bial cells from their suspending medium in order to increase concentration of the active
component in the final biopesticide product. In biotechnological production of biopesti-
cides, it is usually done by centrifugation or microfiltration [14]. The effective recovery
of the cultivation broth components, especially microbial biomass considering necessity
to maintain cell viability, is the penultimate step in biopesticide production, which can
directly affect product formulation and consequently product efficiency. However, when
it comes to Bacillus-based biopesticides production, this downstream separation step has
not been addressed comprehensively yet.

Various membrane separation technologies have been used for processing of fermen-
tation broth of various microorganisms [15]. Cross-flow microfiltration has several advan-
tages over conventional technology for separation of cells from extracellular products in
bio-industry [13,16,17]. Alongside many advantages over other clarification methods, a
serious drawback of microfiltration is membrane fouling, leading to decrease in permeate
flux and consequently making microfiltration process uneconomical [18,19]. Membrane
fouling is a result of soluble feed components deposition on the membrane surface as
well as the buildup of a compressible layer of rejected biomass (i.e., cake layer). Numer-
ous literature data report that the hydraulic resistance associated with cake build-up is
the main influencing factor on micro- and/or ultrafiltration in the presence of microbial
biomass [20,21]. Furthermore, molecules present in the cultivation broth could also end up
bound in the membrane pores, making membrane cleaning even harder and contributing
to significant reduction of its life cycle, which is followed by a continuous permeate flux
reduction. Therefore, numerous flux enhancement methods have been developed and ex-
perimentally investigated in recent years. Physical or chemical feed-mixture pretreatment
together with appropriate choice of membrane material could prevent membrane fouling
and contribute to increased permeate flux values, as showed in case of microfiltration
of Bacillus thuringiensis cultivation broth [22,23]. Different flow manipulations could be
applied in order to enhance mass transfer near membrane surface, including application
of static turbulence promoters [18,24–26] and feed flow alterations, such as pulsing, back-
flushing, vibration, etc. [27–30]. Besides increased microfiltration efficiency in terms of
permeate flux improvement, reduction of fouling using the aforementioned methods also
contributes to membrane life prolongation [31].

Gas sparging during microfiltration assumes introduction of gas into feed mixture
flow and achieving two-phase (gas-liquid) flow which is aimed to cause hydrodynamic
instabilities in the membrane channel and thus affect concentration polarization in terms
of cake layer removal. The main reason for disturbance of cake layer structure is an
increase of turbulence shear rate near the membrane surface, which depends on gas and
liquid phase linear speed, but also on the gas-liquid flow regime [32]. The presence of
gas bubbles in the membrane channel causes efficient removal of loosely bound macro-
molecules and particles, while breaking of the cake layer could be caused by gas bubbles
bursting or coalescence [33,34]. Gas sparging has proven to be efficient in filtration cake
removal, hindering of reversible fouling and consequently permeate flux improvement
in the studies including filtration of yeast suspension [34–40], titanium oxide suspen-
sion [41], skim milk [42], whey [43], Klebsiella oxytoca cultivation broth [38], and Chlorella
sp. suspension [44].

The objective of this study was to assess the efficacy of air sparging as a technique for
improvement of permeate flux during microfiltration of Bacillus velezensis IP22 cultivation
broth, by using response surface methodology for modeling of the microfiltration. Further
aim of the study was to maximize permeation flux while simultaneously minimizing
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specific energy consumption as a two-objective problem. For the optimization two
approaches were analyzed, desirability function method and genetic algorithm.

2. Materials and Methods

2.1. Production of Bacillus velezensis Cultivation Broth

Bacillus velezensis IP22, the strain used as an active component of microbial biopes-
ticide, was isolated from fresh cheese and previously identified using 16S rRNA gene
sequencing [11]. Preparation of inoculum, i.e., a sufficient amount of a liquid pure cul-
ture, was performed by transferring Bacillus velezensis IP22 biomass to Erlenmayer flasks
containing sterile liquid medium—nutrient broth (HiMedia, Mumbai, India), followed by
cultivation on a laboratory shaker at 28 ◦C, 150 rpm and under spontaneous aeration for
48 h. The obtained inoculum was used to inoculate the medium in the bioreactor (Biostat®

Aplus, Sartorius AG, Göttingen, Germany), while inoculum volume corresponded to
10% (v/v) of the bioreactor working volume (2 L). Cultivation medium was previously
optimized for production of Bacillus velezensis IP22 biopesticide [11,12] and contained
glycerol (10 g·L−1), yeast extract (3 g·L−1), (NH4)2SO4 (3 g·L−1), K2HPO4 (1 g·L−1), and
MgSO4·7H2O (0.3 g·L−1), while medium pH value was set to 7.0 ± 0.2. Bioreactor and
medium sterilization was performed by autoclaving at 121 ◦C and 2.1 bar for 20 min.
Cultivation of Bacillus velezensis IP22 in the bioreactor was carried out at 28 ◦C, with
agitation rate of 250 rpm using Rusthone turbine with three impellers and with aeration
rate of 2 L·min−1 using sterile air and ring sparger for gas distribution. The obtained
cultivation broth of Bacillus velezensis IP22 after 96 h of cultivation in the bioreactor was
used as a feed mixture for microfiltration experiments.

In order to assess separation efficiency and viability of Bacillus velezensis cells, a
standard plate count method was used, where dilutions of the cultivation broth (feed
mixture), retentate, and permeate were prepared and used for inoculation of nutrient agar
(Himedia, Mumbai, India). Petri dishes were incubated at 28 ◦C during 72 h, followed by
colony enumeration. Cell concentration was also determined by measuring absorbance
(optical density—OD600) of the cultivation broth, retentate, and permeate at a wavelength
of 600 nm (UV 1800, Shimadzu, Kyoto, Japan). Biomass dry weight determination was
performed as follows: biomass pellets obtained after centrifugation of cultivation broth
and retentate samples (20 mL) were resuspended using 5 mL of distilled water and
dried (105 ◦C) until reaching a constant weight. Centrifugation was performed at 11,000
rpm for 10 min (Rotina 1080R, Hettich, Kirchlengern, Germany) with sufficient driving
force for sedimentation of intact cells, but insufficient for sedimentation of cell debris.
The concentration of Bacillus velezensis (g·L−1) was calculated using biomass dry weight
and the volume of cultivation broth, retentate, or permeate sample (20 mL) which was
centrifuged.

2.2. Microfiltration Experimental Setup

Experiments of Bacillus velezensis IP22 cultivation broth microfiltration were con-
ducted using the previously described apparatus [25]. All microfiltration experiments
were performed at 25 ◦C and with recirculation of retentate and permeate to maintain a
constant volume of the feed mixture. The applied ceramic membrane (Tami Deutschland,
Hermsdorf, Germany) had the following characteristics: length 250 mm, inner diameter
6 mm, outer diameter 10 mm, pore size 200 nm, and specific surface area 0.00433 m2

(designated as A in the Equations (1) and (2)). The pressurized air was introduced into
the feed flow channel through the three-way valve without the diffusor. The air flow rate
was measured by the mass flow controller type EL-FLOW F-201AV, with an accuracy of
±0.5% (Bronkhorst, Ruurlo, Netherlands). During microfiltration, the time (t) necessary
to collect 20 mL (V) of permeate was measured and permeate flux value (J, L·m−2·h−1)
was calculated using the Equation (1):

J =
V

A·t (1)
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Specific energy consumption per m3 of permeate (E, kW·h·m−3) is equal to the ratio
of sum of hydraulic and pneumatic powers to the permeate flow rate and it was calculated
according to Equation (2):

E =

QL·(PS − PD) +
γ

γ−1 ·PD·QG,D·
[(

PS
PD

)γ−1
γ − 1

]

J·A (2)

where QL (m3·h−1) is feed flow rate, PS (Pa) is pressure at the beginning of the membrane
module, PD (Pa) is pressure at the end of the membrane module, QG,D (m3·h−1) is air flow
rate at the pressure at the end of the membrane module (PD), γ is the specific heat ratio
for air (1.4), J (m3·m−2·h−1) is permeate flux, and A (m2) is the specific membrane area.

2.3. Experimental Data Analysis—Modeling and Optimization

The Box–Behnken’s experimental plan (Table 1) with three independent variables
(factors) varied at three levels was applied to investigate the effects of transmembrane
pressure (TMP: 0.2–1 bar), superficial feed velocity (VL: 0.43–1.30 m·s−1) and superficial
air velocity (VG: 0.0–0.4 m·s−1) to the following dependent variables (responses): steady
state permeate flux (J, L·m−2·h−1) and specific energy consumption (E, kW·h·m−3). The
obtained experimental results were fitted using the second-degree polynomial equation
to obtain models for steady state permeate flux and specific energy consumption. The
experimental data were analyzed using the factorial ANOVA (analysis of variance). The
obtained p-values were used to assess statistical significance of the models’ coefficients
and both models themselves, while quality of the experimental data fitting was estimated
using the Lack-of-fit, Pure error, and R2 (coefficient of determination) values. The coeffi-
cient of determination value can be interpreted as the proportion of variability around the
mean for the dependent variable, which can be accounted for by the model. It normally
ranges from 0 to 1. Ideally, the value 1 means the perfect fit. A selected second-order
polynomial model cannot fit perfectly the measured values, due to measurement errors
or relationships between factors and responses that cannot be described by the selected
model. Actually, this fact results in deviations of predicted values from the measured ones,
i.e., so-called residual values exist at the design points. In the experimental designs, where
some runs are replicated, such as the Box–Behnken’s experimental plan, ANOVA table
will also include a lack-of-fit test. The statistical test based on partitioning the residual
error sum of squares into two components: lack-of-fit sum of squares (associated with
variation due to factors other than measurement error) and pure error sum of squares
(associated with random variation caused by measurement error) is used to assess ade-
quacy of the model. In fact, it is used to describe the functional relationships between the
experimental factors and the responses. Low p-value for the lack-of-fit in the ANOVA
table means that the analyzed model does not fit the experimental data adequately. All
statistical analyses were performed at the significance level of 95% using the Statistica
software (v. 13.5, Dell, Round Rock, TX, USA).

The polynomial RSM models are usually used for the optimization by the desir-
ability function approach [45]. One of many engineering optimization techniques is
multi-objective genetic algorithm (GA) that represents a guided random search method.
It is suitable for solving multi-objective optimization problems, capable of exploring the
diverse regions of the solution space. The multi-objective optimization by the GA was per-
formed by a non-dominated sorting genetic algorithm II (NSGA-II) [46], which generates
a set of non-dominated Pareto optimal solutions. The plot of the Pareto front was drawn
between the two objective functions: steady-state permeate flux (J) and specific energy
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consumption (E). The optimization problem studied is represented mathematically by
Equation (3):

max J (TMP, VL, VG), minE (TMP, VL, VG)

subject to bound constraints

⎧⎨
⎩

0.2 bar ≤ TMP ≤ 1 bar
0.43 m·s−1 ≤ VL ≤ 1.30 m·s−1

0.0 m·s−1 ≤ VG ≤ 0.4 m·s−1

(3)

Table 1. Box–Behnken’s experimental plan for Bacillus velezensis IP22 cultivation broth microfiltra-
tion experiments with air sparging—factors and responses.

Experiment
Factors—Independent Variables

Responses—Dependent
Variables

TMP (bar) VL (m·s−1) VG (m·s−1) J (L·m−2·h−1) E (kW·h·m−3)

1 0.2 (−1) 0.43 (−1) 0.2 (0) 31.06 1.1
2 1.0 (1) 0.43 (−1) 0.2 (0) 22.95 2.3
3 0.2 (−1) 1.30 (1) 0.2 (0) 55.89 4.4
4 1.0 (1) 1.30 (1) 0.2 (0) 70.00 3.9
5 0.2 (−1) 0.87 (0) 0.0 (−1) 30.57 2.4
6 1.0 (1) 0.87 (0) 0.0 (−1) 29.00 4.7
7 0.2 (−1) 0.87 (0) 0.4 (1) 36.67 3.8
8 1.0 (1) 0.87 (0) 0.4 (1) 41.47 2.5
9 0.6 (0) 0.43 (−1) 0.0 (−1) 17.50 2.3
10 0.6 (0) 1.30 (1) 0.0 (−1) 53.87 4.0
11 0.6 (0) 0.43 (−1) 0.4 (1) 32.64 1.1
12 0.6 (0) 1.30 (1) 0.4 (1) 58.05 4.6
13 0.6 (0) 0.87 (0) 0.2 (0) 43.45 2.1
14 0.6 (0) 0.87 (0) 0.2 (0) 42.80 2.1
15 0.6 (0) 0.87 (0) 0.2 (0) 45.00 2.0

TMP—transmembrane pressure, VL—superficial feed velocity, VG—superficial air velocity, J—steady state
permeate flux, E—specific energy consumption.

The Design-Expert software v. 8.1 (Stat-Ease, Inc., Minneapolis, MN, USA) was used
for generating the polynomial RSM models and optimization by the desirability function
approach, while for the GA optimization Matlab software (R2015b, MathWorks, Natick,
MA, USA) was used.

3. Results

3.1. Modeling of Gas Sparging-Assisted Microfiltration of Bacillus velezensis IP22
Cultivation Broth

Microfiltration experiments were performed according to the Box–Behnken’s ex-
perimental plan (Table 1), where the effects of microfiltration operational conditions
(transmembrane pressure, TMP—X1, superficial feed velocity, VL—X2, and superficial
air velocity, VG—X3) to steady state permeate flux (J) and specific energy consumption
(E) were investigated. Combinations of experimental factors (actual values of variables
and coded values of variables in parentheses) and values of responses are summarized
in Table 1. As the Box–Behnken’s experimental plan was defined for three independent
variables varied at three levels, the coded values of independent variables represent the
equally distant varied levels of the independent variables’ values (−1, 0, and 1).

The obtained experimental data were fitted using the second-degree polynomial
equation to obtain models describing the effects of the aforementioned operational param-
eters to microfiltration performance. The linear (b1, b2, b3), quadratic (b11, b22, b33), and
interaction (b12, b13, b23) model coefficients in terms of coded and actual variables’ values
and the corresponding p-values are given in Table 2. Statistical significant coefficients,
with p-values less than 0.05, are bolded in Table 2. The presented results have indicated sta-
tistical significance of linear effects of superficial feed velocity and superficial air velocity,
quadratic effects of each independent variable and interaction effects of transmembrane
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pressure and superficial feed velocity, as well as superficial feed velocity and superficial
air velocity, to steady state permeate flux. On the other hand, statistical significance for
specific energy consumption was observed for the same effects as in the case of steady
state permeate flux, with additional statistical significant effect of interaction between
transmembrane pressure and superficial air velocity (Table 2).

Table 2. Coefficients of regression models for steady state permeate flux and specific energy
consumption for microfiltration of Bacillus velezensis IP22 cultivation broth aided with air sparging.

Effects

Steady State Permeate Flux
(L·m−2·h−1)

Specific Energy Consumption
(kW·h·m−3)

Coefficient p-Value
Coefficient p-Value

Actual Coded Actual Coded

Intercept
b0 20.25 43.56 0.0141 0.78 2.05 0.0302

Linear
b1 −10.54 1.12 0.1410 0.37 0.21 0.0009
b2 −9.62 16.71 <0.0001 0.88 1.26 <0.0001
b3 107.98 4.75 0.0007 −5.40 −0.18 0.0021

Quadratic
b11 −15.20 −2.43 0.0017 3.78 0.60 0.0002
b22 20.34 3.85 0.0096 1.42 0.27 <0.0001
b33 −172.28 −6.89 0.0295 16.98 0.68 0.0001

Interaction
b12 31.90 5.55 0.0499 −2.45 −0.42 <0.0001
b13 19.91 1.59 0.1400 −11.25 −0.90 0.0018
b23 −31.51 −2.74 0.0008 5.17 0.45 <0.0001

ANOVA (analysis of variance) was performed to assess statistical significance of
the obtained models for steady state permeate flux and specific energy consumption
(Table 3). Based on the presented results, it could be concluded that the both second-
degree mathematical models were statistically significant (with p-values less than 0.05,
bolded in Table 3) and adequate in terms of quality of the experimental results fitting, with
values of determination coefficient (R2) over 0.9. The ANOVA as given in Table 3 showed
that coefficient of determination was 0.984 and 0.995, for second-degree polynomial
models for permeate flux and specific energy consumption, respectively. That means
that the permeate flux model could explain 98.4% of the variation in response, while in
the case of specific energy consumption, the value is 99.5%, which indicated a superb
fitness of the models. The high F values of the models (95.80 L·m−2·h−1 and 318.23
kW·h·m−3 for permeate flux and specific energy consumption, respectively), as well as
non-significant lack-of-fit (0.22 for permeate flux and 0.26 for specific energy consumption)
values showed that models were statistically significant. At the same time, small values
of pure error (2.56 for permeate flux and 0.01 for specific energy consumption) indicated
that variation caused by measurement error is insignificant. Therefore, these results are
indicating that the selected regression model could be used to analyze trends of responses.
Second-degree polynomial models could be successfully applied to describe the effects of
transmembrane pressure, superficial feed velocity and superficial air velocity to steady
state permeate flux and specific energy consumption during microfiltration of Bacillus
velezensis IP22 cultivation broth aided with air sparging.

Furthermore, response surface plots were generated to better understand interactions
of independent variables—operational conditions (transmembrane pressure, superficial
feed velocity, and superficial air velocity)—to the selected microfiltration responses—
steady-state permeate flux and specific energy consumption. The response surface plots
(Figure 1) represent the effects of two independent variables to one response, while the
value of the third independent variable was set to the mean value of the examined range
of values.
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Table 3. ANOVA of regression models for steady state permeate flux and specific energy consump-
tion for microfiltration of Bacillus velezensis IP22 cultivation broth aided with air sparging.

Source Response DF SS MS F-Value p-Value R2

Model
J (L·m−2·h−1) 9 2845.19 316.13 95.80 0.000046 0.984
E (kW·h·m−3) 9 21.06 2.34 318.23 0.000002 0.995

Residual
J (L·m−2·h−1) 5 16.50 3.30
E (kW·h·m−3) 5 0.04 0.01

Lack-of-fit
J (L·m−2·h−1) 3 13.94 4.65 3.64 0.22
E (kW·h·m−3) 3 0.03 0.01 3.01 0.26

Pure error
J (L·m−2·h−1) 2 2.56 1.28
E (kW·h·m−3) 2 0.01 0.00

Total
J (L·m−2·h−1) 14 2861.68
E (kW·h·m−3) 14 21.10

J—steady state permeate flux, E—specific energy consumption, DF—degree of freedom, SS—sum of squares,
MS—mean squares, R2—coefficient of determination.

Figure 1. Cont.
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Figure 1. Response surface plots representing the regression models for steady state permeate
flux (a–c) and specific energy consumption (b–d) during microfiltration of Bacillus velezensis IP22
cultivation broth aided with air sparging. The response surface plots represent the following effects
of the independent variables to the aforementioned responses: (a) transmembrane pressure (TMP)
and superficial feed velocity (VL) to permeate flux (J); (b) transmembrane pressure (TMP) and
superficial air velocity (VG) to permeate flux (J); (c) superficial feed velocity (VL) and superficial air
velocity (VG) to permeate flux (J); (d) transmembrane pressure (TMP) and superficial feed velocity
(VL) to specific energy consumption (E); (e) transmembrane pressure (TMP) and superficial air
velocity (VG) to specific energy consumption (E); (f) superficial feed velocity (VL) and superficial
air velocity (VG) to specific energy consumption (E).

As can be seen in Figure 1a, high values of steady-state permeate flux were ob-
tained at the highest applied values of superficial feed velocity across the whole range
of transmembrane pressure values, with the highest value of permeate flux obtained at
the highest value of transmembrane pressure applied. A similar effect could be observed
when it comes to interaction of transmembrane pressure and superficial air velocity, with
slight decrease of permeate flux at the highest value of superficial air velocity (Figure
1b). Furthermore, interaction of superficial feed velocity and superficial air velocity has
showed that the highest value of steady state permeate flux was achieved at the highest
value of superficial feed velocity across the whole range of superficial air velocity values
(Figure 1c).

On the other hand, the increase of specific energy consumption could be observed
with the increase of superficial feed velocity, while the lowest value of specific energy
consumption was obtained at the lowest value of transmembrane pressure (Figure 1d).
The lowest value of specific energy consumption was achieved by applying middle range
values of transmembrane pressure and superficial air velocity (Figure 1e). Interaction
of superficial feed velocity and superficial air velocity has resulted in the lowest value
of specific energy consumption at the lowest value of superficial feed velocity and the
highest value of superficial air velocity (Figure 1f).

The analyses of cell viability and concentration have showed that Bacillus velezensis
cells have been completely retained by the membrane. Biomass concentration of Bacillus velezensis
in the fresh cultivation broth was 0.39 g·L−1, while after the filtration experiments biomass
concentration in the retentate was 0.36 g·L−1. Spectrophotometric measurements (OD600)
also confirmed this fact, and the absorbance values were 0.82 for the fresh cultivation
broth and 0.77 for the retentate sample after microfiltration experiments. The results of
the standard plate count method correspondingly suggested that the cells retained by the
membrane did not suffer either significant change in the cell concentration nor decrease in
the cell viability due to shear disintegration by pumping or mixer effects.
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3.2. Optimization of Gas Sparging-Assisted Microfiltration of Bacillus velezensis IP22
Cultivation Broth

Optimization of operational conditions during air sparging-assisted microfiltration
of Bacillus velezensis IP22 cultivation broth was performed using the desirability function
approach. Optimization was aimed at maximizing steady state permeate flux and mini-
mizing specific energy consumption. This method combines multiple responses into one
response called the desirability function. The selected responses are transformed to an
individual desirability values in range from 0 to 1. The overall desirability of the process
is computed as a geometric mean of the individual desirability functions [24]. From the
optimization results of the desirability function approach (Table 4) it can be concluded
that the optimal results in terms of steady state permeate flux and specific energy con-
sumption were obtained at transmembrane pressure value of 0.68 bar, superficial feed
velocity of 0.96 m·s−1 and superficial air velocity of 0.25 m·s−1. The aforementioned opti-
mized values of independent variables would result in predicted values of steady-state
permeate flux of 48.57 L·m−2·h−1 and specific energy consumption of 2.37 kW·h·m−3.
The optimized values of all three independent variables were close to the mean values of
the tested range (0.2–1.0 bar for transmembrane pressure, 0.43–1.30 m·s−1 for superficial
feed velocity, and 0.0–0.4 m·s−1 for the superficial air velocity). The obtained value of the
desirability function was 0.62 (Table 4).

Table 4. Optimization results obtained by the desirability function approach during microfiltration
of Bacillus velezensis IP22 cultivation broth aided with air sparging.

Factors—independent variables Goal Optimized value

Transmembrane pressure, TMP (bar) in range 0.68
Superficial feed velocity, VL (m·s−1) in range 0.96
Superficial air velocity, VG (m·s−1) in range 0.25

Responses—dependent variables Goal Predicted value

Steady state permeate flux, J (L·m−2·h−1) maximize 48.57
Specific energy consumption, E (kW·h·m−3) minimize 2.37

Desirability function 0.62

The results of GA optimization are illustrated in Figure 2. The Pareto front reveals
the conflicting relationship between steady-state permeate flux and specific energy con-
sumption. The specific energy consumed per cubic meter of the permeate is equal to the
ratio of sum of hydraulic and pneumatic powers to the permeate flow rate and is given by
Equation (2). It can be reasoned that flux increase due to increased power consumption
(both hydraulic and pneumatic) in some cases can result in lower values of specific energy
consumption. This is the case when flux increase is sufficiently high to lower the ratio of
energy consumption to permeate flux, given by Equation (2). The optimized values of
transmembrane pressure had a distribution between 0.4 bar and 1.0 bar. Optimized value
range of superficial feed velocity expanded on the whole range of the investigated experi-
mental values, while on the other side, optimized value of superficial air velocity had a
narrow distribution around 0.25 m·s−1. As for the objective functions, their ranges were
between 1 kW·h·m−3 and 4 kW·h·m−3 for specific energy consumption, and between 33
L·m−2·h−1 and 70 L·m−2·h−1 for steady-state permeate flux.
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Figure 2. The Pareto front plot and decision space of the optimal solution set obtained from the
multi-objective genetic algorithm optimization during microfiltration of Bacillus velezensis IP22
cultivation broth aided with air sparging.

4. Discussion

4.1. The Effects of Operational Conditions on Steady State Permeate Flux during Air
Sparging-Assisted Microfiltration of Bacillus velezensis IP22 Cultivation Broth

As it was previously stated, the obtained second-degree models for steady-state
permeate flux and specific energy consumption during microfiltration of Bacillus velezensis
IP22 cultivation broth aided with air sparging have proven to be statistically significant
and appropriate for fitting of the obtained microfiltration experimental data. Furthermore,
response surface plots were generated to better understand interactions of operational
conditions (transmembrane pressure, superficial feed velocity, and superficial air velocity)
to the selected responses (Figure 1).

The increase in steady-state permeate flux values was observed with the increase of
superficial feed velocity value for all values of transmembrane pressure in the examined
range (Figure 1a). Maximal permeate flux values are achieved in the region of the higher
feed velocity values although this region corresponds to bubbly flow pattern, which is
commonly associated with lower flux augmentations in the literature [33,36,47]. For the
superficial feed velocity values of 0.43, 0.86, and 1.30 m·s−1, the corresponding Reynolds’
number values are 1990, 3980, and 5971, respectively. Therefore, at the higher values
of feed velocity turbulent flow exists even without gas sparging. The filtration cake
thickness has reduced by increasing the superficial feed velocity, so the cake resistance to
the flux flow was smaller and consequently the permeate flux value was higher. Due to
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the variation of bacterial cell arrangement in the cake layer, the permeate flux increase at
the lower values of transmembrane pressure is less significant compared to the higher
values of transmembrane pressure [48]. As superficial feed velocity increased from 0.43
to 1.30 m·s−1, the permeation flux increased ~180% at the transmembrane pressure of
1 bar, while the increase of ~67% was observed in the same range of superficial feed
velocity at the transmembrane pressure of 0.2 bar (Figure 1a). From the beginning of
microfiltration at higher values of transmembrane pressure, the cells deposit randomly, as
the cake formation is dominated by the permeation flow perpendicular to the membrane
surface. On the other hand, with microfiltration progression permeation flux decreases,
so the bacterial cells are arranged by the feed flow parallel to the membrane surface. The
increase in superficial feed velocity results in cake thickness reduction, so the cell layer
arranged by the feed flow is carried away, resulting in the reduced cake resistance, i.e., the
influence of increase in superficial feed velocity is more pronounced at higher values of
transmembrane pressure. Conversely, when lower values of transmembrane pressure are
applied, the bacterial cell layer arrangement by the feed flow occurs earlier in the microfil-
tration process due to the low permeation fluxes [27,48], so at steady state, the increase of
superficial feed velocity is not as effective in reducing cake resistance as for the higher val-
ues of transmembrane pressure. The influence of increase in transmembrane pressure on
the steady state permeate flux is less manifested and to some extent ambiguous (puzzling)
(Figure 1a). At the higher values of superficial feed velocity, increase of transmembrane
pressure results in a moderate increase of steady state flux—approximately 24%. Increase
of superficial feed velocity in membrane channel creates turbulence, which reduces the
cake layer resistance by changing the fluid flow field and by increasing particle back
transport through turbulent diffusion [49]. On the other hand, reduction in steady state
permeate flux (~38%) with the increase of transmembrane pressure is observed at the
lower values of superficial feed velocity (Figure 1a). The justification for this occurrence
could be found in the shear-induced arrangement of Bacillus velezensis rod-shaped cells,
that results in formation of the brick-like structure at the cake surface [20,50]. In the
literature, similar results are reported for cross-flow microfiltration of other rod-like parti-
cles such as graphene oxide (16) or microorganisms with rod-shaped cells: Pseudomonas
sp. [51], Bacillus coagulans [20], and Escherichia coli [52]. It seems that in the region of
lower feed velocity values, turbulence caused by both air and feed flows is not sufficient
to increase the steady state permeate flux by increasing transmembrane pressure. On
the other hand, it is reported that air sparging might compress filtration cake to a more
compact structure [33,34,40], so the cake resistance is higher as the cake is compacted
more by raising transmembrane pressure and thus permeate flux value declines.

The effects of transmembrane pressure and superficial air velocity on the steady state
permeate flux are given in Figure 1b. Increase of superficial air velocity up to the range
of 0.25 m·s−1 to 0.30 m·s−1 resulted in increase of permeate flux at all transmembrane
pressure values. However, further increase of superficial air velocity led to a modest
permeate flux decline at lower values of transmembrane pressure. Similar results have
been reported for air sparged microfiltration of yeast [34] and clay suspension [32]. In
the case of clay suspension, it is stated that the maximal permeate flux was obtained
at higher values of superficial air velocity indicating that filtration cake properties are
greatly affected by the air sparging [32]. The influence of increase in superficial air
velocity is more obvious at the higher values of transmembrane pressure because the
membrane fouling was more severe compared to the lower values of transmembrane
pressure. Similar results were reported for whey air sparging-assisted microfiltration [43].
As superficial air velocity value increased from 0.00 to 0.40 m·s−1, the permeation flux has
risen for around 45% at 1.0 bar, while its increase of ~23% has been observed in the same
range of superficial air velocity values under transmembrane pressure of 0.2 bar (Figure
1b). As previously noted, another reason for this behavior can be found in the fact that air
sparging might compress filtration cake to a more compact structure [40]. Hwang and
Hsu [34] reported that during yeast air sparged microfiltration the cake properties were
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mainly determined by the yeast cells. The influence of cell shape on the cake structure is
even more prominent for Bacillus velezensis rod-shaped cells compared to the oval yeast
cells, as they tend to orientate parallel to feed flow [48,50]. In addition, an increase in
filtration pressure leads to formation of cake with the higher resistance, so no influence
of transmembrane pressure on the permeate flux was noted in the situation without air
sparging. On the other hand, in the region of the highest values of superficial air velocity
(the highest turbulence), ~14% increase in permeate flux value was achieved with an
increase of transmembrane pressure (Figure 1b). As Figure 1b was drawn for the third
factor (superficial feed velocity) set to its medium value (0.86 m/s) from the examined
range, it is reasonable to assume that the higher values of superficial feed velocity would
result in moderate rise of permeate flux with an increase of the transmembrane pressure
due to improved turbulence in the membrane channel.

Figure 1c shows the simultaneous influence of superficial feed and air velocities on
the steady state permeate flux. Increase of superficial air velocity value up to 0.40 m·s−1

at the higher values of superficial feed velocity (1.30 m·s−1) did not show significant
effect to permeate flux, as the flux value has risen for ~6%. Substantial flux improvement
was not achieved in these operational conditions as the high superficial feed velocity
corresponds to turbulent regime (Reynolds’ number above 5900). Therefore, the air
injection was not efficient enough to make the flow more turbulent [43]. On the other
hand, in the lower value range of superficial feed velocity, increase of superficial air
velocity resulted in larger increase of permeate flux. For example, at superficial feed
velocity of 0.43 m·s−1 increase of superficial air velocity up to 0.40 m·s−1 resulted in
increase of permeate flux value of 78% in the slug gas–liquid flow regime (Figure 1c). As
reported in the literature, slug flow pattern induces enough turbulence to hinder cake
formation [33,36,43,47]. At low values of superficial feed velocity (0.43 m·s−1), a plateau
in permeate flux values was observed during increase of superficial air velocity values
from 0.25 m·s−1 to 0.40 m·s−1. This plateau became shorter with the increasing value of
superficial feed velocity, while for the highest values of superficial feed and air velocities a
decrease in permeate flux was observed. Air sparging reduces external membrane fouling
by reducing filtration cake. The cake acts as a self-rejective dynamic membrane and
protects membrane from internal fouling. Synergistic effect of both superficial feed and
air velocities can cause the cake layer to become too thin and allow smaller components
of the cultivation broth to penetrate into the membrane pores and thus reduce permeation
flux [47]. Predictably, without air sparging, the permeate flux increased with the increase
of superficial feed velocity as the higher wall shear stress reduced the cake formation.
Nevertheless, the permeate flux improvement achieved by increasing superficial feed
velocity is less significant combined with the higher values of superficial air velocity due
to the increased level of turbulence. In the situation without air sparging, when superficial
feed velocity value increased from 0.43 m·s−1 to 1.30 m·s−1, the permeation flux value
rose for 200%, while it increased for ~80% in the same value range of superficial feed
velocity, but under air sparging with superficial air velocity of 0.40 m·s−1.

The results of air sparged microfiltration of the Bacillus velezensis IP22 cultivation
broth suggest that significant steady state permeate flux improvements could be achieved
by applying two-phase flow. The increase in permeate flux is a result of not only an
increase in superficial feed velocity by the two-phase flow, but also by the air flow itself,
which creates instabilities in the feed flow [36]. This fact is proven by comparing the
permeate flux values for the experiments with and without air sparging by selecting
values of superficial air and feed velocities to be adjusted to levy the same mean velocity
in the membrane channel. In the experiment without air sparging (TMP = 0.6 bar, VL =
0.60 m·s−1 and VG = 0.00 m·s−1) steady-state permeate flux value was 21.5 L·m−2·h−1.
On the other hand, in the experiment with the two-phase flow (TMP = 0.6 bar, VL =
0.43 m·s−1 and VG = 0.18 m·s−1) the permeate flux value was 29.4 L·m−2·h−1, which
represents an increase of 37%. From the economic point of view, investigation of spe-
cific energy consumption is necessary for the selection of the appropriate operational
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conditions. In the case of these two experiments, specific energy consumption values
were 1.2 kW·h·m−3 and 2.5 kW·h·m−3 for the experiments with and without air sparging,
respectively, suggesting that introduction of air into the membrane channel reduced
specific energy consumption by 108%.

4.2. The Effects of Operational Conditions on Specific Energy Consumption during Air
Sparging-Assisted Microfiltration of Bacillus velezensis Cultivation Broth

The efficiency of air sparging during microfiltration of Bacillus velezensis IP22 culti-
vation broth was also determined by investigating specific energy consumption as the
energy dissipated per permeate volume unit. The influences of microfiltration operational
conditions on the specific energy consumption are given in Figure 1.

The increase in specific energy consumption is observed with the increase of su-
perficial feed velocity for the whole value range of transmembrane pressure (Figure
1d). As the pumping energy is directly proportional to the feed flow rate, an increase in
superficial feed velocity results in higher energy consumption. On the other hand, the
increase of permeate flux in this regime was not high enough to compensate increased
energy demand as the specific energy consumption is related to the permeate flow. As the
increase of permeate flux was more pronounced for the higher values of transmembrane
pressure (Figure 1a), consequently energy consumption per permeate volume unit was
moderately rising (74%) for these experimental conditions compared to the rise of 300% at
lower values of transmembrane pressure (i.e., 0.2 bar). At the higher values of superficial
feed velocity, increase in transmembrane pressure resulted in permeate flux increase, so
the specific energy consumption decreased for 10% in the selected experimental range.
On the other side, Bacillus velezensis cell orientation in combination with increase of trans-
membrane pressure results in filtration cake with higher resistance [20,50]. Therefore, for
lower permeate flux values energy consumption per permeate volume unit increased for
~130%, from 1.0 kW·h·m−3 to 2.3 kW·h·m−3.

The effects of transmembrane pressure and superficial air velocity on the specific
energy consumption are given in Figure 1e. The concave surface shape indicates that
minimal values of the specific energy consumption (approximately 2.0 kW·h·m−3) were
recorded for median values of transmembrane pressure and superficial air velocity. In-
crease of superficial air velocity up to a range of 0.20 m·s−1 to 0.30 m·s−1 resulted in
minor decrease of specific energy consumption at lower (0.2 bar) and median (0.7 bar)
values of transmembrane pressure, respectively. Further increase of superficial air velocity
caused incline of the specific energy consumption for the aforementioned value range
of transmembrane pressure. The steepest increase (58%) in specific energy consump-
tion was recorded at transmembrane pressure of 0.2 bar. However, at transmembrane
pressure values higher than 0.7 bar, the trend of specific energy consumption decline
remained for the full value range of superficial air velocity. The steepest decline (84%)
of the specific energy consumption was recorded at transmembrane pressure of 1.0 bar
(Figure 1e). Improved turbulence by applying higher value of superficial air velocity (0.40
m·s−1) resulted in specific energy demand decrease by 52% for transmembrane pressure
value rise from 0.2 to 1.0 bar (Figure 1e). In contrast, in the case without gas sparging
specific energy consumption has risen 92% with increase of transmembrane pressure. At
these experimental conditions, without air sparging or at low values of superficial air
velocity, the increase of transmembrane pressure did not result in permeate flux increase.
The reason for this is probably marginal influence of air bubbles on filtration cake that
compacts with an increase of filtration pressure [44]. The increase is due to the fact that to
reach higher values of transmembrane pressure, a higher value of feed pressure is needed,
thus the insignificant change of flux results in higher specific energy consumption.

Figure 1f shows the simultaneous influence of superficial feed and air velocities
on the specific energy consumption. Specific energy consumption increased with the
increase of superficial feed velocity across the whole value range of superficial air velocity,
by means of energy input of feed pumping. Due to the significant increase of permeate
flux without air sparging with increased value of superficial feed velocity, the rise of
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specific energy consumption was hindered, and it was ~66%. For maximal values of
superficial air velocity, this increase was steeper (310%)—from 1.1 kW·h·m−3 to 4.5
kW·h·m−3. In contrast to the influence of superficial feed velocity, increase of superficial
air velocity value up to ~0.25 m·s−1 resulted in reduction of specific energy consumption
from 2.4 kW·h·m−3 to 1.1 kW·h·m−3, i.e., 120%. For further increase in superficial air
velocity, there were no significant changes in specific energy consumption at lower values
of superficial feed velocity. On the other hand, for higher values of superficial feed
velocity (1.30 m·s−1) increase of superficial air velocity over 0.25 m·s−1 resulted in slight
increase of 12.5% in energy consumption per permeate volume unit. This behavior can be
explained by the membrane internal fouling triggered by a significant cake reduction in
the area of high values of both feed and air velocities.

4.3. Optimization of Operational Conditions for Air Sparging-Assisted Microfiltration of Bacillus
velezensis Cultivation Broth

Optimization of the operational parameters during microfiltration of Bacillus velezen-
sis IP22 cultivation broth was performed using two approaches: desirability function
method and genetic algorithm. The optimization was aimed at maximization of steady
state permeate flux and minimization of specific energy consumption, in order to achieve
maximal efficiency and cost effectiveness of microfiltration as the downstream operation
in production of Bacillus velezensis-based biopesticide. When it comes to the optimization
results, it could be concluded that there exists an opposite nature of the optimization
goals, i.e., the antagonistic relationship of the examined dependent variables—steady-
state permeate flux and specific energy consumption. The optimized value of superficial
air velocity correlates with the results obtained by applying the response surface method-
ology. When it comes to superficial feed velocity and transmembrane pressure, the
optimized values of these two independent variables were closer to the maximal values of
the tested ranges as these values favor the maximization of permeate flux, but also result
in an increase in specific energy consumption. Therefore, the satisfactory optimization
solution by the desirability function approach (with desirability function value of 0.62)
was achieved with the optimized values of independent variables that are close to the
mean values of the examined value ranges (Table 4).

The optimum prediction by the desirability function approach is in agreement with
the Pareto front. Even though the Pareto front offers many optimal solutions, the problem
of choosing a compromise solution still exists. Suitable solution can be selected by taking
into account the desired optimization goal(s), but trade-offs among different objectives are
necessary [53]. If the optimization goal was set at maximal value of steady-state permeate
flux, higher values of superficial feed velocity should be applied, as well as higher values
of transmembrane pressure. In this case, specific energy consumption value was higher.
By contrast, when the goal was to achieve lower values of specific energy consumption,
lower values of superficial feed velocity should be used. When it comes to superficial air
velocity, in all optimal solutions given by the Pareto front (Figure 2) optimized values
were around 0.25 m·s−1.

5. Conclusions

This study was aimed at investigating the effect of air sparging as a technique to
achieve higher microfiltration efficiency when it comes to separation of Bacillus velezensis
IP22 biomass aimed to be used as microbial biopesticide, as well as at modeling and opti-
mization of the microfiltration process. The obtained second-degree polynomial models
for dependent variables (steady-state permeate flux and specific energy consumption)
have proven to be statistically significant and appropriate for fitting of the microfiltration
experimental data. Application of the response surface methodology approach for mi-
crofiltration modeling has revealed significant effects of interactions between the main
microfiltration parameters (transmembrane pressure, superficial feed velocity, and su-
perficial air velocity) to the selected responses. Optimization was performed using the
desirability function method and genetic algorithm, and it was aimed at maximization of
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steady-state permeate flux and minimization of specific energy consumption, as a two-
objective problem. Both methods have revealed antagonistic relationship between the
selected responses, while the optimal results of the operational parameters were set near
median values of the investigated value ranges. The results of this study have confirmed
a significant potential of air sparging to be used as a technique of choice for improvement
of microfiltration efficiency and cost effectiveness. With improvement of permeate flux
as a result, application of this technique primarily results in reduced membrane fouling,
which also cuts down the membrane cleaning frequency and consequently increases the
microfiltration operational time between the cleanings. In this way, membrane life cycle
is also prolonged, which directly affects overall downstream cost, together with reduction
of energy consumption during microfiltration. Considering high costs of biotechnological
production of microbial biopesticides and high share of downstream processing in the
overall bioprocess cost, air sparging-assisted microfiltration should be further examined
as a downstream operation for not only production of microbial biopesticides, but also
for downstream processing of other bacterial cultivation broths.
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Abstract: The use of membrane filtration as a downstream process for microbial biomass harvesting
is hampered due to the low permeate flux values achieved during the microfiltration of fermentation
broths. Several hydrodynamic methods for increasing permeate flux by creating turbulent flow
patterns inside the membrane module are used to overcome this problem. The main goal of this study
was to investigate the combined use of a Kenics static mixer and gas sparging during cross-flow
microfiltration of Bacillus velezensis IP22 cultivation broth. Optimization of the microfiltration process
was performed by using the response surface methodology. It was found that the combined use
of a static mixer and gas sparging leads to a considerable increase in the permeate flux, up to the
optimum steady-state permeate flux value of 183.42 L·m−2·h−1 and specific energy consumption
of 0.844 kW·h·m−3. The optimum steady-state permeate flux is almost four times higher, whilst,
at the same time, the specific energy consumption is almost three times lower compared to the
optimum results achieved using gas sparging alone. The combination of Kenics static mixer and
gas sparging during cross-flow microfiltration is a promising technique for the enhancement of
steady-state permeate flux with simultaneously decreasing specific energy consumption.

Keywords: microfiltration; static mixer; gas sparging; response surface methodology; desirability
function; permeate flux; specific energy consumption; microbial biopesticide; Bacillus velezensis

1. Introduction

Biopesticides production depends on the method of cultivation broth downstream pro-
cessing for sustainable and cost-effective use in agriculture [1]. Cultivation broth clarification in
order to harvest microbial cells is the first step in downstream processing with the aim of concen-
trating the active component in the final biopesticide product. In biopesticides biotechnological
production, this step is usually carried out by centrifugation or microfiltration [2].

One of the major drawbacks of microfiltration membrane processes that limit its extensive
usage is mass transfer resistance through the membrane due to concentration polarization and
membrane fouling. The most noticeable outcome of concentration polarization and membrane
fouling is the decrease in permeate flux during cross-flow microfiltration due to the adsorption
onto the membrane surface and inside the membrane pores. An essential step in restoring
membrane permeability is membrane cleaning [3]. However, the capital and operating costs
associated with frequent cleaning procedures, as well as the aggressiveness of cleaning, which
causes damage to membrane surface, have steered researchers into developing techniques for
permeate flux augment. Hence, a large number of research papers focus on the development of
hydrodynamic methods for permeate flux enhancement by generating a turbulent flow pattern
inside the membrane module, making it less susceptible to fouling [4–9].

Among hydrodynamic methods, turbulence promoters are by far the most commonly
used method to increase permeate flux during cross-flow microfiltration. Turbulence
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promoters used to increase permeate flux can move within the membrane (dynamic) or be
fixed relative to the membrane surface (static). Of the two types of turbulence promoters,
static turbulence promoters are more investigated than dynamic turbulence promoters due
to their numerous advantages: simpler installation, longer lifespan, lower investment and
operational costs, and a wider range of operating feed flow rates and viscosities [10,11].
Static mixers increase permeate flux by splitting and redistributing the fluid flow inside
the membrane, and, hence, by improving mixing in the radial and tangential direction,
increasing the shear rate and inducing secondary flows near the membrane surface [12].

Besides static mixers, gas sparging is another technique that is employed as a means
to successfully hinder membrane fouling and improve permeate flux [4,7–9,13–21]. By
injecting gas into the feed, a two-phase (gas–liquid) flow inside the membrane module
is created. As a result of forming bubbles inside the membrane module, local eddies are
induced and shear rate at the membrane surface is increased [9]. The amount of induced
shear rate mostly depends on gas and liquid phase linear speed, as well as bubble diameter
and gas–liquid flow regime [22]. The presence of gas bubbles in the membrane channel
causes efficient removal of loosely bound macromolecules and particles, while breaking of
the cake layer could be caused by gas bubbles bursting or coalescence [6,7].

Combining the two methods for improving permeate flux can result in even greater
enlargement by amplifying the fouling mitigation capabilities of both methods [9]. There have
been very few studies on the combination of static mixer and gas sparging during membrane
filtration [9,23,24]. Derradji et al. [23] investigated the ultrafiltration of a polymer solution
(sodium alginate) combining two-phase gas–liquid flow with a Sulzer turbulence promoter
placed before the membrane. The results indicated that the combination of Sulzer static mixer
and gas sparging ensures a well-mixed two-phase flow which results in high permeate flux.
Oil/water emulsion was another feed used in ultrafiltration with combined usage of static mixer
and gas sparging [24]. Although in the case of oil/water emulsion, gas sparging does not seem
to be very effective for flux enhancement, it was found that combining gas sparging and the use
of the static mixer (Kenics) resulted in high permeate fluxes with low energy consumption.

Armbruster et al. [9] investigated the effect of gas sparging, Kenics mixers, a combi-
nation of gas sparging with Kenics mixers and a novel concept, the aerating Kenics mixer
(combining mixer and sparging in one single device). The combination of a Kenics mixer
with gas sparging yielded the highest reduction in fouling for filtration of an aqueous
solution of 30 mg·L−1 humic acid sodium salt. The authors concluded that the range of
economical operation is considerably widened, whilst high flux operation is enabled by the
application of static mixers and external air-sparging, or with aerating static mixers.

Response Surface Methodology (RSM) is an efficient method to determine the connection
between factors affecting a process and the output response variables of that process [25]. It
provides a way of selecting a few points in the design space to efficiently represent the experi-
mental space and, in that way, reduces the number of experimental runs for investigating the
factor influences and interactions between them on the selected response. RSM was successfully
applied in several subject areas connected to membrane processes, such as membrane synthesis
optimization [26,27], optimization of chemical cleaning [28] and membrane performance [29–32].

The main objective of this study was to combine Kenics static mixer and gas sparging
(SMGS) to improve permeate flux during cross-flow microfiltration of Bacillus velezensis
IP22 cultivation broth. For assessing the optimal potential for flux improvement, response
surface methodology was applied, i.e., desirability function approach. It was expected
that optimum operational parameters could expand the main limitations of gas sparging,
providing a viable answer for a high flux and low-energy broth microfiltration method.

2. Materials and Methods

2.1. Production of Bacillus velezensis Cultivation Broth

Bacillus velezensis IP22, the strain used as an active component of microbial biopes-
ticide, was isolated from fresh cheese and previously identified using 16S rRNA gene
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sequencing [33]. A detailed description of the cultivation of Bacillus velezensis IP22 in the
bioreactor is given in our previous work [4].

Microfiltration separation efficiency and Bacillus velezensis cells viability were evalu-
ated by the standard plate count method and by measuring the absorbance (optical density)
of the cultivation broth, retentate and permeate at a wavelength of 600 nm. The concentra-
tion of Bacillus velezensis (g/L) was calculated using biomass dry weight and the volume of
cultivation broth, retentate or permeate sample (20 mL), which was centrifuged [4].

2.2. Microfiltration Experimental Setup

The experimental setup for Bacillus velezensis IP22 cultivation broth cross-flow mi-
crofiltration was described in detail in our previous publication [34]. All microfiltration
experiments were performed at 25 ◦C and with recirculation of retentate and permeate to
maintain a constant volume of the feed mixture. The ceramic membrane (Tami Deutschland,
Hermsdorf, Germany) used in the experiments had the following characteristics: length
250 mm, inner diameter 6 mm, outer diameter 10 mm, pore size 200 nm and specific surface
area 0.00433 m2. The Kenics static mixer used in the experiments had 30 mixing elements
with a diameter of 5mm and a total length of 230 mm. It consists of a series of helical
mixing elements made from thin, flat strips, twisted through 180◦ to form helices. Helices
turned around their main axis by 90◦ against the next element [35]. The pressurized air was
introduced into the feed flow channel through the three-way valve without the diffusor.
The air flow rate was measured by the mass flow controller type EL-FLOW F-201AV, with
an accuracy of ±0.5% (Bronkhorst, The Netherlands). During cross-flow microfiltration,
the time (t) necessary for gathering 20 mL permeate (V) through the specific membrane
surface area (A) was measured and the flux value (J, L·m−2·h−1) was calculated [4]:

J =
V

A·t (1)

Specific energy consumption (E, kW·h·m−3) is equal to the ratio of sum of hydraulic
and pneumatic powers to the permeate flow rate and it was calculated according to
Equation (2) [4]:

E =

QL·(PS − PD) +
γ

γ−1 ·PD·QG,D·
[(

PS
PD

)γ−1
γ − 1

]

J·A (2)

where QL (m3·h−1) is the feed flow rate, PS (Pa) is pressure at the beginning of the mem-
brane module, PD (Pa) is pressure at the end of the membrane module, QG, D (m3·h−1)
is the air flow rate at the pressure at the end of the membrane module (PD), γ is the spe-
cific heat ratio for air (1.4), J (m3·m−2·h−1)) is permeate flux and A (m2) is the specific
membrane area.

2.3. Experimental Data Analysis—Modeling and Optimization

The effects of transmembrane pressure (TMP: 0.2–1 bar), superficial feed velocity (VL:
0.53–1.59 m·s−1) and superficial air velocity (VG: 0.0–0.46 m·s−1) were investigated by
applying Box–Behnken’s experimental plan (Table 1). Selected responses were steady-state
permeate flux and specific energy consumption. Experimental results were fitted using
the second-degree polynomial models. Model adequacy was analyzed using the factorial
ANOVA (analysis of variance). Coefficients and models were assessed by p-values, while
the quality of the experimental data fitting was estimated using the Lack-of-fit, Pure error
and R2 (coefficient of determination) values. All statistical analyses were performed at the
significance level of 95% using the Statistica software (v. 13.5, Dell, Round Rock, TX, USA).
The polynomial RSM models are usually used for optimization by the desirability function
approach [26,27,35]. The Design-Expert software, v. 8.1 (Stat-Ease, Inc., Minneapolis,

135



Membranes 2022, 12, 690

MN, USA) was used for generating the polynomial RSM models and optimization by the
desirability function approach.

Table 1. Box–Behnken’s experimental plan for broth SMGS microfiltration experiments.

Experiment
Factors—Independent Variables Responses—Dependent Variables

TMP (bar) VL (m·s−1) VG (m·s−1) J (L·m−2·h−1) E (kW·h·m−3)

1 0.2 0.53 0.23 48.5 1.6
2 1.0 0.53 0.23 68.0 1.5
3 0.2 1.59 0.23 96.3 3.9
4 1.0 1.59 0.23 156 3.2
5 0.2 1.06 0.0 56.0 1.9
6 1.0 1.06 0.0 110 3.9
7 0.2 1.06 0.46 78.7 3.4
8 1.0 1.06 0.46 120 1.3
9 0.6 0.53 0.0 64.9 1.1
10 0.6 1.59 0.0 127 2.6
11 0.6 0.53 0.46 84.6 0.8
12 0.6 1.59 0.46 140 2.6
13 0.6 1.06 0.23 55.0 4.3
14 0.6 1.06 0.23 52.0 4.5
15 0.6 1.06 0.23 56.0 4.2

TMP—transmembrane pressure, VL—superficial feed velocity, VG—superficial gas velocity, J—steady-state
permeate flux, E—specific energy consumption

3. Results

The Box–Behnken design with three factors at three levels and three replications in
the central point (Table 1) was used as the experimental design to evaluate the effect of
microfiltration operational conditions (transmembrane pressure, TMP − X1, superficial
feed velocity, VL − X2, and superficial air velocity, VG − X3) on steady-state permeate flux
(J) and specific energy consumption (E). It included 15 experiments, and the experimental
results were fitted with the second order polynomial model shown by Equation (3):

Y = b0 +
3

∑
i=1

biXi +
3

∑
i=1

biiXi
2 +

2

∑
i=1

3

∑
j=1

bijXiXj (3)

where b0 is the intercept term, bi are linear, bii are quadratic and bij are interaction effects,
Xi are input variables while Y is the response variable for either permeate flux or specific
energy consumption.

The results of fitting, including estimated values of linear (b1, b2, b3), quadratic (b11, b22,
b33) and interaction (b12, b13, b23) model coefficients with their p-values, are listed in Table 2.
The entries in bold font represent statistically significant coefficients at a level of 95%
(p-values < 0.05). It is evident from the presented results that the linear effects of all input
variables, the interaction effects of transmembrane pressure and superficial feed velocity, as
well as the quadratic effects of all three input variables have statistically significant effects
on steady-state permeate flux. In the case of a model for specific energy consumption,
linear effect of superficial feed velocity, interaction between transmembrane pressure and
superficial feed velocity, and all three quadratic effects are statistically significant.

The obtained models were tested by performing the analysis of variance (ANOVA).
According to ANOVA (Table 3), the proposed regression models for permeate flux and spe-
cific energy consumption during microfiltration of Bacillus velezensis IP22 cultivation broth
with the combination of Kenics static mixer and gas sparging are statistically significant,
with p-values less than 0.05. Furthermore, high determination coefficients (R2 > 0.98) for
both models indicate their excellent ability to predict response variable behavior.
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Table 2. Coefficients of regression models for steady-state permeate flux and specific energy con-
sumption for broth SMGS microfiltration experiments.

Effects

Steady-State Permeate Flux (L·m−2·h−1) Specific Energy Consumption (kW·h·m−3)

Coefficient p-Value
Coefficient p-Value

Actual Coded Actual Coded

Intercept
b0 126.2 54.33 0.0002 −6.49 4.313 0.0002

Linear
b1 −81.22 21.81 <0.0001 6.46 −0.112 0.220
b2 −157.3 31.66 <0.0001 11.87 0.912 <0.0001
b3 −141.2 8.18 0.0024 15.98 −0.175 0.081

Quadratic
b11 77.86 12.46 0.0020 −2.85 −0.457 0.012
b22 90.45 25.41 <0.0001 −4.65 −1.307 0.0001
b33 460.9 24.38 <0.0001 −23.28 −1.232 0.0001

Interaction
b12 47.41 10.05 0.0043 −0.708 −0.15 0.244
b13 −34.51 −3.18 0.1797 −11.14 −1.025 0.0003
b23 −13.74 −1.68 0.4482 0.615 0.075 0.538

Table 3. ANOVA of regression models for steady-state permeate flux and specific energy consumption
for broth SMGS microfiltration experiments.

Source Response DF SS MS F-Value p-Value

Model
J (L·m−2·h−1) 9 17364.6 1929.4 116.33 <0.0001

E (kW·h·m−3) 9 22.662 2.518 48.805 0.0002

Residual
J (L·m−2·h−1) 5 82.93 16.58
E (kW·h·m−3) 5 0.258 0.052

Lack-of-fit
J (L·m−2·h−1) 3 74.26 24.75 5.712 0.153
E (kW·h·m−3) 3 0.202 0.068 2.434 0.304

Pure error
J (L·m−2·h−1) 2 8.667 4.333
E (kW·h·m−3) 2 0.055 0.028

Total
J (L·m−2·h−1) 14 17447.5
E (kW·h·m−3) 14 22.920

R2 Adj. R2 Pred. R2 Adeq. Precision

J (L·m−2·h−1) 0.995 0.987 0.931 32.163
E (kW·h·m−3) 0.989 0.969 0.853 19.955

J—steady-state permeate flux, E—specific energy consumption, DF—degree of freedom, SS—sum of squares,
MS—mean squares, R2—coefficient of determination

The ANOVA results given in Table 3 show that the coefficient of determination was
0.995 and 0.989 for second-degree polynomial models for permeate flux and specific energy
consumption, respectively. The model for permeate flux could explain 99.5% of the variation
in response, whilst for specific energy consumption, the value is 98.9%, which indicates
the excellent fitness of the models. The predicted R2 of 0.931 is in reasonable agreement
with the adjusted R2 of 0.987 for permeate flux, whilst in the case of specific energy
consumption, the predicted R2 of 0.853 is also in good agreement with the adjusted R2

of 0.969. Adequate precision compares the range of the predicted values at the design
points to the average prediction error; a ratio greater than 4 indicates adequate model
discrimination. In this study, ratios of 32.163 and 19.955 for steady-state permeate flux and
specific energy consumption, respectively, indicate an adequate signal.

Based on the ANOVA of the regression, both models are significant. In the case of
steady-state permeate flux, a high F-value (116.33) and a low p-value (p < 0.0001) were
observed, as well as a non-significant lack-of-fit (p-value of 0.153). For specific energy
consumption, an F-value of 48.81 and p-value of 0.0002 imply that the model is significant,
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along with a non-significant lack-of-fit (p-value of 0.304). Furthermore, small values of pure
error (8.667 for permeate flux and 0.055 for specific energy consumption) indicated that
variation caused by measurement error is insignificant.

Therefore, the selected regression models could be used to analyze trends of responses.
Second-degree polynomial models could be successfully applied to describe the effects of
transmembrane pressure, superficial feed velocity and superficial air velocity on steady-state
permeate flux and specific energy consumption during SMGS cross-flow microfiltration.

Independent variables interactive effects on the steady-state permeate flux and specific
energy consumption are illustrated by the 3D response surface plots (Figures 1 and 2).

The parity plot for steady-state permeate flux is shown in Figure 1a. As it can be seen, the
second-degree polynomial model shows good agreement between experimental and predicted
flux values. Figure 1b,c show the effects of transmembrane pressure (X1) with feed (X2) and gas
(X3) velocities on the permeate flux, respectively. It can be seen (Figure 1b), that the maximum
values of permeate flux are obtained for the highest transmembrane pressure and superficial
feed velocity values. The steady-state flux increases with the increase in both feed velocity as
well as TMP, indicating a strong synergistic effect between these variables (Figure 1b). On the
other side, the increase in gas velocity resulted in lower flux improvements compared to the feed
superficial velocity rise (Figure 1c). Transmembrane pressure in both cases had a positive effect
on the flux enhancement. The influence of superficial feed and gas velocities on steady-state
permeate flux is depicted in Figure 1d. The increase in both superficial velocities shows the
positive effects on steady-state permeates flux.

 

(a) (b) 

 
(c) (d) 

Figure 1. Parity plot (a) and response surface plots (b–d) representing the regression model for
steady-state permeate flux during SMGS microfiltration of Bacillus velezensis IP22 cultivation broth.
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The parity plot for specific energy consumption is shown in Figure 2a. As can be
seen, the second-degree polynomial model shows good agreement between experimental
and predicted flux values. Figure 2b,c show the effects of transmembrane pressure with
feed and gas velocities on the specific energy consumption, respectively. It can be seen
(Figure 2b) that maximum values of specific energy consumption are obtained for the
highest superficial feed velocity values and lower transmembrane pressure values. The
specific energy consumption increases with the increase in transmembrane pressure at
lower superficial air velocities. On the other hand, at higher TMP values, specific energy
consumption decreases at higher air velocities (Figure 2c). The influence of superficial feed
and gas velocities on specific energy consumption is represented in Figure 2d. An increase
in both superficial velocities results in a decline in specific energy consumption.

 

(a) (b) 

 
(c) (d) 

Figure 2. Parity plot (a) and response surface plots (b–d) representing the regression model for
specific energy consumption during SMGS microfiltration of Bacillus velezensis IP22 cultivation broth.

In this study, a desirability function method was applied for simultaneous optimization
of investigated responses during SMGS microfiltration of Bacillus velezensis IP22 cultivation
broth. Here, the maximum for steady-state permeate flux and the minimum for specific
energy consumption were combined into one measurement called the desirability function.
The selected responses were transformed to individual desirability values in a range from
0 to 1. The overall desirability of the process was computed as a geometric mean of the
individual desirability functions [35]. The optimization results of the desirability function
method are listed in Table 4. It can be seen that the maximum permeate flux and mini-
mum specific energy consumption can be attained at the highest investigated factor levels:
transmembrane pressure of 1 bar, superficial feed velocity of 1.59 m·s−1 and superficial
gas velocity of 0.46 m·s−1. The high value of the overall desirability function (0.99) indi-
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cates that both optimization goals (maximum permeate flux and minimum specific energy
consumption) were successfully accomplished. The predicted values of optimum perme-
ate flux and specific energy consumption were 183.42 L·m−2·h−1 and 0.844 kW·h·m−3,
respectively. On the other hand, in our previous study of microfiltration, assisted only by
gas sparging [4], the optimum values for steady-state permeate flux of 48.57 L·m−2·h−1

and specific energy consumption of 2.37 kW·h·m−3 were predicted. By comparing the
optimization results of SMGS microfiltration with the microfiltration, assisted only by gas
sparging, it can be concluded that the presence of a static mixer considerably amounts to
higher steady-state permeate flux and lower specific energy consumption.

Table 4. Optimization results obtained by the desirability function approach during SMGS microfil-
tration of Bacillus velezensis IP22 cultivation broth.

Factors—Independent Variables Goal Optimized Value

Transmembrane pressure, TMP (bar) in range 1.0
Superficial feed velocity, VL (m·s−1) in range 1.59
Superficial air velocity, VG (m·s−1) in range 0.46

Responses—Dependent Variables Goal Predicted Value

Steady-state permeate flux, J (L·m−2·h−1)) maximize 183.42
Specific energy consumption, E (kW·h·m−3) minimize 0.844

Desirability function 0.99

Cell viability and concentration analyses have shown that Bacillus velezensis cells
have been completely retained by the microfiltration membrane. Concentration of Bacillus
velezensis biomass in the fresh cultivation broth was 0.37 g·L−1, while after the filtration
experiments, biomass concentration in the retentate was 0.36 g·L−1. Spectrophotometric
measurements (OD600) also confirmed this fact, and the absorbance values were 0.82 for the
fresh cultivation broth and 0.78 for the retentate sample after microfiltration experiments.
According to the results of the standard plate count method, Bacillus velezensis cells did not
suffer either a significant change in the cell concentration or a decrease in cell viability due
to increased shear stress caused by the mixer and air-sparging effects.

4. Discussion

Based on Figure 1b–d, the influence of operating conditions on steady-state permeate
flux can be seen. With increasing transmembrane pressure, steady-state permeate flux
increases for all values of superficial feed velocity (Figure 1b). With an increase in trans-
membrane pressure at lower values of superficial feed velocity, an increase in permeate flux
is around 47%, whilst at higher values of superficial feed velocity, an increase in flux value
is about 70%. The increases in steady-state permeate flux values were detected in the whole
transmembrane pressure experimental range, contrary to the results obtained in the case
of gas sparging without a static mixer [4]. In the case of gas sparging alone, the increase
in transmembrane pressure lowers the steady-state flux due to the cell arrangement for
smaller superficial feed velocity [4]. As reported in the literature, rod-shaped particles, such
as Bacillus velezensis, tend to be oriented parallel to flow in the membrane channel so that
they exhibit higher specific resistance and, consequently, lower flux values, even for the
increased TMP [5,36–38]. When combining gas sparging with the static mixer, turbulence
in the membrane channel is present, even for low feed velocities, so, in this way, orientation
of rod-shaped particles, i.e., shear induced arrangement, is hindered from the start of the
microfiltration process. In this way, flux is enhanced by reducing filtration cake resistance
to permeate flow.

The effects of transmembrane pressure and superficial air velocity on the steady-
state permeate flux are given in Figure 1c. At lower transmembrane pressure values,
the increase in permeate flux is about 60%, while at higher values, the transmembrane
pressure increase in permeate flux is only about 10%. The reason for this behavior can
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be found in the resistance of the filtration cake to the flow of smaller cultivation broth
components. The combination of a Kenics mixer with gas sparging generated an increase
in flux values in the whole range of superficial air values. Once again, the presence of a
Kenics mixer had a decisive influence on flow conditions inside the membrane channel.
The two-phase flow generated as a result of introducing air bubbles into the feed results
in flux enhancement [4,6–8,39]. As reported in the literature, secondary induced flow
patterns play a major role in the enhancement. It promotes local mixing influencing the
flow in the membrane channel and thus reducing the resistance to mass transfer across
the membrane [40]. In the case of gas sparging alone, a flux increase was observed up to a
value of 0.25 m·s−1 for superficial air velocity [4], while in the case of experiments with the
mixer and gas sparging combination, the flux increase was observed even for the velocities
increased beyond this threshold. The cake structure becomes more compact (the particle
packing becomes more regular) under the gas sparging [4,41], resulting in lower permeate
flux, while the cake arrangement is avoided by the turbulence generated in the presence
of a static mixer. At the highest superficial gas velocity, an enhancement in steady-state
permeate flux of about 40% is observed, so more prominent improvement was achieved in
comparison to only a 14% increase in a system with gas sparging alone [4].

The influence of superficial feed velocity and superficial gas velocity on steady-state
permeate flux is depicted in Figure 1d. The insertion of the turbulence promoter into the
membrane channel affects the flow of air bubbles within it, so the change in flow pattern
causes significant differences in system performance. The steady-state flux values are
significantly higher compared to gas sparging alone. The change in flow pattern through
the membrane channel by inserting the Kenics static mixer results in smaller bubbles
passing through the membrane channel closer to the membrane surface. Otherwise, smaller
air bubbles would tend to stay grouped in the middle section of the membrane channel
away from the membrane surface [42]. So, in this way, bubbles additionally contribute to
the removal of the surface filtration cake along with the static mixer [9]. By increasing the
values of superficial gas velocity up to 0.25 m·s−1, a plateau in permeate flux was reached
in the case of gas sparging alone [4]. In the case of combining the effects of a static mixer
and gas sparging, the plateau region was not observed. As the superficial air velocity
rises, so larger bubbles are formed, creating slugs in the membrane channel. In the slug
region of flow conditions, further increases in bubbles size, only increase the length of the
slug which has no effect on wake size and does not contribute to the increased membrane
surface scouring [42]. As a result, increasing superficial air velocity above 0.25 m·s−1 has
little effect on permeate flux. Oppositely, when the static mixer is placed in the membrane
channel, the flux rise is observed at all feed superficial velocities with increasing superficial
air velocities (Figure 1d), suggesting that the Kenics mixer ensures a better mixing of the
two-phase flow. Namely, the presence of a static mixer prevents the formation of larger air
plugs. However, a higher increase in steady-state permeate flux (about 25%) was observed
at lower superficial feed velocities, compared to the increase in steady-state permeate flux
at higher values of superficial feed velocities (about 7%).

The influence of transmembrane pressure and superficial feed velocity on specific
energy consumption is shown in Figure 2b. At lower superficial feed velocities, the effect
of transmembrane pressure is insignificant. On the other hand, at the highest superficial
feed velocity, by increasing the transmembrane pressure, a decrease in specific energy
consumption occurs, due to the synergistic effect of both variables on the increase of
permeate flux. As expected, an increase in superficial feed velocity leads to the sharp en-
hancement of specific energy consumption (up to 140%) for the whole range of investigated
transmembrane pressure.

The influence of transmembrane pressure and superficial gas velocity on specific
energy consumption is illustrated in Figure 2c. At lower superficial gas velocities, the
values of specific energy consumption increased by about 100% by increasing the value of
transmembrane pressure. Opposite to that, at higher superficial gas velocities, a further
increase in transmembrane pressure decreases specific energy consumption. The lowest
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value of specific energy consumption of about 1.3 kW·h·m−3 is obtained at the highest
transmembrane pressure and highest values of superficial gas velocity. The possible
explanation for this behavior is in fact that the two-phase gas–liquid flow has greater
influence on membrane surface cleaning. Compared to the microfiltration assisted only
by gas sparging [4], in which the reduction in specific energy consumption under the
operating conditions (high transmembrane pressure and superficial gas velocity) amounted
to 52%, in microfiltration experiments with a combination of static mixer and gas sparging,
a decrease in specific energy consumption is more significant and amounts to about 100%.

The simultaneous influence of superficial feed and gas velocity on specific energy
consumption is shown in Figure 2d. At lower superficial gas velocities, specific energy
consumption increases. Given that a bubbly flow regime exists under these conditions,
streamlined movement of bubbles due to the specific construction of Kenics static mixer
does not contribute significantly to changes in the structure of the filtration cake layer,
so the flux is not high enough to reduce energy consumption per m3. Therefore, specific
energy consumption increases when lower permeate flux is achieved. However, in the slug
gas–liquid flow regime, a different behavior is observed. Due to the effect of Kenics static
mixer on slug flow, a significant increase in flux occurs, resulting in a decrease in specific
energy consumption.

Optimization of operational conditions for SMGS microfiltration suggested that the
optimum conditions are at the upper side of the experimental range of all variables. Con-
trary to the results of our previous study on microfiltration assisted only by gas sparging,
significantly higher permeate flux values are accomplished with simultaneously lowering
the specific energy consumption in the case of SMGS microfiltration. The optimum values
of steady permeate flux are almost four times higher than in the case of applying gas sparg-
ing alone. On the other hand, high flux values result in a significant decrease in a specific
energy consumption (per m3); in SMGS case almost three times lower, compared to the
optimum specific energy consumption in gas sparging alone [4]. An additional experiment
was conducted to validate the optimal solution for maximum permeate flux. The results of
the verification experiment are in good agreement with the desirability function approach.
The experimental values of optimum permeate flux and specific energy consumption were
178.53 L·m−2·h−1 and 0.882 kW·h·m−3, respectively.

5. Conclusions

The present study reports on the influence of combining Kenics static mixer and
gas sparging on the performance of Bacillus velezensis IP22 cultivation broth cross-flow
microfiltration. The study results confirm the achievement of the main goal, given that the
combined use of a static mixer and gas sparging leads to a considerable increase in the
permeate flux. Two-phase gas–liquid flow was completely altered in the presence of Kenics
static mixer, resulting in a significant steady-state permeate flux improvement.

The optimization results for the maximum permeate flux and minimum specific
energy consumption were attained at the highest investigated factor levels: transmembrane
pressure of 1 bar, superficial feed velocity of 1.59 m·s−1 and superficial gas velocity of
0.46 m·s−1. The overall desirability function of 0.99 indicates that both optimization goals
were accomplished. The predicted values of optimum steady-state permeate flux and
specific energy consumption were 183.42 L·m−2·h−1 and 0.844 kW·h·m−3, respectively.
The optimum steady-state permeate flux is almost four times higher, whilst at the same
time, specific energy consumption is almost three times lower compared to the optimum
results achieved using gas sparging alone.
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Abstract: Based on the mathematical modeling and operational optimization studies of reverse
osmosis (RO) and multistage flash (MSF) desalination, the structural optimization of the hybrid
process was specially studied in this work with the consideration of reducing comprehensive expenses
under given operational conditions. Firstly, according to the process mechanism and flowchart of
the RO and MSF seawater desalination technologies, seven hybrid structures with different feed
conditions were designed, and their connection equations were established for numerical calculation.
Then, in order to evaluate the economic performance of the hybrid systems with different structures,
the hourly average operational cost equations of RO and MSF processes were established and
formulated as the comprehensive evaluation indicators. Next, with a given water production
requirement, simulation calculations of the hybrid system with seven different structures were
performed. The results show that the hybrid system with the fourth structure has the lowest
operational cost of 4.6834 CNY/m3, and at the same time it has the lowest blowdown. However,
if we take GOR or production water temperature as the target, the optimal structure of the hybrid
system is the fifth or the seventh option. The obtained results are helpful in structural optimization
of the hybrid system with aspects of operational cost reduction, maximum GOR, or minimizing the
wastewater discharge.

Keywords: desalination; MSF; RO; operational cost; modeling; simulation; structural optimization

1. Introduction

The lack of fresh water resources is an indisputable fact, and desalination technology
is an effective strategy to solve this problem [1,2]. At present, among many seawater
desalination technologies, multistage flash (MSF), and reverse osmosis seawater (SWRO)
desalination are the most effectively and widely technologies used in practice. However,
with the increased requirement of cost-saving and wastewater discharge reduction, new
challenges are presented to improve seawater desalination process [3]. Since the MSF
technique [4,5] can get a large amount of higher quality fresh water from low-grade energy
and its concentration is significantly lower than that of the SWRO technique, the good
complementary characteristics of these two techniques become an attractive direction to
improve the overall profits for freshwater achievement with lower operational costs. At
present, the MSF technology and SWRO technology are relatively mature, and there are
some studies about the hybrid thermal-membrane desalination technology, but the detailed
research on the optimal structure of the hybrid system is relatively novel and deficient [6].
Since both the SWRO desalination and the MSF desalination are energy-intensive tech-
nologies, most new studies are focused on the couple of desalination technique with the
energy-driven system. For example, Khan et al. [7,8] carried out fruitful work on the desali-
nation system coupled with nuclear power. In their studies, a techno-economic analysis of
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a nuclear power plant coupled with RO or MED or RO + MED and even RO + MSF systems
were assessed in detail. With the consideration of environmental impact, they also built a
simulation model for calculation and assessment of the socio-economic and environmental
impacts of a nuclear desalination system.

In many regions where there are no renewable energies or nuclear energy available,
the hybrid desalination technologies for full utilization of energy and cost saving were
also studied by researchers. Kuenstle et al. [9] proposed a design concept for a combined
MSF-RO and power plant system. They evaluated its economic benefits, and concluded
that the combined system has lower water production costs than a single MSF system.
Al-marafie [10] carried out the economic comparison between MSF and MSF-RO seawater
desalination systems—the results showed that the MSF-RO system has more advantageous
than MSF. In addition, the author proposed that replacement of the local traditional desalina-
tion system with the MSF-RO system has better application prospects. Awerbuch et al. [11]
studied the SWRO desalination system and MSF-RO hybrid seawater desalination system,
and designed two MSF-RO and one MSF-RO-VEC seawater desalination systems with
different coupling structures. In the same year, Awerbuch et al. [12] designed a hybrid
system, analyzed the characteristics of the MSF desalination system and RO desalination
system, and after 1987, the authors still affirmed the advantages of the MSF-RO seawater
desalination system and gave a structure diagram of the initially designed hybrid system.
In the same year, Al-Mutaz et al. [13] designed a relatively simple MSF-RO system and
established the system model. However, it has not been verified and simulated, and the
subsequent system optimization work has not been carried out. El-Sayed et al. [14] de-
signed the MSF-RO experimental device and analyzed and studied the experimental data.
After 1800 h of experimental testing, the experimental data proved the superiority of the
MSF-RO system in terms of desalination rate, fresh water output, and energy conservation.
However, this conclusion can only be regarded as a qualitative background, not enough
to draw a specific conclusion, and further research is needed. However, at least based
on our literature knowledge, the above work did not carry detailed model-based numeri-
cal analysis on the optimal design and operation of systems. A reasonable and accurate
mathematical model, which can fully describe the important process parameters and their
influences, is very important for the study of the subsequent system. Most of the above
research work affirms the superiority of the MSF-RO system, but at least based on our
literature knowledge, the above work does not carry out detailed model-based numerical
analysis for optimal system design and operation.

For the detailed quantitative analysis and performance prediction requirement to
guide the hybrid system’s application, a series of modeling, simulation, and optimization
works have been carried out at home and abroad. The relevant characteristics of the hot-
film hybrid system is deeply understood by using the calculation tool. Cardona et al. [15]
studied the changes in energy saving and water production cost after the integration of the
MSF system and RO system. Based on the established water production model, the levels of
energy consumption and water production before and after the system integration were ob-
tained, which emphasized the advantages of MSF-RO in energy saving. Helal et al. [16–18]
established seven different coupling forms of the MSF-RO seawater desalination system,
in addition to a two-stage SWRO seawater desalination system model and a BR-MSF
seawater desalination model. Finally, various schemes are compared and evaluated, and it
is concluded that through integrating MSF with the SWRO technique, the water production
cost of the system can be reduced by 17% to 24%. Marcovecchio et al. [19] established a
simple hybrid MSF-RO desalination system with reference to the work of Helal and others,
taking the highest daily fresh water output as the optimization goal and solving it. The
MSF part of the model was the OT-MSF seawater desalination system, which had a simple
structure. Only the discharge of the MSF system and the feed of the RO system are coupled,
and the coupling mode is relatively single. Vince et al. [20] established a super-model of the
MSF-RO seawater desalination system, and proposed a method of optimization problem
decomposition and realization of multiobjective optimization. This method combined
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process modeling and process integration technology with advanced mathematical solving
tools to simultaneously optimize the configuration and operation of the integrated desali-
nation system. Moreover, this method has been verified in the model established in this
paper. Abdulrahim et al. [21] used the first and second laws of thermodynamics to conduct
a rigorous modeling and simulation study on the hybrid MSF-RO system. The results
showed that the performance of the MSF-RO integrated system had been enhanced. The
study considered four optimization goals, namely the maximum fresh water production,
the minimum water production cost, the maximum gain ratio, and the minimum exergy
damage rate; and the genetic algorithm was used to optimize the multiobjectives to make
this system meet the requirements.

Wu et al. [22] adopted the concept of hybrid nodes and distribution nodes, and estab-
lished a superstructure model of the MSF and RO seawater desalination system. Regarding
the water production ratio as an optimization variable of the integrated system, an im-
proved genetic algorithm was used to get the optimal solution. Malik et al. [23] used the
Aspen custom modeling tool (ACM, V8.4.) to model and simulate MSF, RO, and MSF-RO
respectively. The author took the lowest economic objective function as the optimiza-
tion goal, and optimized the system operating conditions and process design variables.
However, in his study, only one simple MSF-RO coupled structure was considered. For
application intention, Boushi [24] studied two system transformation schemes for the
current status of the MSF plant in Al Taweelah A2 in Abu Dhabi, UAE. Based on practical
data and the performance model of MSF, RO, and MSF-RO systems, the techno-economics
and environmental impact were analyzed. To realize detailed numerical calculations and
global optimization for a more complex system, Bandi et al. [25] used differential evolution
algorithm (DE) to globally optimize the MSF-RO desalination system with five different
MSF-RO alternative mixing schemes. The results showed that the DE algorithm was suit-
able for the solving optimization problems of the more complex MSF-RO system. The given
system and algorithm can be used to estimate the flowrate, the salt content of blowdown
brine, circulating brine flowrate, the salt content, and condensate flowrate.

The above studies have confirmed the advantages and prospects of the MSF-RO
system, and carried out relevant work in the aspect of optimal control. However, there
are still some works that should be done for better guiding the structural and operational
optimization of the MSF-RO system, especially in the plants who need to upgrade their
RO or MSF system and achievement better operational profits. In this work, based on our
earlier studies of full-scale detailed mechanism models of SWRO and MSF systems, detailed
structural optimizations of the MSF-RO system under certain operational conditions and
with techno-economics indexes are studied. After establishing the complete mechanism
models of MSF and SWRO systems, according to the different feeding, mixture, and
separation forms of the MSF-RO system, seven structural combination forms are designed
and modeled for numerical calculation, and furthermore, the economic and performance
equations are established for comparative analysis end scheme evaluation. Our work is
helpful to guide structural optimization and detailed quantitative analysis of the MSF-
RO system.

2. Different Structures of Hybrid MSF-RO System and Their Connection Equations

In order to deeply analyze the impact of its feeding mode on the economy of the
hybrid MSF-RO seawater desalination system, this paper proposes seven hybrid schemes
of the MSF-RO system according to different feeding conditions:

1. The OT-MSF system and SWRO system feed water independently;
2. The BR-MSF system and SWRO system feed water independently;
3. The last stage flash water of the OT-MSF system is the feed water of the SWRO system;
4. The last stage flash water of the BR-MSF system is the feed water of the SWRO system;
5. The brine in the thermal discharge section of the BR-MSF system is used as the feed

water of the SWRO system;
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6. The rejected water of the SWRO system is used as part of the feed water of the
OT-MSF system;

7. The rejected water of the SWRO system is used as part of the feed water of the
BR-MSF system.

In order to facilitate the analysis and make the study more targeted, in this work, the
MSF desalination adopted 16-stage OT-MSF and BR-MSF systems, respectively. The SWRO
system adopted the SW30HR-400i spiral-wound RO modules, and put seven RO modules
in each pressure vessel. The whole system depends on the actual situation to determine
the number of pressure vessels. Since the mechanism models of MSF process and SWRO
process have been established by our earlier work and can be referred in literatures, the
model equations of the MSF and SWRO system that were used in our work were not listed
in this paper. The steady-state models of OT-MSF and BR-MSF systems can be seen from
Mujtaba [26–28], Woldai A [29], Rosso [30], and Gao [31] et al. The steady-state mechanism
model of the SWRO system can be seen from Jiang [32–34], Ma [35], and Cheng [36] et al.
This paper just shows the different schemes of the hybrid system and the equations to
connect the MSF and RO processes, and this is enough to achieve the whole model of the
hybrid system under a given coupling structure.

2.1. Hybrid System with Independent Feeding
2.1.1. Scheme of OT-MSF and SWRO System with Independent Feed Water

As is shown in the Figure 1. In the option 1, the hybrid system is composed by OT-MSF
and SWRO parts with independent feed water—that is to say, the feed conditions of the two
parts are the same, and they are operated almost completely independently of each other.

OT-MSF

SWRO

WF2
M1

WDN1

WDN2WDN_tot

M2
WBD

Wrj

Wr_tot

Sea
WBD

Wsteam

WF1

WB0

WDN1

WF1

Figure 1. Option 1—the OT-MSF system and SWRO system with independent feed water.

Mixer M1:
WDN_tot = WDN1 + WDN2 (1)

Mixer M2:
Wr_tot = Wrj + WBD (2)

The hybrid option 1 only affects the water production temperature and concentration
of the coupling system, and has no effects on the overall water production of the system. It
can be used as the basic scheme for hybrid scheme comparison.

2.1.2. The BR-MSF System and SWRO System with Independent Feed Water

As is shown in the Figure 2. The hybrid system is composed by BR-MSF and SWRO
parts with independent feed water.
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Figure 2. Option 2—the BR-MSF system and SWRO system with independent feed water.

Splitter S1:
Wm = WF − Wr (3)

Splitter S2:
WBD = WBN − WRe (4)

Mixer M1:
WR = Wm + WRe (5)

Mixer M2:
WDN_tot = WDN1 + WDN2 (6)

Mixer M3:
Wr_tot = Wrj + WBD (7)

In the hybrid option 2, the splitters S1, S2, and the mixer M1 are self-owned by the BR-
MSF system. As in hybrid option 1, option 2 only couples the system water production and
brine water, which has an impact on the water production temperature and concentration
of the hybrid system, but has no impact on the overall water production of the system.

2.2. The Last Stage Flash Water of the MSF System as the Feed Water of the SWRO System
2.2.1. The Last Stage Flash Water of the OT-MSF System as the Feed Water of the
SWRO System

In the hybrid option 3, part of the blowdown water WBD1 in the OT-MSF system is
used as the feed water WF2 of the SWRO system, removing the seawater pretreatment
link in the SWRO system. Its flow chart is shown in Figure 3. The whole coupling system
summarizes the water production of the OT-MSF system and the SWRO system. At this
time, the overall water production and temperature are affected.

Splitter S1:
WBD1 = WBD − WBD2 (8)

Mixer M1:
WDN_total = WDN1 + WDN2 (9)

Mixer M2:
Wr_tot = Wrj + WBD2 (10)
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Figure 3. Option 3—the last-stage flash water of the OT-MSF system as the feed water of the
SWRO system.

2.2.2. The Last-Stage Flash Water of the BR-MSF System as the Feed Water of the
SWRO System

Similarly to the hybrid situation of option 3, in option 4, part of the blowdown water
WBD1 in the BR-MSF system is used as the feed water WF2 of the SWRO system, and the
seawater pretreatment in the SWRO system is removed. Its flow chart can be seen in
the Figure 4. The whole hybrid system summarizes the water production of the BR-MSF
system and the SWRO system. At this time, the overall water production and temperature
are affected.
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Figure 4. Option 4—the last-stage flash water of the BR-MSF system as the feed water of the
SWRO system.

Splitter S1:
Wm = WF1 − Wr (11)

Splitter S2:
WBD = WBN − WRe (12)

Splitter S3:
WF2 = WBD − WBD2 (13)
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Mixer M1:
WR = Wm + WRe (14)

Mixer M2:
WDN_tot = WDN1 + WDN2 (15)

Mixer M3:
Wr_tot = Wrj + WBD2 (16)

2.3. The Rejected Water of the BR-MSF System as the Feed Water of the SWRO System

The process flow diagram can be seen in the Figure 5. In option 5, part of the rejected
water Wr1 of the BR-MSF system is used as the feed water WF2 of the SWRO system. At
this time, the temperature of the feed water in the SWRO system is increased, and the
whole process of seawater pretreatment is removed. At this time, the entire hybrid system
aggregates the production water and wastewater of the two subsystems. At this time, the
overall water production and quality of the system are affected.
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Figure 5. Option 5—the rejected water of BR-MSF system as the feed water of the SWRO system.

Splitter S1:
Wm = WF1 − Wr (17)

Splitter S2:
WBD = WBN − WRe (18)

Splitter S3:
WF2 = Wr − Wr2 (19)

Mixer M1:
WR = Wm + WRe (20)

Mixer M2:
WDN_tot = WDN1 + WDN2 (21)

Mixer M3:
Wr_tot = Wrj + WBD2 (22)
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2.4. The Rejected Water of the SWRO System as Part of the Feed Water of the MSF System
2.4.1. The Rejected Water of the SWRO System as Part of the Feed Water of the
OT-MSF System

Among the five options mentioned above, the output of the MSF system is used as the
feed water of the SWRO system. Options 6 and 7 are compared, on the other hand, with
the wastewater from the SWRO system and part of the seawater as the feed water for the
MSF system.

In option 6, the blowdown water Wrj of the SWRO system is used as the feed water
WF1 of the OT-MSF system. Figure 6 shows the flow of this option. In this case, the feeding
water conditions of the OT-MSF system are changed, and the overall water production of
the hybrid system also changes. The hybrid system combines the water production of the
two systems, and the blowdown water of the hybrid system is only discharged from the
OT-MSF system.

OT-MSF

SWRO

WF2
M1

WDN1
WDN2WDN_tot

Wrj

Wr_tot

Sea

WBD

Wsteam

WF1

WB0

WDN1

WF1
M2

Wrj

WF1

Wsea

Figure 6. Option 6—the rejected water of the SWRO system as part of the feed water of the OT-
MSF system.

Coupling system blowdown:

Wr_tot = WBD (23)

Mixer M1:
WDN_tot = WDN1 + WDN2 (24)

Mixer M2:
WF1 = Wrj + Wsea (25)

2.4.2. The Rejected Water of the SWRO System as Part of the Feed Water of the
BR-MSF System

In option 7, the blowdown water Wrj of the SWRO system is used as the feed water
WF1 of the BR-MSF system. Figure 7 shows the flow of this option. At this time, the feeding
water conditions of the BR-MSF system are changed, and the overall water production of
the coupled system also changes. The hybrid system combines the water production of the
two systems, and the blowdown water of the hybrid system is only discharged from the
BR-MSF system.

Coupling system blowdown:

Wr_tot = WBD (26)

Splitter S1:
Wm = WF1 − Wr (27)
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Splitter S2:
WBD = WBN − WRe (28)

Mixer M1:
WR = Wm + WRe (29)

Mixer M2:
WDN_tot = WDN1 + WDN2 (30)

Mixer M3:
WF1 = Wrj + Wsea (31)
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Figure 7. Option 7—the rejected water of the SWRO system as part of the feed water of
BR-MSF system.

3. Operation Economics and Evaluation Index of the MSF-RO System

3.1. Operational Economic Model of the SWRO System

The economic model discussed in this article is an hourly operating cost model, and
the investment cost is ignored due to the unequal years of plant service life. The operation
cost of the SWRO system mainly includes the following seven parts:

1. Preliminary energy consumption cost OCIP;
2. Chemical cost OCCH;
3. Operating energy consumption cost OCEN;
4. Reverse osmosis membrane replacement cost OCMER;
5. Maintenance cost OCMN;
6. Labor costs OCLB1;
7. Wastewater management cost OCWS1.

The relevant expression of the corresponding operation cost of each part is as follows:
OCIP:

OCIP =
Pin · WF2 · Pelc

ηIP
× PLF (32)

The preliminary energy consumption cost of SWRO system refers to the energy con-
sumption cost of water intake and pretreatment. Pin refers to the outlet pressure of the
water intake pump, which is 5 bar; WF2 is the feed water flowrate; Pelc is the price of
electricity; PLF is the load factor, which is 0.9; ηIP is the motor efficiency, which is 0.85.

OCCH:
OCCH = 0.235WF2 (33)
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The cost of chemical agents mainly includes various acid reagents, scale inhibitors,
flocculants, and other additives that change the water hardness.

OCEN:
OCEN =

[
Pf · WF2/

(
ηhp · η f d

)
− Pr · Wrj · ηbp

]
· Pelc (34)

where Pf denotes the feed water pressure, which is 65 bar; ηhp refers to the high-pressure
pump efficiency, which is 0.85; η f d is the mechanical efficiency of the variable frequency
drive, which is 0.94; Pr is the outlet pressure of concentrated brine; Wrj refers to the
concentrated brine outlet flowrate; ηbp is the booster pump mechanical efficiency, which
is 0.8.

OCMER:
OCMER = PriME · MOD · ζre/365/24 (35)

where PriME is the unit price of the RO membrane, 6200 CNY/group; MOD refers to the
total number of RO membranes used in the system; ζre represents the replacement rate of
membrane modules, which is 0.3.

OCMN:
OCMN = OCMNCON + OCMNCL (36)

OCMNCL = Ncl · (OCOT + OCPC)/Xmr (37)

The maintenance cost of the SWRO system is composed of the maintenance cost
of conventional equipment OCMNCON and the cleaning and maintenance cost of reverse
osmosis membrane module OCMNCL. Ncl is the number of membrane module cleanings
in a membrane replacement cycle; Xmr is the membrane replacement cycle; OCOT is the
cost of chemicals in membrane cleaning; OCPC is the system startup and shutdown costs
incurred by the cleaning operation.

OCLB1:
OCLB1 = PriLB · NLB/24 (38)

NLB = WDN2 · NP/100 (39)

NLB refers to the number of labors. WDN2 represents the water production of the SWRO
system, and NP refers to the number of pressure vessels in the system.

OCWS2:
OCWS2 = 0.025 · Wrj · NP (40)

where Wrj is the blowdown water from the SWRO system.
This article studies the operation plan of the system within the day, and the cost

of RO membrane cleaning can be ignored. Therefore, Equation (36) can be rewritten as
Equation (41) as shown:

OCMN = OCMNCON = 0.03OCRO (41)

The total cost of SWRO system can be formulated as follows:

OCRO = OCIP + OCEN + OCMER + OCMN + OCCH + OCLB1 + OCWS1
= OCIP + OCEN + OCMER + OCMNCON + OCCH + OCLB1 + OCWS1
= OCIP + OCEN + OCMER + 0.03OCRO + OCCH + OCLB1 + OCWS1
= (OCIP + OCEN + OCMER + OCCH + OCLB1 + OCWS1)/0.97

(42)

3.2. Operational Economic Model of MSF System

Likewise, the economic model of the MSF seawater desalination system is only for the
hourly operating cost model. It mainly includes the following six parts, namely:

1. Heating steam, OCST;
2. System power consumption cost, OCEL;
3. Maintenance cost, OCMT;
4. Pretreatment cost, OCPR;
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5. Maintenance cost, OCMN;
6. Labor costs, OCLB2;
7. Wastewater management cost, OCWS2;

The relevant expression of the corresponding operation cost of each part is as follows:
OCST:

OCST = 22/24 · Wsteam · [(Tsteam − 40)/85] · 0.00415 · 6.4525 · 1.45 (43)

The MSF system economic model can be seen from Gao et al. [31], and the correspond-
ing reference is the data in the paper by Wade et al. [37] in 2001. Taking into account the
US dollar inflation, the GDP deflator is used for conversion. Areppim website provides a
dollar conversion calculator for each year based on the GDP deflator, and the dollar in 2001
is equivalent to $1.45 in 2021. Based on the exchange rate between USD and RMB at 6.4525,
the economic model of MSF seawater desalination system is synthesized, as shown in the
following formulas.

OCEL:

OCEL = 22/24 · (WDN/ρw+0.005 · WF/ρb) · (Pelc/3) · 6.4525 · 1.45 (44)

OCMT:
OCMT = 22/24 · (WDN/ρw) · 0.082 · 6.4525 · 1.45 (45)

OCPR:

OCPR = 22/24 · (0.15 · WF/ρb + 0.1 · WDN/ρw) · 0.024 · 6.4525 · 1.45 (46)

OCLB2:

OCLB2 = 22/24 · (WDN/ρw+0.005 · WF/ρb) · 0.1 · 6.4525 · 1.45 (47)

OCWS2:
OCWS2 = 0.025 · (WBD/ρb) (48)

The specific cost of the above six parts, which make up the total hourly operational
costs of the MSF system can be expressed as:

OCMSF = OCST + OCEL + OCMT + OCPR + OCLB2 + OCWS2 (49)

3.3. Evaluation Indicators and Economic Model Verification

The economic model of MSF-RO system is composed of the economic model of
MSF system and SWRO system. In order to evaluate the economy of the hybrid model,
the economic models of the OT-MSF system and the SWRO system need to be verified
respectively. For the MSF system, the OT-MSF system is selected for economic model
verification. This study only discusses the case that the seawater temperature is 25 ◦C and
the electricity price is 0.67 CNY/KW h. The verification premises of the economic model of
MSF-RO hybrid system are as follows:

1. The feed seawater flowrate of the OT-MSF system and the SWRO system are both
1.203 × 107 kg/h = 1.203 × 104 m3/h.

2. The heating steam temperature is 97 ◦C.
3. The feed seawater concentration of the OT-MSF system is 5.7% = 57 kg/m3, and the

feed seawater concentration of the SWRO system is 30 kg/m3. Because the pretreat-
ment requirements of the system are inconsistent, the feed seawater concentrations of
MSF system and RO system are different.

4. The unit price of single RO membrane of SWRO system is 6200 CNY.

Substitute the above parameters into the SWRO system economic model, and the
IPOPT and CONOPT solver of the GAMS platform is called for simulation [38]. The SWRO
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system water production and system cost ratio are shown in Tables 1 and 2. And the cost
analysis is shown in Figure 8.

Table 1. Water production of the SWRO system.

Parameters Data

Feed water flowrate (m3/h) 12,030
Production flowrate (m3/h) 6255.24
Blowdown flowrate (kg/h) 5774.75
Number of pressure vessels 1204

Total number of RO modules 8428
Water production ratio 0.52

Table 2. SWRO system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCIP 1185.31 0.1895 0.0540
OCCH 2827.05 0.4519 0.1289
OCEN 14,284.70 2.2836 0.6513

OCMER 1789.51 0.2861 0.0816
OCMN 657.94 0.1052 0.0300
OCLB1 1042.54 0.1667 0.0475
OCWS1 144.37 0.0231 0.0066
OCRO 21,931.41 3.5061 1

Figure 8. SWRO cost proportion analysis.

The above parameters were substituted into the OT-MSF system economic model, and
simulated on the GAMS platform. The OT-MSF system water production and system cost
ratio are shown in Tables 3 and 4. The cost analysis is shown in Figure 9.

Table 3. Water production of the OT-MSF system.

Parameters Data

Feed water flowrate (m3/h) 12,030
Production flowrate (m3/h) 1082.24

Heating steam mass flowrate (kg/h) 153,446.00
Blowdown flowrate (kg/h) 10,947.76

Gained output ratio 7.05
Water production ratio 0.09
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Table 4. OT-MSF system cost ratio.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCST 3662.41 3.3841 0.4435
OCEL 2188.14 2.0219 0.2649
OCMT 761.11 0.7033 0.0922
OCPR 393.71 0.3638 0.0477
OCLB2 979.76 0.9053 0.1186
OCWS2 273.69 0.2529 0.03314
OCMSF 8258.82 7.6313 1

Figure 9. OT-MSF cost proportion analysis.

Under the same water intake flowrate conditions, the total price and cost ratio of the
water production cost of SWRO and MSF systems can be obtained, respectively. For the
SWRO system, the unit price of water production is 3.51 CNY/m3, and for the OT-MSF
system, the unit price of water production is 7.63 CNY/m3. The ratio of the MSF system
to the SWRO system’s water price is 0.4594, and Fan [39] et al.’s statistical result ratio is
0.4600. Therefore, it is proved that the economic model designed in this study can reflect
the economic situation of the system and it can be used for analysis and research. It can be
seen from Figure 8 that in the cost of SWRO, the OCEN accounts for the highest proportion
of the overall cost, exceeding 50% of the overall cost, and the remaining costs account
for a small proportion. It can be seen from Figure 9 that among the OT-MSF costs, the
OCST accounts for the highest proportion of the overall cost, followed by the system power
consumption cost, and the remaining costs account for a relatively low proportion. On the
whole, the operation cost of SWRO and MSF system is 1:2, and both account for the highest
proportion in the power consumption of the two processes.

4. Economic Evaluation of MSF-RO System

In order to quantitatively evaluate the economy and water production performance of
the MSF-RO system with different feeding modes, it is necessary to fix the water production
and water production ratio of each option. According to the research of Helal et al. [16],
assuming that the actual demand ratio of the hybrid seawater desalination plant is 1:2,
the MSF system of each hybrid system in this study stipulates that the water production
is 1000 m3/h, the SWRO system stipulates that the water production is 2000 m3/h. The
relationship between the water production flowrate of the two systems is 1:2, and the
overall water production flowrate is 3000 m3/h. The detailed model of the coupled system
with different structures are coded and implemented under the platform of GAMS 24.0, and
the IPOPT was used as the solver to solve the complex nonlinear programming problems.

4.1. Simulation of the MSF-RO System with Different Structures
4.1.1. The OT-MSF System and SWRO System with Independent Feed Water

The simulation results are shown in Tables 5 and 6. The water production of the hybrid
system is shown in Table 7. In this option, the total operating cost of the SWRO system
is 7012.21 CNY, of which the running energy consumption accounts for 65.13%. The unit
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price of SWRO system water production is 3.5061 CNY/m3. For the OT-MSF system, the
total operating cost is 7422.27 CNY, of which the running energy consumption accounts for
27.21%. Additionally, the unit price of OT-MSF water production is 7.4223 CNY/m3. Both
systems account for a large proportion of energy consumption costs.

Table 5. SWRO system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCIP 378.98 0.1895 0.0540
OCCH 903.90 0.4519 0.1289
OCEN 4567.25 2.2836 0.6513

OCMER 572.23 0.2861 0.0816
OCMN 210.37 0.1052 0.0300
OCLB1 333.33 0.1667 0.04754
OCWS1 46.16 0.0231 0.0066
OCRO 7012.21 3.5061 1

Table 6. OT-MSF system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCST 3193.96 3.1940 0.4303
OCEL 2019.28 2.0193 0.2721
OCMT 703.27 0.7033 0.0948
OCPR 355.45 0.3555 0.0479
OCLB2 904.15 0.9042 0.1218
OCWS2 246.15 0.2461 0.0332
OCMSF 7422.27 7.4224 1

Table 7. Overall water production in option 1.

Parameters SWRO MSF MSF-RO

Feed flowrate (m3/h) 3846.37 10,845.96 14,692.33
Production flowrate (m3/h) 2000 1000 3000
Blowdown flowrate (m3/h) 1846.38 9845.96 11,692.34

Water production ratio 0.52 0.09 0.20
Production concentration (kg/m3) 0.20 0 0.13

Production temperature (◦C) 25 33.23 27.74
Total price (CNY) 7012.21 7422.27 14,434.48

Unit price (CNY/m3) 3.5061 7.4224 4.81

It can be seen from Table 7 that the water production ratio of the SWRO system is
relatively high, at 0.52. The water production ratio of the MSF system is 0.092, and the water
production ratio of the MSF-RO system is 0.2. It can be seen that the seawater utilization
rate of the MSF system is low, and the water production ratio of the MSF-RO hybrid system
is improved compared with the MSF system. At the same time, compared with the MSF
system, the MSF-RO hybrid system reduces the unit price. Compared with the SWRO
system, the produced water quality is improved.

4.1.2. The BR-MSF and SWRO System with Independent Feed Water

The simulation results of the SWRO and BR-MSF system costs in option 2 are shown
in Tables 8 and 9. The total operating cost of the SWRO system is 7012.22 CNY, of which
the operating energy consumption accounts for 65.13%. The unit price of SWRO system
water production is 3.5061 CNY/m3. For the BR-MSF system, the total operating cost is
7397.14 CNY, of which the running energy consumption accounts for 26.81%. The unit
price of BR-MSF water production is 7.3971 CNY/m3. Combining Tables 7 and 9, it can be
seen that the unit price of BR-MSF water production in option 2 is lower than that of the
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OT-MSF system in option 1. Therefore, the BR-MSF system is more energy efficient than
the OT-MSF system to generate the same water resources.

Table 8. SWRO system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCIP 378.98 0.1895 0.0540
OCCH 903.90 0.4519 0.1289
OCEN 4567.25 2.2836 0.6513

OCMER 572.23 0.2861 0.0816
OCMN 210.37 0.1052 0.0300
OCLB1 333.33 0.1667 0.04754
OCWS1 46.16 0.0231 0.0066
OCRO 7012.22 3.5061 1

Table 9. BR-MSF system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCST 3285.80 3.2858 0.4442
OCEL 1983.25 1.9832 0.2681
OCMT 703.27 0.7033 0.0951
OCPR 239.30 0.2393 0.0324
OCLB2 888.02 0.8880 0.1200
OCWS2 297.50 0.2975 0.0402
OCMSF 7397.14 7.3971 1

It can be seen from Tables 7 and 10 that to produce the same volume of fresh water,
the feed water flowrate of the BR-MSF system is 34.7% less than that of the OT-MSF system.
So, the BR-MSF saves more water than OT-MSF. Moreover, the option 2 also improves the
water production ratio of the simple MSF system, reduces the water production price of the
MSF system and improves the water production quality of the SWRO system. Comparing
the overall water production of options 1 and 2, it can be found that the water production
ratio of option 2 is higher than that of option 1, because the water production economy of
BR-MSF system is better than that of the OT-MSF system.

Table 10. Overall water production in option 2.

Parameters SWRO MSF MSF-RO

Feed water flowrate (m3/h) 3846.37 7083.82 10,930.19
Production flowrate (m3/h) 2000 1000 3000
Blowdown flowrate (m3/h) 1846.38 11,900 13,746.38

Water production ratio 0.52 0.14 0.27
Production concentration (kg/m3) 0.20 0 0.13

Production temperature (◦C) 25 39.25 29.75
Total price (CNY) 7012.21 7397.14 14,409.35

Unit price (CNY/m3) 3.5061 7.3971 4.8031

4.1.3. The Last-Stage Flash Water of the OT-MSF System as the Feed Water of the
SWRO System

The cost simulation results of SWRO and OT-MSF systems in option 3 are shown in
Tables 11 and 12. Comparing Tables 7 and 13, the water production cost of the SWRO
and OT-MSF systems in option 3 is reduced by 120.3 m3/h and 92.66 m3/h. In options
1 and 3, the feed water flowrate of OT-MSF system is the same. In option 3, the feed
water of the SWRO system is part of the wastewater from the OT-MSF system. Due to the
high production temperature of the OT-MSF system, the permeation flux of the SWRO
system is improved, so the feed water flowrate of the SWRO system of option 3 is lower
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than that of the SWRO system of option 1. In addition, option 3 reduces the wastewater
management cost of the OT-MSF system. It can be seen from Table 13 that the blowdown
temperature of OT-MSF system is 33.23 ◦C, which is higher than the independent feed
seawater temperature of the original SWRO system. Therefore, the permeation flux of
SWRO system decreases, the water production ratio is improved, and the water production
cost of the whole system is reduced.

Table 11. SWRO system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCIP 365.19 0.1826 0.0530
OCCH 871.00 0.4355 0.1264
OCEN 4521.49 2.2607 0.6561

OCMER 551.42 0.2757 0.0801
OCMN 205.44 0.1027 0.0298
OCLB1 333.40 0.1667 0.0484
OCWS1 42.65 0.0213 0.0062
OCRO 6891.91 3.4460 1

Table 12. BR-MSF system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCST 3193.96 3.1939 0.4358
OCEL 2019.28 2.0193 0.2755
OCMT 703.27 0.7033 0.0959
OCPR 355.45 0.3555 0.0485
OCLB2 904.15 0.9042 0.1234
OCWS2 153.49 0.1535 0.0209
OCMSF 7329.61 7.3296 1

Table 13. Overall water production in option 3.

Parameters SWRO MSF MSF-RO

Feed flowrate (m3/h) 3706.40 10,845.96 14,552.36
Production flowrate (m3/h) 2000 1000 3000
Blowdown flowrate (m3/h) 1706.02 6139.56 7845.58

Water production ratio 0.54 0.09 0.21
Production concentration (kg/m3) 0.20 0 0.13

Production temperature (◦C) 33.23 33.23 33.23
Total price (CNY) 6891.91 7329.61 14,221.52

Unit price (CNY/m3) 3.4460 7.3296 4.7405

4.1.4. The Last-Stage Flash Water of the BR-MSF System Is the Feed Water of the
SWRO System

The cost-simulation results of SWRO and BR-MSF systems in option 4 are shown in
Tables 14 and 15. It is found from Tables 10 and 16 that due to the use of the blowdown
water with the heat of the BR-MSF system, the water production cost of SWRO and BR-MSF
systems in option 4 is lower than that in option 2. It can be seen from Tables 13 and 16 that
the water production ratio of the BR-MSF system is higher than that of the OT-MSF system.
Therefore, the water production ratio of option 4 is also higher than that of option 3, and
since the BR-MSF system is more economical in water production, the water production
cost of option 4 is also reduced compared to option 3. It also can be seen from the conclusion
of option 2. Based on the above data, compared with the above three options, option 4 is
the best structure with the lower operational cost.
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Table 14. SWRO system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCIP 378.98 0.1895 0.0544
OCCH 903.90 0.4519 0.1298
OCEN 4567.25 2.2836 0.6558

OCMER 572.23 0.2861 0.0822
OCMN 208.94 0.1045 0.0300
OCLB1 333.33 0.1667 0.0479
OCWS1 0 0 0
OCRO 6854.52 3.4273 1

Table 15. BR-MSF system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCST 3285.80 3.2858 0.4566
OCEL 1983.25 1.9832 0.2756
OCMT 703.27 0.7033 0.0977
OCPR 239.30 0.2393 0.0333
OCLB2 888.02 0.8880 0.1234
OCWS2 96.17 0.0962 0.0134
OCMSF 7195.81 7.1958 1

Table 16. Overall water production in option 4.

Parameters SWRO MSF MSF-RO

Feed water flowrate (m3/h) 3663.14 7083.82 10,746.95
Production flowrate (m3/h) 2000 1000 3000
Blowdown flowrate (m3/h) 1663.03 3846.86 5509.89

Water production ratio 0.55 0.14 0.28
Production concentration (kg/m3) 0.20 0 0.13

Production temperature (◦C) 39.25 39.25 39.25
Total price (CNY) 6854.52 7195.81 14,050.33

Unit price (CNY/m3) 3.4273 7.1958 4.6834

4.1.5. The Rejected Water of the BR-MSF System as the Feed Water of the SWRO System

In the option 5, rejected water in the BR-MSF system is used as the feed water of the
SWRO system. The cost simulation results of SWRO and BR-MSF systems in option 5 are
shown in Tables 17 and 18. The total operating cost of the SWRO system is 6833.22 CNY,
of which the operating energy consumption accounts for 65.84%. The unit price of SWRO
system water production is 3.4166 CNY/m3. For the BR-MSF system, the total operating
cost is 7287.39 CNY, of which the running energy consumption accounts for 27.21%. The
unit price of BR-MSF system water production is 7.2874 CNY/m3.

Table 17. SWRO system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCIP 358.64 0.1793 0.0525
OCCH 855.38 0.4277 0.1252
OCEN 4498.86 2.2494 0.6584

OCMER 541.01 0.2705 0.0792
OCMN 205.00 0.1025 0.0300
OCLB1 333.33 0.1667 0.0488
OCWS1 41.00 0.0205 0.0060
OCRO 6833.22 3.4166 1
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Table 18. BR-MSF system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCST 3285.80 3.2858 0.4509
OCEL 1983.25 1.9832 0.2721
OCMT 703.27 0.7033 0.0965
OCPR 239.30 0.2393 0.0328
OCLB2 888.02 0.8880 0.1219
OCWS2 187.75 0.1878 0.0258
OCMSF 7287.39 7.2874 1

According to Table 19, compared with the above four options, option 5 has the highest
water production temperature, reaching 42.25 ◦C. Option 5 uses the rejected water of
the BR-MSF system as the feed water of the SWRO system. This option increases the
temperature of the feed water of the SWRO system and improves the seawater utilization
rate of the BR-MSF system. So, the unit price of the BR-MSF system is lower than that of
option 2. However, compared with option 4, the total water production price of option 5 is
70.28 CNY higher than that of option 4. So, option 5 has insufficient economic advantages.

Table 19. Overall water production in option 5.

Parameters SWRO MSF MSF-RO

Feed flowrate (m3/h) 3639.91 7083.81 10,723.73
Production flowrate (m3/h) 2000 1000 3000
Blowdown flowrate (m3/h) 1639.91 7510 9149.91

Water production ratio 0.55 0.14 0.28
Production concentration (kg/m3) 0.20 0 0.13

Production temperature (◦C) 44.96 37.43 42.45
Total price (CNY) 6833.22 7287.39 14,120.61

Unit price (CNY/m3) 3.4166 7.2874 4.7069

4.1.6. The Rejected Water of the SWRO System as Part of the Feed Water of the
OT-MSF System

Differently from options 3, 4, and 5, in option 6, seawater and part of blowdown in the
SWRO system are used as feed water of the OT-MSF system. The cost simulation results
of SWRO and OT-MSF systems are shown in Tables 20 and 21. The total operating cost of
the SWRO system is 6964.63 CNY, of which the operating energy consumption accounts
for 65.58%. The unit price of SWRO system water production is 3.4823 CNY/m3. For
the OT-MSF system, the total operating cost is 7266.67 CNY, of which the running energy
consumption accounts for 27.28%. The unit price of SWRO system water production is
7.2667 CNY/m3.

Table 20. SWRO system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCIP 378.98 0.1895 0.0544
OCCH 903.90 0.4519 0.1298
OCEN 4567.25 2.2836 0.6558

OCMER 572.23 0.2861 0.0822
OCMN 208.94 0.1045 0.0300
OCLB1 333.33 0.1667 0.0479
OCWS1 0 0 0
OCRO 6964.63 3.4823 1
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Table 21. OT-MSF system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCST 3193.96 3.1940 0.4395
OCEL 1982.44 1.9824 0.2728
OCMT 703.27 0.7033 0.0968
OCPR 236.70 0.2367 0.0326
OCLB2 904.15 0.9042 0.1244
OCWS2 246.15 0.2461 0.0339
OCMSF 7266.67 7.2667 1

According to Table 19, option 6 uses the rejected water of the SWRO system as part of
the feed water of the OT-MSF system, which saves the feed water of the OT-MSF system,
comprehensively improves the quality of the water produced by the SWRO system, and
reduces the amount of blowdown. Compared with option 2, the total price of water
production in this option is reduced, and the water production ratio is reduced. This option
is more economical than the option 2 system. This is because the water production by the
SWRO system is reprocessed by the OT-MSF system, which reduces the cost of the entire
system. However, compared with option 3, the total water production price of this option is
higher. Because option 3 utilizes the waste heat of the OT-MSF system, the utilization rate
of water resources is improved. Based on the comparison of other options, the advantages
of option 6 are not outstanding.

4.1.7. The Rejected Water of SWRO System as Part of the Feed Water of BR-MSF System

In option 7, the seawater and part of blowdown in the SWRO system are used as
the feed water of BR-MSF system, which saves the feed water of BR-MSF system, com-
prehensively improves the water production quality of SWRO system and reduces the
blowdown. The simulation results are shown in Tables 22 and 23, and the water production
of the hybrid system is shown in Table 24. According to comprehensive Tables 24 and 25,
the unit price of SWRO system water production in options 6 and 7 are the same, both
being 3.4823 CNY/m3. Due to the economic advantages of the BR-MSF system in water
production, option 7 has lower water production price than option 6, but compared with
option 4, the economic advantages are insufficient. Because option 4 utilizes the waste heat
of the BR-MSF system, the utilization rate of water resources is improved.

Table 22. SWRO system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCIP 378.98 0.1895 0.0544
OCCH 903.90 0.4519 0.1298
OCEN 4567.25 2.2836 0.6558

OCMER 572.23 0.2861 0.0822
OCMN 208.94 0.1045 0.0300
OCLB1 333.33 0.1667 0.0479
OCWS1 0 0 0
OCRO 6964.63 3.4823 1

Table 23. OT-MSF system cost ratio table.

Cost Total Price (CNY) Unit Price (CNY/m3) Proportion

OCST 3285.80 3.2858 0.4537
OCEL 1946.41 1.9464 0.2688
OCMT 703.27 0.7033 0.0971
OCPR 120.54 0.1205 0.0166
OCLB2 888.02 0.8880 0.1226
OCWS2 297.50 0.2975 0.0411
OCMSF 7241.54 7.2415 1
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Table 24. Overall water production in option 4.

Parameters SWRO MSF MSF-RO

Feed water flowrate (m3/h) 3846.37 5237.43 9083.81
Production flowrate (m3/h) 2000 1000 3000
Blowdown flowrate (m3/h) 0 11,900 11,900

Water production ratio 0.52 0.14 0.33
Production concentration (kg/m3) 0.20 0 0.13

Production temperature (◦C) 25 39.25 29.75
Total price (CNY) 6964.63 7241.54 14,206.17

Unit price (CNY/m3) 3.4823 7.2415 4.7354

Table 25. Overall water production in option 6.

Parameters SWRO MSF MSF-RO

Feed water flowrate (m3/h) 3846.37 6999.59 10,845.96
Production flowrate (m3/h) 2000 1000 3000
Blowdown flowrate (m3/h) 0 9845.96 9845.96

Water production ratio 0.52 0.09 0.28
Production concentration (kg/m3) 0.20 0 0.13

Production temperature (◦C) 25 33.23 27.74
Total price (CNY) 6964.63 7266.67 14,231.30

Unit price (CNY/m3) 3.4823 7.2667 4.7438

4.2. Evaluation of System Economics and Water Production Performance
4.2.1. System Water Production Cost Evaluation

As shown in Figures 10 and 11, among the seven options, option 4 has the lowest water
production price at 4.6834 CNY/m3, and option 1 has the highest water production price at
4.8115 CNY/m3. Option 4 is that the last-stage flash water from the BR-MSF system is used
as the feed water of the SWRO system, which saves a lot of wastewater management costs
of the BR-MSF system. Although the unit price advantage of system water production is
not obvious, the total price of system water production is quite different.

Figure 10. Comparison of unit price.

Figure 11. Comparison of total price.
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4.2.2. System Blowdown Flowrate Evaluation

As shown in Figure 12, among the seven options, option 4 has the lowest blowdown
flowrate, with a blowdown flowrate of 5509.89 m3/h. Consistent with the comparison of
system water prices, option 4 has an advantage in terms of system water price because of
its blowdown flowrate.

Figure 12. Comparison of blowdown flowrate.

4.2.3. System Water Production Ratio Evaluation

As shown in Figure 13, in the seven options, the water production ratio is almost the
same, and the difference is not obvious. In comparison, option 7 has the highest water
production ratio because all wastewater of the SWRO system flows into the BR-MSF system,
which improves the overall water production ratio of the system. Comparing option 1 and
option 2; option 3 and option 4; and option 6 and option 7—when the MSF hybrid system
is the BR-MSF system, the corresponding option has more advantages in the comparison of
water production ratio.

Figure 13. Comparison of water production ratio.

4.2.4. System Water Production Temperature Evaluation

As shown in Figure 14, among the seven options, option 5 has the highest water
production temperature, followed by option 4. The water temperature of the SWRO system
depends entirely on the influence of the feed temperature. In the option 5, the condensed
water of the BR-MSF system in the coupling system is used as the feed water of the SWRO,
which increases the water temperature of the SWRO system and comprehensively increases
the water temperature of the entire option. In options 1, 2, 6, and 7, the temperature of the
SWRO system is completely affected by the seawater temperature, so the water produced
in the overall system is different from those in options 3, 4, and 5.
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Figure 14. Comparison of production temperature.

4.2.5. Comprehensive Evaluation

As shown in Table 26, based on the systematic evaluation of the above four aspects, the
seven hybrid options are comprehensively ranked in terms of water production price, blow-
down flowrate, water production ratio, and production temperature. The four evaluation
indexes are ranked by the advantages of low price, low flowrate, high water production
ratio, and high temperature.

Table 26. Number of variables with IDM.

Index

Rankin
No. 1 No. 2 No. 3 No. 4 No. 5 No. 6 No. 7

Price Option 4 Option 5 Option 7 Option 3 Option 6 Option 2 Option 1
Blowdown Option 4 Option 3 Option 5 Option 6 Option 1 Option 7 Option 2

Gained output ratio Option 7 Option 5 Option 4 Option 6 Option 2 Option 3 Option 1
Production temperature Option 5 Option 4 Option 3 Option 7 Option 2 Option 6 Option 1

It can be seen from the results that option 4 ranks first among the seven options in terms
of price and blowdown flowrate, and remains in the forefront in terms of water-making
ratio. However, there is little difference between options 5 and 4 in terms of water-making
ratio. Overall, option 4 has certain advantages and performs well in the four evaluation
indexes. For the option 1 and option 2, they all rank last in the four evaluation indexes,
with obvious disadvantages. The above results provide guidance for the feeding conditions
of the MSF-RO system, and provide a certain basis for the subsequent optimization of
system operation and the complexity of the hybrid option.

5. Conclusions

In addition to combining a new energy-driven system with RO or MSF seawater
desalination to achieve better economic and social benefits, studies of better combinations
of MSF-RO systems to obtain more techno-economic profits are also very attractive. In
this work, based on the mechanism models of RO and MSF processes, modeling and
structural optimization of hybrid MSF-RO system is carried out with the consideration
of seven coupled structures. The feeding, discharging, and mixing separation modules
of the system are modeled and the operational economics, the evaluation indexed are
built. Simulation and calculation of the hybrid system with the seven coupled structures
leading to the profiles of techno-economic performance as well as specific state values. The
results show that: the fourth structural option has the lowest operational cost with the
value of 4.6834 CNY/m3, which is obviously better than the other options. In addition, the
fourth structural option can achieve the lowest wastewater blowdown. For minimizing
the index of gained output ratio and production temperature, the seventh and the fifth
option rank the first. More than that, from the numerical simulation and analysis, the
evaluation index of the production price, blowdown flowrate, water production ratio, and
water production temperature can all be obtained as well as those important state variables.
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Our work is helpful for the optimal operation and design of the MSF-RO system with
detailed model-based numerical calculation. In the future work, more case studies for real
plant application and the optimal control will be focused.
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Abbreviations

a decay level of water permeability
Aw membrane water permeability (m·s−1·Pa−1)
Aw0 intrinsic membrane water permeability (m·s−1·Pa−1)
b decay level of TDS permeability
Bs membrane TDS permeability (m/s)
Bs0 intrinsic membrane TDS permeability (m/s)
Cb bulk concentration along feed channel (kg/m3)
Cf feed salt concentration (kg/m3)
Cm salt concentration of membrane surface (kg/m3)
Cp permeate concentration of RO unit (kg/m3)
Cr brine concentration (kg/m3)
Csp permeate concentration of permeate side (kg/m3)
FA irreversible degradation coefficient of Aw
FB irreversible degradation coefficient of Bs
Jv solvent flux (kg/m2·s)
Js solute flux (kg/m2·s)
L length of the RO channel (m)
MFA membrane performance coefficient of Aw
MFB membrane performance coefficient of Bs
MOD number of membrane module
Ncl cleaning frequency
nl number of leaves in RO module
npv number of pressure vessel
OC operational cost of whole process
OCEN energy cost of RO process
OCBP energy cost of boost pump
OCCH cost for chemicals
OCIP energy cost for intake and pretreatment
OCME cost for membrane replacement
OCMN cost for system maintenance
OCMNCON cost for conventional equipment maintenance
OCMNCL cost for membrane module cleaning
OCOT membrane cleaning cost for chemicals
OCPC membrane cleaning cost for other
Pb pressure along feed channel (bar)
Pelc electricity price
Pd pressure drop along RO spiral wound module (bar)
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Pf feed pressure (bar)
Pp pressure in permeate side (bar)
Pr brine pressure (bar)
Pri membrane price
PLF load coefficient
Qf feed flowrate (m3/h)
Qp permeate flowrate (m3/h)
Qr brine flowrate (m3/h)
WR water recovery ratio
SR salt rejection coefficient (%)
SEC specific energy consumption (kw·h/m3)
t operation time of membrane module (day)
tq membrane operation time after last cleaning
T feed (operational) temperature (K)
Vb axial velocity of bulk flow (m/s)
Vf axial velocity of feed flow (m/s)
Vr axial velocity of brine flow (m/s)
W width of the RO module (m)
Xcl membrane cleaning time
Xmr membrane replacing time
α1, α2, β1 constant parameters
Δπ pressure loss of osmosis pressure (bar)
ΔT time of each schedule period
ΔTcl membrane use time since last cleaning
ρ density of permeate water (kg/m3)
λ friction factor
ζ membrane replacing rate
εp mechanical efficiency of high-pressure pump
εpf energy recovery efficiency
b bulk
f module feed channel
m membrane surface
p permeate side
r brine side
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Abstract: Focusing on the problems of opaqueness and high energy consumption in coal-fired power
plant wastewater recycling processes, this paper studies the simulation and operational optimization
of coal-fired power plant wastewater treatment by taking a coal-fired power plant system in Inner
Mongolia as an example. Firstly, based on the solution–diffusion theory, pressure drop, and osmotic
concentration polarization, a mechanistic model equation for coal-fired power plant wastewater
treatment is developed. Secondly, the equation fitness and equation parameters are calibrated to
obtain an accurate model. Thirdly, the system is simulated and analyzed so as to obtain the influence
and change trajectories of different feed flowrates, temperatures, pressures, and concentrations on
various aspects of the system’s performance, such as water recovery rate, salt rejection rate, and so
on. Finally, in order to reduce the operating cost of the system, an optimization analysis is carried
out, with the lowest specific energy consumption and average daily operating cost as optimization
goals, and the performance changes of the system before and after optimization under three different
working conditions are compared. The results show that adopting the given optimal strategy can
significantly reduce the system’s operational cost. This research is helpful for the digitization and
low-carbon operation of coal-fired power plant wastewater treatment systems.

Keywords: coal-fired power plant wastewater; membrane; simulation; optimization; mechanistic
model

1. Introduction

With the advancement of industrialization and urbanization, the discharge of wastew-
ater has become increasingly uncontrolled, resulting in a series of environmental problems
and a global water shortage. As water usage is a key operational aspect of most industrial
processes, the generation of a large amount of industrial wastewater is inevitable [1,2].
With the significant increase in the world’s energy consumption, in order to meet the de-
mand for increasing electricity consumption, coal-fired power plants have been intensively
utilized [3]. Water is an essential and fundamental resource in thermal power plants with
various uses: as a make-up for boiler feed water, in the cooling of bearings and equipment,
and in various plant services. Nowdays, China has formed a coal-based energy production
structure with oil, natural gas, electricity, and other energies complementing each other.
Coal-based electricity accounts for about 90% of energy production [4]. Therefore, a large
amount of water is used in coal-fired power plants in China. It has become very important
to treat and reuse the wastewater from coal-fired power plants, especially in Central and
Western China, due to water shortages.

Compared with seawater, wastewater from coal-fired power plants has a high pH and
COD (chemical oxygen demand) and a complex water quality, which make treatment and
reuse very difficult [5]. Coal-fired power plants’ wastewater is mainly divided into two
categories: saline wastewater and organic wastewater [6]. Saline wastewater comes from
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recycling systems, such as circulating water systems and chemical water station drainage,
mainly containing inorganic salts, such as Cl−, SO4

2−, Na+, and Ca2+. Based on TDS,
it can be classified into low-saline and high-salt water. The TDS of low-saline water is
usually less than 10,000 mg/L and that of high-salt water is usually 10,000~20,000 mg/L.
The organic wastewater produced by coal-fired power plants comes from gasification
process wastewater, coal-water slurry, and black water of dry coal-pulverized entrained
flow gasification, etc. It mainly contains phenol, naphthalene, anthracene, and thiophene.
These are all refractory organics with poor biodegradability and are highly difficult to treat,
requiring biochemical treatment. Saline water makes up a large share of wastewater in
coal-fired power plants, and thus more efforts should be made to desalinate and reuse the
wastewater.

So far, the desalination methods for saline wastewater treatment from coal-fired power
plants mainly include membrane technology and thermal technology. Among them, mem-
brane technology mainly includes microfiltration (MF), ultrafiltration (UF), nanofiltration
(NF), and reverse osmosis (RO), etc. Thermal technology mainly includes multi-stage
flash (MSF), multiple effect distillation (MED), and vapor compression (VC), etc. [7–9].
Reverse osmosis (RO) technology is extensively adopted in the treatment of wastewater
from coal-fired power plants due to the advantages of high efficiency, simple operation, and
maintenance of biological activity [10,11]. However, the operational efficiency of RO-based
desalination systems is greatly affected by the feeding conditions of wastewater [12]. There-
fore, it is of great significance to study the inherent operating characteristics of RO-based
wastewater desalination systems so as to take effective measures to reduce the energy
consumption and operational costs of these systems. For this reason, a mechanistic model
is required to simulate and study the RO-based desalination process, at the same time
enabling the operational optimization of the process.

Reverse osmosis seawater (SWRO) desalination is a typical resource treatment method
of concentrated brine desalination. Malek et al. [13] established a model of a large-scale
seawater desalination plant, including seawater intake and a pretreatment model, a high-
pressure pump model, an energy recovery system model, and an RO process model. Based
on these models, a replacement plan for membrane elements, system investment cost, and
operating cost were provided, and an economic analysis was also carried out. Based on the
solution–diffusion theory, Al-Bastaki et al. [14] established a mechanistic model of hollow
fiber RO membranes, which considered the effects of pressure drops and concentration
polarization. Considering the complex spatiotemporal variability of the membrane modules
in the RO process, Karabelas et al. [15] proposed a “scale separation” global structured
modeling method to develop a comprehensive SWRO system model. Al-Enezi et al. [16]
gave the main structure of the RO system, which mainly includes one-stage, two-stage,
and two-pass RO devices, and analyzed the effect of feed concentration and temperature
on the salt rejection rate of the RO system. Oh et al. [17] gave a system model of SWRO
based on solution–diffusion theory and studied the relationship between recovery rate
and permeate flux and other performance aspects of the RO system. Kaghazchi et al. [18]
presented an RO system mechanistic model of two desalination plants in the Persian Gulf
region and analyzed the influence of operating parameters on system performance. Lu
et al. [19] established a mathematical model of the desalination process unit, predicted
the impact of operating parameters on the RO process under different conditions through
simulation analysis, and gave the relevant economic model.

Using a detailed mathematical model of the RO-based desalination process, the opti-
mized operation could be obtained by solving its corresponding optimization problem. In
2005, Marcovecchio et al. [20] established the mechanistic model of the hollow fiber mem-
brane system and the economic model of the RO system, discretized the model by using the
PR algorithm, and finally solved the optimization problem by GAMS. In 2007, Luo et al. [21]
used the average value of the parameters of the membrane element model simplification
of the differential solution operation. In 2013, Kim et al. [22] transformed the implicit
mathematical model of the desalination process into an explicit model by converting the
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exponential function into a second-order polynomial and tested the accuracy, rapidity, and
robustness of this method. In 2017, Gong et al. [23] used the finite element configuration
method to discretize the differential equations in the membrane RO process model and
optimized the solution by GAMS. In 2021, Blechschmidt et al. [24] used neural networks
to solve the differential equations; this method is significant for RO system performance
research.

In addition to using mechanistic modeling to analyze the RO process, some researchers
have proposed a new method in recent years. In 2021, Cai et al. [25] used artificial neural
network (ANN) and multilinear regression (MLR) techniques to model industrial RO
concentrate processing. The performance of the models in predicting total organic carbon
removal and sludge production in reverse osmosis concentrate treatment was evaluated and
the ANN model’s predictive accuracy was validated. In 2021, Wang et al. [26] developed
an ion transport model for RO, referred to as the solution–friction model, by rigorously
considering the mechanisms of partitioning and the interactions among water, salt ions,
and the membrane. Ion transport through the membrane is described by the extended
Nernst–Planck equation, with the consideration of frictions between species. The model is
validated using experimental measurements of salt rejection and permeate water flux in a
lab-scale, cross-flow RO setup. Lastly, the pressure drop distribution across the membrane
was analyzed by means of a framework. Bonny et al. [27] suggested a novel and efficient
approach to determining transmembrane pressure using Deep Reinforcement Learning
(DRL) and used a Deep Deterministic Policy Gradient (DDPG) agent to adjust the pressure
across a membrane.

The above studies provide strong support for the modeling and solution of the RO
process of membrane desalination, but most studies are mainly aimed at the desalination
process of seawater or specific brines. It is known that there are few studies on modeling the
wastewater treatment process of coal-fired power plants. Cai, Bonny, Salgado-Reyna, and
Al-Obaidi et al. [25,27–29] used intelligent algorithms to model and analyze the RO process.
These excellent studies used intelligent algorithms for research analysis; unfortunately,
there may be some uncertainty in the analytic process. In this study, a mechanistic modeling
method is applied to the treatment of coal-fired power plant wastewater so that the internal
operation of the RO membrane can be seen intuitively. Most studies which establish
mechanistic modeling are mainly aimed at the desalination process of seawater or specific
brines, and there are few studies on the treatment of coal-fired power plant wastewater.
Hence, a further improvement of the above models is required before they can be used for
the simulation and operational optimization of the membrane treatment process of coal-
fired power plant wastewater. Similarly, this study of coal-fired power plant wastewater
treatment is relevant to the study of actual plants.

Therefore, in order to realize the efficient operation of coal-fired power plant wastew-
ater treatment processes, this paper establishes a mechanistic model of an RO-based de-
salination system for coal-fired power plant wastewater treatment based on the theory of
dissolution and diffusion, energy conservation, and material conservation. Then, aiming at
the mismatch of model parameters, the parameters of the model are identified to obtain an
accurate coal-fired power plant wastewater membrane treatment process model. Finally,
the whole process is simulated and optimized to obtain the production process state and to
determine mutual influence relationships, as well as the optimal operation strategy, so as
to realize the optimal operation of the production process for the membrane treatment of
coal-fired power plant wastewater.

2. Process Flow of Coal-Fired Power Plant Wastewater

RO modules are mainly divided into two types: spiral wound RO modules and hollow
fiber RO modules. Compared with the hollow fiber RO module, the spiral wound RO
module has a more compact structure and a larger effective membrane area per unit volume,
so the spiral wound RO module is more popular [30]. Hence, this paper will analyze the
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spiral wound RO module. The process flow of a typical “zero-emission” coal-fired power
plant wastewater treatment system is shown in Figure 1.
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Figure 1. Typical process flow of coal-fired power plant wastewater.

It can be seen from Figure 1 that the coal-fired power plant wastewater process mainly
treats mine high-salt wastewater and desulfurization wastewater. The main process is
as follows: the high-salt wastewater of the mine is extracted from the mine by the high-
pressure pump and the impurities in the wastewater are removed by flocculation in the
regulating tank; subsequently, the mine wastewater enters the high-density sedimentation
tank. After dosing treatment, the wastewater passes through the multi-media filter, the
self-cleaning filter, and ultrafiltration to remove other impurities. Then, it enters the RO
modules to obtain fresh water and concentrated brine; after that the fresh water enters the
RO production tank for further conditioning to become usable water and the concentrated
brine enters the intermediate tank of the desulfurization wastewater process for further
treatment. The desulfurization wastewater treatment process removes impurities through
the adjustment tank and the first-level sedimentation tank and then the wastewater enters
the intermediate tank. The intermediate tank mixes the concentrated brine produced by
the mine’s high-salt wastewater process. The desulfurization wastewater is treated by
ultrafiltration, nanofiltration, and high-pressure reverse osmosis. Finally, the desulfuriza-
tion wastewater is evaporated and crystallized to obtain NaCl and NaSO4, realizing the
“zero-emission” treatment of coal-fired power plant wastewater.

With respect to the above process, this paper only analyzes the RO module in the
mine high-brine treatment process. The arrangements of RO membranes in common RO
modules mainly include one-stage, multi-stage, and multi-pass RO systems. This paper
studies and analyzes the RO device with a two-stage system, and its flow chart is shown
in Figure 2. After a series of treatments, the high-salt wastewater enters the RO device
module and after the high-pressure pump pressurizes the high-salt water is pressed into
the first-stage RO membrane for treatment to produce fresh water and concentrated bine
water. The concentrated brine enters the second-stage RO membrane through the booster
pump for treatment. In the same way, fresh water and concentrated brine can be obtained.
The fresh water produced from the two stages enters the RO production tank and the
concentrated brine enters the desulfurization wastewater treatment process and is treated
again to realize the resource utilization of coal-fired power plant wastewater. The first-stage
RO module consists of 12 pressure vessels; the second-stage RO module consists of 7
pressure vessels. Six membranes are connected in series in each pressure vessel.
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Figure 2. Flow chart of a two-stage RO plant.
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3. Modeling of the RO Process of Coal-Fired Power Plant Wastewater Treatment

Figure 3 shows the internal schematic diagram of the feed channel of spiral wound
RO modules [12,18,31,32]. The feed water passes through the membrane channel to obtain
fresh water and concentrated brine, respectively. The complete two-stage RO process
mathematical model includes a process transport model and a system model [33,34].

dz

L

W

Cf Qf, Vf
RO 

Membranes

Vr,Qr,Cr

Cp Qp, Vp

Figure 3. Schematic diagram of the inside of the feeding channel of the spiral wound RO modules.

3.1. RO Process Transport Model

Material conservation of solution:

Qp1 = Q f − Qr1 (1)

Material conservation of solute:

Q f Cf = Qp1Cp1 + Qr1Cr1 (2)

where Qf and Cf are the flowrate and concentration of the feed water, respectively. Qp1 and
Cp1 are the flowrate and concentration of the water production side of the first-stage RO
module, respectively. Qr1 and Cr1 are the flowrate and concentration of the concentrated
brine of the first-stage RO module, respectively.

The relationship between permeate flowrate and membrane parameters can be de-
scribed using the following equation:

Qp1 = nlw
L∫

0

Jv1dz = W
L∫

0

Jv1dz (3)

Solvent flux:
Jv1(z) = Aw(ΔPb1(z) − Δπ1(z)) (4)

Solute flux:
Js1(z) = Bs(Cm1(z) − Cp1(z)) (5)

Transmembrane pressure:

ΔPb1(z) = Pb1(z) − Pp1(z) (6)

Osmotic pressure difference:

Δπ1(z) = RT(Cm1(z) − Cp1(z)) (7)

Concentration polarization:

φ1(z) =
Cm1(z) − Cp1(z)

Cb1(z) − Cp1(z)
= exp(

Jv1(z)

kc1(z)
) (8)

where nl, w, L, and W are the number of leaves, width, effective length of the RO module,
and the total width of the RO module, respectively. Aw and Bs refer to the transport
parameters of the RO membrane for solvent and solute, respectively. Pb1(z) and Pp1(z) are the
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brine pressure and produced water pressure at the z position of the first-stage RO module,
respectively. Cm1(z) and Cp1(z) denote the brine concentration on the membrane surface at
the z position of the first-stage RO module and the permeate water concentration on the
permeate side, respectively. R and T are the gas constant and temperature, respectively.
∅1(z) is the concentration polarization phenomenon coefficient at the z position of the
first-stage RO module. Cb1(z) is the brine concentration at the z position of the first-stage RO
module. kc1(z) is the mass transfer coefficient at the z position of the first-stage RO module.

The above equations are integrated as follows:

Jv1(z) = Aw((ΔPb1(z) − Pp1(z))− RT(Cm1(z) − Cp1(z))) (9)

Js1(z) = Bs exp(
Jv1(z)

kc1(z)
)(Cb1(z) − Cp1(z)) (10)

Js1(z) = Jv1(z)Cp1(z) (11)

The formula for calculating the mass transfer coefficient kc1(z) of concentration polar-
ization is as follows:

Sh =
kc1(z)de

DAB1(z)
= k1Re0.875Sc0.25 (12)

Reynolds coefficient:

Re =
ρ1(z)Vb1(z)de

μ1(z)
(13)

Schmidt coefficient:
Sc = μ1(z)/(ρ1(z)DAB1(z)) (14)

Here, DAB1(z) is the dynamic viscosity. Re and Sc denote the Reynolds coefficient and the
Schmidt coefficient, and de is the equivalent diameter. k1 is the coefficient. ρ1(z) is the
brine density at the z position of the first-stage RO module. Vb1(z) is the superficial feed
velocity at the z position of the first-stage RO module. μ1(z) is the dynamic viscosity of the
solution at the z position of the first-stage RO module. The specific formulas of the above
parameters are as follows:

Dynamic viscosity:

DAB1(z) = γ1 · exp(γ2Cb1(z) −
2513

273.15 + T
) (15)

The density of brine in the channel:

ρ1(z) = a1M +
√

a2M2 + a3MCb1(z) (16)

The dynamic viscosity of brine in the channel:

μ1(z) = α · exp(βCb1(z) −
1965

273.15 + T
) (17)

Variable M:
M = k − b · T (18)

Here, γ1 and γ2 are the coefficients in the dynamic viscosity formula, which are
related to the temperature and composition of the solution, etc. a1, a2, a3, α, and β are the
coefficients in the regression equation of coal-fired power plant wastewater treatment, and
the variable M is inversely proportional to the temperature T.

The relationship between the local parameters of the RO module is as follows:
Local solution mass conservation:

Qb1(0) = Qb1(z) + Qp1(z) (19)
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Local solute material conservation:

Qb1(0)Cb1(0) = Qb1(z)Cb1(z) + Qp1(z)Cp1(z) (20)

where Qb1(0), Qb1(z), and Qp1(z) refer to the feed water flowrate in the first-stage RO module,
the brine water flowrate at the z position of the RO module, and the flowrate of the
permeate water side, respectively. Cb1(0), Cb1(z), and Cp1(z) represent the first-stage feed
water concentration, the brine concentration at the z position of RO module, and the
permeate water side concentration, respectively.

Local flowrate:
dQb1(z)

dz
= −dQp1(z)

dz
= −W Jv1(z) (21)

Pressure drop:

Pd1(z) =
1
2

ρ1(z)

z∫
0

λ
V2

b1(z)

de
dz (22)

λ = KλRe−0.3 (23)

Local velocity:

Vb1(z) = Vb1(0) −
2

εsp

L∫
0

Jv1(z)

H
dz (24)

Local salt concentration:

Cb1(z) =
Vb1(0)

Vb1(z)
Cb1(0) −

2Cp1(z)

εspVb1(z)

L∫
0

Jv1(z)

H
dz (25)

Among them, Pd1(z) is the pressure drop at the z position of the first RO module, kλ represents
the empirical value, Vb1(0) is the feed water flowrate in the first stage, εsp is the membrane
porosity, and H represents the height of the feed channel.

3.2. System Performance Model Equations

In the process of the RO modules shown in Figure 2, the RO modules of the two stages
are of the same type, so the structure and principle of the membrane elements of the two
stages are the same, and the above-mentioned transport model is also applicable to the
second stage. The system model only needs to express the relationship between the feed
water parameters of the second stage and the brine outlet of the first stage and the system
performance relationship.

The parameters of the second stage of feed water flowrate are expressed as follows:
The second-stage feed water flowrate:

Q f 2 =
Qr1 · NP1

NP2
(26)

The second-stage feed water concentration:

Cf 2 = Cr1 (27)

The second-stage feed water pressure:

Pf 2 = Pr1 + P_boost (28)

where NP1 and NP2 denote the number of pressure vessels in the first stage and the second
stage of the RO system, respectively. Pr1, Cr1, and Qr1 are the pressure, concentration
and flowrate of the first stage of brine treatment, respectively. Pf2, Cf2, and Qf2 refer to
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the pressure, concentration, and flowrate of the second-stage feed water, respectively.
P-boost represents the pressure of the booster pump.

Combining the above equations, the key performance parameters of the RO system
equations are as follows:

Water recovery rate:

Rec =
Qp1 + Qp2

Q f
× 100% (29)

Salt rejection rate:

Ry = (1 − Qp1 · Cp1(L) + Qp2 · Cp2(L)

Q f · Cf
)× 100% (30)

Specific energy consumption:

SEC =
Pf Q f /(εp · εVFD) + P_boost · Q f 2/εbp

Qp
(31)

Here, Qf, Cf, and Pf are the flowrate, concentration, and pressure of the feed water
of the RO modules, respectively. Qp1 and Qp2 represent the outlet water flowrate of the
first stage and the outlet water flowrate of the second stage, respectively. Cp1(L) and Cp2(L)
are the final concentrations of the first- and second-stage waters, respectively. εp, εVFD,
and εbp refer to the mechanical efficiency of the high-pressure pump, the mechanical
efficiency of the variable frequency drive, and the mechanical efficiency of the booster
pump, respectively.

4. Model Calibration and Simulation Analysis

4.1. Model Parameter Calibration

Since the parameters of the seawater desalination model do not fit in the coal-fired
power plant wastewater treatment model, the model is calibrated with the smallest variance
between the model calculated data and the data output by the design software as the
objective function. The optimization is solved by solvers, such as IPOPT and CONOPT of
the GAMS platform [20]. Its specific optimization proposition is as follows:

Objective function:

Min
Aw ,Bs ,Kλ ,k1,γ1,γ2

E(θ) = Min
Aw ,Bs ,Kλ ,k1,γ1,γ2

n

∑
i=0

ωi(yicalc − yimeas)
2

Such that:
f (x, u, v) = 0

AL
w ≤ Aw ≤ AU

w
BL

s ≤ Bs ≤ BU
s

KL
λ ≤ Kλ ≤ KU

λ
KL

1 ≤ K1 ≤ KU
1

γL
1 ≤ γ1 ≤ γU

1
γL

2 ≤ γ2 ≤ γU
2

where yicalc represents the calculated value of the model, yimeas represents the output value
of the design software, ωi represents the weight, the superscripts L and U refer to the lower
and upper bounds of the parameter, and the f (x, u, v) = 0 equation represents the RO
process model of the system.

Through the optimization and solution of the above proposition, we can obtain the
optimal model parameters and finally the correct mechanistic model for coal-fired power
plant wastewater treatment.

In order to better study the modeling and optimization process of the system, this
paper takes a coal-fired power plant wastewater resource utilization system in Inner
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Mongolia as an example. In the process flow chart shown in Figure 2, the RO device of this
system is a two-stage membrane module. The RO modules of this system use the PROC10
from Hydranautics. The PROC10 membrane module is an enhanced, low-polluting, low-
pressure RO composite membrane, which has the advantages of high salt rejection, a low
pressure drop, less fouling, easy cleaning, and a long life. The parameters of the membrane
module are shown in Table 1. The water quality parameters of the coal-fired power plant
wastewater at the feed port of the RO system are shown in Table 2.

Table 1. Membrane element property.

Membrane Property Unit Value

RO membrane model —— PROC10
Membrane material —— Aromatic polyamide composites
Maximum flowrate m3/h 240
Maximum pressure bar 41.4

Maximum temperature ◦C 45
Maximum SDI — 5
Effective area m2 479.7

Effective membrane leaf length m 0.91
Effective membrane leaf width m 0.704

Inlet mesh thickness mm 0.8636
Pump efficiency —— 0.75

Table 2. Water quality parameters of coal-fired power plant wastewater.

Property Result (mg/L) Property Result

K+ 89.00 Total alkalinity 16.4 mmol/L
Na+ 4030.00 Alkalinity, PPM CaCO3 16.2 mmol/L

1/2Ca2+ 268.54 Total silica 26.3 mg/L
1/2Mg2+ 36.45 Inactive silicon 7.1 mg/L

NH4
+ 8.12 TDS 13,668.0 mg/L

1/2Sr2+ 8.80 SS 8.0 mg/L
1/2Ba2+ 0.11 Ammonia nitrogen 6.30 mg/L
1/3Fe3+ 0.29 TUB 0.396 NTU

Cl− 2480.00 CODCr 51.0 mg/L
1/2SO4

2− 5201.00 PH (25 ◦C) 8.27
HCO3

− 964.12 Water temperature 15 ◦C
1/2CO3

2− 12.00 Water pressure 20.8 bar
NO3

− 445.9 Water flowrate 88.0 m3/h
F− 6.90 Water concentration 13,600.0 mg/L

We established and calibrated the RO system model, as the model of Hydranautics’
design software IMSDesign is confidential, and the software is calculated off-line and
cannot simulate the RO system in real time. When the plant was designed, it was simulated
in advance through the IMSDesign software. Hence, the GAMS calculation data were
first compared with the output data of the IMSDesign software, and the correctness of the
model was verified based on this. The above data were used as the input of the GAMS
platform and the IMSDesign software, respectively, and the results of the model calculation
were outputted. In view of the different calculation methods of the model, only the final
operating results of the RO system were compared, and the intermediate results of the RO
system were no longer compared. The comparison results are shown in Table 3.
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Table 3. Data comparison.

Data Sources
Concentration of the
First-Stage Permeate

(m3/h)

Concentration of the
Second-Stage

Permeate (m3/h)

Final Product Water
Concentration

(m3/h)

Second-Stage Inlet
Pressure (Bar)

Model data before correction 0.155 0.140 0.148 31.0
Corrected model data 0.228 0.489 0.308 32.1

IMSDesign’s data 0.192 0.495 0.289 31.4

From the comparison of the model data before and after correction in Table 3, it can be
seen that the calibrated parameters of the model improved the accuracy of the model. By
comparing the calculated data of the calibrated model with the data of the design software
IMSDesign, the maximum difference between the permeate concentration of each section
and the final permeate concentration was 0.036 m3/h; the errors of the first and second
stage were 15.7% and 1.2%, respectively; and the error of the feed water pressure was 2.2%.
Only the first stage had a large error with respect to the concentration of the produced
water; the rest of the errors were relatively small. In the actual operation of the power plant,
these errors are acceptable, and the validity of the model is proved for the first time.

To further verify the correctness of the model, the actual data for the plant were
compared with the output data of GAMS. Read the plant RO module feed water flowrate,
the feed water pressure, and the feed pump outlet concentration as inputs to the GAMS
simulation program. The feed concentration is converted by the read conductance value as
shown in Equation (32).

Cf = K ∗ EC25°C/1000 (32)

K represents the conversion coefficient, which is related to the impurity content in the
solution, and the value here is 0.67. EC25°C represents the conductivity value converted to
the reference temperature of 25 ◦C.

Three groups of available data are selected for calculation and comparison, among
which the readable data of the power plant and the output data of GAMS are shown
in Table 4. The feed water flowrate of the RO modules, the feed water pressure of the
first stage of the RO modules, and the outlet concentration of the feed pump are used as
the feeding conditions for GAMS simulation. From the table data, the errors of the RO
module permeate water flowrate are 6.26%, 5.77%, and 1.32%, respectively. The errors
of the feed water flowrate of the RO module booster pump are 7.59%, 2.41% and 16.43%,
respectively. The errors of RO module concentrated water flowrate are 12.97%, 5.57%, and
2.50%, respectively. The permeate water pressure errors of the first stage of the RO modules
are 0.05%, 4.53%, and 1.21%, respectively. The errors of the concentrated water pressure
of the RO modules are 2.10%, 2.65%, and 2.10%, respectively. The reason for the errors
between the power plant data and the GAMS output data may be the drift of the sensor, so
the above comparison data once again clarify the correctness of the model.
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Table 4. Comparison of power plant data and simulation data.

Properties
Data 1 Data 2 Data 3

Power Plant Data GAMS Data Power Plant Data GAMS Data Power Plant Data GAMS Data

Feed water
flowrate of RO

modules (m3/h)
64.4383 64.4383 72.7411 72.7411 79.7619 79.7619

Feed water
pressure of the
first stage (bar)

22.75 22.75 22.7885 22.7885 21.7115 21.7115

Feed pump outlet
conductivity

EC25◦C (μS/cm)
19,887.1 19,887.1 17,994.5 17,994.5 16,712.5 16,712.5

Water production
flowrate of the

first stage (m3/h)
— 34.9644 — 41.4348 — 45.0576

Water production
flowrate of the
second stage

(m3/h)

— 7.1106 — 8.1844 — 9.8966

RO module water
production

flowrate (m3/h)
44.8824 42.0750 52.6563 49.6192 55.6918 54.9542

Feed water
flowrate of RO

modules booster
pump (m3/h)

27.3962 29.4744 30.5708 31.3068 41.5293 34.7040

Concentrate
water flowrate of

RO modules
(m3/h)

19.7955 22.3636 21.9017 23.1224 25.4426 24.8073

Water production
pressure in the
first stage (bar)

22.2885 22.2993 23.2885 22.2517 21.3269 21.0693

Concentrated
water pressure of
RO modules (bar)

28.4423 29.0406 29.7500 28.9632 28.4423 29.0406

Salt rejection rate
(%) 97.4835 98.6559 98.7274 98.7235 97.4835 98.6559

4.2. Model Simulation Analysis

After verifying the validity of the model, the system performance changes correspond-
ing to different parameters were simulated and calculated. Through the simulation, the
internal states of the RO system can be displayed intuitively, so that those unmeasurable
states can be displayed. Figures 4–7 show the calculated results of the parameters given in
Tables 1 and 2 for the two-stage RO system. From the process flow chart shown in Figure 2,
it can be noted that there is a booster pump between the first stage and the second stage.
This booster pump of the RO system enables the feed flowrate, permeate flux, concentration
polarization, and other pressure-related parameters to jump in the second stage. In order
to fully demonstrate the performance changes of the RO system, all the following research
results show the calculation data for the first and second stages are shown in same figure.

It can be seen from the simulation results that the feed flowrate, permeate flux, and
concentration polarization of the two-stage membrane modules all show an approximate
linear decreasing trend. The main reason is that when the feed water is treated into fresh
water and concentrated brine, as the osmotic pressure of the RO modules increases, the
driving force remains unchanged and the feed flowrate, permeate flux, and concentration
polarization decrease. Since the brine concentration has little correlation with the increase in
feed water pressure, Figure 7 shows that the brine concentration in the membrane channel
continues to increase along the membrane channel.
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Figure 4. Variation curve of feed flow rate along the membrane channel.
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Figure 5. Variation curve of permeate flux along the membrane channel.
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Figure 6. Variation curve of concentration polarization along the membrane channel.
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Figure 7. Variation curve of brine concentration along the membrane channel.
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The above analysis has obtained the internal operation of the system. In order to
understand the characteristics of the system more comprehensively, the following analyzes
the influence of the coal-fired power plant wastewater flowrate, temperature, pressure, and
concentration at the inlet of the RO modules on the system performance. In the analytic
process, other parameters are fixed and only the analyzed variable parameter is changed;
then, the simulation calculation is carried out so as to observe the different effects of
different parameters of the coal-fired power plant wastewater at the entrance of the RO
modules on the system’s performance.

4.2.1. Effect of Feed Water Flowrate on System Performance

During the operation of the coal-fired power plants, the feed water flowrate of the
RO modules is unstable because the RO modules are not always in operation. It can be
seen from Table 1 that the maximum flowrate of the membrane module is 240.0 m3/h, so,
keeping other parameters unchanged, the influence of the membrane modules’ feed water
flowrate, from 60.0 m3/h to 216.0 m3/h, on system performance can be analyzed. The
analysis results for permeate flux, water production, water recovery rate, salt rejection rate,
and specific energy consumption are shown in Figures 8–11.

Analysis of the above results show that with the increase in the feed water flowrate
of the RO modules, the permeate flux increases, which leads to an increase in water
production, but if the feed water flowrate is too high, the water production becomes stable
or even decreases. The reason for the above phenomenon is that the velocity in the feed
channel is positively related to the feed water flowrate so that when the feed water flowrate
increases, the flowrate on the membrane surface increases correspondingly. When the
flowrate is less than 180 m3/h, the wastewater in the pipeline has enough time to penetrate,
so water production increases with the increase in the flowrate. However, when the feed
water flowrate is greater than 180 m3/h, the water does not have enough time to penetrate,
resulting in a decrease in water production.
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Figure 8. Effect of changes in feed water flowrate on permeate flux.
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Figure 9. Effect of changes in feed water flowrate on water production.
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Figure 10. Effects of changes in feed water flowrate on water recovery rate and salt rejection rate.
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Figure 11. Effects of changes in feed water flowrate on the specific energy consumption.

Figures 10 and 11 analyze the effect of feed water flowrate on system performance
parameters. Figure 11 shows that with an increase in the feed water flowrate, the water
recovery rate of the system decreases, while the salt rejection rate increases and the growth
rate of the salt rejection rate continues to slow down. Similarly, with the continuous increase
in flowrate, the residence time of the feed wastewater in the pipeline is greatly shortened.
In this case, neither water nor salt has enough time to pass to the permeate side, so the
water recovery rate decreases. As the feed water flowrate increases, the velocity at the
membrane surface increases, so the pressure rises, reducing the concentration polarization,
and thereby the salt rejection rate is slightly increased. Figure 11 shows that as the feed
water flowrate increases, the specific energy consumption also increases. With an increase
in the feed water flowrate, the velocity at the membrane surface increases, the pressure
in the pipeline rises, and more energy consumption is needed to produce water per unit
volume.

4.2.2. Effect of Feed Temperature on System Performance

The RO membrane is very sensitive to changes in the feed water temperature. There-
fore, we kept other parameters unchanged and analyzed the influence of feed temperature
from 5 ◦C to 25 ◦C on system performance. Figures 12–15 illustrate the effects of feed water
temperature on RO system performance.
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Figure 12. Effect of changes in feed water temperature on brine concentration.
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Figure 13. Effect of changes in feed water temperature on water production.
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Figure 14. Effects of feed water temperature changes on water recovery rate and salt rejection rate.
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Figure 15. Effect of changes in feed water temperature on specific energy consumption.

It can be seen from Figures 12 and 13 that as the feed water temperature increases, the
brine concentration in the membrane channel increases accordingly. The water production
of the RO modules also increases, and the water production increases (or decreases) by 0.3%
to 2.5% for every 1 ◦C increase (or decrease) in the feed water temperature. Since, with an
increase in the feed water temperature, the viscosity of water molecules decreases and the
diffusivity increases, and with an increase in the moving speed, the water production in-
creases, the brine concentration in the membrane channel also increases. Figures 14 and 15
illustrate the effects of temperature on system performance. As the temperature increases,
the water recovery rate of the system increases, while the salt rejection rate and specific
energy consumption decrease. An increase in the feed water temperature also accelerates
the movement of molecules so that the membrane modules pass through more water and
salt, and as the water recovery rate of the system increases, so the concentration of brine in
the pipeline will increase. An increase in permeated salt is accompanied by a decrease in
the salt rejection rate. The higher the temperature, the faster the water molecules move and
the less energy is required.
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4.2.3. Effect of Feed Water Pressure on System Performance

Keeping other parameters unchanged, we analyzed the influence of feed water pres-
sure from 12.0 bar to 30.0 bar on system performance. Figures 16–19 illustrate the effects of
feed water pressure on RO system performance.
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Figure 16. Effect of changes in feed pressure on brine concentration.
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Figure 17. Effect of changes in feed water pressure on water production.
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Figure 18. Effects of changes in feed water pressure on water recovery and salt rejection rate.
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Figure 19. Effect of changes in feed water pressure on specific energy consumption.
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From the analysis of the above figures, it can be seen that an increase in the feed water
pressure increases the brine concentration in the membrane channel, water production, and
the water recovery rate of the system. The increase in feed water pressure increases the
driving force of the RO module, resulting in an increase in water production. The increased
permeate water dilutes the salts permeating the membrane, resulting in a higher water
recovery rate. With an increase in pressure, the excessively high salt rejection rate increases
the concentration polarization, which leads to an increase in salt permeation, which offsets
the increased water production, resulting in a slight decrease in the desalination rate. As
the feed water pressure increases, the specific energy consumption first decreases and
then increases, so there is a minimum value. As the net pressure driving the RO modules
increases, the specific energy consumption required to generate a unit volume of permeate
water decreases. When the feed water pressure exceeds a certain value, the concentration
polarization is increased, which increases the specific energy consumption.

4.2.4. Effect of Feed Concentration on System Performance

Keeping other parameters unchanged, we analyzed the influence of feed concentration
from 10.0 kg/m3 to 27.0 kg/m3 on the system. Figures 20–23 demonstrate the effect of feed
pressure on RO system performance.

Figures 20 and 21 show that as the feed concentration increases, the osmotic pressure
increases, while the driving force remains unchanged, resulting in a linear downward
trend in water production and an increase in brine concentration in the membrane channel,
which eventually converges. This is because, with the increase in the feed concentration,
the osmotic pressure of the feed water becomes higher and the driving force decreases,
thereby reducing water production.
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Figure 20. Effects of changes in feed concentration on brine concentration.
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Figure 21. Effect of changes in feed concentration on water production.
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Figure 22. Effects of changes in feed concentration on water recovery and salt rejection rate.
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Figure 23. Effect of changes in feed concentration on specific energy consumption.

Figures 22 and 23 show that, as the feed concentration increases, water production
decreases, resulting in a decrease in water recovery rate. With an increase in feed con-
centration, a small amount of salt is permeated, but due to the tight structure of the RO
membrane and the rapid decline in water production, the permeated salt is offset so that
the salt rejection rate of the system increases slightly. The increase in the osmotic pressure
of the water supply and the decrease in the driving force require more energy consumption
per unit volume of water, so the specific energy consumption increases.

5. Operational Optimization of the Membrane Treatment Process for Coal-Fired Power
Plant Wastewater

Through the above simulation analysis, it is clear that the goal of the lowest specific
energy consumption and daily average operating cost of the system can be achieved by
adjusting the feed conditions of the system. Considering the actual operation of the coal-
fired power plant wastewater treatment system, the variables for optimal operation are
mainly the controllable factors of the RO system (the feed water pressure, the feed water
flowrate, and the pressure of the booster pump), but uncontrollable factors (feed water
temperature and feed water concentration) can also affect the performance of the system.

Therefore, in the operational optimization analysis for coal-fired power plant wastew-
ater treatment, the feed temperature was selected as 15 ◦C and 25 ◦C, respectively, and
the feed concentration was selected as 13.0 kg/m3 and 20.0 kg/m3, respectively. The
optimization analysis of the lowest specific energy consumption and the lowest average
daily operating cost under different working conditions was then carried out.

5.1. Operational Optimization Based on the Lowest Specific Energy Consumption
5.1.1. Establishment of the Optimization Proposition

The minimum specific energy consumption is the optimization goal, and its optimiza-
tion proposition can be expressed as follows:
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Objective function:
Min

Pf ,Q f ,P_boost
SEC

Constraints:
RO process model:

f (x, u, v) = 0

Device constraints:

PL
f ≤ Pf ≤ PU

f
QL

f ≤ Q f ≤ QU
f

P_boostL ≤ P_boost ≤ P_boostU

Superficial feed velocity for RO modules:

VL
f ≤ Vf ≤ Vf

U

Initial conditions:

Pb =

{
Pf , z = 0
Pr, z = L

Cb =

{
Cf , z = 0
Cr, , z = L

The superscripts L and U refer to the upper and lower limits of the parameters, and the
f (x, u, v) = 0 equation represents the RO process model of the system. The upper and
lower limits of the constraints are shown in Table 5.

Table 5. Operation limits.

Property Value

Maximum feed water pressure (bar) 41.4
Maximum feed water flowrate (m3/h) 240
Minimum feed water flowrate (m3/h) 24

Maximum pressure of booster pump (bar) 30
∅ 1.5

Maximum superficial feed velocity (m/s) 0.38
Minimum superficial feed velocity (m/s) 0.038

5.1.2. Running Optimization Analysis

Based on the operational optimization proposition with the lowest specific energy
consumption, solvers such as IPOPT and CONOPT are called through the GAMS platform
to optimize the solution with the lowest specific energy consumption as the optimization
goal. Under the setting parameters of the RO system for coal-fired power plant wastew-
ater treatment, the following three cases are considered, which are solved through the
GAMS platform, and the changes in system performance before and after optimization are
compared:

Case 1: The fixed feed water temperature is 15 ◦C and the feed concentration is
13.6 kg/m3.

Case 2: The fixed feed water temperature is 25 ◦C and the feed concentration is
13.6 kg/m3.

Case 3: The fixed feed water temperature is 15 ◦C and the feed concentration is
20.0 kg/m3.

A comparative analysis before and after optimization is carried out for the above
three situations. Before optimization, the fixed feed water pressure of the RO system for
coal-fired power plant wastewater is 20.3 bar, the feed water flowrate is 88.0 m3/h, and
the pressure of the booster pump is 12.0 bar. After optimization, considering the safety
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and actual operation of the coal-fired power plant wastewater RO system, the upper and
lower bounds of the operating pressure, the feed water flowrate, and the pressure of the
booster pump are given in Table 5, and, based on the optimization proposition with the
lowest specific energy consumption, the RO process is solved on the GAMS platform and
the performance parameters of the system before and after optimization are compared.

Case 1 is optimized and solved; the optimal feeding conditions are obtained: the feed
water pressure is 17.57 bar, the feed water flowrate is 72.1 m3/h, and the pressure of the
booster pump is 14.12 bar. Table 6 presents the comparison results before and after Case 1
system optimization. Compared with the values before optimization, the water recovery
rate of the optimized system increases by 11.2%, the salt rejection rate decreases by 0.8%,
and the specific energy consumption decreases by 0.431 kw·h/m3, which is 23.6% lower
than the original. The water recovery rate of the optimized system has been significantly
improved, and the specific energy consumption has been significantly reduced, achieving
the goal of reducing energy consumption. The salt rejection rate of the system has been
reduced by 0.8%, which is within an acceptable range. However, the performance of the
system is greatly improved.

Table 6. Performance comparison results before and after system optimization in Case 1.

System Performance Parameters Before Optimization Optimized

Water recovery rate (%) 63.3% 74.5%
Salt rejection rate (%) 99.3% 98.5%

Specific energy consumption (kw·h/m3) 1.826 1.395

The temperature in Case 2 is 25 ◦C and the rest of the parameters remain unchanged.
Case 2 is optimized and solved, and the optimal feeding conditions are obtained as follows:
the feed water pressure is 21.28 bar, the feed water flowrate is 91.0 m3/h, and the pressure
of the booster pump is 12.41 bar. Table 7 shows the comparison results before and after
system optimization. Before and after system optimization, the water recovery rate of the
system increases by 9.0%, the salt rejection rate decreases by 1.7%, and the specific energy
consumption decreases by 0.319 kw·h/m3, which is 18.6% lower than the original. Overall,
the performance of the optimized system is also greatly improved.

Table 7. Performance comparison results of the Case 2 system before and after optimization.

System Performance Parameters Before Optimization Optimized

Water recovery rate (%) 66.0% 75.0%
Salt rejection rate (%) 98.2% 96.5%

Specific energy consumption (kw·h/m3) 1.715 1.396

The feed concentration in Case 3 is 20.0 kg/m3 and other parameters remain un-
changed. Case 3 is optimized and solved, and the optimal feeding conditions are obtained
as follows: the feed water pressure is 20.25 bar, the feed water flowrate is 57.1 m3/h, and
the pressure of the booster pump is 11.52 bar. Table 8 shows the comparison results before
and after system optimization. Before and after the system optimization, the water recovery
rate of the system increases by 20.7%, the salt rejection rate decreases by 2.0%, and the
specific energy consumption decreases by 1.19 kw·h/m3, which is 42.6% lower than the
original. Although the salt rejection rate of the optimized system is reduced by 2.0%, the
overall performance of the system is greatly improved.

Combining the above three optimized systems with different operating conditions,
under the circumstance that the salt rejection rate of the optimized coal-fired power plant
wastewater does not decrease by more than 2.0%, the water recovery rate and specific
energy consumption of the system have been significantly improved. The purpose of
reducing the energy consumption of the system has been achieved.
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Table 8. Performance comparison results of Case 3 system before and after optimization.

System Performance Parameters Before Optimization Optimized

Water recovery rate (%) 44.2% 64.9%
Salt rejection rate (%) 99.6% 97.6%

Specific energy consumption (kw·h/m3) 2.795 1.605

5.2. Operational Optimization Based on the Lowest Average Daily Operating Cost
5.2.1. Economic Model of Coal-Fired Power Plant Wastewater Treatment Operation Cost

To achieve the goal of the lowest average daily operating cost, firstly, it is indispens-
able to establish a correct economic model of the operating cost of coal-fired power plant
wastewater treatment. Secondly, it is necessary to establish the correct optimization proposi-
tion. The optimization solution is carried out through the GAMS platform and the optimal
strategy for the operational optimization of coal-fired power plant wastewater treatment
can be obtained. The operating cost of the coal-fired power plant wastewater membrane
treatment system can be divided into the following main component costs:

1. The operating costs of the feed water intake and pretreatment system mainly include:
1© chemical addition cost (OCCH), including acid, added scale inhibitors and floccu-

lants, and other additives required to change hardness and composition; and 2© water
intake energy cost (OCIP).

2. Operating electricity (energy) consumption (OCEN), including the energy consump-
tion of coal-fired power plant wastewater intake systems, high-pressure pumps, and
booster pumps.

3. RO membrane replacement cost (OCME). According to the design and operating
conditions, it is calculated at a replacement rate of about 15–20%.

4. Maintenance cost (OCMN), including the maintenance costs for each element of the
entire system, such as membrane, high pressure pump, booster pump, motor, etc.

5. Labor cost (OCLB).

Among the above operating costs, the cost of chemical additives, water intake energy
consumption, and operating energy consumption are related to the flowrate of the system,
while the membrane replacement cost, maintenance cost, and labor cost are independent of
flowrate. The specific operating costs corresponding to each part are as follows [34]:

Chemical additive cost:
OCCH = kQ f (33)

where k is the conversion factor of chemical additive cost and Qf represents the feed water
flowrate of the RO system.

Water consumption cost:

OCIP =
Po · Q f · Pelc

ηIP
× PLF (34)

Here, P0 refers to the outlet pressure of the intake pump, Qf represents the feed water
flowrate of the RO system, PLF is the load factor, Pelc denotes the electricity price, and ηIp
is the efficiency of the coal-fired power plant wastewater intake pump.

Operating energy cost:

OCEN =

[
Pf Q f /(εp · εVFD) + P_boost · Q f 2/εbp

Qp

]
· Pelc (35)

The operating energy cost mainly includes the energy consumption of the high-
pressure pump and the booster pump. Pf represents the feed water pressure of the RO
system. Qf2 and Qp are the feed water flowrate of the second-stage RO module and the
final water flowrate of the RO system, respectively.
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RO membrane replacement cost:

OCME = PriME · NM · ζre/360 (36)

where PriME denotes the unit price of RO membrane elements, NM is the total number of
membrane elements of the RO system, and ζre represents the replacement rate of membrane
modules.

When studying the average daily operating cost of the RO system for coal-fired power
plant wastewater treatment, the RO cleaning and maintenance costs can be ignored, so the
maintenance cost of the system can be expressed as the following equation:

Maintenance cost:
OCMN = OCMNCON = ωOCRO (37)

Labor cost:
OCLB = PriLB · NLB (38)

NLB = Qp · NP/100 (39)

ω is the proportion of maintenance costs, NLB refers to the number of labor tasks, and
Qp represents the final water flowrate of the RO system.

Total operating cost:

OC = OCIP + OCEN + OCMER + OCMN + OCCH + OCLB
= OCIP + OCEN + OCMER + OCMNCON + OCCH + OCLB
= OCIP + OCEN + OCMER + 0.03OCRO + OCCH + OCLB
= (OCIP + OCEN + OCMER + OCCH + OCLB)/0.97

(40)

5.2.2. Establishment of the Optimization Proposition

The lowest average daily operating cost of the coal-fired power plant wastewater
RO system is the optimization goal, and its optimization proposition can be expressed as
follows:

Objective function:
Min

Pf ,Q f ,P_boost
OC

Constraints:
RO process model:

f (x, u, v) = 0

Operational cost model:
g(x, u, v) = 0

Device constraints:

PL
f ≤ Pf ≤ PU

f
QL

f ≤ Q f ≤ QU
f

P_boostL ≤ P_boost ≤ P_boostU

Superficial feed velocity for RO modules:

VL
f ≤ Vf ≤ Vf

U

Initial conditions:

Pb =

{
Pf , z = 0
Pr, z = L

Cb =

{
Cf , z = 0
Cr, , z = L
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The superscripts L and U refer to the upper and lower limits of the parameters, the equation
f (x, u, v) = 0 represents the RO process model of the system, and g(x, u, v) = 0 represents
the operational cost model of the system.

5.2.3. Running Optimization Analysis

Based on the operational optimization proposition with the lowest average daily oper-
ating cost, solvers such as IPOPT and CONOPT are called through the GAMS platform to
optimize the solution with the lowest average daily operating cost as the optimization goal.
Under the setting parameters of the RO system for the coal-fired power plant wastewater
treatment, the three operating conditions with the same optimization proposition with the
lowest specific energy consumption are solved by the GAMS platform and the changes in
the average daily operating costs of the system before and after optimization are compared:

Case 1: The fixed feed water temperature is 15 ◦C and the feed concentration is
13.6 kg/m3.

Case 2: The fixed feed water temperature is 25 ◦C and the feed concentration is
13.6 kg/m3.

Case 3: The fixed feed water temperature is 15 ◦C and the feed concentration is
20.0 kg/m3.

Before optimization, the fixed feed water pressure of the RO system for coal-fired
power plant wastewater treatment is 20.3 bar, the feed water flowrate is 88.0 m3/h, and the
pressure of the booster pump is 12.0 bar. After optimization, the upper and lower bounds
of the feed water pressure, feed water flowrate, and booster pump pressure are given
based on the consideration of the safety and actual operation of the coal-fired power plant
wastewater RO system. Based on the optimization proposition with the lowest average
daily operating cost, the RO process is solved on the GAMS platform and the performance
parameters of the system before and after optimization are compared.

Among the system operating costs, labor costs, system maintenance costs, and mem-
brane replacement costs have nothing to do with flowrate, so these values are fixed before
and after optimization, but the proportions of these values change due to changes in other
costs. Correspondingly, the energy consumption cost of pretreatment, chemical cost, and
operating energy cost are related to the feed parameters of the system, so these values vary
before and after optimization.

Table 9 and Figure 24 show the comparison results before and after system opti-
mization. Under the operation of Case 1, the overall operating cost of the system before
optimization is 3481.8 CNY/day, the cost of chemical agents accounts for 8.2%, the cost
of operating energy accounts for 47.0%, and the cost of pretreatment energy accounts for
6.0%. After optimization, the overall operating cost of the system is 2954.9 CNY/day,
which is 15.2% lower than that before optimization. The cost of chemical agents is reduced
by 18.4%, the cost of operating energy consumption is reduced by 26.7%, and the cost of
RO pretreatment energy consumption is reduced by 18.4%. It can be clearly seen that the
operating cost of the RO system has been greatly reduced after the optimization of the RO
system. The orange shading in Figure 24 represents the daily average operation cost of the
RO system after optimization, the green represents the reduction in the daily average cost
after optimization, and the total height represents the daily average operating cost before
system optimization.

Table 10 and Figure 25 show the results before and after system optimization. Under
the operation of Case 2, the overall operating cost of the system before optimization is
3447.3 CNY/day, the cost of chemical agents, the energy cost of the RO process, and the
cost of operating energy consumption accounts for 8.3%, 52.4%, and 46.4%, respectively.
After optimization, the total system operating cost is 2984.9 CNY/day, which is 13.4%
lower than that before optimization. The cost of chemical agents is reduced by 15.0%, the
operating energy consumption cost reduced by 15.0%, and there is an 18.4% reduction in
pretreatment energy costs. It can be clearly seen that the operating cost of the RO system
has been greatly reduced after the optimization of the RO system.
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Table 9. Operational composition before and after RO system optimization.

Related Parameters
Before Optimization After Optimization

Value (CNY/Day) Proportion (%) Value (CNY/Day) Proportion (%)

Water intake energy cost (OCIP) 208.0 6.0 169.8 5.7
Chemical cost (OCCH) 285.0 8.2 232.6 7.9

Running energy cost (OCEN) 1635.7 47.0 1199.4 40.6
RO membrane replacement cost (OCME) 273.1 7.9 273.1 9.2

Maintenance cost (OCMN) 180.0 5.1 180.0 6.1
Labor costs (OCLB) 900.0 25.8 900.0 30.5

Total cost of RO system (OC) 3481.8 100.0 2954.9 100.0
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Figure 24. Comparison of the average daily operating costs of the system before and after optimiza-
tion.

Table 10. Operational composition before and after RO system optimization.

Related Parameters
Before Optimization After Optimization

Value (CNY/Day) Proportion (%) Value (CNY/Day) Proportion (%)

Water intake energy cost (OCIP) 208.0 6.0 176.7 5.9
Chemical cost (OCCH) 285.0 8.3 242.2 8.1

Running energy cost (OCEN) 1601.2 46.4 1212.9 40.6
RO membrane replacement cost (OCME) 273.1 8.0 273.1 9.2

Maintenance costs (OCMN) 180.0 5.2 180.0 6.0
Labor costs (OCLB) 900.0 26.1 900.0 30.2

Total cost of RO system (OC) 3447.3 100.0 2984.9 100.0
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Figure 25. Comparison of the average daily operating costs of the system before and after optimiza-
tion.

Table 11 and Figure 26 show the results before and after system optimization. Under
the operation of Case 3, the overall operating cost of the system before optimization is
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3593.7 CNY/day, the cost of chemical agents accounts for 7.9%, the cost of operating energy
accounts for 48.6%, the cost of pretreatment energy consumption accounts for 5.8%. After
optimization, the overall operating cost of the system is 2682.6 CNY/day, which is 25.4%
lower than that before optimization. The cost of chemical agents is reduced by 36.3%, the
cost of operating energy consumption is reduced by 41.9%, and the cost of RO pretreatment
energy consumption is reduced by 36.3%. It can be clearly seen that the operating cost of
the RO system has been greatly reduced after the optimization of the RO system.

Table 11. Operational composition before and after RO system optimization.

Related Parameters
Before Optimization After Optimization

Value (CNY/Day) Proportion (%) Value (CNY/Day) Proportion (%)

Water intake energy cost (OCIP) 208.0 5.8 132.6 4.9
Chemical cost (OCCH) 285.0 7.9 181.6 6.8

Running energy cost (OCEN) 1747.6 48.6 1015.3 37.9
RO membrane replacement cost (OCME) 273.1 7.6 273.1 10.2

Maintenance costs (OCMN) 180.0 5.0 180.0 6.7
Labor costs (OCLB) 900.0 25.1 900.0 33.5

Total cost of RO system (OC) 3593.7 100.0 2682.6 100.0
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Figure 26. Comparison of the average daily operating costs of the system before and after optimiza-
tion.

In summary, the increase in feed temperature reduces the average daily operating
energy consumption of the system and the increase in feed concentration increases the daily
average operating energy consumption of the system. For the operational optimization
analysis under the above three different operating conditions, after the optimization, the
daily average total operating cost of the system has decreased significantly, reaching the
goal of reducing the average daily operating cost.

6. Conclusions

RO technology is important not only for seawater desalination but also for coal-fired
power plant wastewater treatment. In this paper, a coal-fired power plant system in In-
ner Mongolia was taken as an example to study the simulation and optimization of the
membrane treatment process of coal-fired power plant wastewater. Firstly, based on the
solution–diffusion theory, pressure drop, and osmotic concentration polarization phenom-
ena, a mechanistic model equation of the RO process of coal-fired power plant wastewater
treatment was completed by drawing on the seawater desalination process. Through
the correction of model parameters, a system model suitable for coal-fired power plant
wastewater treatment was obtained. Secondly, in view of the opaqueness of the resource
treatment process, a simulation analysis of the coal-fired power plant wastewater treatment
process was carried out and internal data for the coal-fired power plant wastewater RO
treatment process were obtained, realizing the transparent management of the system.
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Finally, an optimization analysis of the coal-fired power plant wastewater treatment system
was carried out.

Focusing on the problem of high energy consumption in the resource treatment of
coal-fired power plant wastewater by the RO process, an optimization and analysis of
a coal-fired power plant wastewater RO treatment system was carried out. To begin
with, an optimization analysis of three different working conditions was performed, with
the lowest specific energy consumption as the optimization goal. The water recovery
rate was increased by 11.2%, 9.0%, and 20.7%, and the specific energy consumption was
decreased by 23.6%, 18.6%, and 42.6%, respectively, which fully proved the effectiveness
of the optimization strategy. Afterwards, taking the lowest average daily operating cost
as the optimization goal, the same three working conditions were analyzed. The average
daily operating costs of the system were reduced by 526.9 CNY/day, 462.4 CNY/day,
and 911.1 CNY/day, which also proved the effectiveness of the optimization strategy.
Therefore, the simulation and optimization research on the recycling process of coal-fired
power plant wastewater presented here can promote the treatment of coal-fired power
plant wastewater and is significant for the development of zero-emission coal-fired power
plant wastewater treatment systems.
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Abstract: Technologies for obtaining drinkable water are becoming more important as global
water consumption steadily increases and climate change progresses. One possibility for obtaining
water is the extraction of water vapor from ambient air by means of air water generators (AWG).
Previous studies in the field of AWG have mainly dealt with the condensation of humidity on cold
surfaces with a cooling system or with absorption and thermal desorption. In this paper, another
possibility for AWG is investigated, specifically AWG using absorption and reverse osmosis. For this
purpose, models have been set up for an absorber operated in countercurrent and reverse osmosis
membrane modules operated in co-current and countercurrent. With these models, simulations with
different boundary conditions were then carried out using the programming language Python. The
simulations have shown that the reverse osmosis membrane modules operated in countercurrent
generally have a lower energy demand and require fewer reverse osmosis stages than those operated
in co-current.

Keywords: absorption; reverse osmosis; heat transfer; mass transfer; process modeling; air water
generation; modeling; simulation

1. Introduction

Water shortage is a global issue. Competition for fresh water is expected to intensify
further as a result of increasing population and climate change [1]. Not only arid regions
such as Northern Africa or the Middle East but also, for example, Central and Mediter-
ranean Europe are increasingly affected [2]. According to the World Health Organization
and Unicef, half of the world’s population will be living in water-stressed areas by 2025,
and only approximately 80% of the world’s population will have access to safe drinking
water at home by 2030, leaving 1.6 billion people without [3]. Physically, there is enough
fresh liquid water on the earth’s surface in the form of lakes and rivers to supply hu-
mankind. This amount corresponds to a volume of about 90,000 km3 [4]. However, there
are many regions without sufficient natural drinking water resources. In regions where
access to seawater or polluted water is available, desalination or wastewater treatment
plants can be used to provide clean water [5]. In case seawater is available, reverse
osmosis with membranes is normally used due to the high energy efficiency [6]. If no
access to liquid water exists, the water must be transported to the recipients by land or air.
In many regions affected by water shortages, large facilities that provide clean water in
sufficient quantities do not exist, and transport by land or air seems not feasible. Another
potential source is the atmosphere, where the water is stored in the form of water vapor.
The earth’s atmosphere contains so much water vapor that in its liquid state it would
have a volume of about 13,000 km3, which is about one seventh the volume of fresh water
on the earth’s surface [4].

In order to extract water from the atmosphere, currently either the condensation of
air humidity on cold surfaces with a cooling system or sorption with classical desorption
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(especially by increasing the temperature) is used [7,8]. However, these processes are
very energy-intensive. One possible alternative is the combination of two established
processes, absorption and reverse osmosis. With a salt solution, water is extracted from
the ambient air and subsequently expelled from the aqueous salt solution using multiple
reverse osmosis stages instead of desorption. Fill et al. have shown the feasibility of
water extraction from the ambient air using this combination [9]. The results in terms of
specific energy demand were promising but roughly comparable to those of conventional
processes. This makes it necessary to improve the level of detail of the modeling and to
investigate process variants. In this way, it can be clarified whether there is potential for
savings so that the process can stand out from conventional processes. In the modeling,
all state and process variables as well as all key figures are to be recalculated for each
finite element. Furthermore, the reverse osmosis process is to be run in countercurrent
operation in order to increase the average difference of the chemical potential and thus
the water flow through the membranes.

2. Materials and Methods

2.1. Absorbents

The absorbent utilized in the two sub-processes, absorption and reverse osmosis,
has to meet specific requirements. However, these requirements are in direct conflict
with one another. On the one hand, the mass fraction of the solute must be maximal to
exhibit low water vapor partial pressures in order to absorb enough water vapor from
the air, and on the other hand, the mass fraction of the solute must be minimal for low
osmotic pressures. For this reason, a variety of different absorbents were evaluated,
with aqueous salt solutions containing lithium bromide (LiBr), lithium chloride (LiCl),
sodium hydroxide (NaOH), and potassium hydroxide (KOH) proving to be particularly
effective. Lithium bromide was eventually chosen for the further investigations because it
can attain the lowest water vapor partial pressures and has the lowest toxicity values [9].

2.2. Conceptual Design of Reverse Osmosis Based Air Water Generator

Conventional reverse osmosis membrane modules have no inlet on the permeate side
and can usually only be operated up to a maximal pressure of about 120 bar [10]. Since
osmotic pressures of up to 2000 bar have to be overcome for salt solutions with salt mass
fractions of up to w ≈ 0.5, Fill et al. presented a configuration that still allows reverse
osmosis to be used [9]. In order to reduce the osmotic pressure, an inlet is added on the
permeate side, where a salt solution of lower concentration than in the feed is introduced.
Figure 1 shows an exemplary representation of this configuration. The slightly lower
concentrated permeate of the first module enters the second module as feed and the
retentate of the second module is subsequently reintroduced into the first module as
permeate inlet.

Figure 1. Multi-stage reverse osmosis [9].

This configuration reduces the osmotic pressure across the membrane, which can be
calculated from the chemical potential using the following Equation [11] p. 306.
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Π = p2 − p1 = −R T
Ṽj

ln
aj,2

aj,1
= −R T

Ṽj
ln

xj,2 γj,2

xj,1 γj,1
(1)

This modification distributes the osmotic pressure over several modules, but the
total pressure to be applied remains the same and thus also the required pump energy.
Therefore, pressure exchangers (PX) are used to recover part of the pressure energy. Their
efficiency can be calculated as follows.

ηPX =
∑
(

p V̇
)

out

∑
(

p V̇
)

in
(2)

Pressure exchangers are commonly used in seawater reverse osmosis processes and
have an efficiency of up to 95% [12]. By using such pressure exchangers, booster pumps
are no longer necessary before each module, employing a booster pump once the pressure
falls below a certain limit is sufficient. As a result, there is a massive reduction in the total
pressure that must be exerted with pumps.

2.2.1. Co-Current Multi-Stage Reverse Osmosis

Figure 2 shows the schematic of the entire process for an arbitrary number of co-
current reverse osmosis membrane modules. A pressure exchanger is placed between
each successive pair of reverse osmosis membrane modules. Additionally, one is placed
between the second last and first membrane module, which leads to a significant reduction
in the overall energy demand of the pumps.
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Figure 2. Process schematic for an AWG with absorption and co-current multi-stage reverse osmosis
from [9].

2.2.2. Countercurrent Multi-Stage Reverse Osmosis

Figure 3 shows the schematic of the entire process for an arbitrary number of coun-
tercurrent reverse osmosis membrane modules. As with the co-current process, a pressure
exchanger is placed between two successive and between the second last and first mem-
brane module to reduce the overall energy demand of the pumps.

199



Membranes 2021, 11, 913

PX

RO-1

RO-(N-2)

RO-N

RO-2

PX

PX

PX

PX

RO-(N-1)
Additional 

filter
Expansion 

valve

Water tank

Optional 
pump

Optional 
pump

Pump

Ventilator

Optional 
pump

Optional 
pump

Absorber

Figure 3. Process schematic for an AWG with absorption and countercurrent multi-stage
reverse osmosis.

2.3. Modeling

The following models are all assuming steady state operation. The thermodynamic
properties of the aqueous lithium bromide solution are determined using Hirschberg’s
mathematical fits [13] pp. 788–789. For certain transport properties, mathematical fits
of an engineering equation solver from the University of Maryland were used [14]. The
vapor pressures of water are calculated using the Antoine Equation [15] p. 439.

2.3.1. Absorber

The absorber is modeled as a falling film absorber, with thin plates arranged side by
side providing the surface for the down-flowing salt solution. Air flows into the absorber
from the bottom and flows along the salt solution towards the upper end of the absorber;
thus the air and the salt solution are in countercurrent flow.

Assumptions

To model the absorber, the following simplifying assumptions were made:

• The pressure p in the aqueous lithium bromide solution is constant.
• The total pressure ptot of the air is constant.
• The liquid film is flat and has no surface waves.
• The film thickness is considered constant along the height of the absorber column.
• The inlet mass flow rate of the solution and the inlet volume flow rate of the air are

assumed to be constant and are calculated according to Appendices B and C of [9].
• The conditions of the air and solution are constant at a given height of the absorber.

These assumptions simplify the model significantly. For a more accurate model,
which, however, would also require significant more computational power, the absorber
could be discretized in two dimensions or the influence of wave dynamics could be
included [16,17].

Correlations

In the absorber, a turbulent air flow is desired. According to the VDI Heat Atlas,
the Nusselt number for a plane gap with turbulent flow (Re > 3 × 104) can be calculated
with the following correlation [18] p. 807.

ζ =
(
1.8 log10(Re)− 1.5

)−2

Nu =
(ζ/8)(Re − 1000)Pr

1 + 12.7
√

ζ/8
(

Pr2/3 − 1
)
[

1 +
1
3

(
dh
x

)2/3
]

(3)
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The hydraulic diameter dh for a plane gap is defined as dh = 2 s, where s is the
gap thickness. By calculating the Nusselt number at each position x in the absorber,
position-dependent heat and mass transfer coefficients are obtained.

Calculations of the Absorber

The absorber is divided into a finite number of elements i and for each of these
elements the following calculations are performed.

Before performing the heat and mass transfer calculations, the dry air mass flow rate
of the incoming moist air must be calculated, as it is constant throughout the absorber.

ṁa,dry = (ptot − pw)
V̇a

Ra Ta
= const. (4)

ptot is the total pressure and pw is the water vapor partial pressure of the air.
Similar to the mass flow rate of the dry air, the salt mass flow rate in the absorber

remains constant.
ṁLiBr = ṁsol wLiBr = const. (5)

The previously calculated Nusselt number can now be used to calculate the heat
transfer coefficient αi and therefore the heat flow Q̇i.

Q̇i = αi Ai (Ta,i − Tsol,i) (6)

The water mass flow ṁw,i absorbed by the salt solution is calculated with the mass
transfer coefficient βi, which is defined by the dimensionless Lewis number (approxi-
mately 1 for an air–water vapor mixture [18] p. 1945).

ṁw,i = βi Ai ρ
(

Xa,i − Xvap
a,i

)
(7)

Therein, Xvap
a,i is the mass load over the salt solution in kg of water per kg of dry air.

With the water mass flow rate ṁw,i, the enthalpy flow Ḣi can then be calculated.

Ḣi = ṁw,i
(
Δhv + ϑa,i cp,vap

)
(8)

With the dry air mass flow rate, heat flow, and enthalpy flow, the energy balance for
the air can now be set up and solved for each element i.

ṁa,dry (ha,i+1 − ha,i)− Q̇i − Ḣi = 0 (9)

Analogously, the energy balance for the salt solution is also set up and solved for
each element i.

ṁsol,i (hsol,i−1 − hsol,i) + Q̇i + Ḣi = 0 (10)

Further, the mass balance for the air is set up and solved for each element i.

ṁa,dry (Xa,i+1 − Xa,i)− ṁw,i = 0 (11)

Analogously, as with the energy balance, the same is done for the salt solution.

ṁLiBr (Xsol,i−1 − Xsol,i) + ṁw,i = 0 (12)

In Equations (11) and (12), Xa and Xsol denote the mass loads in kg of water per kg
of dry air and kg of water per kg of LiBr, respectively.
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Calculations of the Ventilator

The required electrical power of the ventilator is determined by the pressure losses
in the absorber. They can be calculated using the following equation.

Δp = ζ
l

dh

ρ v2

2
(13)

According to Blasius, the drag coefficient ζ used therein can be calculated for turbu-
lent flows as follows [18] p. 1356.

ζ =
0.3164

4
√

Re
(14)

Solution Algorithm

In the solution algorithm, the inlet salt mass fraction and temperature are first
assumed. The inlet temperature of the absorber is then adjusted until it matches the
outlet temperature and therefore steady state is reached. Subsequently, the inlet salt
mass fraction is adjusted until the desired amount of water is absorbed, i.e., the target
water output.

2.3.2. Reverse Osmosis Process

The reverse osmosis membrane modules are modeled for co-current and countercur-
rent flow.

Assumptions

For the models of the reverse osmosis membrane modules, the following simplifying
assumptions were made:

• No temperature changes over the membranes, the pressure exchangers or the pumps.
• The membrane has a salt rejection of 100%, so no salt flows through the membrane.
• Concentration polarization phenomena in the membrane are not considered.
• Water mass transfer through the membrane is calculated using a membrane constant.
• The representative membrane module used has a pressure drop of 1 bar; therefore,

this pressure drop is distributed linearly over the membrane.
• No leakages between the streams in the pressure exchangers.

The membrane of the reverse osmosis membrane module can be modeled with
different levels of detail. However, in this work, with the assumptions made previ-
ously, the model is simplified. For a more accurate model, which would require more
computational power, for example, mass transfer in the membrane could be calculated
using the solution–diffusion model, a solute permeability coefficient could be included,
or concentration polarization phenomena could be included [19–21].

Calculations of the Reverse Osmosis Membrane Modules

Before the calculations for the reverse osmosis membrane modules can be performed,
the membrane constant Amemb must be determined. This can be done using water fluxes
specified by the manufacturer under standard conditions [22]. In this model, a representa-
tive module from DuPont de Nemours, Inc. was chosen [10].

Amemb =
Jw

Δp − Π
(15)

Subsequently, the calculations are performed for each element i. Since the membrane
constant is known, the water flow through the membrane can be calculated:

ṁw,i = Amemb Ai (Δpi − Πi) (16)
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where Ai is the exchange area, Δpi the transmembrane pressure difference between feed
and permeate, and Πi the osmotic pressure, according to Equation (1), of the i-th element.
Then the mass flow rate of LiBr in the feed is calculated, which is assumed to be constant
since only water passes through the membrane.

ṁLiBr, f = ṁ f wLiBr, f = const. (17)

The same applies to the mass flow rate of LiBr in the permeate, which is also constant.

ṁLiBr,p = ṁp wLiBr,p = const. (18)

With the mass flow rate of LiBr in the feed, the mass balance on the feed side can be
set up and solved for each element i.

ṁLiBr, f

(
X f ,i−1 − X f ,i

)
− ṁw,i = 0 (19)

Analogously, the mass balance on the permeate side can be set up with the mass
flow rate of LiBr in the permeate and solved for each element i. For the reverse osmosis
membrane module operated in co-current, this results in the following equation.

ṁLiBr,p
(
Xp,i−1 − Xp,i

)
+ ṁw,i = 0 (20)

Similarly, the following mass balance is obtained for the countercurrent reverse
osmosis membrane module.

ṁLiBr,p
(
Xp,i+1 − Xp,i

)
+ ṁw,i = 0 (21)

In Equations (19)–(21), X denotes the mass load in kg of water per kg of LiBr of the
respective membrane side.

Calculations of the Pressure Exchangers and Pumps

According to Equation (2), the pressure recovered by the pressure exchanger, respec-
tively, the pressure of the next reverse osmosis module p f can be calculated as follows.

p f = ηPX
(

pr + pp,out
)− pp,in (22)

In the previous equation, ηPX is the efficiency of the pressure exchanger, pr the high
pressure retentate leaving the previous module, pp,out the low pressure permeate leaving
the previous module and pp,in the entering permeate pressure of the previous module.

To calculate the electric power Pel of the pump, the hydraulic power Ph and its total
efficiency ηtot are needed.

Pel =
Ph

ηtot
=

V̇sol Δp
ηtot

(23)

The hydraulic power Ph of the pump can be calculated from the volume flow rate
V̇sol of the solution and the required pressure increase Δp [23] p. 48.

Solution Algorithm

In the solution algorithm, a salt mass fraction is assumed at the permeate inlet for
each reverse osmosis membrane module. Subsequently, this inlet permeate salt mass
fraction is adjusted until the osmotic pressure is at a level where the desired amount
of water flows through the membrane, i.e., the target water output. A new membrane
module is then added, where the inlet salt mass fraction is again adjusted until the desired
amount of water flows through the membrane. This is repeated until the osmotic pressure
is sufficiently low for pure water to be on the permeate side. Then a conventional reverse
osmosis membrane module is added, which has no inlet on the permeate side. Since, due
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to pressure losses, the available feed pressure at the inlet of a new membrane module
steadily decreases, a booster pump is used to increase the pressure as soon as it falls below
a certain critical value.

2.4. Simulations

The systems modeled according to Section 2.3 were simulated in Python [24]. A water
output of 500 L/d, an air volume flow rate of 40,000 m3/h, and a solution mass flow of
1.5 kg/s were used as input parameters. Furthermore, different values for the partial
pressure of water vapor pw and the ambient air temperature Tair were used as boundary
conditions for a series of simulations.

For the geometry of the heat and mass transfer area in the absorber, a rectangular
cross-section with a height of 3 m, a width of 2 m, and 20 gaps with a gap thickness of
0.05 m were used. For the defined boundary conditions, Equation (13) yields pressure
losses Δp of approximately 15 Pa, which corresponds to a required electrical power of
800 W for the specified air volume flow rate [25].

The membrane constant Amemb of the used membrane module, which is calculated
using Equation (15) and is required for the calculations of the membrane modules, is
3.402 × 10−9 kg/(s m2 Pa).

The simulations were carried out for an AWG system with either co-current or
countercurrent operated reverse osmosis membrane modules using either a fixed booster
pump pressure of p = 100 bar or a variable booster pump pressure. With the former,
a booster pump is allotted when the pressure drops below 100 bar, and with the latter,
the pressure of the booster pump is adjusted to reduce the energy demand per cubic
meter of water.

3. Results

3.1. Co-Current Multi-Stage Reverse Osmosis

In Figure 4, the results of the different simulation series for the AWG with co-current
operated reverse osmosis membrane modules are shown. The figures on the left side
(Figure 4a,c) show the energy demands per cubic meter of water and the figures on
the right side (Figure 4b,d) show the number of necessary reverse osmosis membrane
modules. The upper ones, Figure 4a,b, are for a fixed booster pump pressure and the
lower ones, Figure 4c,d, for variable. At low water vapor partial pressures and high
temperatures, the values for the energy demand and the number of modules are both
the highest and decrease with increasing water vapor partial pressure and decreasing
temperature. The energy demands with the variable booster pump pressure are either
equal to or smaller than those with the fixed booster pump pressure.

500 1000 1500 2000 2500 3000

Partial pressure of water vapor pw [Pa]

35

30

25

20

15

10A
m
b
ie
n
t
a
ir
te
m
p
er
a
tu
re

T
a
ir

[◦
C
]

1503 1117 887 715 621

1272 902 686 583 423

1052 697 494 377 231

838 500 306

625 308

415

(a)

500 1000 1500 2000 2500 3000

Partial pressure of water vapor pw [Pa]

35

30

25

20

15

10A
m
b
ie
n
t
a
ir
te
m
p
er
a
tu
re

T
a
ir

[◦
C
]

36 26 21 16 13

30 21 16 12 9

24 16 11 7 4

18 11 6

13 6

8

(b)

Figure 4. Cont.
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Figure 4. Energy demand per cubic meter of water [kWh/m3] (a,c) and number of necessary
reverse osmosis membrane modules (b,d) for fixed (a,b) and optimized (c,d) booster pump pressure.
The following applies to all figures. The white areas on the left side represent conditions where,
for the chosen absorber dimensions, not enough water can be extracted from the air because the
required salt mass fraction is too high and the solution starts to crystallize. To determine whether the
solution begins to crystallize, the solid liquid equilibrium of aqueous lithium bromide is used [26].
The white areas in the lower right corners represent conditions where the air is oversaturated and
therefore no representative statements can be made.

3.2. Countercurrent Multi-Stage Reverse Osmosis

In Figure 5, the results of the different simulation series for the AWG with counter-
current operated reverse osmosis membrane modules are shown. The figures on the left
side (Figure 5a,c) show the energy demands per cubic meter of water, and the figures on
the right side (Figure 5b,d) show the number of necessary reverse osmosis membrane
modules. The upper ones, Figure 5a,b, are for a fixed booster pump pressure, and the
lower ones, Figure 5c,d, for variable. As with co-current, the values for energy demand
and number of modules are highest at low water vapor partial pressures and high tem-
peratures and decrease with increasing water vapor partial pressure and decreasing
temperature. Likewise, the energy demands with the variable booster pump pressure
are either equal to or smaller than the values with the fixed booster pump pressure.
Furthermore, the energy demands are smaller compared to the co-current.
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Figure 5. Energy demand per cubic meter of water (kWh/m3) (a,c) and number of necessary
reverse osmosis membrane modules (b,d) for fixed (a,b) and optimized (c,d) booster pump pressure.
The following applies to all figures. The white areas on the left side represent conditions where,
for the chosen absorber dimensions, not enough water can be extracted from the air because the
required salt mass fraction is too high and the solution starts to crystallize. To determine whether the
solution begins to crystallize, the solid liquid equilibrium of aqueous lithium bromide is used [26].
The white areas in the lower right corners represent conditions where the air is oversaturated and
therefore no representative statements can be made.

4. Discussion

In the present paper, AWG systems based on absorption and reverse osmosis were
investigated in terms of specific energy demand. The absorber was modeled in counter-
current, whereby the state and process variables as well as the key figures were calculated
in each finite element, and the reverse osmosis process was modeled for both co-current
and countercurrent operations. Subsequently, these models were combined to systems
and used to perform simulations. The simulations were performed for co-current and
countercurrent reverse osmosis membrane modules, both with fixed and variable booster
pump pressure.

The results of the simulations show similar energy demands for all variants. In
the case of co-current reverse osmosis membrane modules and fixed booster pump
pressures, the specific energy demand is between ∼230–1500 kWh/m3, and for co-current
operation with variable booster pump pressures, it is between ∼230–1480 kWh/m3.
For countercurrent operation with fixed booster pump pressures, the specific energy
demand is between ∼230–1260 kWh/m3, and for countercurrent operation with variable
booster pump pressures, it is between ∼230–1240 kWh/m3. The simulations with variable
booster pump pressures resulted in energy demands that were equal to or smaller than
those with fixed booster pump pressures; however, they required more reverse osmosis
membrane module stages. Under ideal conditions, the values simulated in this paper
are slightly lower than those determined by Wahlgren for condensation processes, which
require between 270 and 550 kWh/m3 [27].

Generally, this work has shown that an AWG with absorption and countercurrent
reverse osmosis membrane modules is more efficient than one with co-current opera-
tion, but under favorable boundary conditions, this has no significant impact on the
energy demand. The efficiency of the systems could be further improved, for example,
by optimizing the geometries of the components. In the models of the reverse osmosis
membrane modules, a salt rejection of 100% was assumed. As this does not apply for real
membranes, it should be investigated how strongly salt permeation affects the number of
modules and thus the energy demand. In addition, experiments should be carried out to
determine whether manufacturing and operating such reverse osmosis membrane mod-
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ules is possible. Another aspect that has not been considered in this paper is the economic
aspect. Therefore, the levelized cost of water (LCOW) should be calculated, i.e., the ratio
between the sum of lifetime costs and the sum of lifetime produced water [28]. Next,
the LCOW of the process presented in this paper can be compared with other comparable
processes and evaluated economically. In addition, further simulations can be carried out
with the other previously mentioned absorbents to compare their LCOW with each other.
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Abbreviations

Abbreviations
AWG Air water generator/air water generation
LCOW Levelized cost of water
PX Pressure exchanger
Symbols

a Activity [−]
A Area [m2]
Amemb Membrane constant [kg/(s m2 Pa)]
c Concentration [mol/m3]
cp Specific heat capacity (at constant pressure) [J/(kg K)]
d Diameter [m]
D Diffusion coefficient [m2/s]
h Specific enthalpy [J/kg]
Ḣ Enthalpy flow [W]
J Mass flux [kg/(s m2)]
Lchar Characteristic length [m]
ṁ Mass flow rate [kg/s]
N Number of elements [−]
p Pressure [Pa]
P Power [W]
Q̇ Heat flow [W]
R Universal gas constant [J/(mol K)]
s Gap thickness [m]
T Temperature [K]
vs. Velocity [m/s]
V Volume [m3]
Ṽ Molar volume [m3/mol]
V̇ Volume flow rate [m3/s]
wi Mass fraction of component i [kg/kg]
x Position [m]
xi Mole fraction of component i [mol/mol]
Xi Mass load of water per component i [kg/kg]
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Indices

a Air
abs Absorption
avg Average
el Electric
elem Element
f Feed
g Gas
h Hydraulic
i i-th element
in Inlet
j Solvent
out Outlet
p Permeate
r Retentate
sol Solution
tot Total
vap Vapor
w Water
Greek Symbols

α Heat transfer coefficient [W/(m2 K)]
β Mass transfer coefficient [m/s]
γ Activity coefficient [−]
δ Film thickness [m]
ζ Drag coefficient [−]
η Efficiency [−]
ϑ Temperature [◦C]
λ Thermal conductivity [W/(m K)]
μ Chemical potential [J/mol]
ν Kinematic viscosity [m2/s]
ρ Density [kg/m3]
Π Osmotic pressure [Pa]
Dimensionless Numbers

Le = λ/
(

D ρ cp
)

Lewis number
Nu = α Lchar/λ Nusselt number
Pr = ν ρ cp/λ Prandtl number
Re = ρ v Lchar/η Reynolds number
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Abstract: The H2-based membrane biofilm reactor (H2-MBfR) has been acknowledged as a cost-
effective microbial reduction technology for oxyanion removal from drinking water sources, but it
remains unknown how the evolution of biofilm characteristics responds to the changing critical oper-
ating parameters of the H2-MBfR for simultaneous bromate (BrO3

−) and nitrate (NO3
−) elimination.

Therefore, an expanded multispecies model, applicable to mechanistically interpret the bromate-
reducing bacteria (BRB)- and denitrifying bacteria (DNB)-dominated metabolic processes in the
biofilm of the H2-MBfR, was developed in this study. The model outputs indicate that (1) increased
BrO3

− loading facilitated the metabolism of BRB by increasing BRB fraction and BrO3
− gradients in

the biofilm, but had a marginal influence on NO3
− reduction; (2) H2 pressure of 0.04 MPa enabled the

minimal loss of H2 and the extension of the active region of BRB and DNB in the biofilm; (3) once the
influent NO3

− concentration was beyond 10 mg N/L, the fraction and activity of BRB significantly
declined; (4) BRB was more tolerant than DNB for the acidic aquatic environment incurred by the
CO2 pressure over 0.02 MPa. The results corroborate that the degree of microbial competition for
substrates and space in the biofilm was dependent on system operating parameters.

Keywords: BrO3
−; NO3

−; bioreactor; microbial reduction; multispecies model; biofilm characteristics

1. Introduction

Bromate (BrO3
−), a common disinfection byproduct formed during the advanced oxi-

dation processes (especially ozonation) of drinking water, has been assigned as a Group 2B
carcinogen with a maximum contaminant level of 10 μg/L in potable water by the World
Health Organization [1–3]. The BrO3

− concentration varies typically from below 30 μg/L
in the ozonated surface water to 0.8–1.4 mg/L in the groundwater intruded by indus-
trial discharges [2,4]. Current physicochemical approaches for aquatic BrO3

− elimination,
involving adsorption, separation, chemical reduction, and photo-/electro-catalysis, ex-
hibit limited application potential due to their disadvantages in terms of high energy
consumption, stringent optional conditions, and requirements of post-treatment steps [5–7].
Comparably, autotrophic microbial reduction has received increasing interest in the past
decade, owing to its proven capacity of cost-efficiently converting BrO3

− to innocuous
Br− under mild circumstances and the organic-deficient nature of most drinking water
sources [6,8].

Nitrate (NO3
−) is a pervasive contaminant which coexists with BrO3

− at a typical
concentration range of 10–30 mg N/L in surface water and groundwater, and which can

Membranes 2022, 12, 774. https://doi.org/10.3390/membranes12080774 https://www.mdpi.com/journal/membranes210
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result in methemoglobinemia in infants [8–11]. This accentuates the necessity to develop
robust technology capable of simultaneously eliminating BrO3

− and NO3
− from polluted

drinking water sources. As an advanced autotrophic microbial reduction technology, the
H2-based membrane biofilm reactor (H2-MBfR) has been successfully practiced at a pilot
and/or commercial scale for eradicating a variety of oxidized pollutants, e.g., BrO3

−,
NO3

−, sulfate, perchlorate, selenate, and chromate [9,12]. In this system, electron donor H2
diffuses through the wall of gas-permeable hollow fiber membranes (HFM), and supports
the functional microorganisms in the HFM-attached biofilm to respire the electron acceptors
(i.e., oxidized pollutants); such a scheme of passive gas delivery enables the full utilization
of H2, as well as the efficient removal of targeted contaminants [9,13]. Several case studies
have shown that, when the influent concentrations of BrO3

− and NO3
− were in the range

of 0.1–1.5 mg/L and 5–20 mg N/L, respectively, which were approachable to those in real
drinking water sources, the appreciable removal (beyond 95%) of both oxyanions could be
realized in H2-MBfRs [1,8].

In H2-MBfRs, the biofilm microorganisms, which can dominate the reduction of BrO3
−

and NO3
−, are defined as bromate-reducing bacteria (BRB) and denitrifying bacteria (DNB),

respectively [1,11]. Since H2 is shared by functional bacteria (e.g., BRB and DNB) in the
biofilm as the sole electron donor to drive the reduction of oxidized pollutants, the micro-
bial competition for H2 availability (controlled by H2 supplying pressure) inevitably occurs
in H2-MBfRs [14]. The results of empirical studies corroborated that BrO3

− and NO3
−

concentrations were critical to the efficiencies of microbial reduction, and the BrO3
− reduc-

tion processes could be inhibited in the case of exorbitant NO3
− loading [11,15]. Microbial

community investigations have revealed the variation trends in the species and abundance
of BRB and DNB in the biofilm systems under diverse BrO3

− and NO3
− loadings [6,11].

Despite the above progress, it remains understudied the extent to which the critical operat-
ing parameters drive the evolution of biofilm microenvironment, structure, and activity
of the H2-MBfR for simultaneous BrO3

− and NO3
− elimination. This constitutes a major

hindrance to our understanding of the interaction mechanism between BRB and DNB
in the biofilm. The development of a systematic and quantitative framework might be a
solution to this concern, given the difficulty in the use of present experimental means for
elucidating the stratification features of biofilm.

The one-dimensional, multispecies biofilm model, developed on the AQUASIM plat-
form, is a versatile tool applicable to quantitatively assess the steady-state characteristics of
the biofilm, e.g., the substrate profiles, as well as microbial distribution and activities [16].
To date, a model framework, which can be implemented to simulate the simultaneous
removal processes of BrO3

− and NO3
− in the H2-MBfR, is still unavailable in the literature.

In this work, a sophisticated biofilm model was established on the AQUASIM platform
to mechanistically interpret the BrO3

− and NO3
− reduction processes of H2-MBfR. On

the basis of the previous model frameworks for NO3
− removal [14,16], we proposed an

expanded model framework through incorporation into the algorithm for the metabolic
process kinetics of BRB, as well as the influences of CO2 addition (as carbon source and pH
regulator) on metabolic process kinetics of BRB and DNB. Long- and short-term experimen-
tal data regarding BrO3

− and NO3
− removal, obtained from a lab-scale H2-MBfR, were

used for the calibration of key model parameters and the validation of the model outputs,
respectively. The validated model was then applied to evaluate the gradients of substrates
(H2, BrO3

−, and NO3
−), as well as the distribution and activities of BRB and DNB in the

biofilm, in the case of changing system operating parameters including the H2 pressure,
CO2 addition, and influent BrO3

− and NO3
− concentrations.

2. Materials and Methods

2.1. Reactor Setup and Start-Up

The schematic of the H2-MBfR used in this study is shown in Figure 1. The reac-
tor consisted of a module containing 96 HFMs (Litree Company, Suzhou, China) and a
microporous tube placed in a plexiglass cylinder (height = 22 cm, inner diameter = 6 cm,
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effective volume = 0.56 L). The average outer diameter and pore size of HFM was 1.5 mm
and 0.02 μm, respectively, and the total membrane surface area of HFM module was
633 cm2. The module with a sealed lower end was connected to a H2 tank for deliver-
ing pressurized H2. Pure CO2 was supplied by the microporous tube with its bottom
end linked to a CO2 tank to serve as carbon source and pH regulator. Synthetic influent
was introduced into the reactor via a peristaltic pump (BT101L-DG-1, Lead Fluid, Baod-
ing, China), and the effluent was collected from the outlet of the reactor. A recirculation
pump (BT101L-YZ15/25, Lead Fluid, Baoding, China) was sustained at a high flowrate
of 100 mL/min to keep the bulk liquid completely mixed. The reactor was inoculated
with 50 mL of biomass collected from a denitrifying H2-MBfR in our lab. The synthetic
influent, containing 10 mg N/L NaNO3 with an identical composition to that described
in Li et al. [17], was used in the start-up period of the reactor. During the start-up period,
the influent flowrate was maintained at 1.6 mL/min (resulting in an HRT of 5.8 h), and
the H2 and CO2 pressure was kept at 0.04 and 0.012 MPa, respectively. After 30 days of
operation, the influent flowrate was changed to 2.0 mL/min (corresponding to an HRT
of 4.7 h) until the biofilm was well formed, and the performance of the reactor reached a
steady state with stable NO3

− removal.

Figure 1. Schematic of the H2-MBfR.

2.2. Short- and Long-Term Experiments and Sample Analysis

On days 31–40 of stage 1, short-term experiments were performed to assess the ef-
fects of H2 pressure (0.01–0.08 MPa), influent NO3

− (1–20 mg N/L), and CO2 pressure
(0.004–0.036 MPa) on the NO3

− and BrO3
− removal of the H2-MBfR. The detailed infor-

mation concerning the operational conditions of short-term experiments can be found
in Table S1. For each experiment, one system operating parameter was changed, while
keeping the others fixed. Once the experiment condition was changed, aqueous samples
were collected after three HRT operations of the system, in order to allow the stabilization
of effluent contaminant concentrations [18]. Following the short-term experiments, long-
term experiments (days 41–140) were carried out to investigate how the oxyanion removal
performance of the system responded to the changing BrO3

− loadings. As summarized in
Table S2, in long-term experiments, the influent concentrations of BrO3

− were set at 0.1, 0.5,
and 1.0 mg/L in stage 3, stage 4, and stage 5, respectively, and the H2 and CO2 pressure
were maintained at 0.04 and 0.012 MPa, respectively.

The collected aqueous samples were filtered immediately through a 0.22 μm pore
size polycarbonate membrane filter (Anpel Co., Ltd., Shanghai, China) and stocked in a
refrigerator (4 ◦C) until analyzed. The concentrations of NO3

−, NO2
−, and BrO3

− were
determined by ion chromatography (ICS-1000, Dionex, Sunnyvale, USA) equipped with an
AS-19 column (4 × 250 mm, Dionex, Sunnyvale, USA). The dissolved H2 was determined
using a H2 microsensor (H210, Unisense A/S Corp., Aarhus, Denmark). The pH value was
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measured using a pH meter (pHS-3C model, Leici, Shanghai, China). The contaminant
removal flux was calculated using Equation (1):

J =
Q
A
(Si − Se), (1)

where J is the NO3
− and BrO3

− removal flux in units of g N/(m2·day) and g BrO3
−/(m2·day),

respectively, Q signifies the influent flowrate (m3/day), A refers to the total membrane
surface area (m2), and Si and Se denote the influent concentration of NO3

− or BrO3
− and

the effluent concentration of NO3
− or BrO3

−, respectively.

2.3. Model Development and Evaluation
2.3.1. Model Framework Development

Unlike the classical biofilm models established by Tang et al. [14,16], the framework of
the developed mathematical model involves the biochemical process of hydrogenotrophic
BrO3

− reduction, and it considers the effects on the metabolic process kinetics of BRB and
DNB in the case of CO2 addition (as carbon source and pH regulator). Figure 2 shows the
schematic of the involved biochemical processes and the correlated interactions between the
model components in the biofilm. The model components include five solid components
(i.e., BRB, DNB, heterotrophic bacteria (HB), extracellular polymeric substances (EPS),
and inert organics (IO)) and five dissolved components (i.e., H2, CO2, NO3

−, BrO3
−, and

soluble microbial products (SMP)). H2 is exploited by BRB and DNB as the electron donors,
BrO3

− and NO3
− as the electron acceptors, and CO2 as the carbon source. In the conversion

processes of BrO3
− and NO3

− to Br− and N2, BRB and DNB obtain energy to sustain their
growth and metabolism. H2 was the sole energy source of the hydrogenotrophic bacteria,
since no organic carbon was introduced to the influent; thus, BRB and DNB could merely
abstract electrons from H2 to drive the BrO3

− and NO3
− reduction. HB grows either

on the SMP directly produced by BRB and DNB or indirectly on the hydrolyzed EPS
(i.e., SMP) originated from BRB and DNB. The decay of BRB, DNB, and HB generates
nonbiodegradable IO. The electrons provided from H2 can be classified into three portions
during the BRB and DNB metabolic processes: bacterial cell synthesis (k1), SMP formation
(k2), and EPS formation (k3); thus, k1 + k2 + k3 = 1. The electrons for cell synthesis are
subdivided into the fraction for energy-providing reaction (f e

0) and the other for synthesis
reaction of true yield of biomass (f s

0); therefore, f e
0 + f s

0 = 1. Here, f d represents the fraction
of biodegradable biomass; hence, 1 − f d refers to the remaining nonbiodegradable biomass.

Figure 2. Schematic of the interactions between model components involved in the biochemical
processes of the biofilm.

2.3.2. Model Solution and Calibration

The numerical solution of the model was implemented on software AQUASIM 2.1g,
by inputting the process matrix (Table 1), stoichiometric and kinetic parameters (Table S3),
process kinetic rate equations (Table 2), and experiment operational parameters of the
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H2-MBfR (Table S4). In particular, the calculation procedure for stoichiometric coefficients
of model components (shown in Table 1) in the BRB metabolic process is exhibited in
Section S1. Table S3 merely lists the calculated and recalibrated stoichiometric and kinetic
parameters of the BRB metabolic process in this work, while other pertinent parameters can
be found in Table S5. Bulk liquid pH is known to be a key factor correlated to the activities
of the hydrogenotrophic microorganisms [13,19,20]. In order to quantitatively assess how
bulk liquid pH affects the microbial metabolic activities, the inhibition factor of bulk liquid
pH (f pH) was introduced to the kinetic rate expressions of the model framework, as shown
in Table 2. According to the normalized Michaelis pH function [21], f pH can be computed
using Equation (2).

fpH =
1 + 2 · 100.5(pKl−pKh)

1 + 10(pH−pKh) + 10(pKl−pH)
, (2)

where pH values are the experimental measurements in this study; pKh and pKl denote the
upper and lower pH values at which the metabolic rates are equal to 50% of the maximum
rate at the optimum pH, respectively, and their values of 9.04 and 6.27 were adopted from
previous studies [21–23].

Table 1. Process matrix for the developed model of components.

Component (i)
Process (j)

SH2 SNO3 SBrO3 SSMP SCO2 XDNB XBRB XHB XIO XEPS

DNB growth − 14
5 f 0

s,DNB
−k1

(
28 f 0

e,DNB
25 f 0

s,DNB
+ 1

5

)
k2 −k1 k1 k3

BRB growth − 14
5 f 0

s,BRB
− 1

5 k1 −k1
14 f 0

e,DNB
15 f 0

s,DNB

k2 −k1 k1 k3

HB growth − 1−YHB
1.25YHB

− 1
YHB

1
DNB decay −1 1−f d
BRB decay −1 1−f d
HB Decay −1 1−f d
Hydrolysis 1 −1

H2
(mol/m3)

NO3
(mol/m3)

BrO3
(mol/m3)

SMP
(mol/m3)

CO2
(mol/m3)

DNB
(mol/m3)

BRB
(mol/m3)

HB
(mol/m3)

IO
(mol/m3)

EPS
(mol/m3)

Table 2. Process kinetic rate equations for the developed model.

Process (j) Kinetic Rate Expressions

DNB growth μDNB
SH2

SH2+KDNB
H2

SNO3
SNO3+KDNB

NO3

SCO2
SCO2+KDNB

CO2
XDNB fpH

BRB growth μBRB
SH2

SH2+KBRB
H2

SNO3
SNO3+KBRB

NO3

SBrO3
SBrO3+KBRB

BrO3

SCO2
SCO2+KBRB

CO2
XBRB fpH

HB growth μHB
SNO3

SNO3+KHB
NO3

SSMP
SSMP+KHB

SMP
XHB fpH

DNB decay bDNBXDNB

BRB decay bBRBXBRB

HB Decay bHBXHB

Hydrolysis khydXEPS

Disparate reactor configurations, operating conditions, and HFM patterns commonly
result in the varying compositions and metabolic kinetics of biofilms [24]. For the aim of
matching the specific simulation scenarios, several parameters, i.e., H2 transfer coefficient
of HFM (Km), maximum specific growth rate of DNB and BRB (μDNB and μBRB), and
half-maximum-rate concentration of BrO3

− for BRB (KBrO3), were recalibrated by fitting
the measured effluent NO3

− and BrO3
− concentrations of the long-term operated system

to the modeled results using the AQUASIM built-in iterative algorithms (Equation (3)).
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By minimizing the square error sums between the model predictions and experimental
measurements, the selected parameters were calibrated to be the best-fit values.

χ2(p) =
n

∑
i=1

(
ymeas,i − yi(p)

σmeas,i

)2

, (3)

where ymeas,i and yi(p) represent the experimental results and model predictions at time i,
and σmeas;i and n signify the standard deviation and number of data points, respectively.

2.3.3. Model Validation and Evaluation

The calibrated model was further validated by comparing the simulated results with
experimentally measured NO3

− and BrO3
− removal fluxes in the short-term experiments.

The validated model was then used to simulate the profiles of substrates, microbial dis-
tribution, and metabolic activities in the biofilm of the H2-MBfR operated in a series
of system conditions, including influent BrO3

− concentrations (0.1–1.0 mg/L), H2 pres-
sure (0.01–0.08 MPa), influent NO3

− concentration (1–20 mg N/L), and CO2 pressure
(0.004–0.036 MPa), in order to investigate the evolution laws of biofilm microenvironment,
structure, and activity in the H2-MBfR for NO3

− and BrO3
− removal, in the case of chang-

ing system conditions. A schematic of the research methodology is shown in Figure 3.

Figure 3. Schematic of the research methodology.

3. Results and Discussion

3.1. Long-Term H2-MBfR Performance and Model Calibration

The long-term experimental data obtained during the 140 days of operation of H2-MBfR
were used for the recalibration of the selected parameters by fitting the effluent NO3

− and
BrO3

− concentrations to those of simulated results. As shown in Figure 4, the measured
data and simulated results were finely matched with the corresponding coefficients of
determination (R2) up to 0.93 and 0.91 for the effluent NO3

− and BrO3
− concentrations,

respectively. The analysis results concerning the sensitivity of the selected parameters
to the effluent BrO3

− and NO3
− concentrations in the long-term operated H2-MBfR are

shown in Figure 5. It can be found that the effluent BrO3
− concentration of the H2-MBfR

was most sensitive to μBRB and relatively sensitive to μDNB and Km (Figure 5a), while the
effluent NO3

− concentration was sensitive to Km and μDNB (Figure 5b). These results are
in line with the findings of previous studies, i.e., the maximum specific growth rate of
microorganisms and the H2 transfer coefficient of HFM were sensitive to the H2-MBfR
performance [9,24,25].The best-fit values of Km, μBRB, μDNB, and KBrO3 were estimated to
be 0.189 m/day, 0.85 day−1, 0.57 day−1, and 0.014 mg/L, respectively.
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Figure 4. Long-term performance of NO3
− and BrO3

− reduction in the H2-MBfR. The abbreviations
“Inf.”, “Eff.”, and “Meas.” denote influent, effluent, and measured, respectively.

Figure 5. Sensitivities of the effluent BrO3
− (a) and NO3

− (b) concentrations to the selected parame-
ters Km, μDNB, μBRB, and KBrO3.

It can be also seen from Figure 4 that, after 7 days of start-up at stage 1, the denitri-
fication flux of the H2-MBfR stabilized at around 0.45 g N/(m2·day), corresponding to a
NO3

− removal efficiency of over 99%. The slightly decreased denitrification flux of the
system at stage 2 can be ascribed to the augment in the influent flowrate from 1.6 mL/min
at stage 1 to 2.0 mL/min at this stage. The introduction of 0.1–1.0 mg/L BrO3

− into the
influent at stages 3–5 did not further decrease the denitrification performance of the system,
given the identical average denitrification flux (0.42 g N/(m2·day)) at days 50–60 of stage
2 (without BrO3

− addition) and stages 3–5. This observation is in agreement with the
results of previous studies that a BrO3

− concentration below 50 mg/L had no inhibitory
effect on denitrification [15,26]. Empirical studies suggest that it usually takes 11–40 days
to enable the H2-MBfRs to reach steady-state characteristics following the adjustment of
operation conditions such as substrate loadings and HRT [17,27]. Similarly, our results
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indicate that, in the case of BrO3
− addition, it took 15–25 days at stages 3–5 to enable the

BrO3
− removal of the H2-MBfR to reach a steady state. The stabilized BrO3

− removal flux
was increased from 0.0044 g/(m2·day) at stage 3 to 0.041 g/(m2·day) at stage 5. This is
presumably attributed to the augment in the abundance and/or reduction rate of BRB with
increasing influent BrO3

− concentration. Furthermore, Downing and Nerenberg [15] found
that a near 11-fold increase in the BrO3

− removal flux of H2-MBfR was achieved when the
influent BrO3

− concentration was increased from 0.1 to 10 mg/L.

3.2. Short-Term H2-MBfR Performance and Model Validation

Short-term experiments were performed to evaluate the effects of the key influencing
factors, i.e., H2 pressure, influent NO3

− concentration, and CO2 pressure, on the NO3
−

and BrO3
− reduction of the H2-MBfR. As shown in Figure 6a,b the determined BrO3

−
and NO3

− removal fluxes were increased from 0.036 and 0.36 to 0.041 g/(m2·day) and
0.42 g N/(m2·day), respectively, as the H2 pressure was increased from 0.01 to 0.04 MPa.
This is likely owing to the increased availability of electron donor, which enhanced the
activities of BRB and DNB. A higher H2 pressure (0.06 and 0.08 MPa) did not ameliorate the
BrO3

− and NO3
− removal, but led to the consumption of the remaining H2 in the effluent.

Figure 6c,d delineate that, although the BrO3
− and NO3

− were all accumulated in the ef-
fluent, the NO3

− removal flux was increased from 0.42 to 0.51 g N/(m2·day), accompanied
by the significant decrease in BrO3

− removal flux from 0.041 to 0.011 g/(m2·day), when
the influent NO3

− concentrations were augmented from 10 to 20 mg N/L. In accordance
with this, Zhong et al. [6] observed that an influent NO3

− concentration of 11.3 mg N/L
was able to inhibit the BrO3

− reduction in the H2-MBfR, which gave rise to the advantage
of DNB over BRB when competing for electron donors. CO2 is arguably one of the most
effective pH regulators in H2-MBfRs, and it can serve as the supplemental inorganic carbon
source for hydrogenotrophic bacteria [13,28]. As depicted in Figure 6e,f, the shift of CO2
pressure from 0.012 to 0.036 MPa led to an apparent decline in the NO3

− removal flux from
0.42 g N/(m2·day) at 0.012 MPa to 0.32 g N/(m2·day) at 0.036 MPa, but had a negligible
influence on BrO3

− removal flux. A plausible explanation is that, as the CO2 pressure was
in the range of 0.020–0.036 MPa, the resultant bulk liquid pH of 6.0–6.9 was obviously lower
than the reported favorable pH range (7.0–9.0) of DNB, according to existing studies [19,20],
and some specific BRB was possibly able to endure more acidic conditions. Additionally,
the measured removal fluxes of BrO3

− and NO3
− in the short-term experiments were

employed to further validate the calibrated model. It can be observed from Figure 6b–f
that, in all cases, the modeled results were quite approximate to the experimental data,
indicating the good accuracy and reliability of the developed model for prediction of the
simultaneous BrO3

− and NO3
− reduction processes in the H2-MBfR.

3.3. Model Evaluation of the Effects of BrO3
− Loading

Figure 7 shows the simulated distribution of substrates, DNB and BRB fractions, as
well as their metabolic activities, in the steady-state biofilms at stages 3–5 using the vali-
dated model. As shown in Figure 7a–c, in line with the counter-diffusional characteristics
of dissolved substrate in H2-MBfR biofilm [29], the H2 concentration gradually decreased
from HFM surface (i.e., biofilm thickness of zero point) toward to the bulk liquid side,
while the other substrates (including CO2, NO3

−, and BrO3
−) originated from bulk liquid

presented the contrary tendency. H2 and CO2 concentrations across the biofilm exhibited
negligible difference when the influent concentration varied in the range of 0.1–1.0 mg/L
(Figure 7a), attributed to the limited electron donor and carbon source consumption by
BRB at low BrO3

− loadings. It can also be seen from Figure 7a that CO2 was not a limiting
factor as a carbon source for BRB and DNB anabolism, since its concentrations within the
whole biofilm were much higher than the half-maximum-rate concentration (0.004 mg/L)
adopted in the model. Moreover, the resultant bulk liquid pH 7.5 at the CO2 pressure of
0.012 MPa would not adversely affect the metabolic processes of BRB and DNB, since the
maximum NO3

− and BrO3
− removal fluxes were attained at this CO2 pressure, as shown
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in Figure 6f. In line with this, the optimal pH reported for hydrogenotrophic denitrification
and bromate reduction has been documented at neutral or weakly alkaline values [13,15].

Figure 6. The system performance of the H2-MBfR, as well as the compassion of the measured and
simulated removal fluxes of NO3

− and BrO3
−, in the case of changing H2 pressure (a,b), influent

NO3
− concentration (c,d), and CO2 pressure (e,f).

Figure 7. Cont.
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Figure 7. Model-simulated profiles for (a) H2 and CO2, (b) NO3
−, (c) BrO3

− concentrations, and
(d) DNB and BRB fractions, as well as (e) DNB and (f) BRB metabolic activities, in the biofilm of
H2-MBfR as a function of influent BrO3

− concentration ranging from 0.1 to 1.0 mg/L.

Figure 7d plots the simulated profiles of DNB and BRB fractions in the biofilm. DNB
dominated in the biofilm compared to BRB at all stages, indicating that DNB outcompeted
DNB for space, likely associated with the much higher concentration of NO3

− in the biofilm
than BrO3

−. In particular, in response to the increase of the influent BrO3
− concentration

from stage 3 to stage 5, the BRB fraction (proportion) obviously increased in the biofilm.
Figure 7e shows the DNB activity in the biofilm as a function of influent BrO3

− concentra-
tion. The declined DNB activity in the biofilm range of 0–210 μm was mainly due to the
inhibition of electron acceptors for DNB metabolism, given that the NO3

− concentrations
within this range were below the half-maximum-rate concentration of NO3

− for DNB
(0.2 mg N/L) [14]. The observed decrease in DNB activity from stage 3 to stage 5 at the
outer layer biofilm was the result of the lower H2 concentrations. As shown in Figure 7f, the
BRB activity in the biofilm increased from stage 3 to stage 5, owing to the augmented BRB
fraction and BrO3

− gradients in the biofilm, which facilitated the metabolism of BRB. In
addition, the increased BRB fraction and activity, as exhibited in Figure 7d,f, helps explain
the augmented BrO3

− removal flux from stage 3 to stage 5 (Figure 4).

3.4. Model Evaluation of the Effects of H2 Pressure

Empirical studies [13,20] have collectively shown that excessive H2 supply pressure
results in the H2 off-gassing problem, while an insufficient supply leads to unsatisfac-
tory pollutant removal due to the electron donor scarcity in biofilms. Figure 8a plots
the simulated H2 and CO2 concentration profiles in the biofilm at diverse H2 pressure
(0.01–0.08 MPa). The H2 concentration in the biofilm increased with the increase in H2
pressure. At the H2 pressure of 0.01 MPa, more than half of the outer biofilm region
(biofilm thickness > 200 μm) could not deliver sufficient H2. H2 constitutes a limiting
factor for microbial metabolic processes when its content is below the half-maximum-rate
concentration. When H2 pressure was increased to 0.04 MPa, the H2 contents across the
biofilm were all higher than the half-maximum-rate concentrations of H2 for DNB and BRB
metabolism (0.002 mg/L) [14]; thus, it can be inferred that the H2 concentration within
biofilm was not a decisive factor limiting NO3

− and BrO3
− removal at relatively high H2

pressure. Note that, at this H2 pressure, the simulated H2 concentration in the bulk liquid
was 0.0074 mg/L, which is quite close to the measured result (0.008 mg/L) during the
short-term experiments (Figure 6a) and is also comparable to the recommended aquatic
H2 concentration (0.009 mg/L) in H2-MBfR [18]. Upon further increasing the H2 pressure,
the H2 off-gassing phenomenon occurred. It can also be seen from Figure 8a that the CO2
concentration gradients in the biofilm hardly changed when the H2 pressure was higher
than 0.04 MPa. This implies that the excessive H2 supply would not accelerate the carbon
source utilization of BRB and DNB.
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Figure 8. Model simulated profiles for (a) H2 and CO2, (b) NO3
−, (c) BrO3

− concentrations, and
(d) DNB and BRB fractions, as well as (e) DNB and (f) BRB metabolic activities, in the biofilm of
H2-MBfR as a function of H2 pressure ranging from 0.01 to 0.08 MPa.

As depicted in Figure 8b,c, with the increase in H2 pressure from 0.01 to 0.04 MPa, the
NO3

− and BrO3
− concentrations in the biofilm were found to markedly decline. This can

be explained by the increased H2 availability for DNB and BRB compared to the biofilm
exterior, which allowed a greater reduction in NO3

− and BrO3
− in the exterior rather than

the interior of biofilm. However, NO3
− and BrO3

− concentration gradients hardly varied
once the H2 pressure exceeded 0.04 MPa, which is in accordance with the experimental
findings of the short-term experiments that the NO3

− and BrO3
− removal marginally

changed at the excessive H2 pressure (shown in Figure 6b). According to the simulated
BrO3

− concentration profiles, BrO3
− concentrations in the biofilm were all greater than its

calibrated half-maximum-rate concentration (0.014 mg/L) at the simulated H2 pressure
range, indicating that BrO3

− loading was also not a limiting factor to BRB activity. The
increased H2 availability in the outer layer of the biofilm resulted in the extension of the
active region of DNB and BRB from the biofilm interior to the whole biofilm, as revealed
in Figure 8e,f. In particular, the decreased activities of DNB and BRB in the inner layer
of biofilm with increasing H2 pressure were mainly the consequence of the concurrently
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decreased concentrations of NO3
− and BrO3

− (Figure 8b,c) and the fractions of DNB and
BRB (Figure 8d). In the case of low H2 pressure (0.01 and 0.02 MPa), the biofilm thicknesses
of 200 and 260 μm were the locations where the H2 concentrations were all below the
half-maximum-rate concentrations of DNB and BRB (Figure 8a); beyond these thicknesses,
the metabolic activities of DNB and BRB began to dramatically decrease, as delineated
in Figure 8e,f.

3.5. Model Evaluation of the Effects of NO3
− Loading

The experimental results, as shown in Figure 6c, corroborate that the NO3
− loading

significantly impacted the BrO3
− removal of the H2-MBfR. To understand the underlying

mechanism, we employed the validated model to simulate the substrate profiles and
microbial activities in the biofilm at the influent NO3

− concentrations of 1–20 mg N/L.
As shown in Figure 9a, the H2 and CO2 concentration gradients in the biofilm sharply
decreased with increasing influent NO3

− concentration, implying that high NO3
− loadings

might signally enhance the activity of DNB, leading to greater consumption of these
two substrates. In particular, H2 off-gassing was found at the influent NO3

− concentration
lower than 10 mg N/L, owing to the lack of an electron acceptor for H2 consumption.
Once the influent NO3

− concentration was greater than 10 mg N/L, NO3
− was found

to accumulate in the biofilm with high concentrations (Figure 9b), presumably due to
the limitation of overall DNB population, while over 90% of the inputted BrO3

− could
not be consumed by BRB in the biofilm (Figure 9c), suggesting the severe inhibition of
BRB activity by high NO3

− loadings. As exhibited in Figure 9d, when the influent NO3
−

concentration was increased from 1 to 20 mg N/L, the BRB factions across the biofilm
decreased from beyond 20% to approximately 1%, which was accompanied by the surge of
the DNB fraction across the biofilm, suggesting the competitive advantage of DNB over
BRB in the case of the high NO3

− loadings.
Figure 9e,f show the simulated DNB and BRB metabolic activities in the biofilm of

the system operated under various influent NO3
− concentrations. As the influent NO3

−
concentration was less than 10 mg N/L, the high DNB and BRB activities appeared at the
outer layer of the biofilm, and a closer distance from the HFM side led to lower activities of
DNB and BRB. This trend coincides with that of NO3

− and BrO3
− concentration gradients

in the biofilm, as shown in Figure 9b,c. When the influent NO3
− concentration was higher

than 10 mg N/L, the DNB activities sharply dropped at the biofilm thickness of beyond
210 μm. This is because the H2 concentrations in the locations beyond this thickness were
lower than the half-maximum-rate concentration of DNB (0.002 mg/L). In addition, the
BRB activities were strongly inhibited at the higher influent NO3

− concentration (especially
20 mg N/L), indicating that BRB was overwhelmed by DNB for electron donor competition,
when NO3

− concentration in the influent was much higher than that of BrO3
−. This is

consistent with the previous findings that an excessive influent NO3
− concentration could

inhibit BrO3
− reduction [6,30].

Figure 9. Cont.
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Figure 9. Model simulated profiles for (a) H2 and CO2, (b) NO3
−, (c) BrO3

− concentrations, and
(d) DNB and BRB fractions, as well as (e) DNB and (f) BRB metabolic activities, in the biofilm of
H2-MBfR as a function of influent NO3

− concentration ranging from 1 to 20 mg N/L.

3.6. Model Evaluation of the Effects of CO2 Pressure

CO2 has dual functions, i.e., as a carbon source to support microorganism growth
and for pH control to regulate the microbial activities in H2-MBfRs [19,31]. Simulations
were, therefore, conducted to investigate the effects of CO2 addition on the evolution
of stratification characteristics of the biofilm at the supply pressure of 0.004–0.036 MPa.
As shown in Figure 10a–c, the increase in CO2 pressure from 0.004 to 0.02 MPa led to
insignificant changes in the H2, NO3

−, and BrO3
− concentration gradients of the biofilm.

Once the CO2 pressure was higher than 0.02 MPa, the accumulation of H2 and NO3
− was

increased in the biofilm. The BrO3
− concentrations in the biofilm were slightly increased

at the CO2 pressure of 0.036 MPa. This implies that DNB was more sensitive to the acidic
conditions (pH 6.0–6.2 at CO2 pressure 0.028–0.036 MPa) than BRB.

As depicted in Figure 10d, as the CO2 pressure was increased from 0.004 to 0.036 MPa,
no apparent difference was found in the DNB fractions, while a slight increase in the BRB
fractions was observed. It can be seen from Figure 10e,f that, when the CO2 pressure was
less than 0.02 MPa, the DNB and BRB activities in the biofilm all gradually augmented
with the increase in distance from the HFM side. This can be attributed to the relatively
higher NO3

− and BrO3
− concentrations in the biofilm exterior. It is interesting to note

that, compared to the activities of DNB and BRB at the CO2 pressure below 0.02 MPa, a
CO2 pressure beyond this value gave rise to decreased and increased microbial activities
in the exterior and interior of the biofilm, respectively. This can be explained by the fact
that DNB and BRB in the biofilm exterior were in the vicinity of the bulk liquid, and
the acidification of bulk liquid severely inhibited their metabolic activities; subsequently,
the declined activities of microorganisms in the biofilm exterior led to more diffusion of
NO3

− and BrO3
− toward the HFM side (Figure 10b,c), which consequently led to increased

activities of DNB and BRB in the biofilm interior. When the CO2 pressure was increased
from 0.012 to 0.036 MPa, DNB activity in the majority of the biofilm significantly declined,
while the decreased BRB activity in the biofilm exterior was accompanied by an increase in

222



Membranes 2022, 12, 774

BRB activity in the biofilm interior (Figure 10e,f). This also indicates that BRB was more
tolerant of the acidic aquatic environment than DNB.

Figure 10. Model simulated profiles for (a) H2 and CO2, (b) NO3
−, (c) BrO3

− concentrations, and
(d) DNB and BRB fractions, as well as (e) DNB and (f) BRB metabolic activities, in the biofilm of
H2-MBfR as a function of CO2 pressure ranging from 0.004 to 0.036 MPa.

4. Conclusions

An expanded multispecies model was developed to provide key information re-
garding the microbial BrO3

− and NO3
− reduction processes in the H2-MBfR in diverse

operating conditions. The selected model parameters, Km, μBRB, μDNB, and KBrO3, were
calibrated to the best-fit values of 0.189 m/day, 0.85 day−1, 0.57 day−1, and 0.014 mg/L,
respectively. The good agreement between experimental measurements and modeled
results indicates the accuracy and reliability of the calibrated model. The evolution of the
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substrate gradients, as well as microbial fraction and activity, was driven by the changing
system operating parameters involving H2 pressure, BrO3

− and NO3
− loading, and CO2

pressure. Increasing H2 pressure led to more efficient BrO3
− and NO3

− reduction in the
biofilm, but an exorbitant pressure (beyond 0.04 MPa) gave rise to off-gassing of H2. The
augment in BrO3

− loading had no significant influence on NO3
− reduction, while an

influent NO3
− concentration higher than 10 mg N/L resulted in the apparent inhibition

of BrO3
− reduction. A CO2 pressure over 0.02 MPa had a distinct negative influence on

NO3
− reduction, but minorly impacted BrO3

− reduction. The simulation results of the
developed model offer important mechanistic insights into the BrO3

− and NO3
− reduction

processes of H2-MBfR.
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Abstract: An increase in human activities and population growth have significantly increased the
world’s energy demands. The major source of energy for the world today is from fossil fuels, which
are polluting and degrading the environment due to the emission of greenhouse gases. Hydrogen
is an identified efficient energy carrier and can be obtained through renewable and non-renewable
sources. An overview of renewable sources of hydrogen production which focuses on water splitting
(electrolysis, thermolysis, and photolysis) and biomass (biological and thermochemical) mechanisms
is presented in this study. The limitations associated with these mechanisms are discussed. The
study also looks at some critical factors that hinders the scaling up of the hydrogen economy globally.
Key among these factors are issues relating to the absence of a value chain for clean hydrogen,
storage and transportation of hydrogen, high cost of production, lack of international standards, and
risks in investment. The study ends with some future research recommendations for researchers
to help enhance the technical efficiencies of some production mechanisms, and policy direction to
governments to reduce investment risks in the sector to scale the hydrogen economy up.

Keywords: hydrogen production; biomass; proton exchange membranes; alkaline electrolysis; dark
fermentation; anion exchange membranes

1. Introduction

The increase in energy demand globally has led to an increase in discussions around
clean, cheap, and sustainable sources of energy generation [1–3]. The global population
has been estimated to hit a possible 10 billion people by 2050, which is expected to have
an exponential effect on energy requirements. The use of fossil fuels as a source of energy
generation has helped transform economies around the world but at a negative cost to the
environment. It is for this reason, among other reasons, that researchers and scientists are
investigating various forms of energy generation that comes with a zero or lower negative
effect on the environment [4–7].

One of the alternatives to the conventional forms of energy generation is the use of
‘green’ hydrogen. This comes with no emissions of greenhouse gases (GHG) provided
the process is done using power from renewable sources (RS). The facile electrochemical
conversion, light weight, and high mass energy density of hydrogen enables it to carry
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energy across geographical areas in the form of liquid fuels, with freight ships or through
pipelines [8]. The hydrogen atom is generally made up of a proton and an electron, and it is
colorless and odorless. Its density is lower than that of air. Hydrogen’s energy gravimetric
density is largely about seven times higher than that of fossil fuels [9]. Moreover, 1.0 kg of
hydrogen is estimated to have a storage energy that is more than 2.75 kg that of gasoline.
As a result, a liter of hydrogen has same energy as 0.25 L of gasoline [10].

As indicated above, hydrogen is produced through the conversion of materials which
contain the hydrogen element, for example, carbohydrates or water. It is valued that close
to 96% hydrogen worldwide is gotten from conventional fossil fuels divided as follows:
30% from naphtha reforming, 48% from steam reforming of natural gas, and 18% from
coal gasification [10]. The conventional technologies used for the production of hydrogen,
however, are linked to the environmental pollutions being experienced worldwide. It is
for this reason that people in the energy and environment sector are pushing for more
sustainable ways of producing hydrogen using RS.

Hydrogen products are currently being used as raw materials in the industrial sector.
However, if we are to realize its full potential as a full energy carrier, it can play a major
part in many more areas. Out of the estimated 50 million metric tons produced yearly on a
global scale, its main use is as a feedstock for the production of ammonia, with oil refining
taking 35% [11]. It could have major application in the freight and passenger transport (i.e.,
internal combustion engines and fuel cell vehicles), storage (gaseous or liquid hydrogen),
thermal (natural gas blending and solid oxide fuel cells) [11,12], electricity generation and
power to gas generation [13], upon realizing its role as a flexible energy carrier, etc., as
shown in Figure 1.

Figure 1. Effect of hydrogen production on other sectors [14]. Reproduced with permission from
Elsevier, 2022.

Yue et al. [15] presented a review on recent developments of technologies on hydro-
gen and their application in power systems for the production of hydrogen, storage, and
re-electrification. Dawood et al. [16] also reviewed various hydrogen production path-
ways to assess their interrelationship and interconnection on other stages of the hydrogen
square. A study by Najjar [17] reviewed the safety of hydrogen in the course of production,
transmission, and usage but did not look at various limitations associated with the various
technologies for the production of hydrogen. According to their study, safety issues in
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relation to hydrogen use are mostly discussed in relation to its ignition and combustion
features, i.e., low ignition energy, rapid diffusion, comparatively high flame velocity, ex-
tensive flammability range explosion level, etc. Parra et al. [18] evaluated the progress of
hydrogen production from the perspective of cost; however, it lacked a detailed assessment
of the various trends of the development of the various technologies. Kovac [19] reviewed
hydrogen in energy transition. According to the study, this is important because the world
is fast changing, which has led to discussions around technological advancement among
the people. The study presented the progress being made in the hydrogen sector. Maggio
et al. [20] reviewed how the production of hydrogen from renewable energy sources could
affect the fuels markets. Their study suggests that producing hydrogen through electrolysis
will have a significant economic impact, particularly in the area of transport, which will
lead to the creation of new supply chain, and market, which will change the characteristics
of the energy market. Hanley et al. [11] provided a review of hydrogen production through
low-carbon methods from varying integrated energy system models. Their objective was
to identify the policy scenarios and factors that lead to the advent of hydrogen over other
low carbon technologies. They identified that bioenergy could serve as both a driver
and competitor for hydrogen energy, along with high renewable electricity scenarios and
increased electrification. Electric vehicles were, however, identified as the key competitor
in the passenger vehicle sector. Additionally, Abe et al. [21] presented a short overview of
hydrogen as an energy carrier. The study identified the storage of hydrogen as a hinderance
to its development and provided some recommendations for its development.

Finally, Liu et al. [22] looked at the trends and future challenges for the production and
storage of hydrogen. According to their findings, the most researched hydrogen production
mechanism during their study period, i.e., 2004–2018, is the photocatalytic decomposition
of water to hydrogen. Mengdi and Wang [23] recently provided an overview of technologies
use for the production of hydrogen, which includes both renewable and non-renewable
resources. They also compared the life cycle environmental impact assessment for the
various technologies. Hosseini and Wahid. [24] also looked at various hydrogen production
technologies. Their findings indicate that the high cost of photovoltaic cells and their low
efficiency are the most critical barriers for the commercialization of solar based hydrogen
production. Similarly, El-Emam and Ozcan [25] provided an analysis on the economic,
technological, and environmental aspects of hydrogen production. They observed that the
lower cost of electricity that is associated with geothermal and nuclear energies makes them
the ideal sources for the production of hydrogen at low-cost. Okonkwo et al. [26] conducted
a study on the possibility of producing, using and exporting carbon-free hydrogen from
Qatar. The findings of their paper shows that the best pathway for Qatar at present is
the production as well as exportation of blue ammonia, whereas green hydrogen could in
the mid-future become as competitive as blue ammonia. In another study, Lane et al. [27]
forecasted renewable production of hydrogen technology shares. The outcome of the study
suggests that the dominant technology consists of biomass gasifiers on the early market;
however, electrolyzers’ higher learning rate as well as the long-term trend of declining cost
for RE could lead to equal shares for installations that are new by mid-term and ultimately
to electrolyzers having the leading share of new facilities.

In this paper, a review of clean hydrogen production technologies is presented. This is
not the first time the different hydrogen production technologies have been discussed, as
there have been some studies, discussed in previous sections, and some of these [28–31]
have reviewed one or more forms of the processes associated to hydrogen production. Aside
from the emphasis on clean technologies in this paper, it also moves beyond the review of
the technologies alone and presents the limitations associated with them. Challenges in the
sector that is hindering the progress of the hydrogen economy globally are also presented.
The role of hydrogen in the world’s energy sector is also presented.
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2. Status of the Global Hydrogen Production

According to the International Energy Agency (IEA) [32], technologies for the pro-
duction of hydrogen were unusually robust during the COVID-19 pandemic, with their
momentum in 2020 remaining strong. According to the IEA report, the year 2020 was a
record year in policy action and low-carbon production, where a total of ten governments
across the globe adopted hydrogen strategies. An installation of about 70 MW capacity
of electrolysis was done, which doubled the preceding year’s record, and two hydrogen
producing facilities from fossil fuels with Carbon Capture, Utilization, and Storage (CCUS)
became operational, which led to about a 15% increase in production capacity [32]. Reports
show that the global total hydrogen demand has increased rapidly by 27.2% in 7 years, i.e.,
from 255.3 billion cubic meters in 2013 to some 324.8 billion cubic meters in 2020 [33,34].
Figure 2 shows the increase in demand for H2 over the years; it can be seen that the pro-
duced hydrogen are mostly used in the production of ammonia (51%), while about 31%
goes into oil refining, 10% is used for the production of methanol, and the remaining 8%
has other uses [35].

Figure 2. Demand of hydrogen worldwide and its share on various uses [35]. Reproduced with
permission from Elsevier, 2022.

The hydrocarbon steam reforming is presently the most utilized approach for the
production of hydrogen globally, it is used in over 90% of industrial hydrogen production
facilities. It is a technology that was invented in 1926 by the Badische Anilin-und-Soda-
Fabrik (BASF) [34,36].

Reports by the Hydrogen Council and McKinsey & Company [37] indicated that out
of the 228 large-scale industrial, infrastructure, and transport hydrogen projects around the
world, more than half, i.e., 126, are projected to be sited in Europe, 19 in North America, 24
in the Oceania, and 46 in Asia. These projects are estimated to be a potential investment of
1.4% of the global energy fund, which is equivalent to $300 billion. According to the same
report, a total of 75 countries around the world, which translates into more than half of the
world’s gross domestic product (GDP), have instituted net-zero carbon ambitions and over
30 have strategies directed at hydrogen production.
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3. Paths to Hydrogen Production

Production of hydrogen is mainly done using either fossil fuels or through RS, which
is presented in Figure 3. The widely used approach is called “steam reforming”. Methane
is the widely used fuel in this process due to its high hydrogen-to-carbon ratio within
the hydrocarbons group; therefore, the generated by-products are reduced [38]. The
steam methane reforming (SMR) process is generally made up of two steps, as presented
below [39]:

• The initial step is the reformation process; at this stage, there is the mixing of the
methane with steam, which is moved over a catalyst bed with a high pressure of
1.5–3 MPa and a temperature range of 700–900 ◦C to form a combination of carbon
monoxide (CO) and hydrogen, as presented in Equation (1).

• The next phase involves the shift reaction, where there is the reaction of additional
steam with the CO from the initial phase to produce additional hydrogen and CO2, as
indicated in Equation (2):

CH4 + H2O → CO + 3H2 (1)

CO + H2O → CO2 + H2 (2)

Figure 3. Routes to hydrogen production [28,40]. Reproduced with permission from Elsevier, 2022.

Coal gasification is the other method for the generation of hydrogen that uses fossil
fuels. In this method, the coal is taken through a partial oxidation at high pressure,
approximately 5 MPa, and temperature with the assistance of steam and oxygen to yield a
combination of CO, methane, CO2, and other compounds [41]. Hydrogen and CO mostly
remain at temperatures beyond 1000 ◦C and pressures of 1 bar. The process is presented in
Equations (3) and (4) [39]:

C +
1
2

O2 → CO (3)

C + H2O → CO + H2 (4)

This study, however, only focuses on the various renewable (RE) options and discusses
them in detail in subsequent sections below. A review of recent studies using different
methodologies are presented in Table 1.
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Table 1. Recent studies on the production of hydrogen.

No. Year Mechanism Used Objective of Study Major Findings/Results Ref.

1 2017

Thermo-
electrochemical

production protonic
membrane reformer

To obtain high-purity hydrogen
within a single-stage process in

an almost zero energy loss.

The study achieved a balanced
thermal operating regime. A
total energy efficiency more

than 87% was obtained for the
modeled hydrogen plant.

[42]

2 2021 Alkaline water
electrolysis

To investigate the effect of
electrode spacing on the
production of hydrogen.

It was identified that smaller
spacing distances for electrodes

increases the interaction
between the immersed
electrode and the ionic

electrolyte, which increases the
rate of the electrochemical

reaction, efficiency, and
production of hydrogen.

[43]

3 2021

Proton exchange
membrane

electrolysis cell
(PEMEC)

To assess the performance of
PEMEC, which is operated by a

photovoltaic thermal (PVT)
system. It assessed the impact

of thermoelectric generator
(TEG) and phase change
materials (PCM) on the

production of hydrogen.

A combination of the
PVT/TEG/PEMEC system
performed better than other

systems. The
PVT/PEMEC/PCM system
recorded negligible effect.

[44]

4 2019
Evaluation of solar
driven natural gas
reforming system

To assess the impact of a
combination of steam methane
reforming with carbon dioxide

as well as steam-based
autothermal reforming.

There was an improvement in
both exergy and energy
efficiencies. The exergy

efficiency is 31.1%, while the
energy efficiency is 59.1%.

[45]

5 2021 Photo fermentation

To assess the role of catalysts in
energy conversion efficiency

enhancement and the yield of
photo-fermentation

biohydrogen from a corn stalk
(CS) via strengthening the

beneficial metabolic product.

The hydrogen yield was
increased by 15.93% when 0.2

g/g CS of kieselguhr was
added to the liquid culture.

[46]

6 2011 Photoelectrochemical

To investigate the hydrogen
evolution rate for a

photoelectrochemical system,
which consists of platinum as a
photoanode and cathode, and
anodized tubular TiO2, solar

cell, as well as seawater, which
is prepared using a

nanofiltration membrane.

The rate hydrogen evolution
was found to be 270 mol/cm2 h. [47]

7 2021

Bio-hydrogen
production based on

lignocellulosic
biomass

To explore the syntrophic
co-fermentation model for

microbial community evolution
evaluation and the route of

carbon transfer for the
co-fermentation system.

The highest level of hydrogen
production is 165 mL/g with a
mean hydrogen concentration

of 52.3%.

[48]

8 2021
Water electrolysis,

electrochemical
conversion

To propose an efficient strategy
to replace the oxygen evolution
reaction with a partial oxidation

of degradation products
originating from carbohydrate.

The results indicate that there
exists the potential to use

industrial waste streams for
sustainable hydrogen

production.

[49]

9 2019 Proton exchange
membrane

To propose a synthesized
polybenzimidazole (PBI)

composite membrane from the
addition of zirconium oxide

(ZrO2) followed with
phosphoric acid.

The efficiency of the copper
chloride (CuCl) electrolyzer
ranged from 91–97%, which

indicates that the hybrid
PBI/zirconium phosphide (ZrP)

membrane can serve as an
alternative to the Nafion

membrane.

[50]
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3.1. Water Splitting

Water is seen as the most abundant source for the production of hydrogen, which is
made up of hydrogen and oxygen. Therefore, if sufficient energy is given to it, its molecules
will split into hydrogen and oxygen. Several technologies can be adopted to split the water.
Some of these technologies are discussed in detail in the subsections below.

3.1.1. Electrolysis of Water for the Production of Hydrogen

In this process, the reactant is water, which is dissociated into oxygen and hydrogen
using DC current:

Anode : H2O → 1/2O2 + 2H+ + 2e− (5)

Cathode : 2H+ + 2e− → H2 (6)

Overall : H2O → H2 + 1/2O2 (7)

There are different electrolyte systems that can be used for water electrolysis, which
includes anion exchange membranes (AEMs) electrolysis, alkaline water electrolysis (AWE),
solid oxide water electrolysis (SOE), and proton exchange membranes (PEMs) electrolysis.
They operate using same principle, although they operate under different conditions using
different materials [51].

Alkaline Water Electrolysis

This method makes use of two non-platinum group metals, i.e., nickel (Ni) and iron
(Fe) based electrodes, 30–40% potassium hydroxide (KOH) electrolyte, and a diaphragm
membrane. Alkaline electrolysis is seen as a technology that is reliable for hydrogen
production up to the megawatt scale [52,53]. The alkalinity is provided by the circulating
KOH electrolyte. The permeable diaphragm plays the role of a separator to separate the
cathode and the anode. It also plays the following roles: conduction of hydroxyl ions,
ensuring safety and efficiency, and prevention of possible gas crossover [52–54]. Organic
polymers, such as polypropylene, as well as ceramic oxide materials, e.g., potassium
titanate and asbestos, can be used for the construction of the diaphragm [55].

A typical AWE works at a current density that ranges from 300–400 mA cm−2, with a
cell voltage that ranges from 1.85–2.2 V, moderate temperature of 70–90 ◦C, and conversion
efficiencies ranging from 60–80%. The merits of this technology are that it is independent
of a noble metal catalyst for the production of hydrogen, and its relatively low temperature
makes its handling easier [56].

Solid Oxide Water Electrolysis

This is an innovative concept which allows water or steam electrolysis at temperatures
that range from 600–900 ◦C. Higher efficiencies are obtained in this approach compared to
the PEM and alkaline electrolyzers. Both recycled hydrogen and steam are supplied to the
cathode; water is then reduced to yield hydrogen, as indicated in Equation (8). The oxide
anions produced at the cathode goes through the solid electrolyte to the anode, and at this
stage, they recombine to form oxygen and closes the circuit with the electrons released, as
indicated in Equation (9) [52]:

H2O(g) + 2e− → H2(g) + O2− (8)

O2− → 1
2

O2(g) + 2e− (9)

In this concept, the reaction changes with the electrodes in contact with the vapor
phase or gas, which is a clear deviation from the processes that takes place on the electrodes
of the PEM or alkaline electrolyzers. This makes it challenging to maximize the interfacial
area which is in contact between the gaseous chemical species and electrodes [52]. Figure 4
shows the water and steam electrolysis energy demand.
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Figure 4. Water and steam electrolysis energy demand [57]. Reproduced with permission from
Elsevier, 2022.

Proton Exchange Membranes

PEM is mostly employed in fuel cells for electricity generation and in electrolyzers
for hydrogen production. It also serves as a separator between the cathode and the anode.
The most used PEMs are the Nafion™ and Nafion™-based membranes as a result of their
high thermostability, high ionic conductivity, excellent chemical stability, good mechanical
strength, and robustness at a low temperature during high levels of relative humidity [58].
There are, however, some major challenges associated with the use of the Nafion™, i.e.,
poor proton conductivity when temperatures are high under low humid environment and
longer time needed for synthesis [58–60].

In PEM electrolyzers, there is the introduction of water at the anode where splitting
into proton and oxygen occurs. The proton then moves to the cathode through the mem-
brane, where recombination occurs to form hydrogen [61]. The oxygen gas is left behind
with the unreacted water. A drier may be employed to eliminate residual water depending
on the requirements for purity after the liquid/gas separations unit. There is a low ionic
resistance in PEM electrolyzers; hence, a high current greater than 1600 mA cm2 can be
attained, while high efficiencies of 55–70% is maintained.

The cathode and anode reactions are presented below [61]:

Anode : 2H2O → O2 + 4H+ + 4e− (10)

Cathode : 4H+ + 4e− → 2H2 (11)

Overall : H2O → H2 +
1
2

O2 ΔH = −288kJmol−1 (12)

Anion Exchange Membranes

The AEM method is a hybrid technique (i.e., in relation to water electrolysis), which
integrates the merit of alkaline and PEM electrolysis within a cell, which consists of an
AEM that is hydrocarbon-based and two transition metals, for example platinum (Pt),
iridium (Ir), etc., of catalyst-based electrodes [62]. Figure 5 shows the process of AEM and
the components involved. There is a connection of an external power supply to the cathode
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and anode for the provision of DC current. The entire reaction is made up of two half-cell
reactions, i.e., oxygen evolution reaction (OER) and the hydrogen evolution reaction (HER).
Water is passed through the side of the anode, which produces hydrogen and hydroxyl
ions through the adding of two electrons. Then, there is the diffusion of the hydroxyl
ions through the AEM to the portion of the anode through the positive attraction of the
anode, whereas through the external circuit the electrons move to the anode. The hydroxyl
ions recombine in the anode chamber as oxygen and water through the loss of electrons.
The oxygen is released from the anode’s surface by forming bubbles. Catalytic activity is
required by both half-cell reactions for the formation and emission of the corresponding
gases from the surfaces of the electrode. The half-cell reactions in Equations (13)–(15)
apply [56,63]:

Anode : 4OH− → O2 + 2H2O + 4e− E0 = 0.401 V. (13)

Cathode : 4H2O + 4e− → 2H2 + 4OH− E0 = −0.828 V (14)

Overall : 2H2O → 2H2 + O2 E0 = 1.23 V (15)

Figure 5. Diagram of an AEM water electrolysis. CCL: cathode catalyst layer, ACL: anode catalyst
layer, GDL: gas diffusion layer, and MEA: membrane electrode assembly [56]. Reproduced with
permission from Elsevier, 2022.

The reaction needs a theoretical thermodynamic cell voltage of 1.23 V at a temperature
of 25 ◦C in order to dissociate the water into hydrogen and oxygen. However, in practice,
in order to obtain an efficient hydrogen production, the cell voltage must be greater than
1.23 V. Extra voltage is needed to overcome the ohmic resistance and the kinetics of the
electrolyte as well as the electrolyzer’s components [56].

3.1.2. Thermolysis of Water for Production of Hydrogen

The thermolysis of water, which is referred to as a single stage thermal dissociation of
water, is presented as follows [64]:

H2O heat→ H2 +
1
2

O2 (16)
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The reaction in this approach requires a source of heat to be able to get a reasonable
level of dissociation; this heat source should be able to make available temperatures beyond
2500 K. For example, the level of dissociation at 3000 K and 1 bar is 64% [64]. These are the
main challenges associated with this method of production. Another challenge associated
with this form of hydrogen production is the high cost of its equipment due to the need to
withstand the high conditions presented earlier in this section. Different technologies are,
therefore, being proposed in order to conduct thermolysis at lesser temperatures. One of
such strategies involves the conduction of the reaction in a number of phases with the use
of catalysts; however, the requirement of very corrosive reagents also poses challenges to
equipment as well as a possible negative impact on the environment [65].

Kasai and Bishop [66] proposed a single reaction system, which can realize an entropic
exchange for the production of hydrogen through thermolysis by means of zeolites. Free
hydrogen as well as oxidize bivalent cations are produced from the rehydration of zeolites,
which happens at temperatures around 400 ◦C. In the same way, Hsu [67] proposed a raney
nickel plate reactor (10% Aluminum and 90% Nickel), which functions as a catalytic surface
to change the reaction’s energy activation. Additionally, iodine (I2) and sulfur dioxide
(SO2) were added to the medium, which had a decreasing effect on the temperature of the
reaction, as presented in Equations (17) and (18) [65]:

I2 + SO2 + 2H2O → 2HI(I) + H2SO4(I). (17)

2HI(I) → H2(g) + I2(I)(200 ≈ 400 ◦C) (18)

3.1.3. Photolysis of Water for Hydrogen Production

Water can release hydrogen in principle, which occurs when the water molecules ab-
sorb energy at a rate of 285.57 kJ/mole of water from ultraviolet radiation [68]. The dissocia-
tion of the H-O bonds by photons is known as photolysis, which occurs at about 190 nm [69].
This process and thermolysis need chemical catalysts such as ZrO2, tin oxide (SnO), zinc
oxide (ZnO), and other semiconductor sulfur oxides [65] (Equations (19) and (20)):

MoxZ+ + H2O → Mox(Z+1) + H + OH− (19)

2H → H2 (20)

3.1.4. Some Limitations Associated with Water Electrolysis Technologies

Some limitations associated with some of the technologies presented above are pre-
sented below [70]:

• Solid oxide electrolysis—requires a relatively large laboratory stage, low durability,
and large system design.

• PEM electrolysis—has an acid environment, immature and costly components, and
low durability.

• Alkaline electrolysis—has low current densities, purity of gases is low, low dynamic
operation, operational pressure is low (3–30 bar), and there is a reduction in the
electrolyzers performance due to the formation of carbonates on the electrode.

3.2. Biomass Process of Hydrogen Production

Biomass is seen as more promising compared to fossil fuels in terms of hydrogen
production due to its large reserves and supply, easy oxidation, and high annual output.
Therefore, hydrogen can be produced in various forms in relation to biomass as shown in
Figure 6. This includes thermochemical conversion of wood waste, photocatalysis (PC)
of municipal solid waste, lignin, sawdust, forest residues, agricultural waste, cellulose,
polyols, fermentation of microalgae and cassava, biomethane (biogas), steam reforming of
gasified biomass tar, etc. [34]. Even though there is a release of CO2 during the production
of hydrogen using biomass, the quantity of gaseous emissions is equal to the quantity ab-
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sorbed by organisms during their lifetime [71]. Biological and thermochemical mechanisms
are the two approaches that can be used to produce hydrogen from biomass. These will be
discussed in subsequent sections.

Figure 6. Sources of biomass and their conversion into hydrogen and other beneficial products [72].
Reproduced with permission from Elsevier, 2022.

Different from coal, biomass has a comparatively high hydrogen-to-carbon ratio. It
is estimated that C6H10O5 (pure cellulose) has a hydro-carbon ratio of approximately 1.7
as compared to that of 0.8 for a characteristic bituminous coal [73]. Using biomass can
decrease the dependance on hydrocarbons. Biomass can fix CO2 balance in the atmosphere
through a mechanism known as photosynthesis process [74].

3.2.1. Biological Production
Dark Fermentation Process of Hydrogen Production

Dark fermentation (DF) is seen as the most promising technique for the generation
of biohydrogen via the conversion of biomass, it has a net energy ratio equivalent to 1.9,
while that of steam methane reforming is equal to 0.64 [75]. Production of hydrogen can
be done by anaerobic bacteria, which are grown in carbohydrate rich or dark substrate.
The anaerobic metabolism of pyruvate, which is formed due to the catabolism of various
substrates, drives most microbial hydrogen production. One of two enzyme systems
catalyze pyruvate breakdown [75]:

1. Pyruvate: formate lyase:

Pyruvate + CoA → acetyl − CoA + formate (21)

2. Pyruvate: ferredoxin oxido reductase:

Pyruvate + CoA + 2Fd(ox) → acetyl − CoA + CO2 + 2Fd(red) (22)
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Substrates in DF are transformed by anaerobic bacteria grown in the dark (Figure 7).
The key substrate in metabolism is hydrogen for several anaerobic microorganisms. If they
are available, such microorganisms are capable of utilizing gydroenergy-rich hydrogen
molecules, to produce energy through the use of the electrons from the hydrogen oxidation.
When there are no external acceptors of electrons, the organisms have extra generated
electrons in the process of metabolism due to the reduction of protons producing hydrogen
molecules. Hydrogenases are the key enzymes that regulate hydrogen metabolism [76].

Figure 7. Characteristic metabolic ways for converting substrate to hydrogen during DF [76]. Repro-
duced with permission from Elsevier, 2022.

Photo Fermentation Process of Hydrogen Production

Photo fermentation is considered as one of the probable pathways for the production
of biological hydrogen. Anoxygenic photosynthetic bacteria, especially the purple non-
sulfur (PNS) bacteria, are in this process able to reduce H+ ions to gaseous H2, through
the use of both the reduction power obtained from the organic compounds’ oxidation, e.g.,
low-molecular weight fatty acids as well as light energy. This mechanism is regarded as
promising as a result of the absence of O2-evolving reactions, the potential to utilize varied
range of sunlight, high substrate conversion yields, and the potential to combine this form
of H2 production methods with waste disposal [77].

Rhodobacter, a PNS bacterial genus, is the most commonly used for the production
of biohydrogen. PNS bacteria can grow photo-heterotrophically and acquire their carbon
needs and electrons from reduced fixed carbon compounds, using CO2 as the only source
of carbon and H2, S2, or Fe2+ as electron donors, while some species can also grow photo-
lithoautotrophically. The PNS can utilize a variety of organic carbon compounds: amino
acids, alcohols and carbohydrates, acetate, and other organic acids and pyruvate depending
on the species. Other species can also utilize compounds with a one-carbon atom, such as
formate and methanol, whereas others grow with the use of aromatic organic compounds,
e.g., chlorobenzoate, cinnamate, benzoate, phenol, and phenylacetate [78]. Figure 8 shows
the production of hydrogen through photo-fermentation.
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Figure 8. Production of hydrogen via photo-fermentation through photosynthetic bacteria paths,
resulting in the production of hydrogen via a non-sulfur-deprived photosynthetic bacterium [78].
Reproduced with permission from Elsevier, 2022.

The reaction for the production of hydrogen using photo fermentative mechanism
using acetate is presented in Equation (23). The reaction is not spontaneous due to its
positive free energy and as a result requires external energy in the form of light (natural or
artificial). Four moles of hydrogen can be theoretically produced from the 1 mol of acetate
under adequate physico-chemical conditions [79].

2CH3COOH + 2H2O → 4H2 + 2CO2, ΔGo = +104 kJ (23)

Bio-Photolysis Process of Hydrogen Production

This is a biological process that employs similar principles that are seen in algae and
plants photosynthesis which are adapted for the production of hydrogen gas. Only carbon
dioxide reduction occurs in green plants, as there is an absence of the enzyme that catalyze
the formation of hydrogen. However, there exist hydrogen-producing enzymes in algae
which can produce hydrogen under certain situations [80]. Bio-photolysis can take place
in either directly or indirectly form under illumination, which then results in H2 and O2
production [81].

The most analyzed species for direct bio-photolysis is the microalgae chlamydomonas
reinhardtii. Both photosystems (PSI and PSII) and hydrogenase enzymes play active roles
in direct bio-photolysis [82]. The molecules of water are split by green algae in direct
bio-photolysis to form oxygen and hydrogen ion via photosynthesis. H2 is produced
through the conversion of the generated hydrogen ions by hydrogenase enzyme. This
enzyme is extremely sensitive to oxygen, and as a result, the oxygen content must be
maintained below 0.1%, which is a drawback of this technology [83]. The process of direct
bio-photolysis is presented Figure 9.
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Figure 9. Representation of direct bio-photolysis [83]. Reproduced with permission from
Elsevier, 2022.

Indirect bio-photolysis could be used with many of the cyanobacteria. In this case, the
process of the photosynthesis is accompanied by dark fermentation to produce H2O and
H2. The conversion of CO2 into an endogenous reserve carbohydrate occurs before the
production of hydrogen in the presence of hydrogenase enzyme [82,84]. Figure 10 illustrates
the indirect mechanism of the production of hydrogen. The indirect bio-photolysis concept
can be divided into four groups [83]:

• Production of biomass via photosynthesis.
• Biomass concentration.
• Aerobic DF producing 4 mol hydrogen/mol glucose in algae cell, accompanied by

2 mol of acetates.
• Production of hydrogen through the conversion of 2 mol of acetates.

Figure 10. Production of hydrogen using an indirect bio-photolysis approach [83]. Reproduced with
permission from Elsevier, 2022.
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Cyanobacteria are used in a typical indirect bio-photolysis to produce hydrogen through
the reactions provided in Equations (24) and (25):

12H2O + 6CO2 → C6H12O6 + 6O2 (24)

C6H12O6 + 12H2O → 12H2 + 6CO2 (25)

3.2.2. Thermochemical Production

The thermochemical method is a system whereby biomass is converted into hydro-
gen rich gases and hydrogen. The production of hydrogen-rich gases from synthesis gas
obtained from such methods is seen as the way forward for zero GHG emissions, which
is necessary for sustainable development [28,85]. The thermochemical method is mainly
made up of gasification and pyrolysis. The two conversion methods produce CH4 and
CO, among other gaseous products, which can be treated more for the production of
additional hydrogen through water gas shift (WGS) and steam reforming reaction. Lique-
faction and combustion methods are additional mechanisms that are two less preferable
approaches, since they produce low hydrogen with the release of byproducts and also
requiring operating conditions of 5–20 MPa without the presence of air, which are difficult
to meet [83].

Pyrolysis Way of Hydrogen Production

Pyrolysis or co-pyrolysis is another promising technique for the production of hy-
drogen. In this technique, heating and gasification of raw organic material occur in a
temperature range of 500–900 ◦C at a pressure of 0.1–0.5 MPa [86,87]. The process happens
in the absence of air and oxygen, and consequently, the formation of dioxins can be ruled
out. The absence of air or water means there will be no formation of carbon oxides (CO2
and CO) to require secondary reactors. As a result, this process of hydrogen production
helps to reduce emissions. However, in the situation where there is the presence of water or
air (i.e., the materials are not dried), there will be significant emission of COx. Some of the
merits of this technology are its clean carbon byproduct, fuel flexibility, reduction in COx
emissions, and comparative simplicity and compactness. The reaction for this mechanism
is presented in Equation (26) [87]:

CnHm + heat → nC + 0.5mH2 (26)

Pyrolysis can be grouped into high (over 800 °C), medium (500–800 °C), and low
temperatures (up to 500 °C). Fast pyrolysis (FP) is a process that is used to transform
organic material into products with higher energy content. Products of FP appear in all
three phases, i.e., liquid, solid, and gas. The possibility for fouling by the formed carbon is
one of the challenges associated with this method; however, its proponents are of the view
that it can be reduced using the suitable design [88]. Pyrolysis could play a key role in the
production of hydrogen, since it has the ability to reduce the emission of carbon monoxide
and carbon dioxide and could also be operated in a way that recovers a significant portion
of solid carbon [87].

Hydrogen Production through Gasification

Biomass gasification is regarded as a potential way of RE hydrogen production.
Biomass gasification is identified as the most economical and efficient way for the produc-
tion of hydrogen. It is a high temperature partial oxidation process where biomass, which
is a solid carbonaceous feedstock, is transformed into a gaseous mixture (CH4, CO2, H2,
CO, tar, light hydrocarbons, ash, minor contaminates, and char) using gasifying agents [89].
Biomass gasification’s performance is affected by at least 20 operational parameters regard-
ing the feedstock and gasifier, which include the gasifier’s geometrical configuration, flow
rate, type of gasifying agent, reaction/residence time, pressure and temperature of the
gasification, the gasifying agent/biomass ratios, etc. [89,90]. The product distribution and
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the composition of gas hinges on several factors, which include the reactor type and the
temperature of the gasification. The most vital gasifier types are the entrained flow gasifier
and the fixed bed gasifier (updraft or downdraft fixed beds). A significant gas conditioning
needs to be included in these gasifiers along with inorganic and tars impurities removal
and the subsequent transformation of CO to H2 through WGS [91].

Biomass gasification normally occurs withing a temperature range of 700–1200 °C,
using oxygen, air, steam, or their combination as a gasifying agent. Steam enhances the
formation of H2 and generates a high heating value gas without nitrogen. Even though
steam gasification has higher energy cost as a result of its highly endothermic nature
compared to air gasification, it prevents the need for an expensive oxygen separation
process [92,93]. An experimental study [94] indicated that the process of steam gasification
that is built based on the fluidized bed reactor with/without added O2 can produce
quantities ranging from 10–16 MJ (Nm3)−1 gas H2 content of 30–60 vol%. This is because
there is an absence of nitrogen from air gasification in the products; additionally, there is
the possibility of a homogenous WGS during the early stages of the gasification process
to increase the production of hydrogen [95]. The production of hydrogen via the biomass
steam gasification method is schematically presented in Figure 11.

Figure 11. Diagram of the biomass steam gasification procedure for hydrogen production [92].
Reproduced with permission from Elsevier, 2022.

An innovative mechanism to synthesize H2 without carbon dioxide or carbon monox-
ide fuel cells via biomass reactions, alkali metal hydroxides as well as water vapor at
comparatively low temperatures (473–623 K) under atmospheric pressure was proposed
by [96]. The reaction for this proposed method is as presented in Equation (27). Basic
reactions for the gasification process for biomass are presented in Table 2.

C6H12O6 + 12NaOH + H2O → 6Na2CO3 + 12H2 (27)

Table 2. Basic reactions for the gasification process for biomass [97].

Reaction Type Equation of the Reaction

Pyrolysis C6H10O5 → 5CO + 5H2 + C
C6H10O5 → 5CO + 3H2 + CH4

Partial oxidation
C6H10O5 +

1
2 O2 → 6CO + 5H2

C6H10O5 + O2 → 5CO + 5H2 + CO2
C6H10O5 + 2O2 → 3CO + 5H2 + 3CO2

Steam reforming
C6H10O5 + H2O → 6CO + 6H2
C6H10O5 + 3H2O → 4CO + 2CO2 + 8H2
C6H10O5 + 7H2O → 6CO2 + 12H2
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Hydrogen Production via Biomass Combustion

Combustion is basically the burning of any form of fuel to release energy in the form of
heat in the presence of air. In this mechanism, biomass burns in a furnace or boiler directly
with the presence of excess air, which can be used for steam production and the resultant
steam used to drive turbines, compressors, or pumps in any chemical process. Biomass has
advantages as a combustion feedstock due to the high reactivity of the resulting char and
the fuel, and also the high volatility of the fuel [98]. Biomass combustion is normally not
ideal for the production of hydrogen because of the high formation of CO2 linked to it. The
production of hydrogen was 9.56 vol% for algal biomass combustion [99,100]. Several other
gases are emitted; some of these are NOx, SOx, COx, and CH4, which are all dependent
on the composition and source of the biomass. There is a high cost associated with the
treatment of these gases, which increases the total cost of the process [99,101].

3.2.3. Hydrogen Production Yield and Some Limitations Associated with the Various
Biomass Processes

Despite the hydrogen production potential related to the various biomass methods
presented in the earlier section, the various techniques have some limitations which can
hinder their use for the generation of hydrogen. Some of these are highlighted below:

� Biological process:

• Photo-fermentation—this mechanism has low yield relative to the production of
H2; it is also required to control the bacteria. Moreover, it requires a high surface
area and has a high energy demand. The H2 yield is estimated to be around
9–49 g/kg feedstock [83,102].

• Dark fermentation—this process require pre-treatment; additionally, it has a
high number of by-products, while the rate of production and yield of H2 is also
low. The H2 yield is estimated to be around 4–44 g/kg feedstock [103–105].

� Thermochemical process:

• Biomass pyrolysis—this technology requires catalysts regeneration, emission of
CO2, formation of char and tar, and variation in H2 as a result of complexity in
biomass and variation in composition; the cost of reactor is also high. The H2
yield is estimated to be around 25–65 g/kg feedstock [103,106].

• Biomass gasification—the limitations linked to this process are high operating
temperature, variation in H2 as a result of complexity in biomass and variation
in composition, formation of char and tar, which leads to catalyst deactivation,
expensive reactor, and that CO2 emissions and catalyst regeneration are required.
The H2 yield is estimated to be around 40–190 g/kg feedstock [103].

• Steam reforming—this requires catalysts regeneration, operates under high tem-
peratures, and emits CO2. The H2 yield is estimated to be around 40–130 g/kg
feedstock [64].

• Partial oxidation—this also operates under high temperature, includes CO2
emission, is adapted for only few molecules, and requires a high amount of
oxygen. The H2 yield is estimated to be around 16–140 g/kg feedstock [107,108].

4. Role of Hydrogen in the World’s Future Energy Generation and Decarbonization

Hydrogen energy, as indicated earlier, has the potential to serve as an energy carrier,
and this source of energy has become key in relation to global sustainable growth both
in developed and developing countries [109]. Research has predicted that the world will
require about 600 to 1000 EJ of primary power by 2050 [110]. Energy demands is expected
to increase even more in developing countries, where the need for power is high for their
development and poverty alleviation [111]. However, the current global primary energy
mix is dominated by fossil fuels, which are predicted to be depleted in about 50 years using
the current rate of its consumption [72,112]. Fuel cells and hydrogen are mostly seen as
important technologies for a sustainable energy supply in the future. It is projected that RS
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shares of 36% by 2025 and 69% by 2050 on entire demand for energy could result in an 11%
hydrogen shares by 2025 and 34% by 2050 [113]. Hydrogen can be transported and stored; it
can be transformed into electrical energy using fuel cells. Hydrogen is ecologically friendly,
contingent on the source of energy for its production; in the case of production from water,
it returns to water after oxidation. A number of reasons exist as to why hydrogen is an
appropriate and logical choice as a chemical fuel for the replacement of fossil fuels. The
main reason is that it is a complementary energy carrier to electricity [114].

Maybe the current best-known use of hydrogen is in the transportation sector. Drivers
of electric vehicles often complain about the range and time needed for recharging. Fuel cell
electric vehicles that operate using hydrogen do not have such concerns, since they possess
much longer range, need few behavioral changes, and have a faster refueling time. Heating
of homes can also be done using hydrogen. It can be either burned alone or combined with
natural gas. Proponents of hydrogen energy have suggested the use of surplus energy from
wind farms at night should be harnessed to produce hydrogen, which can be stored in high
pressure tanks or caverns for use [115].

The production of hydrogen could help in the reduction of curtailment in grids with
a high share of variable RE electricity. Water electrolysis is a well-established industrial
technology which uses electricity from the grid. It is expected to play a role on the near-
period H2 market too [113]. It is, however, not likely to generate substantial quantity of
hydrogen using wholly inexpensive or free “otherwise curtailed” electricity if, for instance,
the operation of electrolyzers is only about 10% of the time or less. Considering this rate
of utilization, produced hydrogen may not be competitive even if zero-cost electricity is
considered. This could possibly change if the cost of electrolyzer reduces further. In order
to decrease the cost of production for hydrogen, the utilization rate of electrolyzers should
be higher, which is not compatible with the irregular accessibility of curtailed electricity.
There is a need to strike a balance between the buying of electricity at all times of low prices
and the increasing of electrolyzers utilization [116].

Hydrogen is seen as a potential source of energy generation that could help lower the
emission of CO2. A comparison among fossil fuels and hydrogen technologies is shown in
Figure 12. It is estimated that the use of hydrogen generated from traditional approaches
can minimize the emission of carbon by nearly 20% when used in fuel cells. Therefore,
this means that emission of carbon can be significantly reduced through the production of
hydrogen using RS [117]. The Hydrogen Council indicated in their report that H2 demand
and supply could reach 10 EJ per year by the close of 2050, which is further projected to
increase by approximately 5–10% per year after 2050. Therefore, H2 can be said to be a
potential strong contender in the world’s energy system in the future [118].

Figure 12. Impact of hydrogen production and combustion on emission of carbon [117]. Reproduced
with permission from Elsevier, 2022.
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Cost Estimates for the Production of Hydrogen

The cost of obtaining hydrogen can be divided into logistics and production costs.
Financial conditions such as cost of capital and local regulations also affect the final cost of
hydrogen. At the production stage, the cost of the source of power, i.e., renewable power
or fossil fuels, is key to the variable costs and, hence, affect the final competitiveness of
every technology [119].

According to the Hydrogen Council, H2 was significantly used in 2020; it could
potentially solve about 8% of the global energy demand (GED) and it has a production cost
of about 2.50 $/kg. The cost of production has been projected to reduce to about 1.80 $/kg
by 2030 to solve the GED by about 15% [120,121]. A summary of recent cost estimates for
some selected technologies for the production of hydrogen is provided in Table 3.

Table 3. Selected methods of hydrogen production with their cost and production efficiencies
refs. [70,122,123].

Production Mechanism Cost, $/kg Efficiency of Process, %

Electrolysis 10.30 60–80

Thermolysis 7.98–8.40 20–45

Photolysis 8–10 0.06

Dark fermentation 2.57 60–80

Gasification 1.77–2.05 30–40

Photo fermentation 2.83 0.1

Steam reforming 2.27 74–85

Pyrolysis 1.59–1.70 35–50

Indirect bio photolysis 1.42 -

Direct bio photolysis 2.13 -

Solar thermal electrolysis 5.10–10.49 -

Solar thermolysis 7.98–8.40 -

Wind electrolysis 5.89–6.03 -

Photo-electrolysis 10.36 0.06

According to IRENA [124], the use of electricity from RS to generate hydrogen could
help make it competitive in terms of cost relative to fossil fuels by 2030. An amalgamation
of decreasing costs of wind and solar power, economies of scale for electrolyzers, and
improved performance could help in its realization.

5. Challenges to the Scaling-Up of Hydrogen Production

This section presents some identified barriers that are hindering the production of
hydrogen. It can be safe to say that the key challenges that are associated with the devel-
opment of clean hydrogen is not only about the scaling up of the production of hydrogen,
but also largely about the shift from carbon-intensive to low-carbon hydrogen produc-
tion [125]. Some general barriers or challenges that could affect green hydrogen production
are discussed below:

• Absence of a value chain for clean hydrogen—absence of existing value chain for clean
hydrogen is identified as one of the major barriers in the sector that has to be overcome
to help develop a low-carbon hydrogen economy. The value chain for hydrogen is
currently dominated by fossil fuels; there are limited projects that focus on low-carbon
hydrogen. If clean hydrogen would become globally competitive, it will require the
creation of entirely new value chains. The main challenge is in relation to which path
to pursue, which is particularly due to the fact that hydrogen can follow several routes

244



Membranes 2022, 12, 173

in the area of demand, supply chains, and handling. It is producible, transportable,
and distributable in several forms, and different sectors demand it. Therefore, the
most viable outcome will rely on the infrastructures and technologies that are involved
which may differ in different areas and applications. In relation to the production of
hydrogen, the key challenge would be about the selection of the appropriate mech-
anism for its production, e.g., blue, green, or yellow hydrogen. Whereas all three
mechanisms produce the same final outcome, i.e., low-carbon hydrogen, they come
with dissimilar implications relative to industry, infrastructure, and most importantly
effect on the environment [125].

• Storage and transportation of hydrogen—this continues to be a weak link in the
energy systems of hydrogen [126]. A rise in the efficiency of these methods is linked
to the resolution of two main matters: hydrogen conversion into a system that has
higher density (e.g., liquefaction) and the safety improvement of conveyor systems
and tanks. Additionally, while the initial matter has been studied with some hands-on
solutions, problems in relation to the safe management of hydrogen has not yet been
comprehensively studied [127,128]. The various techniques for storing hydrogen are
presented in Figure 13. It groups the various approaches into three: (1) physical storage
in liquid or pure gas forms, where there is no physical or chemical bonding with other
materials, (2) adsorption, in this case the hydrogen combines with other substances
through weak van der Waals bonds, (3) chemical storage, in this case other materials
(e.g., chemical and metal hydrides) and the hydrogen forms chemical bonds [129].

• High production cost—the production cost for H2 is relatively high as a result of its
immature technologies, which prevents competition with conventional hydrocarbon
resources-based technologies [127]. RE-based hydrogen production mechanisms at
present cannot generate hydrogen at a price that is competitive with the hydrocar-
bons. The high capital expenditure (CAPEX) that is required for RE-based hydrogen
production is a major hindrance [130,131]. The low capacity factor for RE systems
coupled with the high upfront financial burden renders it unviable with its current
technologies [132]. The compression to minimize its volume for transportation bases
also increases its cost, since the compression requires an advanced process. Such
processes usually need expensive equipment and energy, which inflates the cost of
hydrogen. Hydrogen storage in metal hydrides are possible options for their com-
pression. Nevertheless, the metal hydrides are heavy, usually costly, and have limited
lifetime, which makes such a process less practical and expensive [39,133].

• Require international standards—it is an emerging market which requires interna-
tional standards and regulations, which is currently not available, which is a major
hinderance to the development of a global market for hydrogen. This has led to a
situation where individual countries formulate their own internal regulations and
standards. The absence of common standards and regulations hinders the diffusion
of hydrogen, which restrains its potentials. Formulating a common international
framework is key to prevent unfair competition and free riding [125]. Areas that
could gain from common standards and international harmonization include pipeline
specifications and hydrogen purity for the industry, safety protocols for the sector,
comparable ISO standards in the area of transportation, and guarantees of origin [134].

• Risks in investment—the hydrogen sector has risks in its supply chain as well as
uncertainties on its market, which is expected to persist for a while, particularly
where there are tight final product margins. Some explicit risks in the sector include
creation of a monopoly in hydrogen suppliers of low-carbon hydrogen at high cost,
and variations in cross-border environmental regulations. Governments are, therefore,
encouraged to participate in financing projects across borders in order to help manage
such risks [134].

• Flammability—the dissipation of liquid hydrogen occurs quickly due to its small
molecular size, and also because it has a high diffusion coefficient. Therefore, it
reduces hydrogen’s localized concentration in air and the extent of time for a potential
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hazard; the size of combustible cloud, however, increases. Because hydrogen has a very
small energy barrier of 0.017 mJ for combustion in air, and a high flammability range
of 4–74%, it tends to burn very easily with little source of ignition/spark; moreover, it
is very difficult to extinguish such combusting flame [135].

Figure 13. Various mechanisms for hydrogen storage [129]. Reproduced with permission from
Elsevier, 2022.

6. Possible Strategies to Scale Up Production

Fossil-based hydrogen production technologies have a well-established feedstock
infrastructure, matured production technologies, and they are also more commercialized.
The technology for water electrolysis is also well matured and uses existing infrastructure
and grid. These technologies are expected to play a key role in the short-term hydrogen
supply market. Coal gasification and steam reforming of natural gas with carbon capture
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may in the mid-term continue on the hydrogen market along with biomass gasification.
In the long term, water electrolysis, which uses RE electricity, thermochemical cycles,
photoelectrochemical, and biological methods, is expected to play a major role on the
hydrogen market [30]. PEM electrolyzers are nearing maturity technically, and within
economies of scale. Several regions, such as Europe, California, and Japan, have started its
commercial deployment. The objective is to use existing infrastructure, for instance, gas
networks, and get ready for hydrogen production through RE to partially replace fossil fuel-
based energy supply [116]. Furthermore, solar technologies’ efficiency is comparatively
low; therefore, it is important to improve the materials used and also develop catalysis
that can help improve the efficiency. Since it is also very important to produce hydrogen
with minimum environmental impact, technologies such as photonic water splitting and
wind-based electrolysis, which are emerging low-emission technologies, are potential
technologies that can also be used in the long term [14].

It is important to institute an appropriate regulatory framework to encourage private
sector investments. Such a framework could take into consideration the following [116]:

• Introduction of tariffs on long-term gas grid injection, de-risking instruments to help
boost the uptake on the market to support hydrogen deployment and infrastructure,
introduction of take-or-pay contracts, and schemes that allow the exemption from
electricity levies and grid charges.

• Technology-neutral instruments that aims at the end-user should be adopted, for
instance, mandates for RE content in the industrial sector and emission restrictions,
which will trigger the demand of hydrogen in a structural manner and rationalize
infrastructure investments while addressing issues that relate to carbon leakage. Finan-
cial support measures, such as tax rebates and waivers, and subsidies on capital expen-
diture are required to cover the initial cost premium relative to existing technologies.

7. Conclusions and Future Research Recommendations

Hydrogen is identified as an energy carrier that has the potential to help the world
minimize its levels of GHG emissions, which are occasioned by the reliance on fossil fuels
for the generation of energy. This study, therefore, presents a comprehensive review of
the various technologies available for the production of clean hydrogen, limitations of the
various technologies, and challenges that hinders the scaling up of the hydrogen economy.
Production of hydrogen through RS offers several advantages, e.g., aside from its clean
nature, the potential for a distributed hydrogen supply network model. As presented in
this study, apart from the presence of the technical challenges associated with the various
technologies, there are also other factors which serve as hinderances to the scaling up of
the hydrogen economy. Key among these are issues relating to the absence of a value chain
for clean hydrogen, storage and transportation of hydrogen, high cost of production, lack
of international standards, risks in investment, and flammability.

Future studies on the various clean technologies for hydrogen should focus on the
enhancement of their efficiencies. Technologies such as the use of pulsating electric fields
and the use of ultrasonic fields must be researched to help the improvement of the ef-
ficiencies of RE hydrogen production. In terms of the membranes for the splitting of
water, research should concentrate on polyimides, poly ether ketone, polyethylene, etc.,
which are economically viable. Other studies can also assess the various options that
can be employed to commercialize RE-based hydrogen production; such studies can look
at available infrastructure and potential market development. Further research is also
required in order to understand the basics and complex stages of biohydrogen in order to
help stakeholders implement it on large-scale levels. Governments are also encouraged
to participate in financing projects across borders in order to help manage risks in the
sector. Additionally, the high-temperature environment for biomass supercritical water
gasification incurs corrosion issues and energy consumption; as a result, it is recommended
to conduct further studies on the reaction thermodynamics and reaction mechanism to help
obtain the optimum method that minimizes them, including the tar formed as a by-product.
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Government organizations, researchers, stakeholders, and policymakers are expected to
use findings in this study to provide guidelines in shaping the roadmap of the hydrogen
sector globally.

Future studies can also review the various materials, reactors, and industrial possibili-
ties of the various technologies to help stakeholders know the research and development
trend in the hydrogen sector.
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Abbreviation

AWE Anion exchange membranes
CAPEX Capital expenditure
CCUS Carbon Capture, Utilization, and Storage
DF Dark fermentation
FP Fast pyrolysis
GDP Gross domestic product
GED Global energy demand
GHG Greenhouse gases
HER Hydrogen evolution reaction
RS Renewable sources
IEA International Energy Agency
KOH Potassium hydroxide
SOE Solid oxide water electrolysis
SMR Steam methane reforming
OER Oxygen evolution reaction
PEMs Proton exchange membranes
PNS Purple non-sulfur
WGS Water gas shift
ΔH Heat of reaction
ΔGo Free energy of the reaction
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