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Abstract

Sangsuk Lee (Ph.D., Environmental Engineering)

MASS TRANSPORT AND WETTING RESISTANCE IN MEMBRANES FOR ADVANCED

WATER TREATMENT

Thesis directed by Assistant Professor Anthony P. Straub

1 in 4 people on Earth face a lack of clean and safe water sources for drinking, irrigation, sanitation,
and economic development. The urgent need for water motivates the use of unconventional water
resources, such as seawater and wastewater. Advanced water treatment technologies that allow us
to access these unconventional resources are drawing increasing attention. Membrane processes
including reverse osmosis (RO) and nanofiltration (NF) have been rapidly growing as advanced
water treatment technologies for desalination and water reuse due to high productivity, cost-
effectiveness, and scalability. The objective of this dissertation research is to further understand
mass transport of water and solutes across membranes and increase the effectiveness of innovative
distillation-based membrane technologies.

Numerous potentially harmful compounds exist in feed streams entering advanced water
treatment facilities, and thus, understanding membrane rejection in reverse osmosis and
nanofiltration for hundreds of compounds is critical for securing high quality product water. A
large rejection dataset was compiled, and machine learning techniques enhanced by molecular
fingerprints were used to predict membrane rejection of organic compounds. These techniques
allowed us to interpret the relationship between the molecular structure of the solute and its

rejection in membrane processes. The machine learning models showed high prediction accuracy

il



(Spearman and Pearson coefficients of 0.86-0.99) both with training and test sets. Then, the trained
models were analyzed using Shapley values to study the effects of sub-structures of organic
compounds on membrane rejection.

The second study in this dissertation focused on addressing the low water flux of the
osmotic distillation (OD) process. We found that the high membrane thickness (typically 30-100
um) of current membranes was the main cause of low water fluxes. An optimal membrane
thickness of 0.073 um was derived with element-scale simulations, and it was able to achieve
water fluxes exceeding those of current commercial forward osmosis (FO) membranes. In addition,
comparison of module-scale performance with OD and FO membranes found that optimized OD
membranes can outcompete high-performance FO membranes in maximum achievable water flux
(25.3 vs. 18.6 kg mh™! for OD and FO membranes, respectively) and water recovery (0.28 vs.
0.18).

The third study in this dissertation focused on the transport of volatile compounds in
membrane distillation (MD). Rejection of volatile compounds in MD is highly varied and poorly
understood. This study analyzed a variety of volatile and semi-volatile organic compounds to yield
a comprehensive understanding of transport in MD. The effects of different molecular properties
on transport were studied first, and we found the Henry’s constant and diffusion coefficient were
important in determining solute flux. Then, the transport resistances across MD membranes were
quantified and two distinct transport regimes (membrane resistance regime and boundary layer
resistance regime) were defined.

Hydrophobic membranes are susceptible to membrane pore wetting, which results in
failure of the system. To overcome this issue in pressure-driven distillation treating low surface

tension liquids, the final study in the dissertation focused on fabricating omniphobic, wetting
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resistant membranes. Nanoporous membranes were modified with re-entrant structures and low
surface energy. The results showed the liquid entry pressure values of the modified membranes
were much higher than those of conventional membranes with cylindrical pores, allowing for the
desalination at 16 bar with a 15% water-ethanol mixture. This low surface tension feed solution

wetted the membrane with cylindrical pores.
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CHAPTER 1

Introduction

1.1 Background and research needs

The shortage of clean and safe water has become an urgent global issue because one-third of the
world population is affected by water scarcity today.! The 2021 Annual Report of the World
Economic Forum examined the global water crisis and found causes of water scarcity include an
exponential growth in the world population, increased industrial activities, improved living
standards, and expanding agricultural irrigation. The United Nations Water Development Report
estimated global water consumption will continue increasing at a rate of 1% every year.” Although
the absolute amount of available water sources is enough to meet the increasing demands, temporal
and spatial variations of water supply and demand are large, which leads to severe water scarcity
at certain locations during specific times of the year. For example, 400 million people from India
and China experience water scarcity at least one month each year according to the Human
Development Report.® Thus, developing advanced water treatment technology that can expand
accessible water supplies from seawater, wastewater, and other non-traditional sources is urgent

to address the imbalanced temporal and spatial distribution of water resources.

Membrane processes including reverse osmosis (RO) and nanofiltration (NF) have drawn
enormous interest as technologies to address water scarcity, and capital investments on the
membrane systems have grown by 15% per year.* The key advantages of membrane processes
include high energy efficiency, compact and scalable design, ease of operation, and reliable

removal of target compounds. As a result, RO and NF technologies are experiencing growth in a



wide range of applications outside of traditional water treatment, such as drug purification,

industrial wastewater treatment, protein concentration, and food processing.

Despite the growth in implementation of membrane processes, RO and NF systems are
well-known to suffer from poor rejection of certain harmful compounds and a trade-off between
water permeability and water-salt selectivity.” Moreover, RO and NF membranes demonstrated
low rejections of small compounds with neutral charge such as N-nitrosodimethylamine (NDMA),
N-methylethanolamine (NMEA), urea, and boron. On top of that, there are numerous emerging
organic compounds entering water and wastewater treatment facilities, and many of the
compounds’ rejections are not identified yet.® Lastly, current polymer membranes for RO and NF
are inherently constrained due to a permeability-selectivity tradeoff where increasing water

permeability unavoidably accompanies unwanted selectivity losses.’

Distillation-based membrane processes that use hydrophobic porous membranes have
recently gained attention because of their ability to overcome some the key limitations of RO and
NF. Distillation processes utilize hydrophobic membranes that trap air within their pores. During
operation, water evaporates on the feed side, diffuses through the thin air layer in the gas phase,
and condenses on the permeate side due to driving forces induced by temperature, pressure, or
concentration differences. Unlike RO and NF, distillation processes ideally offer near-complete
rejection for non-volatile compounds, which include small and neutral compounds that are
problematic in RO and NF. The phase-change selectivity mechanism potentially allows distillation
processes to circumvent the permeability-selectivity tradeoff that constrains conventional dense
polymeric membranes. Thus, it is hypothetically viable to accomplish high permeability and

complete rejection at the same time.® Because of the potential strengths of distillation processes,



they are experiencing growing interest in the treatment of high salinity brines from shale gas and

oil operations, food concentration, and industrial wastewater.’

Although distillation-based membrane processes offer the potential to overcome major
challenges facing conventional membranes, they also suffer from several shortcomings that have
drawn research attention, such as low water productivity, poor rejection of volatile compounds,
and membrane wetting. Low water productivity is observed in distillation-based membrane
processes, meaning that their flux rates can be substantially lower than those of current membrane
systems. For example, osmotic distillation (OD) is a process analogous to forward osmosis using
concentration difference between the feed and draw sides to induce partial vapor pressure
difference. Since OD does not require heat or applied pressure, it has the advantage to separate
compounds sensitive to heat and pressure. However, the water flux in OD processes is only 1-2
LMH, which is much lower than in conventional membrane systems.!®!! Thus, there is a need to
investigate optimal membrane design and heat transfer effects for OD membranes to improve

water productivity.

Poor rejection of volatile compounds is another key issue facing distillation-based
membrane processes. Membrane distillation (MD), which uses a temperature difference to drive
water flow, has become an increasingly considered approach treat high salinity water, and there is
burgeoning interest in applying the process for a variety of feed streams that have volatile organic
compounds (VOCs). However, only few studies have examined the mass transport of VOCs across
distillation membranes, and the number of volatile compounds used in the experiments was also
limited.'>! Thus, there is a need to study more general trends between compound volatility and

membrane rejection with a wider set of VOCs.



Distillation-based processes are also limited by membrane pore wetting. Membrane
wetting occurs when the air layer in the membrane becomes displaced by liquid water, leading to
a loss in selectivity and process failure. There are two principal causes of membrane wetting. First,
liquid penetrates membrane pore when external hydraulic pressure exceeds the liquid entry
pressure (LEP) of membrane, which can be calculated by the Young-Laplace equation. Second,
wetting can be caused by the treatment of low surface tension liquid. When the surface tension of
liquid is low enough, the solid-liquid interface becomes more favorable than solid-air interface.
The occurrence of this wetting depends on material surface energy, liquid and solute properties,
and the structure of pore. Pretreatment getting rid of unwanted wetting agents in prior and coating
highly hydrophobic chemicals on membrane have been typical strategies to prevent from wetting.
However, these methods can be costly. There is therefore a need for membrane designs that

inherently resist wetting.!*!°

1.2 Scope of the dissertation

The principal scope of this dissertation research is to investigate mass transport and wetting
resistance of membranes for advanced water treatment. The work first focuses on understanding
the rejection of compounds in RO and NF to improve our capacity to predict the rejection of
emerging contaminants. The work then shifts focus to understand and improve emerging
distillation-based membranes. This includes addressing low water productivity, poorly understood
contaminant rejection, and wetting in distillation-based membrane processes. For each chapter,
experimental or theoretical approaches are used to examine critical factors governing the
performances of the processes. The results of this dissertation work will expand the application of

membrane technologies for sustainable desalination and water reuse.

The following specific objectives are targeted in this dissertation:

4



1. Analyze the rejection of emerging organic compounds in RO and NF with molecular
fingerprints to improve prediction capabilities and molecular-level understanding of
rejection mechanisms.

ii. Simulate osmotic distillation with different membrane properties and operating
conditions to identify the optimal membrane and system design.

iii. Identify critical properties of volatile organic compounds to understand volatile solute
transport across hydrophobic membranes used in membrane distillation.

iv. Develop wetting-resistant omniphobic membranes with re-entrant pore structures for

treating low surface tension liquids in pressure-driven distillation.

1.3 Key contributions

This dissertation research advances the use of data and data-driven models to understand and
improve membrane processes. Computational approaches that have experienced growth in other
scientific areas, such as the use of molecular fingerprints, are applied to membrane science.
Furthermore, innovations in materials science and the design of nanomaterials are leveraged to
improve the robustness of emerging membrane processes. The major contributions of this work

include the following:

Chapter 2 demonstrated the use of machine learning and molecular fingerprints for
predicting and understanding contaminant rejection in RO and NF membranes at
the molecular level. The novel data structure of molecular fingerprints was introduced to
build membrane rejection prediction models with a machine learning algorithm. The study
showed the validity of models trained with molecular fingerprints instead of typical
molecular properties such as molecular weight, octanol-water partition coefficient, and
dipole moment. Subsequently, different molecular fingerprints including path-based,
circular, and structural-key fingerprints were compared to explain how their prediction

performances, calculation efficiency, and interpretability vary. The results displayed that



the simple and straightforward structural-key fingerprint may be the best choice in this
scenario. Lastly, rejection mechanisms were explained using fingerprints to connect

rejections to molecular structures.

Chapter 3 identified the potential membrane design for osmotic distillation to
outperform forward osmosis in desalination. Element- and module-scale computational
modeling were used to examine OD membrane properties and to improve water
productivity. Membrane thickness was the most crucial factor in enabling high
performance, and a thickness of 0.073 um is needed to achieve water fluxes exceeding
those of current commercial FO membranes. Module-scale comparison of OD with FO
showed that optimized OD membranes can outcompete high-performance FO membranes
in maximum achievable water flux (25.3 vs. 18.6 kg m>h™! for OD and FO membranes,

respectively) and water recovery (0.28 vs. 0.18).

Chapter 4 demonstrated crucial compound properties to understand volatile solute
transport in membrane distillation. The transport of a wide range of semi-volatile and
volatile compounds in membrane distillation (55 compounds total) was examined, which
allows us to gain broad insights into the compound properties, system designs, and
operating conditions that impact transport rates in MD. The study showed that the Henry’s
constant and diffusion coefficient are the most important molecular properties in
determining solute flux. Distinct transport regimes were also found: the membrane
resistance regime is dominated by resistances associated with diffusion through the
membrane, and the boundary layer resistance regime is dominated by resistance to

transport through boundary layers on either side of the membrane. Lastly. simulations of



large-scale MD modules revealed the impact of membrane area, operating temperature,

and crossflow velocity on the removal of contaminants.

Chapter 5 developed a novel omniphobic membrane with re-entrant structures,
which can be used for treating low surface tension liquids in pressure-driven
distillation. Membranes with nano-sized pores were modified with nanoparticles to build
re-entrant structures and hydrophobic modification was performed. Improved wetting
resistance of the modified membrane was confirmed as comparing to the control
membranes without nanoparticles. The control membrane was immediately wicked with a
40% ethanol and water mixture, whereas the modified membrane showed the liquid entry
pressure of 5 bar for the same mixture. During flux and rejection tests, the modified
membrane was operated under 100 psi for 24 and 48 hours, and the membranes were not

compromised with high NaCl rejection of 97%.

1.4 Dissertation overview

Table 1.1 Dissertation overview with hypotheses

Topic Chapter  Approaches Specific objectives

Prediction model flv Conﬁ‘rm model validation trained upon
trained upon ingerprints
molecular ) Data 2. Compare the effects of different
fingerprints of analysis fingerprint algorithms
emerging dorgamc 3. Build relationship between membrane
compounds rejection and molecule structure

o 1. Decide critical membrane properties to
Optimized membrane increase flux
design for improved 3 Numerical o i
water productivity in analysis 2. Optimize OD membrane design to

outperform conventional membranes in
water productivity

osmotic distillation




Investigation of
volatile compound
properties to
understand their
transport in
membrane distillation

Numerical
analysis

1. Investigate a transport of a wide range
of volatile compounds in membrane
distillation

2. Examine the influence of different
molecular properties on transport

3. Study the transport resistances across
hydrophobic membranes

Improved wetting

resistance induced by
re-entrant structures

for treating low 5
surface tension

liquids in pressure-

driven distillation

Bench-scale
experiments

1. Develop an omniphobic membrane with
re-entrant structures

2. Confirm improved liquid entry pressure
and stability in flux and rejection tests




CHAPTER 2

Predicting organic solute rejection in reverse osmosis and nanofiltration with

machine learning and molecular fingerprints

2.1 Introduction

3.6 billion people experience water scarcity at least one month per year, and water shortages are
become more severe because of climate change and increasing water demands.'® Processes that
utilize unconventional water resources such as desalination, brine treatment, and water reuse have
the potential to sustainably alleviate water stress by augmenting clean water supplies beyond those
available from existing water resources. Reverse osmosis (RO) and nanofiltration (NF) are widely
considered in advanced water treatment trains because of their ability to remove a broad spectrum
of compounds, including salts and harmful organic contaminants, more reliably than other
processes.!” In addition to water treatment, RO and NF are increasingly considered in a broad suite
of separations applications including drug purification, protein concentration, and food

processing. 182!

Emerging water treatment applications, such as municipal and industrial wastewater reuse,
include myriad organic compounds in the feed streams. Some of these compounds, such as 1,4-
dioxane and N-nitrosodimethylamine (NDMA), are of particular concern because they are known
to be harmful to human health and are well-documented as being poorly removed by membrane
processes.”? However, many other potentially harmful compounds exist in feedwaters with poorly
understood rejection in NF and RO.? 1t is thus of critical importance to develop an ability to
determine the removal of a broad range of compounds in membrane systems. To date, much of

our understanding of membrane rejection has relied on experimental measurements of rejection



for individual compounds in studies that generally examined between 5 and 30 compounds.*
These individual experimental measurements provide valuable insights, but alternative methods
are necessary to approximate rejection of the multitude of compounds in feedwaters and develop

a greater understanding of rejection mechanisms.*>*

Machine Learning (ML) models are powerful tools to address complex real-world
problems in many science and engineering fields such as material development, chemical
processing, biomedical study, and environmental science.?’” ML models are constructed from data,
enabling complicated non-linear relationships to be captured by such predictive algorithms. In the
field of membrane separations, ML models have been used to predict rejection of emerging
compounds based on collected rejection data.?’>* These ML methods have been valuable for the
selection of a suitable membrane for a given application and used in the design of membrane
processes.>**> Moreover, the ML models have been tools to predict rejection using membrane and

compound properties.***

In studying membrane rejection, a major downside of ML algorithms is the challenge of
gaining a mechanistic understanding of the mechanisms by which compound and membrane
properties influence rejection. Previous ML models used to predict rejection of different
compounds in membrane processes have used input parameters based on compound descriptions
such as molecular weight, dipole moment, and octanol-water partition coefficient.?’*>*! While
these descriptors can effectively quantify the physicochemical properties of a compound, they
lack the ability to intuitively express structural information and atom connectivity.?®*** Recent
rejection studies indicated that the interactions between functional groups and aromatic rings on

43-45

compounds and polyamide membranes are strongly related to rejection, and considering the

molecular structure is therefore critical to understand how functional groups and their positions

10



within the molecule influence membrane rejection. Moreover, phenomena such as proton
dissociation, which enhances rejection through strong electrostatic repulsion, are closely related to
molecular structures.*®*’ To gain molecular-level mechanistic insights into membrane rejection,
models that include details on molecular structure are therefore needed.?’*® Furthermore, some
molecular descriptors such as acid dissociation constants are not readily available for certain

compounds, precluding the analysis of a broad range of contaminants.

Molecular fingerprints (MFs) are a promising method to encode organic compound
structures. MFs transform chemical structural features into binary vectors (0’s and 1’s) and the
binary vectors account for the absence or presence of molecular sub-structures.*~° Recently,
multiple studies successfully built data-driven models using MFs as input data to predict molecular
properties including the refractive index, viscosity, acid dissociation constant, and reaction rate of
the organic compounds with hydroxyl radical.>®>* In addition, Shapley Additive Explanations
(SHAP) have been used as an evaluation tool to explain the relationships between input and output
data for ML models.>* Typically, ML models do not provide clear relations between input and
output, and thus, explainable machine learning techniques such as SHAP can help to unveil the
decision-making process of ML models. In studying RO and NF membrane rejection, the
combination of MF data and SHAP has potential to elucidate the interplay of different molecular
fragments and membranes to reveal complex RO/NF membrane rejection mechanisms.*®

However, no studies to date have used the MFs of organic solutes to predict rejection in RO and

NF water treatment processes.

In this study, we develop ML models trained upon MFs to predict contaminant rejection
and examine the potential of MFs and ML techniques to discover underlying rejection mechanisms.

The models are trained with three different fingerprint categories (path-based, circular, and
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structural-key) and 1906 rejection samples (228 unique organic compounds). We first compile
input datasets including membrane properties, operating conditions, and the different MFs of a
compound. The prediction performances of the trained models are quantified through evaluation
metrics such as Pearson and Spearman coefficients. We change the parameters for fingerprints (e.g.
maximum path length, maximum radius, structural-key number) to estimate optimal fingerprints
in terms of prediction power, calculation expense, and interpretability. Molecular fragments
created by each fingerprint, SHAP value, and unsupervised clustering analysis are used to gain an
understanding of molecular-scale compound-membrane interactions. Our analysis provides a
valuable tool for rejection prediction and important insights into future improvements of RO and

NF rejections for emerging organic contaminants.
2.2 Methods
2.2.1 Overview of dataset and data processing

Membrane properties, corresponding compound SMILES, and rejection values were obtained
from the previous literature.?’*! The dataset included 1906 data points, 228 organic compounds,
and 39 types of RO and NF membranes. The retrieved SMILES for the organic compounds were
converted into three classes of MFs, path-based, circular, and structural-key. RDKit and Morgan
fingerprints were chosen as the path-based and circular fingerprints, respectively. MACCS and
PubChem fingerprints were chosen as structural key fingerprint. Insufficient data were available
for membrane surface charge in the original dataset, so solution pH was used as an indirect feature
of membrane surface charge because solution pH governs the extent of protonation on the

membrane surface.”

Table 2.1 summarizes the information available in the input datasets excluding the MFs. The

datasets used for model training contained three membrane properties (membrane weight cut-off,
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membrane contact angle, and solution pH), three operating conditions (pressure, measurement
time, and initial concentration), and MFs that represent the molecular properties. The distribution
of output (rejection, R) demonstrated a severely left-skewed shape indicating that the data was
imbalanced since rejection values tended to be high, with most rejection values greater than 90%.
In this study, the original distribution, -log(1-R) transformation, and -sqrt(1-R) transformation
were examined and the -sqrt(1-R) transformation was finally applied on the output because the
sqrt(1-R) transformation shifted the left-skewed distribution closer to normal distribution. All input
and output values were scaled from 0 to 1 to render the range of values equal for training, and then
the outputs were transformed back to the original scale when evaluating model performance. The
entire dataset is available in the Supporting Information, and the detailed descriptions about MFs

can be found in the next section.

Table 2.1 Overall distribution of the input data

Initial
bily bAL5 Pressure Measurement concentration of | Rejection
pH MWCO contact " . Q
(Da) angle (kPa) time (min) compound (%)
s (mg/L)
25th
. 7.0 100 41.4 500 10 0.053 72.06
Percentile
50th
. 7.0 152 53.8 690 10 0.5 90.82
Percentile
75th
. 7.0 300 63.2 1000 300 10.0 96.90
Percentile
Min value 2.2 65 14.4 240 10 0.00072 0
Max value 11 460 79.4 3500 5760 2000 100

2.2.2 Molecular fingerprints generation

Molecular fingerprints (MFs) encode the structural information of chemical compounds into
binary vectors. Each binary value (0 or 1) indicates whether a certain molecular fragment exists in
a compound and the position of the binary vector displays which molecular fragment it is. This

molecular representation enables the computationally efficient management and comparison of
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chemical structures (e.g. Tanimoto and Dice similarity coefficients).’® Fingerprinting has played a
key role in virtual screening, QSAR/QSPR analysis, similarity-based compound search, target
molecule ranking, and other chemical compounds discovery processes.’’” Moreover, previous
studies proved that fingerprinting is useful for ML models to predict variables depending highly

on molecular structures.’® 2

There are five main categories of 2D fingerprints, namely substructure key-based
fingerprints, topological or path-based fingerprints, circular fingerprints, pharmacophore, and
neural fingerprints. Three categories of fingerprints were applied in this study to convert SMILES
into binary vectors: path-based (RDKit), circular (Morgan), and structural-key (PubChem and
Molecular Access System (MACCS)). RDKit fingerprint is a path-based fingerprint and maximum
path lengths of 1 and 3 and bit lengths of 1024 and 32768 were chosen. Path-based fingerprints
encode all possible connectivity for the fragments of a compound following a linear path along the
molecular graph from a central atom up to a given maximum length. Under a path-based approach,
any compound can produce a meaningful fingerprint; however, bit collision can be an issue
because a bit can be set by multiple different fragments.®> Although it increases computational
complexity, the expanded bit lengths of 32768 were used for the maximum path length of 3 to
avoid bit collision; a detailed explanation of bit collision counts can be found in the Supporting
Information. The circular Morgan fingerprint had a maximum radius of 1 and 3 and bit lengths of
4096 and 16384 were chosen. The radius does not have units and depends on the radial distance
from a center-atom. The circular fingerprint utilizes a similar approach to the path-based
fingerprint but constructs fragments within a radius of the starting atom instead of linear paths.
PubChem and MACCS were used as structural key fingerprints. PubChem fingerprints are based

on 881 structural keys defined by PubChem database system. MACCS uses 166 keys developed
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by the Molecular Design Limited (MDL) Information Systems, and during data generation, one
dummy bit was padded to the head of the MACCS keys, which resulted in 167 keys in total.
Structural keys-based fingerprints define the bits depending on the presence and absence in the
compound of certain fragments from a given list of structural keys. Therefore, these fingerprints

are meaningful when with molecules’ fragments mostly covered by the pre-defined keys.%
2.2.3 Model development

XGBoost (Extreme Gradient Boosting) algorithm was used to build models for predicting
contaminant rejection with multiple fingerprint datasets (Figure 2.1). XGBoost falls under the
category of ensemble methods. The algorithm creates a set of additive estimators, wherein the next
estimator is fit to the residual errors of the previous estimator, and its training is fast and capable
of handling overfitting due to improved regularization.** Although the algorithm has very low
probability to predict a value outside of the given output range (rejection 0—100%), we defined
boundary conditions to ensure predicted values always fall in the range of 0—100%. Incremental
learning was used to deal with the 70 samples having the same output value (100% rejection) with
different inputs. In each cycle, 50% of training set was randomly selected to train a model and
positive normally distributed random noises (1% mean and 0.5% standard deviation of the 100%
rejection) were deducted from the 100% rejection values to jitter the points. This process was
repeated over 100 cycles and the coefficients of a model were incrementally updated at each cycle.
The test set that was not seen during the training was used for evaluation. To verify the models’
validity and robustness, datasets were randomly split into a training set and a test set with a ratio
of 4 to 1. The datasets were significantly imbalanced with few of points in the low rejection range,
so a stratified split was applied with 5 bins to preserve the percentage of samples for each bin in

the training and test sets. For estimating the model performance, the mean square error (MSE),
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Spearman, and Pearson coefficients were calculated with each training and test set, respectively.
Pearson coefficients are commonly used to evaluate prediction models, so scores can be compared
to previous studies.?”*> Spearman coefficients were also used to assess monotonic and non-linear
relationship in rejections. Membrane rejection is the outcome of the complex interaction between
membrane properties, operating conditions, and compounds, so that Spearman coefficient is useful
to catch non-linear trends. All the implementations of the procedures above were executed with
the XGBoost and scikit-learn libraries in Python. The datasets and codes used to generate the

results were deposited in a GitHub repository (see Supplementary Information).

Collect data Create input data Build a model Interpret results
Prediction of
Operating conditions S~ membrane rejection
o
+ Output v e
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Figure 2.1 Overall workflow of this study demonstrating the input data shapes, model
development procedures, and approaches for model interpretation.

2.2.4 Shapley values and clustering analysis for explainable machine learning models

Shapley additive explanations (SHAP) are used for evaluating the influence of each single input
feature on rejection. The process is based on the cooperative game theory that analyzes the
contribution of each input variable to the outcome by measuring the significance of every single
variable.®® SHAP has the models be trained with all possible combinations of the input variables,

and the differences of the predicted outcome including and excluding an input variable of interest
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are computed. The SHAP results can clarify which compound fragments (input) most affect
rejection (output) and thus help explain the rejection mechanisms. Molecular fragments of
compounds are drawn using RDKit library to further investigate the interactions between
membrane and compound. The importance score of a feature is obtained by averaging absolute

SHAP values of each data point for the feature.

Clustering is a powerful unsupervised machine learning technique that can help to group
similar data points. Clustering can help to identify patterns and relationships between different
groups of data points. By examining the characteristics of each cluster, we can understand what
makes them similar or different. T-distributed Stochastic Neighborhood Embedding (t-SNE) was
used as a clustering algorithm. The Scikit Learn library in Python was used to implement t-SNE.
The number of clusters was fixed at 4, so four different clusters were defined. The MACCS
fingerprint was used to implement the clustering of the 228 organic compounds. Sub-dataset was
generated with conditions of MWCO < 225 Da and pH = 7 to eliminate the effects of MWCO and
pH, and focus on the effect of the molecular structures. A point on the plot represents an organic
compound, and the values of the x and y axes are equivalent to the reduction of 167 structural keys

of MACCS. The averaged rejections of the compounds were displayed with colors.

2.3 Results and Discussion

2.3.1 Validation of learning process and prediction performance

The learning processes and prediction performances of the three fingerprint-based models (path-
based, circular, and structural key) were evaluated with data divided into train and test sets with
stratified split, and the results indicated that models were well-trained. The datasets included the
same input features and rejections except for fingerprints. Figure 2.2A—C shows the learning

curves with different fingerprints where the maximum path length for the path-based fingerprint
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was 3, the maximum radius for the circular fingerprint was 3, and the bit length of the PubChem
fingerprint was 881. The default maximum path length and radius are 7 in RDKit, and here we
chose 3 because organic compounds in the data are relatively small compared to proteins and
macromolecules. The learning curves are broadly used to see how models learn and minimize
errors over time. The results demonstrated that error decreased with an increasing number of
iterations, eventually reaching a lower limit of error at a high number of iterations. For the circular
and PubChem cases, the test errors did not start increasing after hitting the plateau; this indicates
the models were not overfitted, which would be shown by test error increasing while training error
decreases. For example, the testing error during the learning process with the circular fingerprint
was about 0.0013, and the training error was 23% lower at around 0.0010. On the other hand, the
test set error of the path-based model increased by 16% from the 90™ iteration to the end of 100™
iteration, which indicates that the model may start being overfitted at the 90™ iteration and should

be stopped prior to this cycle.

After training procedures, measured rejections and predicted rejections were compared
(Figure 2.2D-F), and MSE, Spearman, and Pearson coefficients of the three models were
calculated (Table 2.2). MSE values in the learning curves were obtained using scaled rejections,
and the MSE values in Table 2.2 are reported with rejections in the original scale (0-100%). The
results showed that all three fingerprint models (path-based, circular, and PubChem) had high
Spearman coefficients (greater than 0.98) with the training sets. For the test sets, the performances
of the path-based, circular, and PubChem models decreased to 0.91, 0.93, and 0.92, respectively.
The Pearson coefficient results were similar to the Spearman results. The Pearson coefficients with
the training sets were high (0.96-0.99), and the coefficients with the test sets fell in the range of

0.84-0.88, with the path-based model showing the lowest coefficient.
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Table 2.3 summarizes results from 11 previous studies using ML to evaluate membrane
rejection. Their datasets included information on molecular properties, membrane properties,
operating conditions, and RO and NF membrane rejections.?®3033416771 Although the most
common ML algorithm for these studies has been neural networks, gradient boosting has recently
become popular. The size of the dataset is critical to build a robust ML model, and the ranges of
the data size varied widely from 19 to 38430 rejection points. Although some studies did not report
performances that can be compared directly to those in this work, the Pearson coefficients with
test sets fell in the range between 0.84 and 0.99. The dataset size of our study is 1906, which is
equivalent to the largest datasets used to study solute rejection in RO and NF using aqueous feed
streams. We used unique input features, molecular fingerprints, to investigate the effects of
molecular structures and functional groups on membrane rejection. Our model results indicate the
fingerprint-based models have comparable predictive performances to previous work based on

molecular descriptors.
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Figure 2.2 Learning curves and Q-Q plots of models trained with different molecular fingerprints.
The maximum path length and bit length for the path-based fingerprint were 3 and 32768,
respectively. The maximum radius and bit length for the circular fingerprint were 3 and 16384,

respectively. The bit length of the PubChem fingerprint was 881.

Table 2.2 Training and test performances of the models with different fingerprint algorithms.

Name Fingerprint Bit Train Test Train Test Train Test
parameter length MSE MSE Spearman Spearman Pearson Pearson
Maximum
Path-based 3 path length 3 32768 2.60 6.03 0.98 0.91 0.96 0.84
Circular3 ~ MAXIMUM caep 192 5.25 0.99 0.93 0.99 0.88
radius 3
PubChem - 881 1.37 5.61 0.99 0.92 0.99 0.86
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Table 2.3 Summary of previous studies using machine learning to predict contaminant rejection.

. Data RMSE RMSE MAE MAE R? R? RMSE R?
Year Algorithm Process size Input feature Output feature train P train tost train test cv cv
2000 Neural Net NF 342 operating conditions, salt solute rejection
type, membrane type
2008 Neural Net RO 50 solute properties pgssage/sorb_ed/r
ejected fractions
2009 Neural Net RO/NF 124 solute properties solute rejection 6.113  4.56 0.91 0.97
solute properties, membrane
2015 Neural Net RO/NF 965 properties, operating solute rejection  10.78  11.53 0.921  0.904
conditions
2017 Neural Net RO/NF 436 - solute rejection
solute properties, membrane
2020 Random Forest RO/NF 701 properties, operating solute rejection  0.025  0.092 0.947  0.907
conditions
2020  Genetic Algorithm NF 19 solute properties solute rejection
8111\I elérril\ll\i:it{()r solute properties, membrane solvent
2021 pp NF 38430 properties, operating permeance, 442 12.14 0.989 0914
Machine, Random » L
conditions solute rejection
Forest
Extreme Gradient L
Boostin monomer, fabrication water
2021 Cate OI'ii;.l NF 1524 conditions, operating permeability, 417 11.74 0.980  0.840
ateg . conditions solute rejection
Gradient Boosting
Partial Least .
Square solute properties, membrane o
2022 quare, NF 38430 properties, operating solute rejection 7.95 0.89
Convolutional ndition
Neural Net co ons
. . molecular fragments,
202y  Cradient Boosting, 681 membrane properties, solvent flux, 0.077 0.126 0995 0.987

Kernel Ridge

operating conditions

separation factor
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This . molecular fingerprints,
Extreme Gradlent RO/NF 1906 membrane properties, solute rejection 1.92 5.25 0.99 0.88
Boosting . ..
study operating conditions
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2.3.2 Effect of varying fingerprint hyperparameters on model performance and bit collision

In the previous section, all three fingerprint types (path-based, circular, and structural-key) were
able to produce comparable predictive performances when applied to the rejection dataset. We also
found that the path-based model became susceptible to overfitting. Herein, we vary the
hyperparameters of MFs (maximum path length for the path-based fingerprint, maximum radius
for the circular fingerprint, and length of the pre-defined structural-keys for the PubChem
fingerprint) to further investigate how the simulation conditions affect the performance and
interpretability of the models. The hyperparameters control the maximum boundary of
fragmentation, and hence, the molecular fragments of a compound can change based on the
hyperparameter size. The default hyperparameters used in the previous section were 3 for the
maximum path length in the path-based fingerprint, 3 for the maximum radius in the circular
fingerprint, and 881 pre-defined structural-keys for the PubChem fingerprint, respectively. The
maximum path length of 1, maximum radius of 1, and the MACCS fingerprint as a shorter
structural-key fingerprint (167 keys) were additionally used to compare the performances and the

changes of calculation time.

The predictive performances with different hyperparameters showed that the test Pearson
coefficient of the path-based model noticeably dropped when the path length was changed from 3
to 1, with values of 0.84 and 0.78, respectively. The Pearson coefficients of the circular and
PubChem models did not considerably change when lower hyperparameters were used (the
coefficient varied by 0.01). In the case of the circular fingerprints, this indicates that the organic
compounds in the data are not large and the circular radius of 1 was enough to represent the

compounds. The Spearman coefficients, which are good at estimating monotonic association
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between two variables, were similar (0.90-0.93) for different fingerprints and hyperparameters

because non-linearity of Spearman makes its evaluation less restrictive than Pearson.

Table 2.4 Comparison of performance change and molecular fragments with varying
hyperparameters

Fi int H " Train Test Train Test Calculation
tngerprin yperparameter Spearman Spearman Pearson Pearson time (s)
3
(max. path 0.98 0.91 0.96 0.84 2154
length)
Path-based )
(max. path 0.96 0.90 0.93 0.78 82
length)
3 . 0.99 0.93 0.99 0.88 1011
(max. radius)
Circular
! . 0.99 0.92 0.99 0.89 266
(max. radius)
881
PubChem keys 0.99 0.92 0.99 0.86 78
Structural
key 167
MACCS keys 0.99 0.92 0.98 0.87 33

Calculation time of the different fingerprints and hyperparameters was also evaluated
(Table 2.4). For a given fingerprint and hyperparameter, calculating times were estimated using
the shortest fingerprint bit length that avoided bit collision, which occurs when different sub-
structures are stored in the same bit. Bit collision typically only happens in the hashed style
fingerprints (in this study, the path-based and circular MFs) as a result of short bit lengths, and can
lead to inaccurate interpretation of rejection behavior. Calculation time increases at higher bit
lengths. We chose to avoid bit collision in this study since sub-structures were used for rejection
analysis. The results demonstrate that the path-based fingerprint with the maximum path length of

3 with the bit length of 32768 had the longest calculation time of any of the algorithms (2154
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seconds). The long calculation time indicates that the path-based fingerprint with the maximum
length of 3 holds the highest number of combinations of sub-structures than other fingerprint cases,
and it is probably the reason of overfitting in Figure 2.2A. The circular fingerprint with the
maximum radius of 3 required 16384 bits for no bit collision, and its calculation time dropped to
1011 seconds compared 2154 seconds of the path-based fingerprint with the path length of 3.
Structural-key fingerprints including PubChem and MACCS were light compared to other
fingerprints in terms of bit length and calculation time. Their lengths were below 1000 bits, and

the calculation times were only 78 and 33 seconds for PubChem and MACSS, respectively.

Overall, the analysis of various MF types and hyperparameters showed the Pearson and
Spearman coefficients of PubChem, MACCS, and circular fingerprint models were all similarly
high. However, path-based fingerprints gave somewhat lower prediction performance. We
hypothesize that this is because the path-based fingerprint case with a high maximum path length
suffered from overfitting, even with the training algorithm minimizing overfitting, due to abundant
sub-structure information, and the path-based fingerprint case with a low maximum path length
was struggling with brining meaningful sub-structures to predict rejection. Circular and structural
key fingerprinting were able to produce higher prediction performances than the path-based
fingerprint cases. Structural key fingerprints had the lowest calculation times, as the shorter
structural keys of MACCS were fast to compute and convenient to use because of the pre-defined
keys. MACCS may therefore be preferred over other fingerprints such as PubChem, circular, and
path-based fingerprints to analyze membrane rejection of organic compounds because of the

combination of performance and speed.

2.3.3 Model interpretation with SHAP and clustering analyses
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In this subsection, the interpretability of each algorithm is investigated by evaluating the
importance of molecular fragments and input features using SHAP analysis. In addition, we
demonstrate how the relation between molecular fragments and rejection mechanisms can be
derived using a clustering technique with the MACCS fingerprint to examine the rejection

behavior of each cluster and understand what molecular fragments make them similar or different.

SHAP importance scores were compared for the three MF algorithms (path-based, circular,
and structural key) with different hyperparameters (Figure 2.3). All cases show very clear trends
correlating rejection with membrane molecular weight cut-off (MWCO) and pH with importance
scores of 0.49 and 0.16, respectively. High MWCO increased steric rejection of compounds. High
pH increased rejection since a high pH shifts membranes and some compounds toward negative
charge. Thus, the higher pH enhances electric repulsion between membranes and the compounds.”
Other membrane properties and operating conditions including contact angle, operating pressure,

type of membrane, and measurement time did not show consistent trends with all algorithms.
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Figure 2.3 Comparing the SHAP importance scores of input features on membrane rejection over
different fingerprints and parameters.
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The use of molecular fingerprints and SHAP enables to show the physical implications of
molecular sub-structures on membrane rejection. Figure 2.3 lists the feature codes for MFs that
showed high importance scores. Some of the sub-structures with high impacts on membrane
rejection were associated with molecular size or charge (structure schematics are shown in the
Supporting Information). The presence of tetrahedral groups of 4 bonds from a central atom,
indicating branching molecules or methyl group (285 Path-based 1, 24343 Path-based 3, 5405
Path-based 3, 113 MACCS, 2163 Circular 1, and 14451 Circular 3) led to high rejections,
presumably because these characteristics increase molecular size.”” There were functional groups
frequently appearing over different fingerprints, such as carboxyl (-COOH), hydroxyl (-OH), and
carbonyl (C=0) groups, that are related to electric charge and polarity. For example, organic acids
(e.g. salicylic acid, clofibric acid, and benzoic acid) in the dataset contain the -COOH sub-structure.
The hydrogen in -COOH can be easily deprotonated and bring a negative formal charge at neutral
pH, which increased rejection due to strong electrostatic repulsion.” It is noteworthy that the
presence of fluorine was found to be of high importance in the SHAP results (384 Path-based 1,
27961 Path 3, 24 PubChem, and 43 MACCS). However, this is likely linked to carbon chain length
and size effects correlated with fluorination, rather than the effect of the fluorine itself. The dataset
has 9 PFAS (perfluoroalkyl substances) compounds, and all the compounds have long carbon
chains with at least 7 fluorine groups and up to 19 fluorine groups. The PFAS compounds showed
high rejections of 86—98% due to their long chains (average molecular weight of PEAS compounds
is 67% higher than average molecular weight of the entire data), and fluorine indirectly represented

the lengths of the carbon chains.

To further investigate the association between fingerprint sub-structures and rejection, we

analyzed the molecular fragments of MACCS structural key fingerprints since MACCS
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fingerprints are possibly the most efficient candidate for studying membrane rejection based on
fast computation time and accuracy. The top-ranked fragments can explain the interactions
between compounds and membranes in a straightforward manner. In Figure 2.4A, the 12 most
important sub-structures of MACCS and their importance scores are displayed. The importance
score was obtained by averaging absolute SHAP values in Figure 2.3. MACCS features such as
113, 126, 146, and 164 were largely related to molecular volumes because the presences of
tetrahedrons and rings can increase their size (e.g. the average McGowan molecular volume of
compounds having tetrahedrons is 32% higher than the average McGown molecular volume of the
entire data). Feature 124 represented carboxylic groups, and features 141 and 147 represented the
counts of oxygen in compounds. Larger amounts of oxygen are possibly linked to negative surface
charge due to oxygenated groups often having high electronegativity. Features of 91, 92, 142, and

150 were associated with alkyl chain including methyl group, which can affect size and polarity.

Clustering analysis was further used to group compounds based on their MACCS
fingerprints and compare rejection behavior between clusters. Before implementing clustering, the
data was divided depending on membrane weight cut-off and pH, which are two significant
predictors with high importance scores, to eliminate their influences while analyzing the effect of
molecular structures. A sub-dataset with MWCO less than 225 Da and pH 7 was generated, and
the sub-dataset contained 176 unique compounds. Their MACCS fingerprints (167 bits) were
reduced to 2 arbitrary bits by dimension reduction for visualization. Data points were labeled with
4 clusters based on t-SNE clustering algorithm to group similar compounds in Figure 2.4B. Cluster
1 had the highest average rejection (86%) in Table 2.5. The results of fingerprint feature
appearance frequency (see Figure 2.4C) show that Cluster 2 is the most homogenous cluster. This

is described in the standard deviation of rejection in Table 2.5. The cluster had the lowest standard
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deviations for rejection and molecular weight among the four clusters. This may indicate the
highest average rejection of the cluster is derived from their large sizes without high variances in
their molecular structures. A few compounds in the cluster are presented in Figure S1 as examples,
and they share rings and branches that can possibly expand their volumes. On the other hand, the
compounds in Cluster 3 had very few rings, and their structures were mostly long chained with
multiple oxygens attached. The average rejection of Cluster 3 was in between that of Clusters 2
and 4. Interestingly, the average molecular weight of Cluster 3 was lower than that of Cluster 4,
but the average rejection of Cluster 3 was higher than that of Cluster 4. This is probably related to
the long-chain shapes in Cluster 3 (see Figure S1), which induce a larger dimension (e.g. increasing
van der Waals radius), and thus make it difficult for a compound to pass through the pore.” Cluster
4 was the least homogenous cluster in Figure 2.4C. It showed the lowest average rejection (61%)
as well as the highest standard deviation for the rejection. The cluster included small aldehydes

and alcohols as well as compounds with multiple rings that brought high rejections.”®
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Figure 2.4 (A) Feature importance scores of the top-ranked (importance score > 0.05) MACCS
molecular sub-structures obtained from the SHAP results. MWCO and pH had the first and second
highest scores, so their importance scores were presented on the graph for comparison. (B)
Clustering results based on MACCS fingerprint with four clusters and the MWCO < 225 Da & pH
= 7 sub-dataset. (C) The appearance of all the MACCS features in each cluster was counted and
converted to a percentage by dividing the count by the number of compounds in the cluster. Only
top-10 frequent features were shown, and the list of the features can be found in Table S6.
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Table 2.5 Comparing cluster characteristics with a sub-dataset (MWCO < 225 Da & pH = 7).

Mole.cular Compound Dipole moment Avg
Name weight o (debye) log P rejection
(g/mol) (%)
Mean
Cluster 1 271.91 -0.24 3.51 2.92 80
Cluster 2 274.08 -0.03 3.32 1.31 86
Cluster 3 147.86 -0.07 2.1 -1.09 77
Cluster 4 179.73 -0.15 2.96 1.79 61
Standard deviation
Cluster 1 160.81 0.69 2.04 1.37 22.84
Cluster 2 64.73 0.68 1.75 1.68 13.72
Cluster 3 99.96 0.25 1.33 1.94 27.02
Cluster 4 94.79 0.35 1.87 1.52 33.90

2.4 Conclusions

In this work, membrane rejection was analyzed using machine learning and molecular fingerprints.
We found that representing solutes with molecular fingerprints, rather than using molecular
properties (e.g., dipole moment, molecular volume), resulted in high prediction accuracies. A
molecular fingerprint-based approach allows for the rejection of any molecule to be determined
directly without requiring the time-consuming and expensive determination of molecular
properties via experiments or computation. In our analysis, the performances of three different
fingerprint generation algorithms (path-based, circular, and structural key) were compared with
varying hyperparameters. We found that, of these fingerprint algorithms, the MACCS structural
key fingerprint offered the best combination of predictive power, calculation efficiency, and

interpretability.

Our work highlights that the use of molecular fingerprints can improve our ability to
understand and visualize the interactions between membranes and solutes. The importance of all

the fingerprint features for determining rejection was quantified using SHAP analysis. This
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analysis highlights certain molecular structures (e.g., tetrahedrons, ring structures, functional
groups) that are associated with high membrane rejection. We also used clustering analysis with
the MACCS fingerprint to group compounds based on their structures, and to compare rejection
behavior for each cluster. The results identified common or unique sub-structures in each cluster
that were related to membrane rejection. Further work may be able to further elucidate specific
molecular structures that are strongly linked to solute-membrane interaction that impact membrane
rejection. Eventually, the molecular-level insights into the rejection behavior can allow for the

development of membranes that have tailored rejection of target compounds.
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CHAPTER 3

Opportunities for high productivity and selectivity desalination via osmotic

distillation with improved membrane design

3.1 Introduction

Worldwide, 3.6 billion people are living in areas that experience water scarcity at least one month
per year, and this figure is expected to increase to as much as 5.7 billion people in 2050. The only
available methods to provide water beyond what is available from the natural hydrological cycle
are desalination and wastewater reuse.”” Water treatment processes utilizing osmotic membranes
play a key role in advanced water treatment because of their high energy efficiency and product
water quality. Compared to conventional thermal desalination processes, membrane systems
consume nearly two orders of magnitude less energy in seawater desalination.”® As a result,
membrane systems have seen growing implementation, with capital investments in reverse
osmosis growing by 15% per year.”” Furthermore, osmotic membrane systems will likely
experience growth in emerging applications such as drug purification, protein concentration, and

food processing. 083

Despite the growing use of membrane-based water treatment systems, inadequate
selectivity of membrane materials often hinders their effectiveness. Current osmotic membranes
utilize thin polymer films as selective layers, and these films are inherently constrained by a
permeability-selectivity trade-off where improvements in membrane permeability are unavoidably
met with detrimental losses in selectivity.** This phenomenon is inevitable in dense polymers since

a high permeability is usually accomplished by increasing the diffusion coefficient for water which
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also leads to concurrent increases in the permeability of other dissolved compounds.®® In addition
to suffering from permeability-selectivity constraints, state-of-the-art polyamide membranes
poorly reject low molecular weight solutes with neutral charge. This presents issues in seawater
desalination and wastewater reuse, where achieving adequate removal of boron, chloride, and
micropollutants requires costly secondary treatment steps.®®*” Low rejection of urea (less than
60%) also prevents the use of reverse osmosis in urine concentration and key separations in the

food and medical industries.®®

The need for improvements in the selectivity of osmotic membranes has motivated the
exploration of numerous new membrane materials, but most of these efforts have yet to produce
membranes that can outcompete conventional polyamide. One type of membrane that has
demonstrated success is the hydrophobic porous membrane, which is utilized in osmotic
distillation (OD) systems. When immersed in water, the hydrophobic membrane traps air within
its pores, forming a microscopic air layer between the feed and permeate streams. Transport across
this air layer can only occur in the gas phase, meaning that the membrane offers complete rejection
of all non-volatile species.*””° The phase-change process liberates OD from the permeability-
selectivity trade-off. Therefore, unlike existing processes using dense polymer membranes, it is

theoretically possible to achieve high permeability and near-perfect rejection simultaneously.”!

Osmotic distillation membranes are implemented in a process analogous to forward
osmosis (FO), where the membrane is placed between a low salinity feed stream and a high salinity
draw stream. The difference in chemical potential, manifested in a partial vapor pressure difference,
drives water molecules from the feed to the draw solution. The lack of an applied hydraulic
pressure or heating in OD means it is considered an amenable process to separate compounds

sensitive to pressure and heat such as foods and juices.”*** Osmotic distillation also shares many
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of the advantages of FO, such as an ability to treat high salinity waters and feed water with high
fouling potential.”® Unlike FO, OD does not suffer from high reverse solute leakage, obviating the

need for extra process steps for draw solution recovery or replenishment.

Although there is significant potential for OD, previous work on the process has observed
low fluxes and poor efficiencies.’®”® The meager performance is predominantly due to the use of
membranes that are not optimized for the process. Most membranes tested have been developed
for air filtration or thermal distillation and do not have suitable properties for OD. The large
thickness (greater than 30 um) of current membranes creates a long diffusion path for vapor
molecules, resulting in water permeability coefficients 2—4 orders of magnitude lower than
conventional polyamide membranes used in FO. For example, OD studies using hydrophobic
membranes with thicknesses of 30-100 pm observed water permeabilities equivalent to between
4x10* and 8x10™ kg m>h'bar!, whereas typical polyamide FO membrane permeabilities are 1—
4 kg m”h'bar! %1% Fuyrthermore, thick membranes are thermally insulating, promoting
undesirable temperature accumulation on either side of the membrane as heat is transferred in the
enthalpy of vaporization. Thinner membranes are known to improve OD performance by
decreasing the vapor transport path and increasing the thermal conductivity, but the optimal
membrane properties (e.g., thickness, porosity, and pore radius) have not been systematically

studied and compared to conventional desalination membranes.

In addition to the need to understand optimal membrane properties, the impact of heat
accumulation on OD system performance is poorly understood. Although OD is regarded as an
isothermal process, evaporation and condensation of water vapor cause temperature polarization,
which lowers the partial vapor pressure difference driving water permeation.'®® In large-scale

systems, heat accumulation occurs as the bulk feed temperature decreases and the draw
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temperature increases, eventually reducing water flow in the system. Such heat accumulation
effects have been shown to decrease the water flux of membrane modules by more than 30%.'%?

Thus, any efficient OD system must be designed with knowledge of appropriate thermal

management criteria to prevent temperature polarization and accumulation.

In this work, we examine optimal membrane properties and heat transfer effects in OD via
element- and module-scale computations. First, we investigate the achievable water flux of OD
membranes, focusing on the impact of membrane thickness, heat transfer properties, and
polarization effects. We then develop a module-scale OD model to simulate mass and heat transfer
in realistic systems. This model is used to probe the impact of heat and salt accumulation in the
membrane module. We also consider the impacts of membrane properties including thickness,
porosity, thermal conductivity, and pore radius on the desalination performance of OD systems.
Finally, the performance of optimized OD membranes is compared to that of conventional thin-
film composite membranes used in FO. Our analysis provides critical insights into design
principles for future OD systems that can potentially outcompete conventional membrane

processes.

3.2 Mass and heat transport model for osmotic distillation systems

3.2.1 Water and heat transfer across hydrophobic membranes

The overall water and heat transport across the hydrophobic vapor-gap membrane is shown in
Figure 1. The membrane has pores filled with air and water vapor that become pathways for water
vapor flow through the membrane, J,,, which is driven by a difference in the partial vapor pressure
of water, P,, that depends primarily on the salt concentrations at the feed and draw membrane

interfaces (Crgm and Cyum, respectively). The concentration difference across the membrane leads to
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a net flux of water from the feed to the draw reservoir, and the associated evaporation and
condensation of water molecules induces convective and conductive heat transport. Convective
heat transport occurs when the water molecules carry the latent heat of vaporization, H,4p, through
the membrane to cool the feed stream and heat the draw stream. The formation of a thermal
gradient across the membrane then induces conductive heat transfer as heat is transported back
toward the feed, the rate of which depends on the thermal conductivity of the membrane, K, the
membrane thickness, d, the temperature at the feed membrane interface, 7y, and the temperature

at the draw membrane interface, 7. The sum of convective and conductive heat is the net heat

flux, ¢g. The transport of water and heat is expressed as:'*

(1)
]w = B[Pv(Tf,m' Cf,m) - Pv(Td,m' Cd,m)]

K 2
q= ]vaap + 7m(Tf,m - Td,m) ( )
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Figure 3.1 Conceptual diagram of mass and heat transfer in osmotic distillation. Water vapor
evaporates on the feed air-liquid interface, diffuses through the air gap in the membrane, and
condenses on the draw side. Water molecules carry the latent heat of vaporization across the
membrane, and the transmembrane temperature difference results in conductive heat transfer from
the draw to the feed. Temperature and concentration profiles are shown (red and blue lines,
respectively). Concentration polarization (CP) and temperature polarization (TP) occur in
boundary layers on both sides of the membrane.

The vapor permeability, B, is determined by incorporating Hertz hypothesis and total

transport resistance:!%%1%

M, -1 3
B=c¢ AT [Re + Ry s + Rig] 3)

where the total resistance is determined by the transmission resistance, R;, the interface

resistance on the feed side, R;s the interface resistance on the draw side, R;q4, the membrane
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porosity, €, the ideal gas constant, R,, the molecular weight of water, M,, and the average

temperature of both membrane surfaces, T.

Transmission resistance, R;, arises from collisions that occur as water molecules pass
through the membrane pores. Transmission resistance is the inverse of effective transmission

probability, 17,5, and can also be expressed using the effective diffusion coefficient, D, and the

mean speed of water vapor, 7,,.'%

_ 1 _ v, d (4)
Nerr  4Desy

R,

The collisions that cause transmission resistances can be described using two diffusion
regimes.'"”1% In molecular diffusion, transport resistances are dominated by collisions between
water and air molecules, whereas Knudsen diffusion involves interactions between water
molecules and pore walls. The transition between the two regimes is defined by the membrane
pore size and mean free path of water vapor. When the size of the pore is larger than the mean free
path of the vapor (60-100 nm at atmospheric pressure),'? the system is in the molecular diffusion
regime. In contrast, if the membrane has smaller pores than the mean free path, the system is in

the Knudsen regime. Thus, the equation for the effective diffusion coefficient, D,ff, contains terms

for molecular diffusion and Knudsen diffusion. D,¢s can be approximated by:

- Dt

6))

DWM

po(T)
Pt

where is the mole fraction of water vapor assumed by comparing the pure water vapor

pressure and the total pressure of water and air in the pores, T is the mean temperature of the feed
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and draw sides, p; is the total pressure inside the pores, and p,(T) is the equilibrium water vapor
pressure at a given temperature. This approximation is valid when the operating temperature range
falls between 20 and 80 °C.!%® D,,, represents the binary (water-air) diffusion coefficient of water
vapor, which reflects the molecular diffusion contribution to resistance, and D,,,, represents the

Knudsen diffusion coefficient of water vapor across the membrane.

e ©

Dy Ad_C _ nﬁ‘,;rAC N

D, = nﬁZ,d )

n=1+ (%) — G) (1% + 4)% )

1 2
[(8 I+ 42+ 13— 16

~ 72L(L%* + 4)V/2 — 288In[L + (L? + 4)1/2] + 2881In2

® where a characteristic length, [, is

D, is expressed based on previous studies,”
obtained by the Lennard-Jones 12-6 potential. The constant, ¢, is an empirical constant, and the

collision integral, €1, is for mass diffusion. Both D,,,, and D,,, depend on temperature, and thus,
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transmission resistance and vapor permeability are also temperature-dependent. Knudsen diffusion
coefficient, D, , in Equation 8 is determined by equating the mole flux calculated from the
transmission probability, 1, (the right-hand side of Equation 7) with the flux calculated from the
diffusion equation (the left-hand side of Equation 7).!'° The transmission probability, 1, in a
cylindrical tube was determined using the aspect ratio, L, which is defined as the pore length
divided by the pore radius.!° Substituting Equation 6 into Equation 5 defines transmission
resistance, R;, as following:

a-2Dna (10)

R, = il
‘ 4Dy n

Interface resistance, R;, occurs because vapor molecules can be reflected at the gas-liquid
interface and is expressed using the condensation coefficient, o, which is the probability of water

vapor condensation into bulk liquid at the gas-liquid interface.'!!

_1-0(T) (11)
ETo(T)

For thick membranes, transmission resistances greatly outweigh resistances at the
interfaces. However, it has been shown interface resistances are a critical consideration for thin
and highly permeable membranes with low transmission resistances.'% Interface resistance is a
function of temperature because higher temperatures result in increased energy levels of water
vapor that lead to a higher probability of reflection at the gas-liquid interface.!!? Since the feed and
draw side surface temperatures change during the evaporation and condensation of water

molecules, the feed interface and draw interface resistances are calculated separately.

3.2.2 Concentration and temperature polarization
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The temperature and salt concentration at the membrane surface differs from the bulk solution due
to polarization effects, which ultimately decrease the partial vapor pressure difference between the
feed and draw solutions. Temperature gradients induced by convective heat transfer are termed
temperature polarization (TP). In the OD process, TP reduces the temperature of the membrane
surface on the feed side and increases the temperature of the membrane surface on the draw side.
As a result, the vapor pressure gap between the feed and draw declines. The membrane surface

temperatures for the feed and draw are expressed as:

q

Trm =Ty =3~ (12)
f
q

Tagm =Tap + . (13)
d

where Ty and T4 denote the bulk temperature of the feed and draw, respectively, and Tzx
and T4 are the membrane surface temperature of the feed and draw. The extent of TP is related
to the feed and draw heat transfer coefficients, #rand /4, and the net heat flux, g. High heat transfer
coefficients mitigate the development of TP and high membrane thermal conductivity relieves TP
by lowering the net heat flux (Equation 2). The heat transfer coefficient is determined by the
hydrodynamic conditions of the system. In our work, a heat transfer coefficient, 4, of 1000 W m"
2K-! for feed and draw was assumed because it is a representative value for laminar flow derived

from experiments in the literature.''?

Concentration polarization occurs when the concentration at the membrane surface is
different from the concentration of the bulk solution. On the feed side of the membrane, rejected
solutes build up at the air-water interface, leading to a higher concentration at the interface than in

the bulk solution.''* On the draw side of the membrane, water molecules that condense at the air-
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water interface dilute the concentration compared to the bulk. CP decreases the concentration
difference between the two membrane interfaces, lowering the partial vapor pressure difference

driving water transport. The concentrations at the membrane surfaces are given by:
~ T
Cf,m = Cf,beXp ? (14)

Ju
Cam = Capexp (22) (15)

where Cy» and Cy denote the bulk concentrations of the feed and draw, respectively, and
Crm and Cyn represent the surface concentrations. The mass transfer coefficient, &, which
quantifies hydrodynamic mixing along the membrane surface, and the water flux, J,, are factors
affecting the extent of CP. In our work, k is fixed at 0.0278 kg m™s™! based on values obtained

from the literature.!"

We note that this analysis used fixed mass and heat transfer coefficients as a simplifying
assumption for the modeling (1000 W m?K™! and 0.0278 kg m?s™! for the heat and mass transfer
coefficient, respectively). Such an assumption of constant heat and mass transfer coefficients is

106.116-119° A sensitivity analysis showed

commonly used in studies on membrane-based systems.
that variation of the heat transfer coefficient from 500-22000 W m>K™' and the mass transfer

coefficient from 0.020-0.042 kg m™s™! had less than a 5% impact on the water flux.
Percentage contributions of TP and CP to flux reduction were obtained to quantify their
impacts on performance using the following equations:'*°

_ APv,b - APv,m,T
AP,

TP x 100 (16)
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_ APv,b - APv,m,C

CP
AP, ,

x 100 (17)

PE =TP + CP (18)

where AP, , is the vapor pressure difference between the feed bulk and draw bulk solutions,
AP, , v is the vapor pressure difference between the feed membrane surface and draw membrane
surface considering only temperature polarization effects, and AP, ,, . is the vapor pressure
difference between the feed membrane surface and draw membrane surface considering only

concentration polarization effects. PE is the total polarization effect summing TP and CP.
3.2.3 Numerical simulation of module-scale performance

Analysis of large-scale membrane modules allows us to gain insights into the achievable water
recovery and the bulk temperature or concentration changes, all of which cannot be determined
solely using element-scale analysis. In this study, we model a counter-current flow membrane
module, which has been shown to be the most efficient configuration in previous studies of similar
processes and reduces the detrimental impacts of concentration and temperature

accumulation. 21?2

The differential equations representing mass and heat transfer in the system were
discretized using a finite difference method. Three differential equations were used to determine

the heat flux, flow rates, and concentrations along the membrane module:

dQr(4) _ dQa(4)

dA - dA :]W(Tfm(A); Tdm(A)'Cfm(A)'Cdm(A)) (19)
d[Q (A)h, (Tr(A))] _ d[Qa(A)hy(Ta(A))] o)
dA h dA

= q(Ty,,(4), Tq,,(A), G, (4), Cq,, (A))
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d[Qr(A)C (D] d[Qq(A)Ca(A)]
dA - dA

@2y

where Equation 19 expresses the volumetric balance of water, Equation 20 represents the
heat balance of convective and conductive fluxes, and Equation 21 accounts for mass balance of
salt. The balanced equations were solved using the modified Powell method in conjunction with
the element-scale analysis. The boundary conditions for numerical solutions were Qf (0) = Qr .05
Qa(N) = Qqyo, Tr(0) = Ty, Ta(N) = Tgy, Cr(0) = Crp, and C4(N) = C4y. The calculated
water and heat fluxes over the entire module were used to obtain water recovery, bulk
concentrations, and bulk temperatures with varying operation conditions and membrane properties.
The computational approach for element- and module-scale modeling is a well-established method

in the literature and has been used to simulating different membrane processes including MD and

FO 115,117,123-126

Unless otherwise noted, the feed solution in all simulations is modeled as having the
osmotic pressure and diffusive properties of a 0.2 M NaCl solution and the draw solution is 1.5 M
NaCl. Although operating with sodium chloride on both sides of the membrane is impractical, the
salinity of this solution pairing serves as a representative model of brackish water desalination or

food concentration.”!?’

3.2.4 Pore wetting criteria

Wetting of membrane pores is a critical consideration because it compromises the selectivity and
water flux of the membrane. Liquid penetration into the vapor-gap pores is determined by the pore
radius, membrane thickness, surface hydrophobicity, and external applied pressure. In order to

prevent wetting and maintain the air gap, the pore size must be sufficiently narrow and the external
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pressure must be smaller than the liquid entry pressure, which is calculated by the Young-Laplace
equation (Equation 23).'%12 The pore must also be sufficiently long to prevent wetting of the
membrane because there is risk that the meniscus on the feed side and the meniscus on the
permeate side of the membrane will come in contact at low thicknesses. This type of wetting is
dependent on the aspect ratio of the pore (i.e., membrane thickness, d, divided by pore radius, a),
and pore wetting becomes thermodynamically favorable below the critical aspect ratio. In our
analysis, we assume the pore length equals the hydrophobic layer thickness (i.e., the membrane
has cylindrical pores with a tortuosity of 1). For the membrane to operate without wetting, a

minimum aspect ratio must be met:'%

d 2
had 0
(a)min > 3(cosO — cosb,) (1 + sin6 +sin ) (22)
—aAP
cosO = (23)
21y

where 8,, is an equilibrium water contact angle considering a partially wetted and
cylindrical hydrophobic pore. We assume 8,, as 110° in the calculation. 8 is the angle between a
tangential line to the gas-liquid interface and the pore axis in force equilibrium between surface
tension and external hydraulic pressure drop across a membrane. 8 was obtained in Equation 23,
where AP is the hydraulic pressure difference across the vapor-liquid interface, which becomes
the liquid entry pressure when the pores are wetted, and y;y is the surface interaction energy
between the vapor and liquid phases. In our analysis, AP and y; are fixed at zero and 71.99 x 10

3N m’!, respectively.'*

3.3 Results and Discussion
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3.3.1 Element-scale analysis of water flux and polarization effects

Analysis of the osmotic distillation (OD) system first focused on understanding performance at
the scale of an individual element within a membrane module using models that fully describe heat
and mass transfer (Equation 1 and 2). A key parameter for optimization in OD membranes is the
thickness, which affects both the water permeability and thermal conductivity of the membrane.
The impact of membrane thickness on the water flux is shown in Figure 3.2A. Typical hydrophobic
membranes used for osmotic and membrane distillation have thicknesses between 50 and 100 um,
which offer relatively low fluxes (0.05-0.24 kg m~h™"). Decreasing the thickness of the membrane
led to an increase in the water flux by up to three orders of magnitude, with a maximum water flux
of 92 kg mh™! for an impossibly low thickness of 0.001 um. However, improvements in water

flux were limited after the membrane thickness decreased below 0.1 pm.
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Figure 3.2 (A) Element-scale osmotic distillation water flux as a function of the hydrophobic layer
thickness for membranes with different pore sizes. Red color indicates thicknesses low enough to
result in membrane wetting for a given pore size. (B) Influence of hydrophobic layer thickness on
the vapor permeability coefficient, B, and the partial vapor pressure difference across the
membrane. Results are shown for membranes with different thermal conductivities. (C)
Contribution of temperature and concentration polarization to the water flux reduction with
different hydrophobic layer thicknesses. Feed and draw solutions were modeled as 0.2 M and 1.5
M NaCl, respectively. The bulk temperatures of the feed and draw were 298 K. Membranes were
modeled with a porosity of 0.8, pore diameter of 50 nm, and tortuosity of 1. For (A) and (B), the
thermal conductivity was fixed at 0.05 W m'K"\.
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Although very low thicknesses lead to higher achievable water fluxes, they also increase
the vulnerability of the membrane to wetting. The minimum thickness possible in a membrane
before wetting becomes thermodynamically favorable is dependent on both the membrane pore
size and hydrophobicity (Equation 22). For hydrophobic membranes with a pore diameter of 100
nm, the minimum thickness to prevent wetting is 0.15 pm, whereas membranes with a 10 nm pore
diameter can operate with a minimum thickness of 0.015 pm (indicated by red color in Figure
3.2A). The desire to decrease the pore size to achieve thinner membranes must be balanced with
the increased vapor transport resistances caused by more frequent collisions with the pore walls,
an effect which is manifested in the lower water fluxes of small pore size membranes. Furthermore,
fabrication of a very small pore size membrane is difficult, and commercial membrane pores are
typically limited to around a 30 nm pore diameter. Thus, we identify membranes with a 50 nm
pore diameter and a 0.1 pm thickness as a practically feasible high-performance membrane design
that can reach water fluxes of 56.5 kg m2h™!. Such a membrane has a thickness that exceeds the
minimum wetting thickness for a 50 nm pore size of 0.073 pm. Unless otherwise noted, our

subsequent analysis utilizes membranes with this pore size and thickness.

Factors that contribute to the water flux are further described in Figure 3.2B. The water
flux across the membrane is the product of the vapor permeability coefficient, B, and the partial
vapor pressure difference across the membrane (Equation 1). The vapor permeability coefficient
increases as the membrane thickness decreases. For a membrane thickness of 100 um, which is in
the range of current commercial hydrophobic membranes used in OD, the permeability was 3.9 X
107 kg m?h'Pa’'. Decreasing the thickness to 1 um and 0.1 um increased the vapor permeability
coefficient to 3.3 x 10 and 14 x 10 kg m~>h'Pa’!, respectively. Further decreasing the membrane

thickness to a value of 0.001 pm, which is only possible in theory because it is below the minimum
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wetting thickness, resulted in a water permeability of 23 x 10 kg m*h'Pa’!, a relatively minor
increase from a 0.1 pm thickness due to the increasing contribution of interface resistances at low

thicknesses (Equation 11).

The dependence of the partial vapor pressure on thickness is more complicated than
permeability and heavily influenced by the thermal conductivity of the membrane. Four thermal
conductivity values were investigated. A thermal conductivity of 0.05 W m'K™! corresponds to a
high porosity polymeric material typically used in OD (e.g., expanded polytetrafluoroethylene or
polypropylene), whereas a thermal conductivity of 0.2 W m'K! corresponds to a dense polymer
material. Thermal conductivities of 0.01 and 1 W m'K' were selected as extreme values
corresponding to insulators and highly conductive materials, respectively. Membranes with a high
thermal conductivity (0.2 W m'K™! or greater) only show a decrease in the partial vapor pressure
difference as the membrane approaches thicknesses below 1 um. These low thicknesses result in
higher water fluxes and enhance the detrimental impact of concentration polarization (CP), which
occurs as pure water transferred across the membrane dilutes the draw solution and concentrates
the feed solution, decreasing the partial vapor pressure difference across the membrane. For
membranes with low thermal conductivity, the partial vapor pressure difference is reduced even at
higher thicknesses (~10 um) due to enhanced temperature polarization (TP). TP is caused by the
enthalpy of vaporization carried across the membrane by the water vapor flux, which heats the
permeate side of the membrane and cools the feed side, resulting in a lower partial vapor pressure
difference across the air gap. Increasing the thermal conductivity aids in counteracting some of the
effects of TP by transferring heat back to the feed side of the membrane through thermal

conduction.
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To better elucidate the contribution of polarization effects on membrane performance, the
relative impacts of temperature and concentration polarization were plotted in Figure 3.2C for a
membrane with a thermal conductivity of 0.05 W m™'K"!, which is representative of a typical
porous polymeric membrane. Simulations found that TP dominated the flux reduction for
thicknesses in the range of current commercial hydrophobic membranes (50—-100 pm), with less
than 1% contribution from CP to flux reduction. Thick membranes have low conductive heat flux
that exaggerates the impact of TP. The low water flux in thick membranes also results in near-
negligible CP. As the membrane thickness decreases, there is more conductive heat transferred
through the membrane which substantially reduces the impact of TP. However, the high water flux
across a thin membrane significantly dilutes the surface concentration of the draw side, which

aggravates CP.

Overall, element-scale analysis shows that very thin membranes can facilitate water fluxes
that exceed 50 kg m~h!, but membranes thinner than 0.1 pm may be impractical due to increased
risk of membrane pore wetting. Reducing the thickness from that of normal commercial
membranes (50 pm) to 0.1 um will result in at least two orders of magnitude increase in the flux
achievable. For thicker membranes (1-100 um), high thermal conductivities are desirable to
reduce the detrimental impact of TP. However, the effect of thermal conductivity on water flux in
thinner membranes is minor. Instead, the main performance limiting effect in thin OD membranes
is concentration polarization, which is an unavoidable phenomenon that also hinders the

performance of conventional forward osmosis processes.

3.3.2 Module-scale analysis simulating concentration and temperature accumulation
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Performance of large-scale OD modules differs from that of small-scale membrane elements
because the concentration and temperature vary along the length of a module as mass and heat are
transferred through the membrane (Figure 3.3A). To simulate the performance of large-scale
modules, element-scale transport models used in the previous section were incorporated into
module simulations based on heat and mass balance (Equations 19-21). Such module-scale
simulation allows for the determination of bulk concentration, temperature, and flow rate at any
given point along the length of a module with finite membrane area. This analysis enables us to
probe the impact of heat accumulation and bulk concentration changes with different operation

parameters, membrane properties, and module areas.
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Figure 3.3 (A) Schematic of a countercurrent flow osmotic distillation module. Darker shading
indicates higher salinity. (B) Normalized flow rate of the feed and draw along the length of a
membrane module. Flows in the feed (teal lines) and draw (purple lines) are shown for membrane
modules with different areas. (C) Feed and draw bulk temperature profile along the module length.
The y-axis shows the deviation of the bulk temperature from the initial value of 298 K. Membrane
thickness, porosity, pore diameter, and thermal conductivity were fixed at 0.1 um, 0.8, 50 nm, and
0.05 W m 'K, respectively. The feed and draw solutions were 0.2 M and 1.5 M NaCl, respectively.

Flow rate and temperature along the length of a membrane module are shown in Figure
3.3B and C. Feed flow rate declined and draw flow rate increased along the length of the module

due to water permeation. Larger membrane areas resulted in more permeation and greater changes
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in the flow rates. Bulk temperature accumulation in OD systems is also a key consideration since
each molecule of permeating water vapor carries across the heat of vaporization. Temperature on
the feed side decreased along the module length due to the vaporization of water whereas the draw
side temperature increased due to the release of heat during condensation. The largest temperature
gap between the feed and draw was about 0.1 K, which corresponds to a reduction in the partial
vapor pressure driving force of 13%. These results show that both concentration and temperature
accumulation occur on either side of the membrane module resulting in reductions in the available

partial vapor pressure difference that drives water flow.

For module scale systems, water recovery is a crucial performance metric that describes
the fraction of the initial feed flow rate that has permeated through the membrane. Figure 3.4A
shows the water recovery possible in modules with varying membrane area and draw
concentrations. For a given draw concentration, increasing the membrane area resulted in higher

achievable recoveries since more water is transferred across larger membrane areas. For example,

while a normalized area (2—’") of 10 m*h L' yielded recoveries in the range of 0.08 to 0.22, a
fo

normalized area of 20 m*h L' yielded recoveries in the range of 0.15 to 0.4. Higher draw
concentrations increased the driving force for permeation across the membrane, which resulted in
higher water recoveries. In general, the recoveries possible in the OD system were consistent with

those of previous studies on FO."!-132
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Figure 3.4 (A) Achievable water recovery with varying draw concentration and normalized

membrane area, 2—;’; , in the module. (B) Contribution of bulk changes in temperature and
concentration to losses in the partial vapor pressure difference across the membrane. Accumulation
effects are shown as a function of the membrane thickness. The initial temperatures of the feed
and draw solutions were 298 K. Membrane thickness, porosity, pore diameter, and thermal
conductivity were fixed at 0.1 um, 0.8, 50 nm, and 0.05 W m'K"!, respectively. Unless otherwise
indicated, the feed solution was 0.2 M NaCl and the draw solution was 1.5 M NaCl.

Operation of module-scale OD will result in concentration and temperature accumulation
effects that are not seen in element-scale systems. As was shown in Figure 3.3B, water permeation
through the membrane results in changes in flow rate in the feed and draw channels, which
ultimately result in concentration changes: the feed increases in concentration as it moves along
the length of the membrane module and the draw is diluted. Similarly, temperature accumulation
effects occur as heat is transferred across the membrane in the enthalpy of vaporization, as was
shown in Figure 3.3C. The ultimate result of both temperature and concentration accumulation is
a reduction in the partial vapor pressure difference across the membrane. Figure 3.4B shows the
relative contribution of temperature and concentration accumulation to the partial vapor pressure

loss. Thicker membranes (greater than 1 pum) are thermally insulating, and temperature
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accumulation dominates the partial vapor pressure loss. As membrane thickness decreases,
temperature accumulation impacts become less substantial and concentration accumulation effects
dominate the partial vapor pressure loss. It should be noted that concentration accumulation effects
are unavoidable in module-scale systems—they must occur to reach high recoveries—while
temperature accumulation is a detrimental phenomenon that is not essential to transport. Thus, the
results of our analysis show that the unnecessary harmful impact of temperature accumulation,
which is unique to OD systems, can be eliminated if the membrane thickness falls below a certain

threshold. In our simulation scenario, this threshold thickness is around 1 pm.
3.3.3 Impact of membrane properties on module-scale performance

In the previous sections, we identified that membrane thickness is a critical parameter that impacts
both element- and module-scale performance. However, membrane design for OD systems must
optimize a range of available parameters beyond just thickness. The relative impact of various
membrane properties on module-scale performance is shown in Figure 3.5. Four membrane
properties are examined: hydrophobic layer thickness, porosity, pore radius, and thermal
conductivity. Results are shown for membrane modules with varying membrane areas to

encompass a wide range of scenarios.

The impact of varying the hydrophobic layer thickness alone is shown in Figure 3.5A. The
thickness of 0.1 um, which is nearly as thin as a 50 nm pore diameter membrane can be made
before risking wetting, produced the highest water recovery of 0.26 with a membrane area of 20
m?h L. Increasing the thickness to 1 um resulted in a decrease in the water recovery to 0.07.
Further increases to 10 um, which is in the range of current commercial hydrophobic membranes

(typically 50-100 pm) yielded a low water recovery of around 0.01. Thus, low membrane
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thicknesses approaching 0.1 pm are critical to improving the OD water recovery by increasing the
water permeability and decreasing temperature accumulation. For membranes with a 1 um
thickness rather than 0.1 pum, more than double the membrane area will be required to reach the

Same recovery.
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Figure 3.5 Achievable module-scale water recovery with different membrane properties: (A)
hydrophobic layer thickness, (B) porosity, (C) pore radius, and (D) thermal conductivity. Each
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performance of membranes with a 150 pm thick hydrophilic support layer. Feed and draw
solutions were 0.2 M and 1.5 M NacCl. Initial temperatures on both sides of the membrane module
were 298 K. The default values for membrane properties were a hydrophobic layer thickness of
0.1 um, porosity of 0.8, thermal conductivity of 0.05 W m'K"!, and pore diameter of 50 nm.

While very low thicknesses are favorable to obtain high recoveries, membranes less than
1 pum thick are likely fragile and susceptible to rupture during practical operation. Thus,
membranes were also modeled with a hydrophilic support layer on the draw side of the membrane
(Figure B-S1 and Supplementary Note). This support layer does not affect the thickness of the
hydrophobic layer, but does provide extra mechanical stability to the membrane. This structure of
a composite membrane with a hydrophilic support layer on the draw side mimics the structure of
conventional FO membranes and has already been fabricated and utilized in previous work on
OD.?1:133:134 Membranes modeled with a 150 um thick support layer are shown in Figure 3.5 (solid
bars). The 150 pm thickness was chosen since it falls in the range of thicknesses of many
commercial membranes.'*>"*” For a 0.1 pm thick membrane, the addition of the membrane
support layer reduced the achievable recovery by 52%. The support layer exaggerates CP on the
draw side of the membrane by restricting hydrodynamic mixing near the hydrophobic membrane
surface, leading to severe dilution of the membrane surface concentration on the draw side and a
reduced partial vapor pressure difference. For the membranes with a thicker hydrophobic layer (1
pm and 10 um), the addition of the support layer led to a less than 30% reduction in the overall

recovery.

Membrane porosity is another key parameter that can impact OD performance. In Figure
3.5B, the water recoveries with three different porosities are described. Porosities of 0.4, 0.6, and
0.8 represent the typical range for polypropylene (PP), polytetrafluoroethylene (PTFE), and

polyvinylidene fluoride (PVDF) hydrophobic membranes.””'®> As shown in Equation 3,
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membrane permeability increases monotonically with porosity, leading to increased recoveries.
Higher porosities also result in decreased thermal conductivity due to a higher fraction of air in the
pore, which would lead to increased temperature polarization.”! In our analysis, the TP effect was
overshadowed by the improved permeability with higher porosity, which resulted in a clear
increase in the recovery as the porosity increased. A doubling of the porosity from 0.4 to 0.8

resulted in a 60% increase in the water recovery.

Optimization of pore diameter is needed to ensure suitable water permeability and wetting
resistance of the membrane. Smaller pore sizes allow for thinner membrane hydrophobic layers,
since the thermodynamic wetting criteria are dependent on the aspect ratio of the membrane pores
(Equation 22). For example, a membrane with a 50 nm pore diameter can reach a minimum
thickness of 0.073 um without wetting whereas a membrane with a 10 nm pore diameter will be
able to have a thickness down to 0.015 pm. While thinner membranes can be more robust,
decreasing pore diameter also increases the transmission resistances of the membrane, reducing
the water vapor permeability. Changing the pore diameter from 50 nm to 10 nm led to a 40%
decrease in the water recovery in Figure 3.5C. Thus, the desire to create more thin and robust
hydrophobic layers by using a small pore size must also account for decreases in the vapor

permeability of the membrane.

Thermal conductivity is an important membrane material property dictating heat flux and
accumulation in OD. Thermal conductivities of 0.01, 0.05, and 0.2 W m'K"' were used for the
simulations which correspond to a highly insulating material, a porous polymer material, and a
dense polymer material. For the membrane simulated in Figure 3.5D, which had a relatively low
thickness of 0.1 um, the thermal conductivity only had a substantial impact at very low values

(0.01 W m'K"). The thermal conductivity of 0.01 W m'K™! resulted in a 25% decrease in the
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water recovery compared to a thermal conductivity value of 0.05 W m'K™!. Low thermal
conductivity reduces the conductive heat transfer from the draw to the feed, aggravating the impact
of TP and heat accumulation to decrease the partial vapor pressure difference across the membrane.
We note that thicker membranes will show a more exaggerated impact of the thermal conductivity

since such membranes are more insulating.

3.3.4 Comparison of desalination performance for OD and FO membranes

Osmotic distillation and forward osmosis are similar processes in that both utilize a concentration
gradient across a membrane to drive flow. However, OD relies on vapor transport across a
hydrophobic porous membrane whereas FO relies on sorption and diffusion of water through a
dense polymer film. Compared to FO, OD offers the potential advantage of improved selectivity
since vapor transport allows for distillation-quality product water. However, experimental OD
systems in the literature have rarely obtained fluxes that can compete with those of conventional
FO membranes since most OD membranes in the literature are not optimized to improve
performance.’?”!*® The subsequent analysis focuses on comprehensively comparing the
desalination performance of an optimized OD membranes and high-performance commercial FO

membranes.

The obtainable element-scale water fluxes in tailored OD and FO membranes with varying
water permeability coefficients are shown in Figure 6A. The feed and draw solutions were 0.2 M
and 1.5 M NaCl, and the initial temperatures of both sides were 298 K. The default OD membrane
properties were a hydrophobic layer thickness of 0.1 um, porosity of 0.8, thermal conductivity of
0.05 W m'K"!, and pore diameter of 50 nm. The same support layer thickness was assumed for

both FO and OD to ensure a reasonable comparison. The unit of OD water permeability was
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converted to the same unit as the FO water permeability (x-axis) in order to compare the two
processes on an identical scale. FO membrane support layer properties corresponded to those of a
commercial thin-film composite membrane (S = 453 um).'*” The FO water permeability
coefficient, A4, was varied over a wide range of values. The salt permeability coefficient depended
on the water pemeability and was determined using the permeability-selectivity trade-off for
polyamide membranes established in the literature, B = yA3 (Supplementary Note). The OD
permeability was varied by changing the thickness of the membrane hydrophobic layer, with the
maximum OD flux (25.3 kg m~h!) occurring when the membrane reached the minimum possible
thickness defined by the wetting criteria (Equation 22). Polyamide thin-film composite FO
membranes were simulated so the water permeability and salt permeability were linked using an
established trade-off in the literature. Thus, the maximum water flux for FO membranes (18.6 kg
m~h") is reached when the salt flux across the membrane is high enough that further increases
will negatively impact the water flux. This limitation occurs at a water permeability coefficient of
6.5 kg m~h'bar. At all permeability values, OD membranes offered the advantage of improved
salt rejection. This was especially true at higher water permeabilities where the FO salt rejection
rapidly deteriorated. When the FO membranes reached their maximum flux, the salt rejection was
80%, far lower than typical values for membranes in seawater desalination, which usually exceed
99% rejection.'*’ The high salt rejection in OD also explains the higher water flux achievable with
OD membranes as compared to FO membranes—OD experiences less reverse salt flux and
concentration polarization than FO and thus has a higher available concentration difference to

drive permeation.
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Figure 3.6 (A) Water flux that can be achieved using hydrophobic osmotic distillation (OD)
membranes and polyamide thin-film composite forward osmosis (FO) membranes with a given
water permeability coefficient. The OD hydrophobic layer thickness that corresponds to a given
water permeability coefficient is indicated. FO membranes are simulated with selectivity following
the permeability-selectivity trade-off for polyamide membranes, and the corresponding salt
rejection is shown. (B) Achievable water flux and recovery in OD and FO modules as a function
of normalized membrane area.

Module-scale analysis was used to further compare OD and FO performances in Figure
3.6B. For this analysis, the FO membrane had the simulated properties of a commercial thin-film
composite membrane previously studied in the literature (4 = 1.48 kg m>?h'bar, B=10.043 kg m"
h!, § = 453 pum)."*” The OD membrane was modeled with identical support layer properties as
the FO membrane, but the OD permeability was set using a 0.1 pm thick hydrophobic layer.
Results from the module-scale analysis indicated that OD membranes always demonstrated both
higher average water flux and water recovery. For a normalized membrane area of 50 m*h L™, the
OD water recovery was 56% higher than FO. For the entire range of membrane areas investigated,
the average water flux across the OD module was around 8.5 kg m>h™! (59%) higher than that of

FO.
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3.4 Conclusions

In this study, we investigated the optimal membrane properties and the impact of heat transfer on
the osmotic distillation (OD) process through element-scale and module-scale simulations. A
principal conclusion of the analyses at both scales is that decreasing the thickness of the
hydrophobic layer is critical for high performance in OD since it both increases the membrane
permeability and reduces detrimental heat transfer effects. While there is a limit to how thin
membranes can be designed based on thermodynamic wetting criteria, membranes with pore sizes
consistent with current commercial membranes can reach desirable thicknesses (~ 0.1 um) without
risking wetting. At such low thicknesses, the negative impact of temperature polarization on
membrane water flux is minimal. Module-scale analysis showed that detrimental heat
accumulation in the feed and draw channels can also be minimized at membrane thicknesses lower
than 1 pm. Investigations into the impact of membrane pore size, porosity, and thermal
conductivity on performance indicated that these parameters have a smaller impact than thickness
when varied within a realistic range. Therefore, factors such as pore size should be modified as

needed to fabricate membranes with smaller thicknesses.

Our results suggest that optimized OD membranes offer a highly selective alternative to
conventional dense polymeric forward osmosis (FO) membranes. OD membranes with optimized
properties can offer water fluxes 36% higher than those of optimized polyamide FO membranes.
Furthermore, in large-scale systems, the water recovery of practically feasible OD membranes is
56% higher than current FO membranes. Unlike dense polymeric FO membranes, OD membranes
offer complete rejection of all non-volatile solutes. Thus, the utilization of OD can eliminate

challenges associated with reverse salt leakage in FO processes that add the requirement of
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complicated draw solute recovery systems. OD can be especially advantageous for applications
requiring high removal of small neutral molecules, such as N-nitrosodimethylamine (NDMA),

boron, and urea, that easily pass through polyamide FO membranes.

To realize the advantages of OD systems, further studies must push forward the
development of thin and robust hydrophobic membranes. As membrane hydrophobic layers
approach very low thicknesses, they will require porous hydrophilic support layers to provide
mechanical strength and to prevent breakage. Similar to FO, these support layers must be tailored
to reduce concentration polarization effects. Finally, the successful implementation of OD will
require further investigation into draw solutions with low volatility that can take advantage of the
selective characteristics of the OD membranes, and studies must be undertaken to better
understand practical fouling and wetting behavior. Combined developments in OD membrane
fabrication and process design will enable desalination with both high productivity and selectivity

to be realized.
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CHAPTER 4

Analysis of volatile and semi-volatile organic compound transport in

membrane distillation modules

4.1 Introduction

Membrane distillation (MD) is a thermally driven separation process experiencing growing interest,
especially in treatment of high salinity brines from oil and gas operations, industrial wastewater,
and food concentrate.” Since MD can be operated with relatively low temperatures (30-80 °C)

compared to conventional thermal distillation,'*!

it can potentially utilize low-grade heat to
decrease energy costs. Furthermore, compared to membrane-based reverse osmosis (RO)
desalination processes, MD does not require high operating pressures and can treat higher salinity

brines.!*? These strengths may allow MD to treat certain waters at lower cost than conventional

technologies.

A widely acknowledged benefit of MD is that it ideally offers complete rejection of macro-
molecules, colloids, ions, and other non-volatile constituents.'*> The high rejection in MD is an
inherent characteristic of the process since it only allows for gas-phase transport of constituents
across a hydrophobic membrane from the feed side to the permeate side.!* The vapor pressure
difference between the feed and permeate sides drives water vapor to move across the membrane
while non-volatile compounds remain on the feed side. The ability to remove all non-volatile
solutes gives MD a distinct advantage over RO which poorly rejects non-polar and low molecular

144,145

weight (MW) compounds.
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Although MD can highly reject non-volatile constituents, the process has shown poor
rejection of semi-volatile and volatile compounds. Specifically, the process has shown less than
80% rejection of semi-volatile compounds (Henry’s constant between 10 and 3x10° Pa-L mol™)
and the rejection of volatile compounds (Henry’s constant greater than 3x10° Pa-L mol™) falls
between negative values and 54%.'*® The rejection of volatile compounds in MD is strongly
dictated by the Henry’s constant,'**!'*7 and hence, volatile organic compounds (VOCs) can be
problematic in MD water treatment systems since they have high Henry’s constants, are commonly
encountered in feed waters, and can cause negative environmental impacts and human health
issues.'*® Poor rejection of VOCs in MD makes it difficult to meet treatment requirements and

limits the application of MD for water treatment.

Despite growing interest in utilizing MD for a wide range of feed streams that contain
volatile compounds, few studies have focused on the transport of VOCs. Those studies that have
been conducted experimentally investigated the separation of volatile contaminants found in
wastewaters and validated theoretical models for predicting the concentrations of volatile
contaminants accumulated in the permeate streams.'*%!47:1%% Recent works have emphasized the
importance of the Henry’s constant in determining MD selectivity.'*®!** However, prior studies
have examined a limited range of compound volatilities and a small set of volatile contaminants
(less than 16 compounds).'#%1%° There is a need to expand this work to encompass a wider set of
contaminants and better correlate molecular properties to MD selectivity. Furthermore, the impacts
of operating conditions, such as temperature and crossflow velocity, in large-scale membrane
modules have not been investigated despite evidence that these conditions may impact

contaminant transport.'>! Thus, to understand realistic removal rates of volatile components, there
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is an urgent need to study a wider range of compounds, understand the impact of compound

properties on rejection rates, and conduct studies relevant to large-scale membrane modules.

In this work, we investigate the removal of a range of semi-volatile and volatile compounds
in direct contact membrane distillation (DCMD) with 55 compounds total enabling a
comprehensive understanding of the compound properties, system designs, and operating
conditions that impact mass transport in DCMD. First, we examine the influence of molecular
properties including the diffusion coefficient and Henry’s constant on solute transport. We then
study the transport resistances across MD membranes, identifying distinct transport regimes
dominated by resistances in the membrane or external boundary layers. Large-scale DCMD
modules are simulated to determine the realistic contaminant removal in DCMD systems by
varying conditions including operating temperatures and crossflow velocity. Module-scale
simulations give the first insights into key operating conditions that will impact contaminant
removal. Finally, we provide guidelines for the mass transport of volatile compounds in MD

systems and compare MD transport to conventional RO systems.
4.2 Theoretical framework for volatile compound transport

4.2.1 Overview of the dataset used in modeling

This study collected semi-volatile and volatile compounds from multiple sources.!*®!#7:14% The

dataset included 55 compounds and 12 features for each compound including the name, activity
coefficient, three Antoine constants, two diffusion coefficient constants, molar volume, octanol-
water partitioning coefficient, dipole moment, and organic compound class. The full compound
list with properties is presented in Table 1 and additional properties are tabulated in the Supporting

Information. The activity coefficient was used for obtaining the Henry’s constant as described in
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the Yaws Handbook of Properties for Aqueous Systems.'>*> Antoine constants (A, B, and C) needed
to simulate the vapor pressure of a pure component as a function of temperature were retrieved
from the Yaws Handbook of Vapor Pressure.'”® The two diffusion coefficient constants were
retrieved from the Yaws Handbook of Diffusion Coefficients at Infinite Dilution in Water,'** and
they were used to obtain the diffusion coefficient of each volatile compound as a function of
temperature. The molar volume, octanol-water partitioning coefficient, and dipole moment of each
compound were acquired using ChemSpider. The molecular properties were used to calculate the

Henry’s constant and mass transfer coefficient at the interface with different temperatures.

Table 4.1 List of organic compounds investigated in this work with their key molecular
properties ordered by Henry’s constant. The entire list of chemicals and properties can be found
in the Supporting Information.

Henry’s Log
cons t:l}l’t at Molecular octanol- Dipole
Name Class 25°C weight water moment
1 ege s
(Pa-L mol™) (g mol™) partltm.nmg (debye)
coefficient

bisphenol A phenols 9.28 X 10* 228.29 3.64 1.695
phenylmethanol (benzyl alcohol) alcohols 1.87 x 10! 108.14 1.08 1.442
phenol phenols 5.68 X 10! 94.11 1.51 2.087
2-methylphenol (o-cresol) phenols 6.27 X 10! 108.14 1.94 2.069
3-methylphenol (m-cresol) phenols 6.27 X 10! 108.14 1.94 2.212
4-methylphenol (p-cresol) phenols 6.27 X 10! 108.14 1.94 2.385
aniline amines 1.93 X 107 93.13 1.08 0.626
4-tert-butylphenol phenols 2.09 X 107 150.22 3.42 2.431
benzophenone ketones 2.13 X 10? 182.22 3.15 2.381
ethanol alcohols 5.75 X 10? 46.07 -0.14 1.545
propanol alcohols 7.62 X 107 60.10 0.35 1.557
butanol alcohols 8.93 X 107 74.12 0.84 1.550
cyclohexanone ketones 9.12 X 107 98.15 1.13 2.605
pyridine amines 1.11 X 103 79.10 0.8 1.353
pentanol alcohols 1.35 X103 88.15 1.33 1.557
1-hexanol alcohols 1.97 X 10° 102.18 1.82 1.550
benzal dehyde aldehydes 2.85 %103 106.12 1.71 2.402
4-tert-octylphenol (p-tert-octylphenol) phenols 2.96 X 103 206.33 5.28 1.811
acetonitrile nitrile 3.10 X 10° 41.053 -0.15 2.187
a-epichlorohydrin ethers 436 %103 92.53 0.63 2.273
acetone ketones 5.03 X 10° 58.08 -0.24 2.571
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methyl ethyl ketone

methyl propyl ketone

diethyl ketone

methyl butyl ketone (2-hexanone)
acrylonitrile

ethyl acetate

3-methylbutanal

ethyl butyrate (ethyl butanoate)
hexyl acetate

methyl tert-butyl ether

ethyl hexanoate (ethyl caproate)

dibromomethane
vinyl acetate
1,2-dichloroethane
styrene

bromochloromethane

dichloromethane
chlorobenzene
chloroform

cis-1,2-Dichloroethylene
trans-1,2-Dichloroethylene
xylenes (total)

benzene

toluene

1,4 xylene (p-xylene)

bromomethane (methyl bromide)

ethylbenzene
trichloroethylene

chloroethane (ethyl chloride)

tetrachloroethylene
trans-1,3-dichloropropene
1,1-dichloroethylene
limonene

butane

ketones
ketones
ketones
ketones
nitrile
esters
aldehydes
esters
esters
ethers

esters
alkyl
halides
esters
alkyl
halides
arenes
alkyl
halides
alkyl
halides
arenes
alkyl
halides
alkenes
alkenes
arenes
arenes
arenes
arenes
alkyl
halides
arenes
alkenes
alkyl
halides
alkenes
alkenes
alkenes
arenes

alkanes

6.67 X
8.02 X
8.85 X
9.44 X
1.40 X
1.60 X
1.61 x
4.15 X
537X
5.95 X
6.37 X

9.91 X
1.19 X
1.20 X
2.85 %
3.03 X

3.29 X
4.04 x
4.11 x

4.13 X
4.13 X
5.26 X
5.42 X
6.73 X
6.99 X

8.60 X

9.00 x
9.98 X

1.10 X

1.79 X
2.48 X
3.23 X
5.75 X
9.82 X

10°
10°
10°
10°
10*
10*
10*
10*
10*
10*
10*

10*
10°
10°
10°
10°

10°
10°
10°

10°
10°
10°
10°
10°
10°
10°
10°
10°
10°
10°
10°
10°
10°
107

72.11
86.13
86.13
100.16
53.064
88.11
86.13
116.16
144.21
88.15
144.21

173.84
86.09
98.96

104.15

129.38

84.93
112.56
119.37

96.94
96.94
106.17
78.11
92.14
106.17

50.50

106.17
131.38

64.51

165.82
110.97
96.94
136.24
58.12

0.26
0.75
0.75
1.24
0.21
0.86
1.23
1.85
2.83
1.43
2.83

1.52
0.73
1.83
2.89
1.43

1.34
2.64
1.97

1.98
1.98
3.09
1.99
2.54
3.09

1.18

3.03
2.47

1.58

2.97
2.29
2.12
4.83
2.31

2.567
2.543
2.565
2.547
2.049
1.880
2.485
1.760
1.860
1.676
0.385

1.153
1.610
1.800
0.031
1.300

1.400
1.170
1.122
1.878

0.159

0.113
0.008

1.065

0.120
0.651

1.310

1.406
0.705
0.163

4.2.2 Determination of the Henry’s law constant
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The Henry’s law constant (air-water partitioning coefficient) is an important parameter to predict
the volatility of a chemical compound and its rejection in MD.!*® Previous studies have reported a
close relation between the Henry’s constant and rejection for volatile and semi-volatile

compounds. 4014156157 The Henry’s constant is calculated by using the following equation:
Hy = vsP; sV 24)

where y; is the activity coefficient, P, is the pure component vapor pressure, and 1}, is the
molar volume of water. This work simulated low concentrations (less than 1 mM) of volatile
compounds so the effect of solute concentration on the activity coefficient was assumed to be
negligible unless otherwise noted. The pure component vapor pressure of each compound was

obtained using the Antoine equation:

B
P;s = 10%7C+T (25)

where 4, B, and C are Antoine constants that are specific to each compound, and T is
temperature. With the equations above, the Henry’s constant of each compound was obtained at
different temperatures, and it was applied to gain the corresponding partial vapor pressure, feed
concentration, or permeate concentration assuming compound concentrations at the air-liquid

interfaces were at equilibrium.
4.2.3 Mass transfer of volatile compounds

Transport of semi-volatile and volatile compounds is driven by partial pressure differences
affected by the compound concentrations and temperatures at the interfaces of the membrane. The
solute flux, /¢, of semi-volatile and volatile compounds across membranes is described by the

following equations representing the three stages of transport: transport from the feed bulk solution
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to the feed-membrane interface (eq 26), transport of vapor through the membrane (eq 27), and

transport from the permeate-membrane interface to the permeate bulk solution (eq 28).

Js = kl,s,f(Cs,f - Cs,f,m) (26)
_ ks,m P P

]s - m( vs,fm — v,s,p,m) (27)
]s = kl,s,p(Cs,p,m - Cs,p) (28)

In the above equations, k; ; r and k; ; , are the liquid mass transfer coefficients of a solute
in the feed and permeate, respectively; C, r and C ,, are the feed and permeate bulk concentrations
of a compound, respectively; Cs ¢, and Cs,, ,, are the compound concentrations of the feed and
permeate air-liquid interfaces at the membrane surface; Py, ¢, and B, s , , are the partial vapor
pressures of a compound at the feed and permeate interfaces, respectively; R is the ideal gas
constant; T, is the average of the temperatures at the feed and permeate interfaces; and Kk, is the

mass transport coefficient across a membrane that can be calculated using the equations below.

-1
£ 1 1
= 29
ks,m Td (Ds,a * Ds,m) ( )

0.00143T%75
Ds,a = 1

1 1 -1
3 o3 1, 1\7}2
P+ (2(+ 7))

(30)

€1y

The membrane mass transfer coefficient, k; ,,, is obtained using the molecular diffusion

coefficient, Dg 4, and the Knudsen diffusion coefficient, D; ,,,. The parameter ¢ is the porosity of
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the membrane, 7 is the tortuosity of the membrane, and d is the membrane thickness. The
molecular diffusion coefficient of a compound through the air in the membrane pore, Dy, is
estimated by the empirical correlation as shown in Equation 30,® where M and M, are the
molecular weights of the solute and air, respectively; V; and V, are the molar volume of the solute
and air, respectively; and Py is the total pressure in a pore. The Knudsen diffusion coefficient,

Dg m, is calculated using Equation 31, where d,, is the average pore diameter.

The liquid mass transfer coefficient, ks, indicates the transport resistance of the boundary
layers on the feed and permeate-membrane interfaces. Empirical equations were used for
calculating Sherwood number of the laminar and turbulent flow channels in a membrane
module.'’®!%% The expressions for the mass transfer coefficient and Sherwood numbers are shown

below:

l
D sw

ks = Sh i (32)
Sh = 1.85(Re 7£5¢)*33 (Re < 2300, laminar flow) (33)
Sh = 0.04Re®755¢%33 (4000 < Re, turbulent flow) (34)

where D}, is the liquid diffusion coefficient of a compound in water, d, is the hydraulic
diameter of the channel, Sh is the Sherwood number, Re is the Reynolds number, Sc is the
Schmidt number, and [; is the length of the channel. This study uses the module channel dimension
of 5cm X 5 cm X 0.2 cm for element-scale analysis, which is a typical lab-scale module channel.

For module-scale analysis, a spacer-filled plate membrane module (100 cm X 100 cm X 0.4 cm)
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is used and the Sherwood number for the spacer-filled channel in laminar flow is obtained as shown

below:

Sh = 0.664Re®SSc033 (1405 (35)

(Re <2300, laminar flow in spacer-filled channel)

Henry’s constants obtained at the feed- and permeate-membrane interfaces, Hg r and Hy p,
and the mass transfer coefficients were used to calculate the overall mass transfer coefficient of a
volatile compound, kg ;,¢. Then, the overall mass transfer coefficient, Henry’s constant, and bulk
compound concentrations were used to describe the flux of the volatile compound, J;.

-1
Hy; RTy, HS,,>
kgeor = | ——+ + (36)
sitot (kl,s,f ks,m kl,s,p

]s = ks,tot(Cs,st,f - Cs,pHs,p) (37)

The heat of transport by the volatile compound flux was neglected because the volatile
compound concentration was small compared to the amount of water in the feed and permeate
streams (i.e., the molar percentage of solute to water was less than 1%). We also assumed there is
no leakage of volatile compounds from system due to their high volatility and no hydrophobic
interaction between volatile compounds and membrane materials or tubing, as has been assumed

in prior work. 60162

4.2.4 Numerical analysis of DCMD membrane module

Large-scale membrane module analysis was used to understand effects related to temperature or

concentration changes along the feed and permeate streams that cannot be evaluated using
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element-scale analysis. Simulations were conducted in a counter-current membrane module based

on previous work showing that this is the most efficient configuration.'?!:122

The differential equations were used to describe mass and heat transfer in the system and
were discretized using the finite difference method. Three differential equations were used to

determine the flow rates, temperature, and volatile compound concentrations along the module:

dQs(x) _ dQp(x)

= —aqn = T (. T, (0, G, (), 6, () (38)
d[Qr()h,(Tr(x))] _ d[Qy(x)h, (T, (x))] (39)
dA B dA

= q(Tfm (X), Tpm (X), Cfm (X), Cpm (X))

Ao GO _ AGOGOL_ ) ¢ o7, 0,600, 6n) 0

where Equation 38 presents the volumetric balance of water, Equation 39 expresses the
heat balance of convective and conductive fluxes, and Equation 40 accounts for the mass balance
of the solute. x represents an axial position along the membrane module; d4 is equal to the total
membrane area, A,, divided by the number of the elements used in numerical analysis; J,, is the
water flux; @ and @, are feed and permeate flow rates in membrane module; Ty and T), are feed
and permeate solution temperatures; hy, is heat transfer coefficient of liquid; C; and C,, are feed
and permeate concentrations of a volatile compound; and T, T, , Cr , and C, express
temperatures and concentrations at membrane surface. The modified Powell method was used to
solve the equations in conjunction with the element-scale analysis. The boundary conditions were
Qr(0) = Qf 0, Qp(N) = Qpo, Tr(0) = Trp, T,(N) =Tpp, C,(0) = Crp, and C,(N) = Cpp,

where 0 and N stand for the position of the inlet and outlet, respectively. The calculated water and
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heat fluxes over the entire module were used to obtain bulk temperatures and concentrations with

varying volatile compounds and operation conditions.
4.2.5 Equilibrium ratio across the MD membrane

The removal of solutes in module-scale analysis was assessed using the equilibrium ratio, a
parameter that describes the ratio of the permeate concentration to the feed concentration at pseudo

steady state. The equilibrium ratio is expressed below:

Csp (41)
Eq= -2
q C.

where Eq is equilibrium ratio of a solute, C; ,, is the solute concentration in the permeate
side, and Cj s is the solute concentration in the feed side. An equilibrium ratio less than 1 indicates

that the compound is rejected. An equilibrium ratio greater than 1 indicates that the higher amount

of a volatile compound exists in the permeate stream at equilibrium.

4.3 Results and Discussion
4.3.1 Molecular properties for predicting volatile and semi-volatile compound transport

The transport of volatile compounds from the bulk feed solution to the bulk permeate solution
requires compounds to diffuse through the stagnant film layer on the feed side of the membrane,
evaporate at the gas-liquid interface, diffuse through the membrane in the gas phase, condense on
the permeate gas-liquid interface, and diffuse through the stagnant film layer on the feed side of
the membrane (Figure 4.1). The resistances associated with transport across the membrane are
described in Equations 29-36. These equations relay the complex dependence of solute transport

on the properties of the compound and membrane system.
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Figure 4.1 Conceptual diagram of water and volatile solute transport in membrane distillation.
Transport of a volatile solute from the bulk feed solution to the bulk permeate solution requires
diffusion through the boundary layer on the feed side of the membrane, evaporation, vapor-
phase diffusion through the membrane pore, condensation, and diffusion through the boundary
layer on the permeate side of the membrane.

Relating the molecular properties of volatile and semi-volatile compounds to transport
properties is key to gaining generalizable insights on volatile mass transport in MD. Prior studies
have shown that size, hydrophobicity, polarity, and volatility of a compound play important roles
in explaining rejection. In this work, all 55 compounds in the dataset were grouped into different
organic compound classes (12 total) and ordered according to the average Henry’s constant of the
compounds in each class (Figure 4.2A, Table 4.1). Alkanes, arenes, alkenes, alkyl halides, ethers,
and esters are relatively volatile and thus have higher Henry’s constants compared to the other

compounds studied. Amines, alcohols, aldehydes, ketones, nitriles, and phenols are less volatile.

The compounds in the dataset spanned a wide range of molecular properties. Figure 4.2B
shows the dipole moment and log of the octanol-water partitioning coefficient (log P) of each
compound. The compound classes with higher Henry’s constants (alkanes, arenes, alkenes, alkyl

halides, ethers, and esters) had relatively low dipole moments values compared to the less volatile
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compound classes (amines, alcohols, aldehydes, ketones, nitriles, and phenols). More hydrophobic
compounds (i.e., those with a high octanol-water partitioning coefficient) tended to have a lower
dipole moment and higher Henry’s constant. As was expected, compounds that have a low dipole
moment and high octanol-water partitioning coefficient tend to be highly volatile since they have
weaker interactions with liquid water. Although nonpolar compounds can develop induced dipole
forces due to water molecules (making nonpolar compounds temporarily polar), the forces are
weaker than the dipole forces of polar compounds. Thus, they tend to have higher Henry’s

constants.

Specific compound classes have distinct characteristics that impact their volatility. Since
alkanes, arenes, and alkenes have a very low dipole moment due to their symmetrical structures,
they are nonpolar, have a low affinity for water molecules, and easily volatilize.'®® For instance,
butane is the compound in the alkane class with the highest Henry’s constant in the dataset because
its symmetric structure makes it nonpolar, and it has a shorter chain length than similar compounds
in its class. Alkyl halides, ethers, and esters have slightly higher dipole moments than the alkanes,
arenes, and alkenes. Carbon and halogen in alkyl halides contribute to an electronegativity
difference in molecules that increases the dipole moment. The carbon-oxygen bond in ethers and
esters also has an electronegativity difference that makes molecules polar. Nitriles, ketones, and
aldehydes have high dipole moments due to their double and triple bonds. Amines can form
hydrogen bonds with themselves or water'® so that their increasing MW and chain length decrease
volatility because more hydrogen bonds are formed. Hydroxyl groups in phenols and alcohols
make the classes polar and less volatile. Bisphenol A has the lowest Henry’s constant in the dataset

due to its two hydroxyl groups and high MW.
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Figure 4.2 (A) Distribution of Henry’s constants for each organic compound class studied in this
work where compounds colored blue are more volatile and compounds colored red are less volatile.
(B) Log octanol-water partitioning coefficient (log P) and dipole moment for each compound. The
colors correspond the classes of the compounds.

The solute flux of compounds in DCMD was simulated using a previously established
modeling framework (eq 37). The accuracy of the framework was verified by comparing simulated

147 Overall, it was found that

rejection values to those available from prior work in the literature
simulated rejection values were within 12% of measured values for the four compounds examined:

4-tert-octylphenol, 4-tert-butylphenol, and bisphenol A (Figure C-S2).

The influence of compound properties on solute flux was investigated using all 55
compounds in the dataset. The solute flux equation (eq 37) indicates that flux is determined by the
overall mass transfer coefficient and the partial vapor pressure difference between the feed and
permeate sides. The overall mass transfer coefficient is a function of the Henry’s constant, liquid
mass transfer coefficient, and membrane properties (eq 36). The partial vapor pressure difference

is influenced by the Henry’s constant and concentration. The solute flux equation and prior work
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reveal the strong influence of the Henry’s constant on solute transport;'*®!*7 this influence is also
apparent in our simulations (Figure 4.3A), where compounds with a higher Henry’s constant
showed increased solute flux. Importantly, only compounds with a Henry’s constant below 10000
Pa-L mol™! (red group) showed solute fluxes that strongly correlated with the Henry’s constant
(determination coefficient of 0.87, gray solid line). As the Henry’s constant increased beyond
10000 Pa-L mol™! (blue group), the solute flux as a function of Henry’s constant asymptotically
approached an upper limit rather than continuing to increase as the Henry’s constant increased.
The observation that highly volatile compounds did not show a strong correlation between solute

flux and the Henry’s constant indicates other factors likely influence solute transport.

After examining multiple properties that can be correlated to solute flux for compounds
with a Henry’s constant above 10000 Pa-L mol™, the diffusion coefficient was found to be the
property that most substantially correlated with the solute flux (Figure 4.3B). Since compounds
with very high Henry’s constants can quickly transport through the membrane, their mass transport
rates are dependent on the rate at which contaminants diffuse through boundary layers on either
side of the membrane. The diffusion coefficient of the solute is the primary compound property
that influences transport rates through such boundary layers, and a strong correlation was observed
between solute flux and the diffusion coefficient for high volatility compounds (determination
coefficient of 0.74, gray solid line). Since the diffusion coefficient is primarily related to the size
of a molecule, it is apparent that highly volatile bulky compounds will transport in MD more

slowly than smaller volatile molecules.
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Figure 4.3 (A) Solute flux as a function of the Henry’s constants. Gray line indicates a linear fit
(R? = 0.87) to the data for low Henry’s constant (less than 10000 Pa-L mol') compounds. (B)
Solute flux as a function of the diffusion coefficients. Gray line indicates a power function (R? =
0.74) for high Henry’s constant (greater than 10000 Pa-L mol™) compounds. The MD membrane
properties used in solute flux calculations were a thickness of 125 um, porosity of 0.75, thermal
conductivity of 0.06 W m'K"!, and pore diameter of 220 nm. The feed concentration was 1 mM
and the permeate side was DI water. The feed and permeate temperatures were 50 and 20 °C,
respectively. The crossflow velocity was 0.31 m/s.

4.3.2 Transport resistance regimes of semi-volatile and volatile compounds

The results of the prior section indicate that, for semi-volatile and volatile compounds, there are
distinct transport regimes in MD dictated by the dominant resistances to solute transport. Transport
resistances can be broken down into two components: (1) the membrane resistance and (2)
boundary layer resistances on the feed and permeate sides of the membrane (Figure 4.3A).
Membrane resistances occur as solute molecules travel through the membrane pores via molecular
diffusion and Knudsen diffusion; the membrane resistance is primarily affected by membrane
properties and the physical size (molecular weight and volume) of a compound.'®® When the
Henry’s constant of a solute is low, membrane resistances dominate over other resistances and the
system is in the membrane resistance regime. Boundary layer resistances occur due to hindered
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solute transport from the feed and permeate bulk solutions to the air-liquid interfaces of the
membrane; the boundary layer resistances are defined by film theory and primarily dictated by the
diffusion coefficient of a solute and hydraulic conditions that affect the mass transfer coefficient
(e.g. crossflow velocity and channel dimensions).'>” When the Henry’s constant of a compound is
high, the boundary layer resistances dominate. Thus, high volatility compounds operate in the

boundary layer resistance regime.

In Figure 4.4B, the relative transport resistance associated with the membrane and
boundary layers is shown for four compounds, which were chosen as representative compounds
due to their varied Henry’s constant values and other properties. The Henry’s constant at 25 °C
increased in order of phenol (39.9 Pa-L mol™), ethanol (638.4 Pa-L mol ™), chloroform (3.87x10°
Pa-L mol ), and butane (2.03x10® Pa-L mol™'). The ratio of membrane resistance compared to
total resistance rapidly dropped with increasing Henry’s constant. Phenol’s membrane resistance
ratio was 96% and the ratio for butane plummeted to 4X107%%. For all compounds, the changes of
the membrane resistances with increasing Henry’s constant were insignificant compared to the
changes of the boundary layer resistances. The membrane resistances for the four compounds fell
in the range of 7.57%10* —9.77x10* J-s mol'm™! with variations attributable to different molecular
sizes of the compounds. In contrast, the feed boundary layer resistances increased substantially
from 2.34x10° J-s mol'm™ for phenol to 9.71x10° J-s mol'm™" for butane because of the large
difference in Henry’s constants. High Henry’s constants led to high boundary layer resistances

because of the higher concentration polarization at the liquid-gas interface.'®

This analysis indicates that the transport of the compounds with high Henry’s constants

will be dominated by the feed and permeate boundary resistances, whereas the transports of

81



compounds with low Henry’s constants are limited by membrane resistances. In this work, we
define the membrane resistance regime as the scenario where membrane resistance are at least a
factor of ten higher than boundary layer resistances; compounds with Henry’s constants less than
100 Pa-L mol™! can be considered in the membrane resistance regime for most realistic conditions.
In contrast, the boundary layer resistance regime is defined such that boundary layer resistances
are at least a factor of ten higher than membrane resistances; compounds with Henry’s constants
greater than 10000 Pa-L mol™' generally fall into this regime. Detailed explanation for determining

each regime can be found in Supporting Information.
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Figure 4.4 (A) Schematic diagram of the two resistance regimes (membrane resistance regime and
boundary layer resistance regime). Concentration profiles for each regime are shown. (B)
Transport resistances associated with boundary layers and the membrane with compounds having
varied Henry’s constants (Phenol: 39.9 Pa-L mol!, Ethanol: 638.4 Pa-L mol', Chloroform:
3.87x10° Pa-L mol™!, Butane: 2.03x 103 Pa-L mol™). (C) Effect of the crossflow velocity on solute
flux for compounds with different Henry’s constants. (D) Effect of the membrane thickness on
solute flux for compounds with different Henry’s constants. (E) Effect of the NaCl solution
concentration on solute flux for compounds with different Henry’s constant. Note that the
uncorrected Henry’s constant means that the fixed Henry’s constants were used for only for
plotting. During the calculations, Henry’s constants varied depending on concentration. The MD
membrane properties were a thickness of 125 um (unless otherwise indicated), porosity of 0.75,
thermal conductivity of 0.06 W m™'K"!, and pore diameter of 220 nm. The feed concentration was
1 mM and the permeate side was DI water. The feed and permeate temperatures were 50 and 20 °C,
respectively.

The distinct solute transport regimes in MD become apparent when varying conditions
such as the crossflow velocity. Figure 4.4C shows the normalized solute flux of compounds with
different Henry’s constants in systems with different crossflow velocities. Increasing the crossflow
velocity increases mass transfer in the boundary layers on either side of the membrane. For
compounds in the boundary layer resistance regime (compounds with a Henry’s constant greater
than 10000 Pa-L mol™), the solute flux with the crossflow velocity of 3.1 m s was about 4-8
times higher than that of the crossflow velocity of 0.031 m s'. Compounds with lower Henry’s
constants, which would be considered in the transition regime or membrane resistance regime,
showed less of a change when the crossflow velocity decreased. We note the compounds in the
membrane resistance regime (those with a Henry’s constant below 100 Pa-L mol™) still show an
increase in solute flux when the crossflow velocity increased. However, this change was triggered
by increases in the heat transfer coefficient caused by the increased crossflow velocity rather than
changes in mass transport resistance. Such changes in the heat transfer coefficient result in a higher

temperature difference and thus greater solute flux.
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Differences in behavior in the transport regimes are also evident when membrane
properties are altered. Figure 4.4D shows the solute flux in membranes with different thicknesses.
In the membrane resistance regime for low Henry’s constant compounds, membranes with a
thickness of 50 pm (low membrane resistance) showed 3-times higher normalized solute flux than
membranes with a thickness of 250 um (high membrane resistance). In the boundary layer
resistance regime for high Henry’s constant compounds, the thickness change did not result in
substantial solute flux variations. It is noteworthy that the solute flux with a thin membrane slightly
decreased in the boundary layer resistance regime; this was because the water flux increased and
the temperature difference between the feed and permeate decreased. Therefore, there was less

partial vapor pressure difference with a thin membrane that resulted in a lower solute flux.

The importance of different transport regimes is also evident when examining salting-out
phenomena, where volatile solute transport increases when the salinity of a feed solution increases.
This salting-out effect occurs because salinity increases the activity coefficient and resulting
Henry’s constant of a compound as described by the Setschenow equation (Supporting
Information). The solute flux for all compounds with feed salinities of 0.1, 1, and 2 M NaCl is
shown in Figure 4.4E where the x-axis shows the Henry’s constant of compound that is not
modified for salinity. In the membrane resistance regime and transition regime, increases in salt
concentration increase the volatility of a compound, resulting in solute fluxes up to a factor of two
higher than in pure species. For more volatile compounds in the boundary layer resistances regime,

increases in volatility due to salinity increases have a negligible effect on the solute flux.

4.3.3 Large-scale analysis of volatile compound transport in DCMD system
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An underexplored consideration for volatile compound selectivity in MD is the effect of large
module-scale systems on the mass transport of a compound. To probe these effects, large-scale
DCMD modules were simulated using the finite element method with the heat and mass transfer
differential equations (eq 38—40). The system was designed to obtain the steady-state concentration
of a volatile compound in the permeate stream while the permeate stream was recycled to provide
cooling (Figure 4.5A). Treated water was constantly withdrawn from the permeate stream to
maintain the same volume of circulating water. The feed stream was in a once-through
configuration and the initial feed temperature and solute concentration were set at 50 °C and 1 mM,
respectively. The steady-state concentration in the permeate stream was used to obtain the
equilibrium ratio of a compound under the operating conditions. The equilibrium ratio describes
the ratio of the permeate concentration to the feed concentration at steady state, which is an
indicator of the solute removal in large-scale DCMD systems. An equilibrium ratio less than one
indicates a solute is rejected whereas an equilibrium ratio greater than one indicates the solute is

concentrated in the permeate stream.
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Figure 4.5 (A) Schematic diagram of a large-scale MD system with permeate recycling. The feed
and permeate flow rates were 1.25 kg s™. The feed and permeate temperatures were 50 and 20 °C.
The feed concentration at the inlet was 1 mM. The initial permeate concentration was zero, and
the concentration accumulated as cycles continued. (B) Feed and permeate temperatures as a
function of position in the membrane module for different normalized membrane areas (membrane
area, 4, divided by flow rate, Q). (C) The equilibrium ratio (i.e., ratio of the concentration in the
permeate to the feed concentration) as a function of membrane area with different initial feed and
permeate temperatures (50 and 20 °C, and 70 and 40 °C) for 1 mM feed solutions of butane,
chloroform, ethanol, and phenol. (D) Effect of crossflow velocity on mass transport of compounds
across an MD module with a normalized membrane area of 8 m?s kg'!. The MD membrane used
in the simulations had a thickness of 125 um and porosity of 0.75. Its thermal conductivity was
0.06 W m'K"!, and pore diameter was 220 nm.

The feed and permeate temperatures along the length of a counter-current membrane
module are shown in Figure 4.5B for different values of the membrane area normalized by the
flow rate (A/Q). The feed temperature decreased and the permeate temperature increased along
the length of the module as heat was transferred via conduction and the heat of vaporization. Larger
membrane areas resulted in smaller temperature differences between the feed and the permeate

sides because more heat crossed the membrane in a larger membrane area module. Normalized

87



membrane areas of 0.8 to 40 m”s kg were used for the simulations and their water recoveries
increased from 6% to 21%. The corresponding average temperature difference in the module
changed from 27 °C to 8 °C when the normalized membrane area increased from 0.8 to 40 m?s kg
I, As we show below, such changes in the temperature difference in the module have a substantial
impact on the removal of volatile compounds because the Henry’s constant of a compound is a
function of temperature, and the varying Henry’s constant changes the partial vapor difference

between the feed and permeate sides and solute permeability.

Figure 4.5C shows the equilibrium ratios (the ratio of permeate concentration and feed
concentration at steady state) of butane, chloroform, ethanol, and phenol at various normalized
membrane areas and initial feed and permeate temperatures. The diffusion coefficients and
Henry’s constants of the compounds played important roles to determine the equilibrium ratios in
the module. However, the order of the equilibrium ratios did not exactly align with the order of
the Henry’s constants or diffusion coefficients. Butane has the highest Henry’s constant followed
by chloroform, ethanol, and phenol. Ethanol has the highest diffusion coefficient followed by
chloroform, butane, and phenol. However, the equilibrium ratio of chloroform was highest
followed by ethanol, butane, and phenol. The non-intuitive order of equilibrium ratios occurs
because solute flux is a function of both the Henry’s constant and the diffusion coefficient. As
membrane area increased, the equilibrium ratios of butane, ethanol, and chloroform approached 1
because the temperature difference between the feed and permeate becomes zero with increased
heat transfer across a larger membrane area. In the case of phenol, the very low Henry’s constant
(five orders of magnitude smaller than butane) means a larger membrane area is required to

approach an equilibrium ratio of 1.
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When the initial feed temperature increased while maintaining the same initial temperature
difference of 30 °C, it primarily affected the equilibrium ratios for modules with low and moderate
membrane areas. When the initial feed and permeate temperatures were high, the accumulation of
chloroform, ethanol, and butane on the permeate side lessened. Ethanol is in the transition regime,
and chloroform and butane are in the boundary layer resistance regime. These compounds showed
decreasing equilibrium ratios with increasing temperatures because the increases of Henry’s
constants resulted in higher boundary layer resistances, even though the partial vapor pressure
difference increased at higher temperatures. Only phenol showed a reverse trend where the mass
transport rate increased with higher initial temperatures. Phenol is in the membrane resistance
regime, and its equilibrium ratio increased as raising the feed and permeate temperatures because
membrane resistance becomes small with increasing temperature. The increase of partial vapor
pressure difference with temperature outweighed the decrease of the overall mass transfer

coefficient for phenol.

The effect of the crossflow velocity on the performance of membrane modules was also
studied. Figure 4.5D shows that increasing crossflow velocity raised the equilibrium ratio of butane,
chloroform, ethanol, and phenol in modules with a normalized membrane area of 8 m’s kg™'. High
crossflow velocities increase the Reynolds and Sherwood numbers, which leads to a high mass
transfer coefficient at the liquid-membrane interfaces. For example, an increase in the crossflow
velocity from 0.01 m s to 0.5 m s™' resulted in a 2-times higher equilibrium ratio for chloroform
and ethanol because of the higher mass transfer coefficients at the interfaces. Since chloroform’s
interface mass transfer coefficient was the most sensitive to the change of crossflow velocity, it

showed the highest equilibrium ratio out of the four compounds.

4.3.4 Comparison of the transport mechanisms of the volatile compounds to RO
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The above analysis reveals that MD has distinct selective properties compared to conventional
desalination processes such as RO. Since MD is often considered as a technology that could replace
RO, this section compares compound rejection between the two processes focusing on
fundamental molecular properties that dictate transport. In MD, transport relies on the
volatilization of compounds, vapor-phase diffusion through the membrane, and liquid-phase
diffusion through boundary layers on either side of the membrane. Thus, the transport of
compounds is primarily related to their Henry’s constants and, in some cases, their diffusion
coefficient. In RO, transport relies on partitioning of compounds into the membrane and diffusion
through a dense polymer layer. Thus, transport across RO membranes is determined by a complex
combination of solute size, charge, hydration properties, and other characteristics. These
differences in selective properties can have a profound impact on the removal of certain classes of
compounds in a given application. We note that, while MD compound transport can is well-
described by theoretical models, the complicated interactions that dictate compound transport in
RO mean that selectivity trends are typically determines experimentally. Therefore, our analysis

relies on experimentally informed models for MD and direct experimental measurements for RO.

The rejection of various compounds in MD was compared to observations from the
previous RO studies to provide general guidelines (Table 4.2). Sodium, potassium, calcium,
chloride, phosphate, and sulphate ions are well-rejected by both RO and MD membranes due to
their charge and low volatility. Low MW neutral non-volatile compounds such as urea, boron, N-
nitrosomethylethylamine (NMEA), and N-nitrosodimethylamine (NDMA) are poorly rejected in
RO due to their small size and neutral surface charge.'®’"'® However, they can be highly rejected
in MD due to their low volatility. Polar semi-volatile compounds including phenol and

benzophenone are not completely rejected in MD systems or RO systems. Bisphenol A and benzyl
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alcohol are non-polar semi-volatile compounds and show moderate rejection in MD. In RO
systems, they showed varying rejection in different studies depending on membranes and operating
conditions.!”*17> Non-polar volatile compounds include benzene and butane; these compounds
have dipole moments equal to zero because of their symmetric structures. The non-polarity of the
compounds results in high volatility and no electrostatic repulsion, and thus, both RO and MD
have issues rejecting these compounds. Lastly, halogenated volatile compounds (1,2-
dichloroethane and bromochloromethane) form shorter carbon-halogen bonds than carbon-oxygen
or carbon-nitrogen. The compounds with these short bonds are likely to cross membranes without
being rejected.’* The relatively small size due to carbon-halogen bonds decreases MD rejection as
well because Van der Waals forces are associated with the atomic size, and a decrease of the
molecular size causes weak Van der Waals forces, which makes compounds more volatile.'”
Overall, MD outperforms RO when it comes to treating small and neutral compounds. For non-
polar semi-volatile compounds, RO has higher rejection than MD. Halogenated volatile

compounds are not effectively rejected neither RO nor MD since they are small and volatile.
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Table 4.2 Qualitative comparison of RO and MD removal of different categories of
compounds. 3-star indicates high rejection (> 80%) and 1-star indicates low rejection (< 40%).
Neutral indicates no charge on the compound, semi-volatile corresponds to a Henry’s constant
less than 1000 Pa-L mol™, volatile corresponds to a Henry’s constant greater than 1000 Pa-L
mol™!, polar corresponds to greater than 1.56 debye, and non-polar corresponds to less than
1.56 debye.

Compound category RO MD
Salts 188 ¢ 1.8 8
Low-MW neutral compound
(NDMA, NMEA, urea, boron) lolata *xk
Non-polar semi-volatile compound
(bisphenol A, benzyl alcohol) ladale ookl
Polar semi-volatile compound ke e
(phenol, benzophenone)
Non-polar volatile compound ke et
(benzene, butane)
Halogenated volatile compound
(1,2-dichloroethane, ¥ ¥ * Yok
bromochloromethane)

Figure 4.6 visually summarizes the RO and MD rejection for different compounds as a
function of molecular weight and the Henry’s constant. The different colors indicate the rejections
in MD and the different circle sizes indicate the rejections in RO. Compounds that have relatively
low molecular weight and Henry’s constant are better rejected in MD than RO (red color and small
circle). Compounds that high Henry’s constants are poorly rejected in MD (white color). They also
have low molecular weights, which generally lead to poor rejection in RO as well. Although RO
rejection is hard to correlate with certain compound properties, the graph shows that low molecular
weight is generally unfavorable for RO rejection. For MD, rejection is relatively simple to explain

because compound removal is closely related to the Henry’s constant.
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Figure 4.6 Comparison of the removal of various compounds in RO and DCMD as a function of
the molecular weight and Henry’s constant. 3-stars indicates high rejection (> 80%) and 1-star
indicates low rejection (< 40%). Color is associated with DCMD, and circle size is associated with
RO.

4.4 Conclusions

In this study, we evaluate the mass transport of a wide range of semi-volatile and volatile
compounds in DCMD. The results allow us to gain broad insights into the compound properties,
system designs, and operating conditions that impact solute rejection. The results show that the
Henry’s constant is the primary determining factor in the solute flux of a given compound. Based
on the Henry’s constant, we can define solute transport regimes dictated by either membrane

resistances or boundary layer resistances. For compounds in the membrane resistance regime, the
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Henry’s constant and membrane properties play a strong role in determining the solute flux. The
solute flux of compounds in the boundary layer resistance regime is primarily dependent on the
diffusion coefficient of a given compound and hydrodynamic conditions that impact the mass
transfer coefficient (e.g., the crossflow velocity). Thus, depending on the transport regime, solute

flux can depend on completely different factors.

Large-scale analysis was used to show the impact of membrane area, operating temperature,
and crossflow velocity on the equilibrium ratio (i.e., the ratio of compounds concentration in the
permeate to the feed). Larger membrane areas diminished the temperature difference between the
feed and the permeate sides, and thus, the volatile compounds in the feed and permeate approached
equal concentrations. Raising crossflow velocity increased the equilibrium ratios due to increased
mass transfer coefficients, and high crossflow velocities will be disadvantageous for preventing

transport of volatile compounds.

Building on the analysis of selectivity in MD, the rejections of different compounds in RO
and MD were compared. MD showed advantages over RO for neutral low molecular weight
compounds with low volatility including N-nitrosodimethylamine, urea, and boron. MD can also
concentrate highly volatile compounds in the permeate side if the Henry’s constant difference

between the feed and permeate sides greater than 500-1000 Pa-L mol™.

Overall, the results of this work allow for an improved fundamental understanding of the
factors that govern the transport of semi-volatile and volatile contaminants in MD. Based on the
insights from this work, the important molecular properties and operating conditions that influence
solute transport in different regimes can be better understood. We expect that insights from this
work will allow for the construction of membrane modules that tune design and operation to
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achieve the desired flux or rejection of volatile solutes. Future work should focus on further

experimentally characterizing the flux of volatile solutes in MD systems.
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CHAPTER §

Omniphobic membranes with re-entrant structures for separating low surface

tension liquids in pressure-driven distillation

5.1 Introduction

Global water scarcity is driving the development of efficient and highly selective membrane-based
separations that can be applied in desalination and water reuse. Pressure-driven distillation (PD) is
an emerging membrane process that uses applied hydraulic pressure to drive water vapor flow
through an air-trapping porous hydrophobic membrane. The phase-change separation mechanism
of PD allows for nearly complete rejection of non-volatile contaminants, including low molecular
weight neutral solutes (e.g., urea, boron, and N-nitrosodimethylamine) that pass through
conventional reverse osmosis membranes. PD membranes can also be made from hydrophobic
materials that resist damage from strong oxidants (for example, chlorine and ozone), and allow for
treatment of strongly acidic or alkaline solutions. Unlike thermal distillation technologies, such as
multi-stage flash or thermal membrane distillation, which consume large amounts of heat energy
to conduct separations, PD can potentially offer high separations efficiencies comparable to those

of reverse osmosis and facile implementation since only applied pressure is used as a driving force.

Although PD can offer benefits in separation performance, the structure of PD membranes
leaves them vulnerable to wetting, a phenomenon where liquid enters the membrane pores and
compromises the vapor gap. Such wetting results in a complete loss of selectivity and can occur
when the membrane is exposed to oils, surfactants, and low surface tension liquids often

encountered in water treatment and industrial separations. Hydrophobic membranes employing
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vapor gaps to separate the feed and permeate streams are susceptible to pore wetting (i.e., liquid
water entering the membrane pores), which eventually results in failure of the system. It is
imperative that the membrane pores do not become wet by infiltrating liquids and conserve the
selective barrier of air for blocking unwanted solutes. The prevention of pore wetting has been a
challenging issue in treating low surface tension liquids such as the mixture of water and organic
solvents or shale gas produced water with a high level of surfactants.'’* The presences of the
substances decrease the surface tension force at the liquid and vapor interface, and lead to reducing
the liquid entry pressure (LEP) of a pore. Successful fabrication of vapor-gap RO membranes that
offer both robust wetting resistance and fast transport rates will allow for direct replacement of
conventional RO membranes, enabling dramatically improved efficiency in desalination and

industrial separations processes.

Recent advances in our understanding of the wetting have led to development of robust
omniphobic materials and membrane, but few studies have focused on omniphobic materials that
can prevent wetting with a large pressure difference across the air-liquid interface. To overcome
the issue of wetting, previous studies introduced biomimetic designs with re-entrant structures to
ensure local meta-stable states before landing the equilibrium wetted state.!”>"'”” The re-entrant
structures render the liquid-vapor interface tighter by changing the force directions at the interface
ends, and thus, they showed higher LEPs even for low surface tension liquids.'”*!”® Nevertheless,
those superhydrophobic membranes with re-entrant structures have been designed for MD
applications. Although, they showed very high contact angles even for low surface tension liquids
LEP values of the omniphobic membranes were not tested under PD scheme, which was only
introduced by previous researchers as an experimental proof of the concept.!” ¥ Since those
membranes had pores in the range of 0.1-0.5 pm, it may be difficult for them to induce high LEP
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values.'>!® This study will be an initiator to broaden impact of pressure-driven membrane filtration
with better selectivity and fouling control, even treating challenging mixtures having low surface
tension. For example, pressure-driven membrane processes have been widely used for oil-in-water
emulsions in oil/gas industry, surfactant-laden wastewater (such as shale-gas produced water,
textile industry wastewater, and detergents), and organic solvent separations in chemical and
pharmaceutical industries, and selectivity and permeability of the polymer membranes can be
damaged due to the feeds. The use of omniphobic membranes with high LEPs in these applications
can bring better selectivity and fouling control, and eventually lead to improved separation

efficiency.

In this study, we fabricate pressure-resistant omniphobic membranes by grafting re-entrant
nanostructures to the surface. Re-entrant structures are achieved by coating silica nanoparticles
(SiNPs) on the anodic aluminum oxide (AAQO) membrane surface, followed by subsequent surface
fluorination using vapor deposition. Re-entrant structures from SiNPs are confirmed in the SEM
images, and fluorination is analyzed by XPS. We then examine the wetting behavior of the
membrane using LEP measurements, extracting the approximate re-entrant angle of the substrate.
Finally, we demonstrate desalination of low surface tension liquid and compare performance to
membranes without onmiphobic structures. Overall, this work proved improved wetting resistance

for treating low surface tension liquids under hydraulic pressure.

5.2 Methods

5.2.1 Surface modification procedure
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Anodic aluminum oxide samples with a pore diameter of 40 nm were purchased from InRedox.
The samples were annealed at 900 °C for 2 hours. Subsequently, the membranes were
hydroxylated by using a UV/Ozone cleaner for 5 minutes. (3-Aminopropyl)triethoxysilane
(APTES) was grafted on the resulting membrane via vapor deposition in vacuum at 30 °C for 2
hours. The membrane was rinsed in DI water and dried at 100 °C for 20 minutes. 5% wt. silica
nanoparticle (SiNP) solution was sonicated in a bath for 20 minutes to avoid particle aggregations,
and the membrane was immersed in the SiINP solution with a gentle mixing for 3 hours. Afterward,
the membrane was rinsed in DI water and dried at 100 °C for 1 hour. Lastly, (heptadecafluoro-
1,1,2,2-tetrahydrodecyl)triethoxysilane (FAS-16) were deposited on the membrane in gas phase in
a vacuum oven at 90-100 °C overnight, then the membrane was dried at 90-100 °C for 2 hours

before further testing.

5.2.2 Materials Characterization

Field Emission Scanning electron microscopy (FESEM) images were obtained on a JEOL JSM-
7401F (Tokyo, Japan) using magnifications of 50K, 70K, and 200K. Samples were coated with 1
nm of platinum before FESEM to avoid charging. The surface elemental composition of the
membranes through the fabrication process was confirmed with X-ray photoelectron spectroscopy
(XPS. Kratos Supra, Kratos Analytical, UK). The samples were irradiated with a monochromatic
Al K beam with a source energy of 1486.69¢eV, a X-ray beam power of 225W and resolution of
225W. The charge neutralizer was turned on for the samples with a filament current, filament bias
and charge balance of 0.35A, 1.3V and 4V respectively. CasaXPS software was used to determine
the elemental surface composition and corresponding atomic percentages, and Shirley model was

used as a background type for the survey spectra’s.
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5.2.3 Liquid entry pressure (LEP) and flux measurements

Liquid entry pressure was measured using a dead-end cell. The examined membrane lay between
an upper and lower metal holder with a Viton o-ring and metal frit. Different ethanol and water
mixture solutions were used, and their surface tensions (5, 15, and 40% wt.) were obtained in the
previous literature.'®! The upper part was filled up with feed solutions such as DI water (72 mN/m)
or different water/ethanol mixtures (31, 43, and 56 mN/m) and connected to a pressurized nitrogen
gas cylinder through a regulator, which generated external pressure on the system. The applied
pressure was increased in 20-50 psi every 2 hours. Typically, the LEP of a MD membrane was
measured by increasing pressure at a minute interval. Unlike MD, PD is designed to be operated
under pressure, so it needed more strict LEP measurements. So, two-hour interval was used in our
LEP tests before proceeding with increasing pressure. The LEP values were decided when feed

solutions seeped through membranes as monitoring the outside of the permeate side.

Measurements of flux and salt rejection were conducted using a dead-end cell immersed in
a DI water bath. The dead-end cell and adjacent tubing were immersed in the bath for regulating
temperature (40 and 25 °C). The feed side was filled with 0.05M NaCl aqueous solution or the 15%
water/ethanol mixture with 0.05M NaCl concentration, and the permeate side was filled with DI
water to measure the permeate volume increments and salt passage. The operating pressures were
200 and 100 psi for the feed of aqueous solution and the 15% ethanol solution. Before logging data
points, the system was stabilized for 2 hours under constant temperature and pressure. Flux was
calculated by monitoring the volume gain in the permeate tube. A high-resolution web camera
(Logitech C390s, CA, USA) and a tape measure were used to track volume changes as a function

of time. Rejection was calculated by obtaining electrical conductivity of initial and terminal
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solutions in the permeate tube. The electrical conductivity probe was calibrated with standard
solutions beforehand, and the increased permeate salt mass during a time interval was divided with
the volume increment to get a permeate NaCl concentration excluding dilution from the initial

permeate volume.

5.3 Results and Discussion

Pressure-driven distillation uses applied hydraulic pressure to create a partial vapor pressure
difference that drives vapor flow through air-trapping porous hydrophobic membranes (Figure
5.1a). The ability of membranes with cylindrical pores to resist membrane wetting is defined by
the Young-Laplace equation and is highly dependent on pore size and contact angle of a liquid on
the membrane (eq 42). Schematic diagrams of the pore structures of the membranes with
cylindrical pores and membranes with re-entrant pore structures are shown in Figure 5.1b and c.
In this study, cylindrical pores were tested using hydrophobic anodic aluminum oxide (AAO)
membranes and membranes with a re-entrant structure were fabricated by modifying membranes
with hydrophibic spherical silica nanoparticles. The cylindrical pore structure of the control AAO
membrane may have liquid-gas interface staying below the pore entrance when applied pressure
exists. Then, the contact point where liquid, gas, and solid phases meet lies on the vertical pore
wall, and tension along the pore wall causes zero re-entrant structure angle.!®? In this scenario, air
is typically trapped at the top of the pore, forming a barrier that prevents liquids from entering. On
the other hand, the pore entrance with silica nanoparticles sitting on the top can induce a re-entrant
structure angle that generates a horizontal force against liquid-vapor interface expansion

downward, the pore entrances with re-entrant structures can cause metastable states that prevent
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wetting. Air can be trapped within the smaller pockets formed by the re-entrant structure, and this
results in an even stronger barrier against liquid penetration according to the Cassie-Baxter

principle, as the air pockets are more difficult to displace.

2
AP = T)/ cos @ (42)

Pressure Pressure
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Figure 5.1 (a) Schematic diagram of pressure-driven distillation (PD) system. Demonstration of
the pore and water-vapor interface on (b) a cylindrical membrane pore and (c) a pore with re-
entrant structures created using nanoparticle deposition. (d) Procedures of the membrane surface
modification for making omniphobic membranes. Initially, a pristine AAO membrane is annealed
at 900 °C for 2 hours, then the hydroxyl groups of the membrane are activated by a UV/Ozone
cleaner. After FAS hydrophobic coating, the membrane becomes omniphobic with re-entrant
structures and low surface energy.

5.3.1 Membrane characterization
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Surface modification of isoporous AAO membrane was performed using liquid and vapor
deposition procedures (Figure 5.1d). Raw AAO membranes were annealed at 900 °C for 2 hours
to make more uniform polycrystalline pore structures, and the pore structure of the annealed
membrane is shown in Figure 5.2a. UV/Ozone was used to clean and hydroxylate the surface of
the membrane, and APTES was used to graft amino groups to the membrane surface. The amino-
functionalized membrane surface becomes positively charged and electrostatic attraction was used
to deposit negatively charged silica nanoparticles on the surface. After electrostatic deposition of
particles, the surfaces of the nanoparticles and membrane were coated with (heptadecafluoro-

1,1,2,2-tetrahydrodecyl)triethoxysilane (FAS-16) to render the surface hydrophobic.

The pristine AAO membrane had an isoporous hexagonal structure that was observed in
SEM imaging (Figure 5.2a). After modification, a uniform coverage of SiNPs was observed with
the hexagonal structure of AAO still visible in imaging (Figure 5.2b). The magnified and cross-
section SEM images in Figure 5.2b and ¢ indicate that a pore entrance (40 nm diameter) had 4-5
particles (22 nm diameter), and particles mostly coated the top 0.2-0.4 um of the pores but did not

penetrate deep into the 50 um thick AAO membrane to block the pores

XPS analysis was used to confirm surface modification and particle deposition throughout
the modification procedures at each modification step (Figure 5.2d). The elemental composition
of pristine AAO, AAO/APTES and AAO/SiNP/FAS were confirmed with XPS survey scans.
Pristine AAO shows the presence of two peaks at 73 eV and 99 eV corresponding to Al 2p and Si
2p, respectively, along with a 284 eV peak associated with C 1s (adventitious carbon common in
samples exposed to ambient air).'®* Following the activation of the AAO surface and subsequent

deposition of the APTES molecule, peaks for Si 2p and N 1s appear at 99 eV and 399 eV,
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respectively. The carbon peak also increases in intensity which is to be expected after the APTES
modification given that the molecule contains a three-carbon chain. Finally, after the deposition of

the silica nanoparticles and coating of the fluorosilane molecule, the Si 2p peak intensity increases

and while a peak at 686 eV appears, indicating the presence of a F 1s molecule.
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Figure 5.2 SEM images of (a) pristine AAO membrane, (b) modified AAO membrane with SiNPs
and FAS-16, and magnified pores and particles of the modified AAO membrane, (c) cross-section
of the modified AAO membrane. (d) XPS spectra of the pristine AAO membrane, the AAO
membrane coated with APTES, and the APTES, SiNPs, and FAS deposited AAO membrane.

Contact angles for water and a water-ethanol mixture are shown in Figure 5.3. Contact
angle was measured on the hydrophobic AAO membrane control (cylindrical pore structure) and

the omniphobic AAO membrane modified with silica nanoparticles (re-entrant pore structure).
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Water contact angles of both membranes were 130-140°. These angles were greater than the
expected contact angle of the hydrophobic coating since the rough and porous structure of both
membranes resulted in a Cassie-Baxter state, where entrapped air contributes to a higher contact
angle. The water-ethanol mixture contained 40% weight of ethanol, and the surface tension of the
mixture was 31 mN/m."®! The contact angles of the water-ethanol mixture with control and
omniphobic membranes were 96° and 112° respectively. The higher contact angle in the
omniphobic membrane is consistent with our understanding that re-entrant structures will prevent

liquid water penetration in the membrane pores.

a Omniphobic AAO b Control AAO
Water Water
140 ° 132°
Cc Omniphobic AAO d Control AAO
Mixture 31 mN/m Mixture 31 mN/m
112 ° 96 °
\ T ‘sﬂ«-a‘

Figure 5.3 (a) Contact angle photograph of the omniphobic AAO membrane for water. (b) Contact
angle photograph of the control AAO membrane for water. (¢) Contact angle photograph of the
omniphobic AAO membrane for the 31 mN/m surface tension mixture. (d) Contact angle
photograph of the control AAO membrane for the 31 mN/m surface tension mixture.

5.3.2 Wetting resistance of omniphobic membranes under applied pressure.
Since PD uses applied hydraulic pressure as a driving force for water permeation, reaching high
pressure without wetting the membrane is imperative. Avoiding pore wetting is made more

challenging when working with low surface tension liquids, which can more easily penetrate into
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membrane pores under pressure. Re-entrant structures were built on the membrane surfaces using
silica nanoparticles, in order to improve wetting resistance for low surface tension liquids under
external pressure. The measured and predicted liquid entry pressure (LEP) values for the control
and omniphobic AAO membranes are shown in Figure 5.4a. The measured LEP values for the
control membrane were 24.45, 14.48, 4.83, and 0 bar for water (72 mN/m), 5% mixture (56 mN/m),
15% mixture (43 mN/m), and 40% mixture (31 mN/m). The control membrane, which had
cylindrical pores, showed a severe decline in LEP as the liquid surface tension decreased. In
contrast, the measured LEP values for the omniphobic AAO membranes were 36.20, 24.48, 15.52,
and 5.18 bar for water, 5% mixture, 15% mixture, and 40% mixture. The higher LEP values for
omniphobic membranes indicated that the surface modification with re-entrant structures could
lead to high wetting resistance. The impact of the omniphobicity was especially apparent for the
lowest surface tension liquid, which readily wetted the control membrane but had an LEP of 5.18

bar for the omniphobic membranes.

The importance of re-entrant structures in preventing wetting with low surface tension
liquid was confirmed using theoretical modeling. Equation 43 was used to determine the expected
LEP behavior for different surface tension liquids, where the re-entrant structure angle, @, and the
pore radius, r, were treated as fitting parameters using least-squares minimization. For the control
membrane, the fitted re-entrant angle was -3°, consistent with our understanding that the pristine
AAO pores are cylindrical without re-entrant structures. For the modified membranes, the re-
entrant angle was -24°, indicating that the silica nanoparticles led to the formation of re-entrant
structures. LEP values for the different surface tension liquids calculated using the fitted angles
showed strong agreement with the experimental values overall (solid and dashed lines in Figure
5.4a) with root mean squared errors of 5.63 and 6.18 bar for the control and omniphobic
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membranes, respectively. We note that decreases in the pore size due to the nanoparticle deposition

in the omniphobic membranes did not appear to fully explain the improved LEP behavior (Figure

SX). We therefore concluded that the main contribution of the omniphobic layer in improve the

LEP was the formation of re-entrant structure.
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Figure 5.4 (a) Measured and predicted liquid entry pressures of the omniphobic and control AAO
membranes for four different solvents (40% ethanol mixture, 15% ethanol mixture, 5% ethanol
mixture, and water). Fitted re-entrant angle for each membrane was found using least square fitting
of the experimental data. The red arrow at the left lower corner indicates that the control
membranes became wicked immediately. The orange arrow at the right upper corner indicates that
the omniphobic membrane did not get wet at the pressure, but we stopped the tests without going
further up. (b) LEP changes along with varying surface tension and re-entrant angle caused by
spherical particles. Particle radius of 11 nm and pore radius of 20 nm were used for the simulations.

To explore the range of LEPs possible with different surface tension liquids and membrane

designs, LEP values induced by spherical re-entrant structures were simulated with different sets
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of surface tensions and angles (Figure 5.4b). High LEPs are desirable for obtaining a higher driving
force for vapor transport, and the surface tension depends on the target liquid. Re-entrant structure
angle of particles varied from -90 to 90 degrees. The range of 1-100 mN/m was used for surface
tension of liquid. The results highlight the importance of the re-entrant angle in obtaining high
LEP values for low surface tension liquids. Before reaching the critical value, a larger angle is
favorable to increase LEP, but beyond the critical angle LEP started decreasing. Varying critical
angle depending on surface tension can be obtained by Equation 3. This is because the horizontal
force induced by re-entrant angle decreases over the critical angle, and the vertical force
component starts increasing. Lower surface tension required higher critical angle for achieving
their maximum LEPs. This is because advancing low surface tension liquid can move further
through the pore, compared to high surface tension liquid. In addition, lower surface tension than
20 mN/m was not able to bring positive LEP values and the highest achievable LEP in Figure 5.4b
was about 90 bar. For example, the surface tensions of hexane and perfluoropentane are only 18
and 9.5 mN/m, and a LEP of 120 bar, which is required for ultra-high salinity brine treatment, was
not able to be achieved in the given modeling space. For those organic solvents and ultra-high
salinity brine, more robust re-entrant structures (e.g. multiple overhangs) will be required to resist
pore wetting. When it comes to the control membranes, the lowest surface tension achieving
positive LEP was around 40 mN/m, which was 2 times high compared to that of the omniphobic
AAO membrane. The surface tension of shale gas produced water is assumed around 40 mN/m,'34
and thus, our omniphobic membranes are expected to run between 10-20 bar for produced water

treatment, where the control membranes are on the verge of wetting.

_ sinf
sin(6 —a) = — (44)

1+
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5.3.3 Mass transport for separating water and low surface tension liquids in pressure-driven
distillation system

The LEP results above showed that the omniphobic membranes were more resistant to wetting
under pressure. Here, the effect of the particle layers on mass transport and the stability under long-
term operation in PD system were examined. The performance tests with a dead-end membrane
cell were conducted at 40 and 25 °C under the operating pressures of 200 and 100 psi for the feeds
with 0.05 M NaCl aqueous solution and 0.05 M NaCl 15% ethanol mixture, respectively. The
volume changes in the permeate tube and the electrical conductivity were recorded during the runs
to calculate flux and rejection. In Figure 5.5a, the water fluxes of the control and omniphobic
membranes were 0.07 and 0.12 LMH, and the NaCl rejections were 99 and 98%. The omniphobic
membrane had slightly higher water flux than the control AAO membrane probably due to the
enlarged liquid-vapor interface area with high roughness.'® In addition, the feed of the 15%
ethanol mixture with the surface tension of 43 mN/m was introduced to confirm a stable operation
with low surface tension liquids. Herein, commercial PTFE membranes (Pall Corporation) were
used during the performance tests. Although commercial PTFE membranes are fibrous and have
different shapes from cylindrical AAO membranes, they were compared because they are widely
used and have well-established performance benchmarks. The PTFE membranes and the control
AAO membranes got wicked below 100 psi with the 43 mN/m liquid during the LEP tests. In
Figure 5.5b, the commercial PTFE membrane showed 25 times higher flux compared to the
omniphobic AAO membrane tests, and the measured rejection was low as 54%, which indicates
the PTFE membrane became wet. In comparison, the performances of the omniphobic AAO
membranes were robust. The measured fluxes were 0.02-0.04 during 48 and 24 hours of operations,
and the rejection values were maintained as 97% under 100 psi. The robust wetting-resistance can

be attributable to the combination of the low surface energy coating (FAS-16) and the re-entrant

109



structures formed by SiNPs. The control AAO membranes and PTFE membranes were not able to
bring metastable Cassie-Baxter states for low surface tension liquids, however, the introduction of
the re-entrant structures onto the nanoporous AAO made the transition from Cassie-Baxter state

to Wenzel state unfavorable, which made higher liquid entry pressures.
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Figure 5.5 (a) Flux and rejection measurements of the omniphobic and control AAO membranes
with the feed of water. The operating temperature and pressure were 40°C and 200 psi. (b) Flux
and rejection measurements of the omniphobic AAO and commercial PTFE membranes with the

feed of 15% ethanol mixture (43 mN/m). The operating temperature and pressure were 25°C and
100 psi.

5.4 Conclusions

We fabricated omniphobic AAO membranes with re-entrant structures and demonstrated their
application in pressure-driven distillation for treating low surface tension liquids. Building re-
entrant structures on the membrane surfaces can make membranes resist wetting from low surface
tension liquids even under external pressure so that feeds waters containing surfactant or low

surface tension liquids can be treated. Omniphobic membranes, fabricated by depositing spherical
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nanoparticles on a porous substrate, showed higher wetting resistance for water and ethanol
mixtures compared to control membranes with cylindrical pores. The LEP calculation confirmed
that the omniphobic membrane can theoretically produce a positive LEP with liquid surface
tensions down to 18 mN/m. In the flux and rejection measurements, stable operation with the 43
mN/m surface tension feed under 100 psi were realized for 24 and 48 hours with the high salt
rejection of 97%. Our work here has focused on proof-of-concept testing using a nanoparticle
modification, but recent developments in engineered nanostructures indicate that more
sophisticated designs with higher re-entrant angle may further improve the wetting resistance of

hydrophobic membranes.
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APPENDICES

Appendix A: Supporting Information for Chapter 2 - Predicting organic
solute rejection in reverse osmosis and nanofiltration with machine learning
and molecular fingerprints

A.1: Fingerprint bit collision

Bit collision occurs when different sub-structures are stored in the same bit, and only one fragment
will be presented at the end. Bit collision happens in the hashed style fingerprints including the
path-based and circular MFs, and usually a low bit length is the cause. In this study, bit length of
each case was adjusted to avoid bit collision because the occurrence of bit collision can confuse
the interpretation stage of molecular fragments. A longer bit length is required to avoid multiple
features being stored in the same bit, and these increased bit lengths lead to extended calculation

times.

Bit collision can be counted by printing out the number of hashed features and the number
of stored features with RDKit library. The difference between two becomes the number of lost
features by bit collision. In Table A-S1, the counts of bit collision for the Path-based and Circular
fingerprints cases were shown. Structural key fingerprints do not have bit collision because their
keys are pre-defined. With the high bit lengths, path-based fingerprint cases had zero bit collision.
However, circular fingerprint cases still had 1 or 3 collisions, but they can be negligible because

they are very low numbers compared to the entire bit lengths (0.024% and 0.018%).

Table A-S1. The counts of bit collision for path-based and circular fingerprints cases.

Fingerprint Parameter Bit length Count of bit collision
Path-based maximum length of 1 1024 0
Path-based maximum length of 3 32768 0

Circular maximum radius of 1 4096 1
Circular maximum radius of 3 16384 3

A.2: Molecular fragments generated by fingerprints
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All the molecular fragments appeared in the top-20 SHAP results were printed out to compare the
molecular fragments over different fingerprints. The molecular fragments of MACCS were shown

in the manuscript, and the fragments for other fingerprints are shown below.

Table A-S2. Most important molecular fragments generated with the MACCS model.

Molecular fragments
6 molecule ring > 2
[ {
aliphatic C o
F 0>3 with 3 or4 H
= =2
. . any bond
( >—H
3,4
any bond . ©
any bond c
147 any atom
43 any atom 150
113 146 124
A ”,\@ 6 molecule ring > 1
" ? aromatic ring > 2 Q
’ aliphatic C H,
any bond with 3 H any bond o > 4
any atom =3 any atom -
not C and not H not C and not H
H@ with not 0 hydrogen OiH 3 H@ with not 0 hydrogen .
_— ) any bond
Q glﬁyﬁz;;w"h Q aliphatic C with Y
142 N 2 hydrogen 141 any atom
126
92 91 164

Table A-S3. Most important molecular fragments generated with the PubChem model.

Molecular fragments

C(~C)(~C) >=16 H C-H >=16C >=8H >=1F

333 3 284 13 2 24

O-C-C-C-C-
C(~0O)(~0O) >=4C O-H C(~C)(~0) C-C:C-O-[#1]
C-c-C
381 11 309 353 591
697

* ~ regardless of bond order, : bond aromacity, [#1] 1 hydrogen
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Table A-S4. Most important molecular fragments generated with the Path-based models.

Molecular fragments with maximum path length of 1

0 w1 OH 1
0/1 — | / l 1 ¢

o| HO
1 0 /
/
0
285 931 3 52 384 563
1 0
Cl \ 1 O 1
\ NH —5 | o—0"
0 1 0 1
575 1024 37 348 884 634
Molecular fragments with maximum path length of 3
2
1y ° ’ 1
1 C 0 1 0/1\/ N
1 ! 7 A RN
0 1- 2
24342 5405 31747 29548 27961 22941
’ B Br| O
r r
) 2 o // / 0 1 0 \1 O\/ 6
I o AR
1 Br O
0 3 2
20020 1076 18995 28509 8959 31029
* a yellow atom indicates a carbon atom in an aromatic ring
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Table A-S5. Most important molecular fragments generated with the Circular models.

Molecular fragments with maximum radius of 1
x 3 i 3 2
0 % 5 * 1 * *
1 * 0 . . * * 5 .
% 1
% 0 z . * 1 * 5 0 * \E)H
1929 1381 2129 2163 3068 2438
2 0 2
* 1 *
* . O .. |
1 %
0 1 1 ! ’ OH 1
E/ * 3 Y *
* * 2 0 *
3 2 0 3
3106 2332 2856 2699 2794 2050
Molecular fragments with maximum radius of 3
3 3 2 3
* . i ) * 1 HO
1 * 0 * 4 * * 3 R * 2
1 1 *
o * 1 * 2 * * (4] *
2 o 1
6025 11260 5477 14451 6225 10630
*2 3* *0 *2 _i
% 1
1 * g 0 1 O 1 1 N
0
0 * * * * / * * *
3 2 2 3 0 3
10242 11048 7202 657 10524 11122

* a yellow atom indicates a carbon atom in an aromatic ring, a blue atom indicates a center atom, a star mark indicates
any atom or any bond can be connected to the site

A.3: Clustering compounds based on the MACCS fingerprint

A few compounds in Cluster 2 and 3 are demonstrated in Figure A-S1 to represent the general
shapes of the compounds in the clusters. The compounds in Cluster 1 share similarity of multiple
rings and branches. The compounds in Cluster 3 share similarity of long linear path and presence
of multiple oxygen atoms. Since compounds with similar structures are grouped via clustering, we
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were able to identify the difference or similarity in or between clusters. It is noteworthy that
compounds in Cluster 4 had relatively high variances compared to other clusters, and may indicate
that there are more specific chemical compound groups than 4. The number of clusters of 4 was
determined by testing inertia (sum of distance squares between a central point and data points in
cluster) changes along with different number of clusters in Figure A-S2. The number of clusters
of 4 was chosen because adding more clusters started giving insignificant decrease of inertia.
Although adding more clusters can provide more information, the extra complexity may be not
required depending on cases.

Cluster 2 (44 compounds)

)\ N}LN’)\”*‘L lidocaine

atrazin % 0 | propyphenazone

diltiazem

Cluster 3 (31 compounds)

o]

/\OH /\0///\ R

ethanol ethylacetate triethyleneglycol
HO OH
OH OH
; =
HO\)\/\/\C HO OH
Ew oH 0
glucose xylose

Figure A-S1. Exemplary organic compounds in different clusters (Cluster 2 and 3).
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Figure A-S2. Inertia curve for choosing the optimal number of clusters.

The entire list of the frequent MACCS fingerprint features in each cluster is displayed in
Table A-S6. The sub-dataset contained 176 unique compounds, and Cluster 1, Cluster 2, Cluster
3, and Cluster 4 had 49, 44, 31, and 52 compounds, respectively. The frequency percentage was
calculated by dividing their counts with the number of compounds in total in each cluster. Cluster
1,2, and 3 had 10, 10, and 7 fingerprint features exceeding 80% of frequency percentages, whereas
Cluster 4 had zero features over 80%, which means the compounds in the cluster are highly varying.
The physical meaning of each MACCS feature can be found on the web. Originally, MACCS
fingerprint has 166 keys, but in this study, we generated 167 MACCS keys with an extra padding
key in the very first bit.
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Table A-Sé6. List of top-10 ranked MACCS features in each cluster.

Cluster 1 (49 compounds)

Cluster 2 (44 compounds)

MACCS Appearance MACCS Appearance

feature No. Count (%) feature No. Count (%)
164 49 100 157 44 100
165 49 100 159 44 100
166 49 100 162 44 100
158 45 91.84 163 44 100
163 45 91.84 164 44 100
140 43 87.76 166 44 100
153 41 83.67 143 39 88.64
128 40 81.63 161 39 88.64
144 40 81.63 165 39 88.64
160 40 81.63 149 36 81.82

Cluster 3 (31 compounds) Cluster 4 (52 compounds)
MACCS Appearance MACCS Appearance

feature No. Count (%) feature No. Count (%)
165 31 100 165 40 76.92
154 28 90.32 166 39 75.00
158 28 90.32 163 38 73.08
110 26 83.87 164 37 71.15
133 26 83.87 162 33 63.46
156 26 83.87 157 32 61.54
140 25 80.65 155 30 57.69
160 24 77.42 159 30 57.69
83 23 74.19 158 27 51.92
105 20 64.52 160 27 51.92
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Appendix B: Supporting Information for Chapter 3 - Opportunities for high
productivity and selectivity desalination via osmotic distillation with improved
membrane design

B.1: Determination of partial vapor pressure driving force

The driving force for water transport in osmotic distillation (OD) is the difference in water partial
vapor pressure across the membrane. Water molecules evaporate from the feed solution and
condense in the draw solution, and hence, the vapor pressure difference between the feed and draw
allows water molecules to move through the membrane. As shown in Equation S1, vapor pressure

of an aqueous solution, P,, is expressed by using the Kohler equation [1]:

P,(T,C) = P,o(T)exp [%] (S1)

m = kCRT (S2)

where 7 is the osmotic pressure of the solution which is a function of the solution concentration
C, Vi 1s the molar volume of the solution, R is the ideal gas constant, k is van’t Hoff’s factor, and
P, is the equilibrium vapor pressure of water corresponding to solution temperature 7. In our
work, there was no external applied pressure (P = 0) so the vapor pressure of the feed and draw

sides was only a function of temperature, 7, and concentration, C.

B.2: Simulating osmotic distillation membranes with a hydrophilic support

To allow for a fair comparison between FO and OD membranes, the OD membranes were
simulated with a support layer having equivalent properties to the commercial FO membranes.
The S value of the FO membrane was 453 pum and tortuosity, 7, porosity, e, and support layer
thickness, d, were 2.23, 0.74, and 150 um, respectively. In our analysis, the support layer of the

OD membrane had the same properties as the FO membrane support layer.

Without a support layer, we are able to use the same heat transfer coefficient, 4, of 1000

W m>K! for the feed and draw side. With a hydrophilic support layer, the heat transfer
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coefficient on the draw side, /4, has an added component from the heat transfer coefficient of the

support layer, Agppors:

K
hsupport = 75 (S3)
1 1
hy= Gr— by (s4)
¢ (h hsupport)

where Kj is the thermal conductivity of the support layer and can be obtained using the porosity
(0.8), air thermal conductivity (0.01 W m™'K™"), and material thermal conductivity (0.2 W m'K™").
d is the thickness of the support layer. The modified draw side heat transfer coefficient, /4, was
used when calculating heat transfer of a membrane with a support layer in the element- and

module-scale analysis.

Hydrophobic layer
Heat transfer yeor y

coefficient 1
o M

hr=h

Hydrophobic layer

he = (1I’h + 1I’hsuppan)’1
Hydrophilic support layer

Figure B-S1. Schematic diagram of an osmotic distillation membrane without a hydrophilic

support layer (top) and with a hydrophilic support layer (bottom).
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B.3: Determination of forward osmosis membrane properties

The properties of a representative commercial membrane (Hydration Technology Innovations
Thin-Film Composite, HTI-TFC) were retrieved from previous work in the literature where the
water permeability coefficient, 4, and structural parameter, S, were shown to be 1.48 kg m~h 'bar
U"and 453 um, respectively [2]. The salt permeability coefficient, B, was determined using the
permeability-selectivity relationship described previously in the literature, where B is a function
of 4 [3]:

B a3 (S5)

Previous work found the constant ¥, which relates 4 and B, to be 0.0133 L2 m*h?bar’ based

on a comprehensive analysis of the performance of polyamide thin-film composite membranes.

B.4: Simulation of forward osmosis membrane module

The element-scale water and salt flux of FO are expressed below:
Jw = A(T[D,m - 7TF,m) (S6)
Js = B(Cpm — Crm) (S7)

where J,, is the water vapor flux across the membrane, 4 is the water permeability coefficient,
Tpm and g, are the osmotic pressure of the draw and feed membrane surface, Jsis the salt flux
through the membrane, B is the salt permeability coefficient, and Cp ,,, and Cp. ,,, are the feed and

draw concentrations at the membrane surface.

The water and salt flux equations incorporating the effects of external concentration

polarization (ECP) and internal concentration polarization (ICP) are given by [4]:

A [7TD b €Xp (—]W_) — Mp,p€Xp (]ﬂ)]

Jw = (S8)
1+(—)[exp(kw) exp (— Jw )]

]:B[cpbexp( Sy ¢ pexp )] -

C () e () - e (0]
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The dilutive ICP on the draw side is described as (— %) and the concentrative ECP on the

feed side is described as (%). The diffusion coefficient, D, is 1.48 x 10° m? s and the mass
transfer coefficient, &, is 0.02769 kg m™s™'. The water flux decrease caused by the net solute
permeation (forward salt flux and reverse salt flux) is represented as (]i) [exp (%’) —exp (— ]WTS)],

which is the denominator of the J,, and J; equations. Note that dilutive ECP also occurs on the
draw side. However, its impact is negligible compared to dilutive ICP so it was ignored in the

calculations.

The differential equations representing mass transfer of water and salt in the system were
discretized using a finite membrane area, 4. Two differential equations were used to determine
the flow rates and concentrations along the membrane module:

cWﬂ&ﬂ_dQﬂ&ﬂ__J (S10)
d4,, ~ d4, V7

d[Qr (Am)Cr(Am)] _ dlQa(Am)Ca(Am)] _ (S11)

A, A, s

The volumetric balance of water and mass balance of salt were expressed above. The
balance equations were solved using the modified Powell method in conjunction with the element-

scale analysis. The boundary conditions for numerical solutions were Q¢(0) = Qf, Qa(N) =
Qa0 C;(0) = G5, and C4(N) = Cg. The calculated water and salt flux over the entire module

were used to obtain water recovery and bulk concentrations with the membrane properties

described in Supplementary Note.
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Appendix C: Supporting Information for Chapter 4 - Evaluation of volatile
and semi-volatile organic compound transport in membrane distillation
modules

C.1: Mass and heat transport of water vapor

The mass and heat transport across the hydrophobic MD membrane is shown in Figure 4.1 of the
main text. The membrane has pores filled with air and water vapor that become pathways for water
vapor flow through the membrane, J,,, which is driven by a difference in the partial vapor pressure
of water, P,, that depends primarily on the temperature difference between the feed and permeate
membrane interfaces (77 and T),m, respectively). The temperature difference across the membrane
leads to a net flux of water vapor from the feed to the permeate side, and the associated evaporation
and condensation of water molecules induces convective and conductive heat transport.
Convective heat transport occurs when the water molecules carry the latent heat of vaporization,
H,,., through the membrane to cool the feed stream and heat the permeate stream. The temperature
difference across the membrane then induces conductive heat transfer as heat is transported back
toward the feed, the rate of which depends on the thermal conductivity of the membrane, K, the
temperature at the feed membrane interface, 7y, and the temperature at the draw membrane
interface, 7. The sum of convective and conductive heat is the net heat flux, ¢g. Since the solute
flux, J;, of the volatile compounds is relatively small compared to the existing amounts of water
in the feed and permeate sides, the heat transport through the latent heat of vaporization of volatile
compounds, H, ¢, was neglected in the calculation. The water flux, Ju, and heat flux, ¢, are

expressed as follows:'

Jw = B[Pv(Tf,m» Cf,m) - Pv(Tp,m» Cp,m)] (S12)
n
K
q= ]va,w + 7 (Tf,m - Tp,m) + Z]iHv,i (813)
i=0

The vapor permeability, B, is determined by incorporating Hertz hypothesis and total transport

resistance: >
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M,, -1
B = ——|R; +R; f + R; (S14)
€ 27TRgT[ t Lf l,p]

where the total resistance is determined by the transmission resistance, R;, the interface resistance
on the feed side, R;y the interface resistance on the permeate side, R;p,, the molecular weight of

water, M,,, and the average temperature of both membrane surfaces, T.

Transmission resistance, R;, arises from collisions that occur as water molecules pass through
the membrane pores. Transmission resistance is the inverse of effective transmission probability,

Nesr»and can also be expressed using the effective diffusion coefficient, D, sr, and the mean speed

of water vapor, 7,,.}

1 Vwd (S15)

R —_— —_—
“T e 4Desy

The collisions that cause transmission resistances can be described using two diffusion
regimes.* Inmolecular diffusion, transport resistances are dominated by collisions between water
and air molecules, whereas Knudsen diffusion involves interactions between water molecules and
pore walls. The transition between the two regimes is defined by the membrane pore size and mean
free path of water vapor. When the size of the pore is larger than the mean free path of the vapor
(60—100 nm at atmospheric pressure),® the system is in the molecular diffusion regime. In contrast,
if the membrane has smaller pores than the mean free path, the system is in the Knudsen regime.

Thus, the equation for the effective diffusion coefficient, Dosf, contains terms for molecular

diffusion and Knudsen diffusion. D¢ can be approximated by:

-1

1
D~ Pt (S16)
efs Dw,a DW,M

po(T)

where is the mole fraction of water vapor assumed by comparing the pure water vapor

Dt
pressure and the total pressure of water and air in the pores, T is the mean temperature of the feed

and draw sides, p; is the total pressure inside the pores, and po(T) is the equilibrium water vapor
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pressure at a given temperature. This approximation is valid when the operating temperature range
falls between 20 and 80 °C.} D, represents the binary (water-air) diffusion coefficient of water
vapor, which reflects the molecular diffusion contribution to resistance, and D, », represents the

Knudsen diffusion coefficient of water vapor across the membrane.

3 1
T2 1 11z
(ptlwaQD) M, M,
AC 1w, AC
Pung =4 o
noyd S19
DW,M = L‘;V ( )

n=1+<§>—<%)(L2+4)%

1 2
[(8 — Lz)(Lz + 4)2 + L3 - 16] (S20)
"~ 72L(L% + 4)1/2 — 288 1n[L + (L2 + 4)1/2] + 2881n 2

D,, 4 is expressed based on previous studies,” where a characteristic length, 1, 4, is obtained
by the Lennard-Jones 12-6 potential. The constant, ¢, is an empirical constant, and the collision
integral, (p, is for mass diffusion. Both D, and D,,, depend on temperature, and thus,
transmission resistance and vapor permeability are also temperature-dependent. The Knudsen
diffusion coefficient, D, , in eq S18 is determined by equating the mole flux calculated from the
transmission probability, 17, (the right-hand side of eq S18) with the flux calculated from the
diffusion equation (the left-hand side of eq S18).” The transmission probability, 7, in a cylindrical
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tube was determined using the aspect ratio, L, which is defined as the pore length divided by the

pore radius.® Substituting eq S16 into eq S15 defines transmission resistance, R;, as following:

T). _
(1- —pop(t ))vwd "
R, = -
f 4Dy, 7

(S21)

Interface resistance, R;, occurs because vapor molecules can be reflected at the gas-liquid
interface and is expressed using the condensation coefficient, o, which is the probability of water

vapor condensation into bulk liquid at the gas-liquid interface.®

_1-0(T)

. (S22)
Ri=—5m

For thick membranes, transmission resistances greatly outweigh resistances at the interfaces.
However, it has been shown interface resistances are a critical consideration for thin and highly
permeable membranes with low transmission resistances.® Interface resistance is a function of
temperature because higher temperatures result in increased energy levels of water vapor that lead
to a higher probability of reflection at the gas-liquid interface.” Since the feed and draw side surface
temperatures change during the evaporation and condensation of water molecules, the feed

interface and draw interface resistances are calculated separately.

C.2: Overview of molecular properties in the data

Table C-S1 summarizes the mean and standard deviation values of molecular weight, partitioning
coefficient, dipole moment, and Henry’s constant for each compound class. The last column
indicates the number of compounds included in each class. Alkanes has zero standard deviations

due to the number of compounds in the class.

Table C-S1. Summary of molecular properties for different organic compound classes. The mean

and standard deviation (STD) of each compound property is provided.

Octanol- Henry’s constant
Chemical MW water ry’sco Dipole No. of
-1 g q at 25 °C
class (g mol™) partitioning -1 (debye) compounds
. (Pa-L mol™)
coefficient
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Mean | STD | Mean | STD Mean STD Mean | STD
Alcohols | 79.79 | 22.11 | 0.88 | 0.64 | 9.27x10% | 6.10x10* | 1.53 | 0.04 6
Aldehydes | 96.13 | 9.99 | 1.47 | 024 | 9.48x10° | 6.64x10° | 2.44 | 0.04 2
Alkanes | 58.12 0 2.31 0 | 9.82x10’ 0 0 0 1
Alkenes | 116.50 | 25.27 | 2.30 | 0.35 | 1.56x10° | 1.01x10° | 0.77 | 0.69 6
ﬁzigels 103.07 | 38.84 | 1.55 | 0.25 | 4.61x10° | 3.52x10° | 1.31 | 0.23 7
Amines | 86.12 | 7.02 | 0.94 | 0.14 | 6.54x10* | 4.61x10* | 0.99 | 0.36 2
Arenes | 10521 | 15.52 | 3.01 | 0.77 | 1.24x10° | 1.71x10° | 0.22 | 0.36 8
Esters | 115.76 | 25.55 | 1.82 | 0.91 | 5.87x10* | 3.39x10* | 1.50 | 0.57 5
Ethers 90.34 | 2.19 | 1.03 | 04 |3.19x10* | 2.76x10* | 1.97 | 0.30 2
Ketones | 97.57 | 37.11 | 1.01 | 0.99 | 5.59x10° | 3.46x10° | 2.54 | 0.07 7
Nitrile | 47.06 | 6.01 | 0.03 | 0.18 | 8.54x10° | 5.44x10° | 2.12 | 0.07 2
Phenols | 129.18 | 38.63 | 2.67 | 1.31 | 5.72x10* | 1.06x10° | 2.17 | 0.21 6

C.3: Change of Henry’s constant with varying temperatures

Since temperature significantly affects vapor pressure, Henry’s constant is a function of
temperature as well. The Henry’s constants of butane, chloroform, ethanol, and phenol span the
range of values studied in this work. Figure C-S1 shows that the Henry’s constant of the four
compounds increase with increasing temperature. In some cases, the temperature dependence of

the Henry’s constant is not consistent between different compounds due to different activity

coefficients and Antoine constants (eq 24 and 25).
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Figure C-S1. Henry’s constant change along with different temperatures. Henry’s constant was

calculated using partial vapor pressure, activity coefficient, and molar volume. The temperature
range fell in 0-100 °C.
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C.4: Effect of operating temperature on mass transport resistance

The ratio of membrane resistance to total resistance and rejection obtained with membrane surface
concentrations were shown for all compounds studied, indicating a trend where the rejection
decreased (Figure C-S2A) and the ratio decreased as the Henry’s constant increased (Figure C-
S2B). The trend was expedited with high feed temperature due to increasing Henry’s constant. The
Henry’s constant increases along with increasing temperature (see Figure C-S1), and the increased
difference of the Henry’s constant caused the ratio of membrane resistance to decline. In Figure
C-S2A, rejection of each volatile compound is shown with different feed temperatures. The
Henry’s constant of 100 and 10000 Pa-L mol! were used as boundary values to divide the regimes.
In the membrane resistance regime, the rejections decreased with Henry’s constant, and the feed
temperature changes did not significantly affect their transports under the regime. However, the
decrease of the rejection approached thresholds in the boundary layer resistance regime, and high
feed temperature affected Henry’s constant and the rejections of the compounds decreased with

feed temperature increases.
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Figure C-S2. (A) Rejections of compounds with varying feed temperatures (B) Change of ratio of

membrane resistance with varying feed temperatures
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C.5: Validating predicted rejections via comparing to experimental rejections

This work built a computational model to describe the volatile compound transport in MD system
based on prior models used in the literature.'® The predicted results for certain compounds (4-tert-
octylphenol, 4-tert-butylphenol, benzophenone, and bisphenol A) were compared to experimental
results from a previous study in Figure C-S3.!! The predictions from the model described the
experimental values with good accuracy. The rejections were calculated by using the feed and
permeate membrane surface concentrations. The gray bars indicate measurements from previous
experiments. The hollow bars indicate the predicted values by the model. For benzophenone, the
predicted values fell in the error range of the experimental results. For 4-tert-octylphenol, 4-tert-

butylphenol, and bisphenol A, the predicted values were within 12% of the experimental values.
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Figure C-S3. Comparison of predicted rejection and experimental rejection for four volatile and
semi-volatile compounds. The experimental and predicted rejection were obtained in the same
conditions: membrane pore radius and porosity were 0.22 um and 0.7, respectively; the operating
temperatures were 40 °C and 20 °C for the feed and permeate, respectively; and the velocity of the

crossflow cell was 11.7 cm/s

C.6: Regression coefficients of solute flux with Henry’s constant and diffusion
coefficient

Fitting lines in Figure 4.2C and D were obtained by using linear and non-linear regression for the
low Henry’s constant group (< 10000 Pa-L mol '), which is colored red, and the high Henry’s
constant group (> 10000 Pa-L mol ™), which is colored blue, respectively. The relationship between
the solute flux and Henry’s constant for the low Henry’s constant group was calculated with a
linear regression (Eq S23), whereas the relationship between the solute flux and diffusion

coefficient was built using a more detailed correlation based on the transport equations (Eq S24):

Js < aH (S23)
D
Js o Dﬁ 5 (S24)

where H is Henry’s constant; D is diffusion coefficient; J; is solute flux; and a, B, y, and § are

regression coefficients. The equation was constructed using eq 32, 34, and 35.
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Appendix D: Supporting Information for Chapter 5 - Omniphobic
membranes with re-entrant structures for separating low surface tension
liquids in pressure-driven distillation

D.1: Checking the durability of nanoparticles

There is a possibility that nanoparticles attached by electrostatic adsorption may be washed away
while operating. The same modified membrane sample was used under multiple LEP tests and
became wet (drying before re-use). Then the SEM images of the membrane surface were taken.
The membrane in Figure D-S1a was used for the LEP tests of XX, XX, and XX, and the other
membrane in Figure D-S1b was used for the LEP test of XX. The SEM images showed that the

particles were not washed away after multiple wetting.

>y 100nm

Figure D-S1. SEM images of the omniphobic membranes after multiple use for LEP tests

D.2: Simulation details

Expanded LEP values were obtained with varying re-entrant structure angles and surface tension
of liquid (see Figure 5.4b). Equation 43 was used for calculating LEP values. Intrinsic contact
angles, 8, are supposed to change with varying surface tension of liquid, so they were interpolated
by using the three known values of water (72 mN/m & 110°), hexadecane (27 mN/m & 80°), and

ethanol (22 mN/m & 70°). Nanoparticle radius was 11 nm, and the default pore radius was 20 nm.
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Least squares minimization was used to simulate re-entrant structure angles from the
measured data. Due to its nano-sized scale, measuring the re-entrant structure angles from SEM
image is challenging. ‘least squares’ function in Scipy was used for the optimization task with a
Cauchy loss method. While other parameters were fixed, re-entrant structure angle kept changing
from the initial value to minimize the least squares error between predictions and measurements.
Initial values of 0 and 20° were used for the control and omniphobic membranes, respectively. The

fitted re-entrant structure angles were -3 and -24° for the control and omniphobic AAO membranes.

Least squares optimization was also used to compare the effects of re-entrant structure
angle and pore size on LEP. The nanoparticle depositions on the pore entrances provided re-entrant
structure angles, but also could make the pore entrances smaller. And as shown in Equation 43,
pore radius, r, is a important factor to control LEP values. Therefore, we demonstrated that these
LEP increases with the omniphobic membranes are from re-entrant structure angles, not narrowed
pore entrances. We ran two different optimization tasks. The first optimization was to fit re-entrant
structure angle as shown in Figure 5.4a. The second optimization was to fit pore radius with the
measured LEP data. The initial pore size was assumed as 20 nm, and the re-entrant structure angle
of -3° (obtained angle for a control AAO membrane) was used. This simulated a scenario where
re-entrant structure angle increase was ignored and pore size became small. The found pore radius
was 15 nm with the optimization, and it was not bringing a good fit to the measured data (see
Figure D-S2). The orange dashed line is originally calculated values with the optimized re-entrant
structure angle. The dark red dotted line is calculated values with the optimized pore radius, and it
brings higher errors from the measured LEP points. Therefore, the increased LEP values in our

tests are primarily derived from the re-entrant structure angle changes.
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	i. Analyze the rejection of emerging organic compounds in RO and NF with molecular fingerprints to improve prediction capabilities and molecular-level understanding of rejection mechanisms.
	ii. Simulate osmotic distillation with different membrane properties and operating conditions to identify the optimal membrane and system design.
	iii. Identify critical properties of volatile organic compounds to understand volatile solute transport across hydrophobic membranes used in membrane distillation.
	iv. Develop wetting-resistant omniphobic membranes with re-entrant pore structures for treating low surface tension liquids in pressure-driven distillation.

