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Abstract

Freshwater insecurity afflicts billions of people each year, yet desalination technolo-
gies such as Reverse osmosis (RO) can sustainably purify ocean water into a limitless
source of potable water. The economical efficiency of RO, however, hinders its prac-
ticality. Mineral nucleation on the membrane surface in a process called scaling is
specifically problematic for RO modules, but the geochemical mechanisms of scaling
(particularly from brackish feed waters) remain elusive to experimental protocols and
most simulations of RO systems. We therefore developed a geochemical reactive trans-
port model of RO desalination that simulates one dimension of the feed-membrane
interface while resolving the mineral geochemistry that manifests in scaling via robust
PHREEQC calculations. This approach balances computational expense and with suf-
ficiently precise results for actionable interpretation. Our model is implemented as an
operable Python Software (ROSSpy) that provides users spatiotemporal predictions of
scale deposits and concentration changes through the model as a function of specified
feed concentrations and conditions, and the RO module specifications. The raw out-
put is additionally visualized to facilitate user interpretation. We exemplify this model
through numerous case studies and parameter scans. This concise yet rigorous model
provides a unique tool to identify appealing feed waters and to improve RO designs

towards developing sustainable water systems in diverse conditions around the world.

Keywords Reverse Osmosis, desalination, geochemistry, reactive transport, scaling
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1. Introduction

Potable fresh water is a scarce resource for billions of people,** ironically despite that
water is among the most abundant chemicals on Earth.* This scarcity is attributable to
arid climates, global warming” and climate change® that change water patterns, and over-
consumption” and pollution® of civil water sources. The 6th UN Sustainable Development
Goal” acknowledges the existential importance of potable freshwater as a basic human right,
yet technological advances in water infrastructure and filtration are required to realize this
vision.

Desalination is a promising tool to generate potable fresh water on demand from diverse
and potentially contaminated water supplies, such as the inexhaustible oceans™ that are

conveniently within 100km for ~ % of the human population.™Y The most common desali-

1
2
nation technology is the spiral-wound reverse osmosis (RO) module,"® whose compact and
modular design optimizes its efficient.*?# RO utilizes a very fine filtration membrane that
diffuses water while blocking impurities: microorganisms, molecules, and even elemental

ions. RO is already a municipal staple in arid Middle-Eastern countries; Israel, for exam-

ple, supplies % of its domestic water from desalination™ and Saudi Arabia is responsible

for ~ 22% of global water desalination.'® The concentrated effluent from RO fosters poses

an environmental hazard? (although this can be mitigated with zero-liquid processing™ 1)

o326

and more critically fosters microbial growth®” 22 and mineral precipitate — scaling at

the end of the RO module (processes categorized as membrane fouling®”) that impede RO

efficiency. 11428429

31

Mineral scaling is particularly challenging®? as it is ubiquitous, difficult to remove,*! and

expensive®? and unpredictable to prevent in brackish feed water with antiscalant chemical

33434

additives. Scaling is further experimentally elusive in situ,*” notwithstanding recently

methods,®® which hinders basic understanding and therefore technological advancement.

Software may supplement experimental limitations,?” but most RO software either incom-

38139 40l41

pletely capture or completely ignore scaling, and geochemical reactive transport
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software®®¥d have not yet been adapted for RO desalination. A few mathematical pro-

44 programming interfaces, 47 and studies of scaling®®? and RO®" 3 simulate the

grams,
scaling development in an RO module, but these tools do not permit the broad analyses,
over a range of feed and module parameters, that are necessary to explore edge cases and to
empower researchers with diverse RO setups.

We therefore developed a unique one-dimensional model of RO desalination that captures
scaling geochemistry during desalination, unlike existing one-dimensional RO models,?* and
represents the membrane interface via the solution-diffusion model. %2 We exemplify the
model with spatiotemporal scaling predictions that recapitulate observed scaling from RO
plants in Australia,”® UAE,”” Tunisia,”® and Greece.?” We further demonstrate the flexi-
bility of our model by 1) reproducing scaling in a membrane bioreactor,®! which is similar
to RO, and 2) exploring diverse feed water conditions and supported geochemical activ-
ity models. We developed an open-source software that implements our model (ROSSpy:
RO Scaling Software in Python) by leveraging PHREEQC® for geochemical calculations.
ROSSpy, to our knowledge, uniquely fulfills solicited needs from the community for simulat-
ing RO scaling.” We believe that this one-dimensional model and ROSSpy offer important
tools for improving RO performance by surmounting scaling, and thereby alleviating water

insecurities around the world.

2. Methods

Our model represents RO as a geochemical reactive transport process along one dimension of
the membrane-feed interface. A glossary of parameters and variables for the equations and
calculations are provided in Table [I The geochemistry and reactive transport mathematics

of our RO model are derived in the following sub-sections.



Table 1: Glossary of ROSSpy variables.

variable name description
longitudinal dimension of the
l length
module or module cell
number of quantity of discretizations of the module
n
module cells
D, moles the molesy,o that exist in cell e
AD, permeate flux the molesy,o that are removed in cell e
HL head loss reduction of pressure over the module distance
permeate attenuation of permeate flux
PE
efficiecy from pre-existing inefficiencies
concentration solution concentration of cell e normalized
CF
factor to the influent concentration
X mass water mass in the maximally filled feed channel
V velocity feed velocity through the feed channel
A area cross-sectional area of the RO module
th thickness thickness of a module dimension
Q volumetric flow feed flow through a maximally filled feed channel
timestep of the simulation that
At time
adheres to the Courant condition
Courant maximal value of the Courant constant
Cmaz .
constant to meet the Courant condition




continuation of Table |1
variable name description
0] total concentration total ionic concentrations in the simulation
C specie concentration concentration of an individual specie
stoichiometry coefficient for the respective compound
v
coefficient in the balanced equilibrium reaction
number of quantity of reactions that
N
reactions contain a respective compound
R reaction flux ",ZmOl flux of an equilibrium reaction
our
thermodynamic logarithm of the W
Q v
displacement
kmm rate constant dissolution and precipitation rate constant
a activity chemical activity of the respective compound
n&p parameter experimentally determined parameter
Gibbs free Gibbs free energy of the dissolution
AG
energy and precipitation reactions
K equilibrium constant | thermodynamic equilibrium of the respective reaction
M number of minerals quantity of minerals in the studied system
v activity coefficient | coefficient of metabolite activity in a respective system
z charge compound charge of the respective metabolite
W ionic strength charge-weighted concentration of a solution
A& B parameter experimentally determined parameter
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continuation of Table |1
variable name description
a; & b; fitted parameter geochemical parameter that is fit to the system
Wag water mass mass of water in the system

2.2 Transport

Feed water is represented as a single solution that aggregates the bulk solution and the con-
centration polarization (CP)®*4 that develops at the membrane surface as a consequence of
the no-slip boundary condition.®® The inlet boundary is defined as constant via the Dirichlet
boundary condition,®® where the influent feed is assumed to be an infinite reservoir whose
characteristics are unaffected by the RO system. The outlet boundary is defined as changing
with the Cauchy boundary condition,®” where the effluent characteristics are a function of
desalination. The membrane-feed interface of our model is discretized into n € W cells that
are an equal fraction of the total module length [,,0que. Each cell e simulates permeate flux
68

as 100% water, similar to other RO models,*® and as the change in moles (A®,.) of feed

solution since the feed pressure P and osmotic pressure 7% that govern permeate flux

A(be a (P - 77)7 (1)

are neither often experimentally measured nor reported.

2.2.1 Permeate Flux

The transport of permeate water (A®,) is assumed to decrease exponentially along the RO

module distance. The concentration change of a given point in the module relative to the
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feed concentration is quantitatively tracked as the concentration factor (CF)

_initial
~ final

CF

(2)

as the quotient of initial to final ionic concentrations (influent vs. effluent),*# solution masses,

or permeate moles. The slope of concentration change is calculated

CF,—-CF

slopecr = — (3)

where the efluent C'F}, is the average CF of all efluent ion concentrations

I (O,
CFn _ zlj:l( z,brzne)’ (4)
zz‘:1(ci,feed)
from the C; prine effluent concentration and Cj f..q influent concentration of ion i, for all j
ions. Defining CF from eq. (2)) in terms of moles of feed solution (®, 100% water) reveals an

equation
Dy b

CF=20=_ 20
q)e q)O - A(I)(l,e)

(5)

that can calculate the moles of feed at the end of an arbitrary cell e (&, = &g — Ad(; ). The

sum of permeate flux that occurred between cell 1 and the end of cell e
A(I)(l,e) =AD, + Aq)(l,e_l) (6)

is separately the sum of permeate flux before the start of cell e (AP 1) = Z;:(A@j))

and the permeate flux over cell e (A®,). The initial moles of feed P is calculated

Dy = Vieea * MW,0 * pH,0, (7)
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from the volume of the feed channel V..q, which is the product of the module length l,,qu1e

and the cross-sectional area of the feed channel Ayc.q

thfeed (8)

Afeed == (Amodule - Apermeate) * )
thunit

where A, oquie and Apermeate are the cross-sectional areas of the whole module and the per-
meate tube, respectively, and thyfeeq and thy,; are the thicknesses of the feed channel and

the repeating membrane unit in Figure S1, respectively. The linear expression for C'F,
CF, = (slopecr) x e+ CFy , 9)
is then substituted into eq. , with the slope from eq. , to yield an expression for the

permeate flux (a negative change in feed moles) at the end of each examined cell e

Dy
~AD = — dy , 10
(Le) ((CFH;CFO) xe CF()) 0 ( )

which can be substituted into eq. to yield the permeate flux over any examined cell e
(A®,), analogously to ?7. Note that A® 1) = 0 when e = 1, since there are no previous
cells.

The calculation sequence for this permeate flux method is summarized:
1. Define the effluent CF

2. Calculate the feed capacity of the module [egs. and (3))]

3. Calculate the CF slope [eq. (3]

4. Calculate the permeate flux in each cell [egs. (7)), (6]), (9) and (L0)]

10
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2.2.2 Feed Flow

The migration of feed through the module is simulated through the following sequence with
each timestep: 1) the contents of each cell e migrate to the next cell e + 1; 2) cell 1 is
QnLaw feed

repopulated; and 3) cell n is deleted. The feed velocity vfeeq = A is calculated from the

maximum feed flowrate Qmaz feed (™ ) and the feed area from eq. @} of the RO module. The

maximum simulation timestep At = U““ is calculated according to the Courant Condition™

feed

(Caz = 1> %) to maintain accurate resolution of the feed flow.

2.3 Geochemistry

Our model leverages PHREEQC to qualitatively and quantitatively determine scaling and
brine concentrations from the fundamental geochemical kinetic rate laws and thermodynamic
equilibria of each mineral, and is receptive to feed conditions in every cell at each timestep.
These chemical operations are exhaustively derived in version 3 of the PHREEQC manual,™
and utilize the PHREEQC databases of chemical constants as parameters. These databases
are processed for ROSSpy by our ChemW Python package that calculates the molecular
mass of each inorganic formula (see the ChemW PyPI documentation), which were omitted

in the databases but are necessary to quantitatively predict scaling in the conventional units

of . g scale )
m? membrane

2.3.1 PHREEQ

The most pertinent calculations of PHREEQC for our model are summarized in the following
sub-section, while the version 3 PHREEQC User’s manual provides a rigorous description of
all PHREEQC operations.

The total concentration ¥; of ionic species i is calculated in each timestep,

= Z v;; * Cy) (11)
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where C; is the molal concentration; J is the set of compounds that contain ¢; C; is the molal
concentration of compound j; and v;; is the stoichiometric coefficient for the moles of ¢ per
mole of compound j. Mineral equilibria over the ¢ timestep is calculated through a similar

equation,
Nm,

T =3ty * R, (12)

m=1

where N, is the set of reactions that include specie i; v,,; is the stoichiometric coefficient
for the moles of i per mole of mineral m; and R, is the reaction flux of dissolution or

precipitation for (4) and (—), respectively,

nxAG

R, = sgn[Q] * Ay, * by, x (I1(a™))|e 7T — 1]P, (13)

where ) = log (%ﬁ) and, for the simulated mineral m, A,, is the reacting surface

area; k,, is the rate constant of dissolution or precipitation; @),, is the ion activity product

n*xA

G
e rt — 1|P term

constant; and n and p are experimentally determined parameters. The

simplifies to 1 for irreversible precipitation or dissolution. The set of egs. and

AR
ot

necessitates that any perturbations to ionic concentrations manifest from complexation

equilibria. The molal concentration C; of compound j is discerned,

I (y + KG)

C; = , (14)

v * K

where IV, is the set of linearly independent chemical reactions; 7; is the activity coefficient

of compound j; and Kj is the equilibrium constant
Kj = a[jH%aq (am)_vm’j, (15)

where M,, is the number of minerals in the aqueous system; v,,; is the stoichiometric coef-
ficient of compound j per mole of mineral m; and a; and a,, are the activity coefficients of

compound j and mineral m, respectively. The activity coefficient 7, is calculated through

12
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either the Debye-Hiickel model,™

log(v;) = —Ax* z\/1L, (16)
the WATEQ Debye-Hiickel model,

—Ax22% /11

the Davies model,™
VB
1+ i

or the empirical Pitzer model,™ where A and B are experimentally determined parameters;

log(v;) = —Ax 2( —0.2p), (18)

ag-’ and b; are fitted parameters; z; is the charge of compound j; and p is the ionic strength

of the solution

N,
1 21y
M:’sz ) (19)
2 T W,

where Wy, is the simulated water mass and n;

Ki * Waq
Maq o
% % (™ (@ )Pt

nj =C;x W, = (20)

is the moles of compound j. These calculations and geochemical models are more thoroughly

described in the PHREEQC manual and in the cited literature.

2.3.1 Brine concentrations

The effluent brine concentrations are estimated by applying the CF to the influent feed

concentrations for each respective ion.

13
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3 Results and Discussion

The following sub-sections demonstrate the features of our model and its alignment with

reported measurements. These studies were conducted through ROSSpy and are available

as Python Notebooks in the ROSSpy GitHub repository.

151

=
o

relative % difference
w

o

14.0

_10.
Ca Mg Na Sr Cl S(6) Ba B K CF
Element
(a) Prediction %-errors to Zaman et al.58 experimental data
30
26.0
10
20
%‘: -10 -
) -20 1 B
_30 =15 o
Ca Mg Na Cl S(6) CF Ca Mg Na Sr cl S(6) Fe K CF
Element Element
(b) Prediction %-errors to Hajbi et al.®8 data (c) Prediction %-errors to Ahmed et al.57 data

Figure

scales to optimize resolution of the bars.

1: The %-error between predicted brine concentrations and experimental concentra-
tions from a few experimental studies. The comparisons are illustrated with different y-axis
Prediction accuracy seems to be proportional
with the quantity of parameterized ions and other geochemical parameters, which intuitively

supports that more data improves simulation results.
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3.1 CF and Brine formation

The predicted CF and ionic concentrations of the efluent were verified through comparisons
with the following three experimental studies, where the reported feed geochemistry and

module specifications were parameterized into the model.

3.1.1 Zaman et al.”®

This study examines RO brine, from a full-scale water treatment facility in Australia, to
understand which minerals are likely to form as scale. The predicted concentrations in
Figure [1| were < 6%-error relative to the experimental concentrations for all but one of the

feed ions.

3.1.2 Ahmed et al.??

This study examines RO brine from 10 small desalination plants in Oman and 8 plants in the
United Arab Emirates (UAE) for the purpose of understanding ideal brine disposal methods.
We selected the UAE Qidfa I desalination plant, since it provided the most comprehensive
experimental details. The predicted concentrations in Figure [1| were < 10%-error for all but
one of the feed ions. The CF, in the far-right column of Figure [1] exhibits a < 1%-error
relative to experimental measurements which supports that the reactive transport processes,
notably the representation of permeate flux, are accurate and that error is mostly attributed

to the geochemical calculations.

3.1.3 Hajbi et al.”®

This study evaluates the recovery of commodity salts from RO brine at a plant in Tunisia.
The authors detail feed geochemistry and specifications of line D — a polyamide filtration
membrane — in the plant system, which were both parameterized into our model. The
predicted concentrations in Figure (1| were less aligned than the aforementioned two studies,

with two ions exceeding 25%-error, which is attributed to this study defining 3-4 fewer feed

15
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ions and therefore describes an incomplete geochemical description of the system that skews
calculations and results. The variability among the ions, however, appears to neutralize since

the CF prediction in Figure [I] maintains accuracy.

3.2 Scaling

The scaling predictions were verified qualitatively from experimental literature and quan-
titatively from the following theoretical calculations of solubility thermodynamics, since
experimental literature that quantified feed geochemistry and observed scalants was not

available.

3.2.1 Quantitative The quantitative verification consisted of two simple cases of Gyp-
sum precipitation. 1) A simple solution of only Ca’" and SO was predicted to precipitate
gypsum within 5% of the observed change in ionic concentrations (Table ??). This 5% dis-
crepancy in mass balance is attributed to the printed PHREEQC values in this calculation
neglecting diffusion within the feed solution, yet diffusion is considered in the final output
of PHREEQC. 2) Gypsum precipitation from desalinating the simple solution of (1) is jux-
taposed with that from desalinating our geochemical representation of the Red Sea. This
comparison assesses the consistency of scaling in simple and complex feed solutions. The
simple solution precipitated 7% fewer moles of Gypsum compared to the Red Sea (Table
S1), which is attributed to ionic interactions within the complex Red Sea feed that are not
present in the simple solution of only Ca*" and SO ions. These subtle [5,7]% deviations,
notwithstanding the coarseness of the simple feed solution, are relatively minor in the con-
text of other sources of error, such as feed measurements, and suggest that our model is
quantitatively consistent with expected scaling.

The scaling predictions were qualitatively verified through the following three experimen-

tal studies.

16
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Karabelas et al., 2020°? This study inspired features of ROSSpy by reviewing the state-
of-the-art, and future directions, for predictive scaling software. The Supporting Information
of this study also, importantly, describes scalants after desalination with defined feed con-
ditions. These scalants were reported as including “Calcite but not Gypsum” and a “few
other salts, such as Barite and Dolomite, could also deposit at downstream...”. Scaling pre-
dictions from our model with these conditions in Figure match the reported scalants in
numerous aspects: 1) Calcite was the primary scalant; 2) Gypsum was not observed; 3) a
few other salts precipitated, including Dolomite and Barite, depending upon the PHREEQC
database; and 4) these other salts precipitated primarily in the downstream portion of the

module.

Karabelas et al., 20149 This study investigated the mechanisms of incipient scaling

from RO desalination, with Gypsum as the example scalant.™

The most thoroughly de-
scribed trial from the experiment (28SC) was simulated and Gypsum was the only predicted

scalant in Figure , just as the study reported.

Lee et al., 20099 This study evaluates the use of a membrane bioreactor — a hollow-fiber
membrane module design that is mechanistically similar to RO — to treat wastewater. The

wastewater filtration system was simulated, and the only predicted scalant was Calcite in

Figure 7 just as the study reported.

3.3 Applications
3.3.1 Feed Sources

We examined numerous potential feed souced based on experimental geochemical literature
for the respective sources, including both natural seas and produced waters from oil wells. A
sampling of these feed sources was simulated in Figure [3] The scaling and brine predictions

differed significantly amongst these feed water sources, which suggests that feed geochemistry

17
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Figure 2: The qualitative scaling predictions from data of a few experimental studies. Align-
ment of these predictions with the qualitative descriptions from the respective studies con-
tributed part of the experimental validation of the scaling predictions from our model.
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should be carefully curated before simulation to avoid variability of pollution,”
or incompatible assumptions from different data sources. We propose experimental literature
of numerous other water sources in the Supporting Information that can be curated into

parameters for simulation through our model.
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Figure 3: Scaling predictions of (clockwise from top left) experimentally defined feed waters
of the Mediterranean Sea, produced waters from the Palo Duro oil basin, produced waters
from the North German oil basin, and the Red Sea. These subfigures sample the diversity of
scaling predictions from varied feed sources, and exhibit a high sensitivity of scale predictions
to the feed geochemistry.

3.3.2 Database selection

The selection of a PHREEQC database 1) determines the set of minerals that can potentially
scale; 2) governs scaling through the kinetic, thermodynamic, and stoichiometric descriptions
of each mineral precipitation/dissolution reaction; and 3) employs a chemical activity model
to calculate feed saturation: e.g. the Pitzer, Debye-Hiickel, and Davies models. The Pitzer

model,™ which is implemented in the pitzer.dat PHREEQC database, is more accurate in

19
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the concentration range of solutions that are typically encountered during desalination;

however, the limited availability of geochemical data for numerous ions and minerals may
require using other databases, such as wateq4, for complex or uncommon feed sources.
Each of the 13 databases were simulated in desalinating the Red Sea. The Amm, Corel0,
LLNL, and Minteq.v4 databases failed to converge, while the other 9 databases generated
scaling predictions that are summarized in Figure [ The comparison of predictions indi-
cates that the database selection substantially influences scaling results, and thus should be

carefully selected.
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Figure 4: Scaling predictions from (clockwise from top left) the ColdChem, Iso, Sit, and
Pitzer databases, with otherwise identical simulation parameters. These subfigures sample
the diversity of scaling predictions by parameterizing different PHREEQC databases, which
exemplifies that the PHREEQC database should be deliberately selected to best capture the
simulated feed geochemistry.
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3.4 Sensitivity Analyses

A few sensitivity analyses were conducted with major variables and parameters of our model
in the following subsections. Additional sensitivity analyses of lesser parameters are pre-

sented in the Supporting Information.

Feed geochemistry

Feed source geochemistry influences RO operation®™ and therefore are important to capture

with our model.

3.5 ROSSpy Software

ROSSpy, which is conceptually embodied in Figure [5] combines our one-dimensional RO
model with post-processing operations that facilitate interpretation of the simulation re-
sults. The software a) translates parameters into a PHREEQ input file; b) executes that
input file via PHREEQpy; ¢) processes the simulation results into figures and data tables via
Matplotlib®' and Pandas® Python packages, respectively; and d) exports all of the simula-
tion content — e.g. the PHREEQ input file, SVG data figures, and CSV files of parameters,
variables, data, and brine predictions — into a specified folder and directory. The simulation
data may be sliced into one-dimensional sets of distance or time that can be plotted against

either scaling density or brine concentrations (Figures S2-S3) (see ROSSpy documentation).

4. Conclusion

A light-weight model of scaling during RO desalination that coalesces the geochemical rigor
of PHREEQC and the elegant simplicity of one-dimensional transport has been derived and
demonstrated. This practical tool resolved the spatiotemporal dynamics of desalination scal-
ing and demonstrated accuracy for the diverse brackish feedwaters that were validated via

both geochemical theory and experimental data where it was available. The API implemen-
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Figure 5: The ROSSpy workflow. Step 1 describes the translation of parameters — i.e.
module specifications, feed geochemistry, and simulation analysis — into the corresponding
code blocks of a PHREEQ input file. Step 2 describes executing the PHREEQ input file to
acquire simulation results. Step 3 describes processing the simulation results into predictions
of scaling or brine concentrations that are expressed as figures and datatables.
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tation of this model (ROSSpy) furthermore meets identified needs of the community — e.g.
rapidly designing, executing, processing, and exporting simulations of RO scaling — while
maintaining accessibility through its computationally efficient and open-source code. The
model has no concept of antiscalants, since the model is intended to resolve scaling from
native feedwaters and not optimize for antiscalant treatments, but this may be an advan-
tageous next addition to the model and ROSSpy. We expect that this model and API will
may find a niche for preliminary analysis of the scaling outcomes for various feed conditions
and RO modules. Computational tools such as our model will be imperative in innovating
new RO modules and feed systems that can mitigate scaling and ultimately alleviate the

accenuating concern of chronic water insecurities across the world.
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Supporting Information Available

A complete Supporting Information document is associated with this paper. All of the

described simulation figures and experiments are presented in the examples folder of the

22« ROSSpy GitHub page https://github.com/freiburgermsu/R0OSSpy.
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1 ROSSpy

The variables and terms that comprise our model are defined in Table ??. The distinctions between slicing the simulation data
through time or module distance is exhibited with brine in Figure S1 and scaling in Figure S2, respectively.

Comparison of permeate flux methods Scaling predictions from these two permeate flux methods are juxtaposed in Figure
S3. The most significant difference is observed at the module mid-point (0.47m), where the linear CF method predicts 0.99%
of Gypsum scale while the linear permeate flux method predicts 0.0196 g::zm of Gypsum scale. The linear CF method after
this mid-point predicts subtly less scale than the linear permeate method, as the exponential CF curve of the linear permeate
method surpasses the linear CF curve from the linear CF method. This reinforces that scaling is determined by the feed CF. The
total quantity of scale from these two methods equate 38.7£75", however, which suggests that these methods only subtly affect
the distribution, and not the total quantity, of scale. Experimental literature is not known that can verify which method better

reflects physical systems.

2 PHREEQC consistency

| Ca*t + S0y = CaSO4
I | 0.003913 0.00633 0
C —X —X +x
F | 0.003913 —x 0.00633 —x x

Table S1. Gypsum precipitation according to the ICE (Initial, Change, Equilibrium) framework, except that "Equilibrium” (E)
is replaced with “’Final” (F) since the system does not reach equilibrium while within the module. The estimated Gypsum
precipitation from a solution of Ca’* & SOi_ — based upon the K, of Gypsum and the activity coefficients of this solution
from iPHREEQC - is derived in S6 for the system in this table.

Alternative permeate flux distribution One method assumes that permeate flux decreases linearly along the RO module.
This causes the concentration to increase exponentially along the RO module. The concentration is quantitatively tracked as the
concentration factor (CF), which describes the concentration a feed corpuscle relative to the influent concentration

initial

F = S1

final 5D
as the quotient of initial to final ionic concentrations (influent vs. effluent) (2), solution masses, or permeate moles. The negative
slope of permeate flux is calculated between the first cell 1 and the last cell n

(AD, — AD)
. .
The permeate fluxes in these border cells, A®; and A®,, are calculated through a system of equations. One of these equations

AD, AD, + AD
Aq)e _ module _ n ;" 1 (S3)
n

equates two definitions of the average permeate flux per cell e: 1) AD, = % from the total permeate flux over the module

slope = (S2)

AP, iuie, and 2) %, as the average between the border cells. The other equation is the definition of relative pressure loss
over the RO module (3; 4) (HL;0 < HL < 1) per ??,

AD, = Ad; * (1 — HL), (54)

which is ~ 10% for most RO modules (5). The substitution of eq. (S4) into eq. (S3) — given HL, A®,,,,4,1., and n — permits
calculating A®; and AP, the flux slope of eq. (S2), and subsequently A®, from a linear expression of permeate flux per
module cell

AD, = (slopexe+ Ady). (S5)
The calculation sequence for this permeate flux method is summarized:

1. Define HL, A®,,,4,1., and n
2. Calculate the permeate flux slope [egs. (S2) to (S4)]

3. Calculate the permeate flux in each cell e [eq. (S5)]
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Effluent brine concentration over time
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Figure S1. Brine formation while slicing through either a) time at the final cell or b) distance at the final time. The end
concentrations slightly differ between these two simulation perspectives, where the all_time perspective calculates the true end
of the last cell while the all_distance perspective calculates the mid-point of the last cell and thus has a slightly lower
concentration. The brine represents desalination of the Red Sea through the BW30-400 module.
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Scaling over all_time
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Figure S2. Scaling while either slicing through a) time at the final cell or b) distance at the final time. The underlying
simulation was of the Red Sea through the BW30-400 module.
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Figure S3. Predicted scaling of the Red Sea at CF, f fjyen; = 1.114 via the linear CF (top) and linear permeate (bottom) flux
methods. The exponential increase in CF that results from the linear permeate method skews scaling to the module end, relative
to the linear CF method. This subtle difference in scaling distribution, nevertheless, neutralizes over the entire module and both
methods quantitatively predict the same quantity of scale, which is elaborated in ??.
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ca®t + SO; = CaSOy

I 0.3545 1.816 0
C | —0.01859 —0.01859 -+0.01961
F 0.3360 1.797 0.01961

Table S2. Gypsum precipitation according to the ICE (Initial, Change, Equilibrium) framework, except that “Equilibrium” (E)
is replaced with “Final” (F) since the system does not completely reach equilibrium within the RO module. The 5%-error in
row C, between the changes in ionic and Gypsum moles, suggests a subtle discrepancy in mass balance of PHREEQC; however,
this is attributed to PHREEQC printing values before diffusion is incorporated in the calculations, per David Parkhurst.

2.1 ICE table calculations
The expected precipitation in the ICE table of Table S1 was determined as x in the following derivation:

Kyp = lace+ —x]l * [aso}( —x]l
Kyp = (y+[Ca®*] —x) % (y*[SO; 7] —x)
10749 = ((0.19%0.020594) — x) * ((0.06 % 0.105462) — x)
107438 = (0.003913 — x) * (0.00633 — x)
10748 =2.477E —5—0.01024 + X>
0=—1.54E —6—0.01022x + x*

0.181 moles

17.67 kg water

(56)

. x=0.0104 molal =

The activity coefficients (y) for Ca>t and SOZ‘ were sourced from PHREEQC for this specific solution system. The 17.67 kg
mass of water corresponds to the mass maximum capacity of the simulated BW30-400 module.
The predicted precipitation in the presented ICE table of Table 1b (gypsum_pore_volume) are similarly derived:

cells_per_module

_ _vol = 1l _shifts
gypsum-pore-volume = gypsum.all_shifts total _simulation_shifts

n
Gypsumy;)
; 51 (ST

12
8235 =
*51

0
0.194 moles .

The 53 12 fraction normalizes the quantity of scaling to that from a single pore volume through the module, instead of assessing
the complete accumulation of scale from all pore volumes.

2.2 Evaporation versus transport desalination

The mechanism of concentrating a solution, either via evaporation or desalination, should not alter scaling predictions, ceterius
paribus. Figure S4 contrasts scaling predictions from evaporation and desalination of the Red Sea, where the two mechanisms
are approximately equivalent. Differences are postulated to originate from transport advection that is absent in evaporation.

3 In-series RO arrangements

In-series arrangements of multiple RO modules are represented by compounding individual modules. We determined that
this approach is preferential to amplifying the characteristics of a single RO module — such as those in Table S3 of the DOW
FILMTEC BW30-400 RO module similar to other models (1) — by a scalar r = %’“Al;’lim where AD,,.11i—module 18 the total
permeate flux of the multi-module system. The substitution of CF,,,;;; for CF, and AD,,,,.11i—modure for . into eq. (9) permits

calculating the AD,;,,11i—module-
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Evaporation scaling from the red_sea
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Figure S4. Scaling while a) evaporating and b) desalinating the Red Sea. The two scaling predictions are qualitatively similar,
however, even after accounting for the accumulation amongst different pore volumes, the evaporation predictions (3.36g) are
less than those of the reaction transport simulation (5.27g). The difference may be the absence of advection in the evaporation
analysis.

711



Parameter | Value | Source |
Module (m)
length 1.016 BW30-400 (6)
diameter 0.201 BW30-400 (6)
permeate tube diameter 0.029 BW30-400 (6)

Membrane (mm)

filtration layer 0.00025 (7; 8)
Feed spacer 0.8636 BW30-400 (6) & (9)
Permeate spacer 0.3
Polysulphonic layer 0.05
Support layer 0.15
Windings (m;th) 86 BW30-400 (6)

Membrane cross-section (m?)

Module

Feed channel

Permeate tube
Filtration section

0.0317 BW30-400 (6)
0.000661 BW30-400 (6)
0.0311 BW30-400 (6)
0.0157 BW30-400 (6)

Feed channel capacity

Volume (m?)
Mass (kg)

0.0159
15.86

BW30-400 (6)
BW30-400 (6)

Fluid flow ()

second

Permeate
Max Feed

0.000463
0.00442

BW30-400 (6)
BW30-400 (6)

Table S3. Default dimensions of an RO module, with corresponding citations, that are primarily based upon the DOW
FILMTEC BW30-400 RO module, following precedence from other software (1).

4 Water bodies

Feed parameters for an arbitrary water source can be composed by emulating the structure of the default feed parameter files that
are provided with ROSSpy. Literature sources in Table S4 may be curated to construct feed parameter files for the respective

feed sources.

\ Water body

\ Geochemical measurements

Indian Ocean

North Atlantic
Baltic Sea
North Pacific
South Pacific

General natural waters
Mississippi Salt Dome Basin

Sargasso Sea (18;19)
South China Sea (20; 21; 22; 23; 24)
Greek Coast (25; 26; 27)
Toyko Bay (28)
California Coast (29; 30; 31)

(41;42)
(43; 44)
(45; 46)

(54)

(10; 115 125 13; 14; 15; 165 17)

(32; 33; 34, 35; 36; 37, 38; 39; 40)

(47, 48; 49; 50; 51; 52; 53)

Table S4. Proposed literature of potential feed water that can be adapted into parameter files for simulation in our model, or

specifically ROSSpy.
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