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ABSTRACT

Explicitly incorporating the effects of chemical phenomena such as chemical pretreatment and
mineral scaling during the design of treatment systems is critical; however, the complexity of these
phenomena and limitations on data have historically hindered the incorporation of detailed water
chemistry into the modeling and optimization of water desalination systems. Thus, while qualita-
tive assessments and experimental studies on chemical pretreatment and scaling are abundant in
the literature, very little has been done to assess the technoeconomic implications of different
chemical pretreatment alternatives within the context of end-to-end water treatment train optimi-
zation. In this work, we begin to address this challenge by exploring the impact of pH control during
pretreatment on the cost and operation of a high-recovery desalination train. We compare three
pH control methods used in water treatment (H>SOa4, HCI, and CO) and assess their impact on the
operation of a desalination plant for brackish water and seawater. Our results show that the impact
of the acid choice on the cost can vary widely depending on the water source, with CO2 found to
be up to 11% and 49% more expensive than HCI in the seawater and brackish cases, respectively.
We also find that the acid chemistry can significantly influence upstream processes, with use of
H2S0a4 requiring more calcium removal in the softening step to prevent gypsum scaling in HPRO
system. Our work highlights why incorporating water chemistry information is critical when evalu-
ating the key cost and operational drivers for high-recovery desalination treatment trains.
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INTRODUCTION

There is growing interest in transforming the linear
water economy to a circular water economy, where
wastewater is treated for reuse while contaminants are
recovered as valuable products [1]. This paradigm shift
would significantly reduce freshwater withdrawals and
wastewater discharges to the environment and could en-
able distributed treatment, minimizing transportation
costs and externalities. However, technological ad-
vances are needed to reduce the energy use and cost of
high-recovery treatment trains, which are essential for
circular water treatment and minimizing brine generation
in inland water reuse applications.

https://PSEcommunity.org/LAPSE:2024.1535

Modeling high-recovery treatment trains is chal-
lenging due to complex water chemistry phenomena. As
more water is recovered, the concentration of dissolved
solids will eventually reach saturation, and the solids will
precipitate out of solution. This precipitation can result in
mineral scaling on the surfaces of equipment and dam-
age them [2, 3]. While mineral scaling can be prevented
or delayed through pretreatment, traditionally with
chemical precipitation or the addition of antiscalants, it is
critical to explicitly incorporate precipitation and mineral
scaling predictions in technoeconomic assessments in
order to relate the extent of pretreatment with the water
recovery of the system. However, the complexity of
these phenomena and limitations on data have
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historically hindered the incorporation of detailed chem-
istry into process-scale water treatment models, partic-
ularly for novel, high-recovery systems.

We previously developed a framework for integrat-
ing detailed water chemistry into the design of water
treatment systems using data-driven surrogates [4]. We
demonstrated that scaling mitigation using chemical ad-
dition is a substantial component of process cost and a
requirement for achieving high recoveries in desalination
treatment trains, and that chemical pretreatment must be
explicitly accounted for in process design. However, de-
spite a significant body of work on scaling and chemical
pretreatment [5, 6], little has been done on assessing the
technoeconomic implications of different chemical pre-
treatment alternatives within the context of end-to-end
water treatment train optimization. This gap in the litera-
ture hinders the development of comprehensive optimi-
zation strategies that can effectively integrate chemical
pretreatment with other treatment processes to achieve
cost-effective desalination.

In this work, we begin to address this knowledge
gap by exploring the technoeconomic implications of one
important chemical pretreatment decision in high-recov-
ery desalination: pH control. The pH of water entering a
reverse osmosis (RO) treatment train impacts both min-
eral-scale formation and membrane longevity, making pH
control critical. Using WaterTAP [7], an open-source tool
for modeling desalination and water treatment systems,
we conduct an in-depth operational and economic as-
sessment of post-softening pH control using acidification
in water treatment. We compare three commonly used
acids, H2S04, HCI, and COg, for pH control based on sys-
tem cost, system operation, and safety for an emerging
high-recovery desalination technology. Our results show
that the choice of pH control acid can significantly impact
costs and should account for the feedwater and acid
chemistries, highlighting why water chemistry incorpora-
tion at the design stage of water treatment systems is
critical. Through our analysis, we provide qualitative in-
sights to guide decision-making on achieving high-re-
covery desalination.

METHODOLOGY

This section describes the desalination train, our
modeling approach, and our optimization problem formu-
lation for cost-optimal system design.

System Description

We investigate the impact of pH control choice on
high-recovery treatment trains for brackish and seawater
sources. We consider a medium-sized plant (5000
m3/day); feedwater compositions are provided in Table 1.

Fig. 1 shows the schematic for our desalination train.
Our proposed high-recovery treatment train uses high-
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pressure reverse osmosis (HPRO) technology, an emerg-
ing process for water desalination that allows RO sys-
tems to operate at significantly higher pressures than the
85-bar limit of traditional seawater RO, thus enabling
higher recoveries [8, 9]. Recent work has shown that
HPRO can be more energy efficient and cheaper than
other high-recovery alternatives [8, 10]. For our case
study, we explore the viability of HPRO technology with
chemical pretreatment.

Current seawater RO systems are limited to 50% re-
covery [11]; pretreatment allows the desalination system
to increase water recovery before mineral scaling occurs.
Our chemical pretreatment is done in two steps: soften-
ing followed by acidification [5]. First, soda ash (Na2COs)
addition softens the water by removing calcium ions as
CaCO0:s. Next, acid addition lowers the pH. To assess the
impact of pH control on HPRO performance, we consider
three acidification alternatives: CO2, H2SQO4, and HCI.

The pretreated water goes through RO/HPRO,
where clean water is produced. Energy is recovered from
the high-pressure waste via an energy recovery device
(ERD), improving the energy efficiency of the process.

Table 1: Plant feedwater conditions

Brackish Seawater
Capacity (m3/d) 5000 5000
Temperature (°C) 25 25
Pressure (bar) 1.013 1.013
Na* (mg/L) 739 10556
K* (mg/L) 9 380
Ca?* (mg/L) 258 400
Mg?* (mg/L) 90 1262
Cl- (mg/L) 870 18980
S0;~ (mg/L) 1011 2649
HCO3 (mg/L) 385 140
pH 7.07 7.56

HPRO Modeling

The HPRO system model was developed using Wa-
terTAP, an open-source Python framework for the simu-
lation and optimization of water treatment trains, built
upon the Pyomo-based IDAES Integrated Platform [12].
We develop the HPRO system as a greybox model, com-
bining mechanistic models for desalination components
with surrogate models for water chemistry. The surro-
gates compute functions for the desired chemical phe-
nomena that are added to the EO model formulation.

Physics-based models of the desalination compo-
nents (RO, pumps, and ERD) are implemented using Wa-
terTAP’s model library which includes unit and costing
models for the components. Detailed equations for each
of the components may be found in Atia et. al. [13].

Detailed water chemistry and thermodynamic infor-
mation are necessary to predict the impact of chemical
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Table 3: Cost parameters for softening and acidification.

Figure 1: Schematic of the high-recovery treatment train showing surrogate insertion points. For softening and
acidification, the surrogates predict the effluent pH and solids concentration directly from the decision variables
(pretreatment chemical doses). For scaling, the surrogates predict scaling tendencies at the outlets of the RO
units, with the inputs based on the upstream conditions and the RO operating conditions (pressure, recovery).

10.027x + 19,287,x = ft3

Chemical Capital cost Operating costs Source(s)
Na,COs 12985x%5%01; x = Ib/day Chemical cost: $0.19/kg [16, 17]
H2S04 -0.0029x2 + 48.434x + 22,648; x = gpd Chemical cost: $0.12/kg [18-20]
HCI -0.0029x2 + 48.434x + 22,648; x = gpd Chemical cost: $0.17/kg [18, 21]
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pretreatment in membrane systems. We incorporated the

required water chemistry information into our WaterTAP

model using surrogate models. As shown in Fig. 1, surro-
gates are used to represent three types of chemical phe-
nomena in our process:

1. Softening - softening precipitates CaCOs from solu-
tion, changing the feedwater pH. The surrogate pre-
dicts the CaCOs concentration and pH as functions
of the Na>COs concentration added to the feedwater.
Distinct surrogates were developed for brackish wa-
ter and seawater.

2. Acidification — the acidification process regulates the
pH for desalination. For each acid (CO2, H2SOa, HCI),
we develop surrogates that predict post-acidifica-
tion pH based on Na2COs and acid dose.

3. Mineral scaling — mineral scale formation limits the
water recovery attainable in membrane systems. We
develop surrogates to represent the scaling ten-
dency (ST), which is the thermodynamic driving
force for precipitation [2] and predicts whether scale
formation will occur under specific conditions. A
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value of ST>1 indicates that scaling will occur. We
monitor scaling at the RO outlet, with the scaling ten-
dency dependent on the pretreatment conditions
(Na2CO3 and acid doses) and RO operation (recov-
ery, RO pressure). The scalants of interest are calcite
(CaCO0:s), gypsum (CaS04.2H20) and CaSOa..

Water chemistry data is obtained from OLI [14], a
water chemistry software that provides first-principles-
based equilibrium calculations and chemistry models for
electrolyte and non-electrolyte streams. To generate
surrogate training data, we sweep across the decision
variables for each acid; ranges for the decision variables
for each acid and water source are shown in Table 2.

We used the PySMO software [15], part of the
IDAES-IP, to generate surrogates for the chemical phe-
nomena of interest. PySMO provides several surrogate
methods, including radial basis functions (RBFs), Gauss-
ian process models, and polynomial regression. For this
application, we used RBFs because they had the best
performance and are, in our experience, robust.
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Optimization Problem

For each water source and acid choice, the objec-
tive is to minimize the levelized cost of water (LCOW) of
the system:

CRF=*capital cost+ annual operating cost [$/yr] (1)
Treated water volume [m3/yr]

rr}iin LCow =

where d is the vector of decision variables (Na2COsdose,
acid dose, water recovery, and RO pressure), and CRF is
the capital recovery factor (set at 0.1).

Constraints on the optimization problem include:

= equality constraints representing the mechanistic
models of the HPRO train components (pumps,
RO, ERD).

» inequality constraints representing operational
limitations of RO systems. The inlet crossflow
velocity is limited to a maximum of 25 cm/s, the
minimum allowable salt rejection in the RO is
constrained to 98%, and maximum operating
pressure of RO1 is limited to 85 bar.

» inequality constraints that ensure that no scale
formation occurs based on the scaling tendency
surrogates ST;:

ST,(d) < 1Vs € [CaSO,, CaC0s, CaS0,.2H,0] (2)
The optimization problems are solved with IPOPT
[26] using the MA27 linear solver in WaterTAP.

Table 2: Decision variable ranges and surrogate metrics.
For the softening and acidification surrogates, we pre-
sent the Rz and maximum absolute errors.

Range
Variable Brackish Seawater
Na2COs, mg/L 0-750 0-1200
Pressure, bar 10-110 50-300
Recovery 50-90% 50-87%
CO2, mg/L 0-300 0-50
H2S04, mg/L 0-150 0-50
HCI, mg/L 0-150 0-50
Surrogates Metrics (R%, MaxAE)
Softening pH 1.00, 0.03 1.00, 0.02
Softening CaCOs, 1.00, 7.59 1.00, 5.07
mg/L
Acidification pH (CO2) 0.99, 0.01 0.99, 0.05
Acidification pH 0.99, 0.01 0.99, 0.04
(H2S0a4)
Acidification pH (HCI) 0.99, 0.01 0.99, 0.03
Min ST classification >99.2 >99.2

accuracy (%)

Cost parameters for the different pretreatment op-
tions are shown in Table 3. The capital cost of CO: is
made up of two components: the cost of the feed equip-
ment and the cost of the recarbonation basin. All costs
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were converted to 2018 dollars using the CEPCI cost in-
dex. Acid purities of 99.5%, 93%, and 30% are considered
for CO2, H2SO. and, HCI respectively [6, 16, 23], while
the liquid CO2 is assumed to be at -18°C and 20.4 atm [5].
It should be noted that the capacities in our optimization
problem are treated in a continuous manner, with the in-
stalled capacities for pretreatment assumed to be equal
to the minimum capacities required for daily operation.

RESULTS

Surrogate Performance

Table 2 summarizes our surrogate performance. For
the softening process, RBF models with 13 terms were
found to sufficiently capture the curvilinear relationship
between the input (Na2COs dose) and outputs (CaCOs
precipitation and pH), with R?~1 and the mean absolute
errors below 1 mg/L and 0.004 for both water sources.
The maximum prediction error is 7.59 mg/L for precipita-
tion and 0.03 for pH.

For post-acidification pH, the final RBF surrogates
are trained on 100 training points, with the models pre-
dicting within +0.05 (less than 1%) of the true pH values
observed from OLI. This level of accuracy makes the sur-
rogates useful for comparing directly between the pH
values of the different acids considered.

For mineral scaling, the most important factor is ac-
curately determining whether or not scaling will occur.
Thus, the critical performance metric for the scaling ten-
dency surrogates is the accuracy in classifying potential
operating scenarios into scaling or non-scaling. As shown
in Table 2, our scaling tendency surrogates have >99%
accuracy in discriminating between scaling/non-scaling
cases. This means that our surrogates are accurate
enough to provide the optimization model with accurate
information about the operational feasibility.

Impact of Acid Choice on Cost

Figure 2 shows the optimal cost profiles for the dif-
ferent acids across a range of water recoveries for the
two water sources. Our model results show that (a) there
is a marked increase in cost beyond 66% and 74% recov-
ery for brackish water and seawater, respectively; (b) the
choice of acid for pH control has a greater impact on
brackish water than seawater.

The cost profiles follow the same pattern: a regime
where the cost profile is essentially flat, followed by a re-
gime where the costs increase with recovery in a curvi-
linear manner. The flat regime corresponds to a region in
which only pH control is required to prevent mineral scal-
ing, and no softening is required (Na2COs dose=0). As re-
covery increases, however, pH control becomes insuffi-
cient to prevent mineral scaling, and Ca removal using
softening becomes necessary. At this point, the LCOW
increases rapidly, with softening costs dominating the

Syst Control Trans 3:253-260 (2024) 256



1.0

—e— C02
H2504
—— HCL

- CO2
| H2504
—=— HCL

50 55 60 6 0 75 80 85 %
Recovery (%)
(a) Brackish

Figure 2: Cost profiles for (a) brackish (b) seawater with different pH control acid choices.

50 55 60 6 R 80 85 )
Recovery (%)

(b) Seawater

cost profile. Softening begins at about 64-66% and 74%
for brackish and seawater, respectively.

CO: is the most expensive acid choice for both wa-
ter cases. For brackish water, the cost difference be-
tween CO2 and H2S04 is as high as 49% in the no-soften-
ing region. For seawater, the difference between the
costs of the three acids is much lower, particularly at the
higher recoveries. CO: is still the most expensive, being
almost 11.5% higher than H2SO4 in the no-softening re-
gime and up to 5% higher in the high recovery, softening
regime. The difference between the magnitudes of the
effect of pH control on costs in our two water sources
emphasizes the fact that feed water chemistry plays an
important role in the acid choice for pH control.

Comparing the cost profiles for HCI and H2SO04 for
the Brackish water case yields interesting results. We find
that H.SOs is cheaper than HCI at low recoveries (when
softening is not needed) and high recoveries (> 76%).
This finding agrees with the literature [6]. However, our
results also show that in the mid-recovery regime of 66-
76% (at low soda ash dosing requirements), pH control
with HCl is cheaper. This results from sulfate-based scale
formation that is promoted by the addition of H2SO4 and
is discussed in detail in the section below.

It should be noted that while our results consistently
show CO:2 as the most expensive of the three acidification
options, we do not consider the cost of handling, moni-
toring, and extra maintenance costs necessary when us-
ing H2S04 and HCI, which may be significant due to their
corrosiveness. These additional costs, when combined
with the uncertain nature of CO: costs [4], suggest that
CO2 may be cost-competitive with HCI and H2SO. under
best-case cost scenarios and thus should remain under
consideration as an acidification option.

Impact on HPRO Operation

Softening
Fig. 3 shows the optimal Na.COs doses for the
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brackish water case. The softening profiles mirror the
two-regime nature of the cost profiles — a flat regime with
no softening, followed by a regime where more Na2COs
is increasingly required to reach higher recoveries.

CO2 and HCI require the same extent of water softening
(same soda ash dose, resulting in the same amount of
calcium removal), while use of H2SOa4 requires a higher
degree of softening. This is because H2SO4 increases the
sulfate concentration of the stream, which favors sulfate-
based scaling. Thus, additional calcium ion removal is re-
quired to counteract the sulfate ion increase and prevent
gypsum scaling in the RO membrane. The additional cal-
cium removal required when using H2SO4 depends on the
recovery, varying from 2-41% across the recovery range.
The challenge with gypsum scaling when using H2SO4
also means that Na>COs dosing for gypsum scaling con-
trol starts earlier than with the other acids. This finding
agrees with the literature which suggests that using HCI
may be preferred when calcium sulfate or barium sulfate
scaling is a concern [6].

The increased soda ash consumption to prevent
gypsum scaling when using H2SO4 for acid control is re-
sponsible for the high LCOW values (compared to HCI)
observed with H2SO4 between 66-76% for the brackish
water case. At low Na2COs doses, the additional soften-
ing costs incurred when using H.SO4 have a significant
impact on the LCOW. However, past 76%, the costimpact
of the additional softening required with H2SO4 is over-
shadowed by the overall cost of pH control pretreatment
required to satisfy recovery targets, and H2SO4 becomes
the cheapest option due to its higher purity and lower op-
erating costs relative to HCI.

Our results show that softening is primarily required
to control gypsum scaling: the recovery at which Na2COs
dosing starts corresponds to when the gypsum scaling
tendency constraint becomes active in the optimization
problem (STyypsum = 1.0). Our results also show that the
softening step cannot be designed independently of the
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downstream chemical operations (e.g. acidification). For
the seawater case, softening begins at 74%, with Na>COs
consumption levels the same for all acids.
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Figure 3. Na:COs concentration profile (left axis) and
additional Ca removal required when using sulfuric acid
(purple, right axis) for Brackish case.

pH control

Fig. 4 shows acid dose profiles for the two water
sources. Seawater requires significantly less acid addi-
tion for pH control than brackish water despite its lower
starting pH. The high acid requirement in the brackish
case is due to its high bicarbonate concentration com-
pared to the seawater source (see Table 1), which pro-
duces a buffering effect [24]. The cost-optimal acid
doses required for the brackish water cases are between
4-6 times greater than that for seawater when using
HCI/H2S04, and 7-10 times greater with COz. The low acid
consumption in the seawater case contributes to why the
choice of acid has a smaller effect on the cost profiles.
For both water sources, control with CO: requires the
highest acid dosing, requiring more than three times the
HCI dosing at the highest recovery in the brackish case.
The dosage requirements reflect the strengths of the ac-
ids: HCI and H2S04 are strong acids (Ka>1) and thus re-
quire lower acid dosing, while the carbonic acid formed
by CO: is a weak acid (Ka<1), meaning that higher con-
centrations are required. Our analysis of the scaling be-
havior indicates that pH adjustment is the preferred
mechanism for controlling calcite scaling, with the calcite
scaling tendency constraint active (ST.qsite = 1.0) in the
optimization problem over the entire recovery range.

Fig 5. shows the pH exiting the pretreatment stage after
acid addition for the Brackish case. Again, we find one
acid behaving differently from the other two. HCI and
H2SO4 drop the pH to similar values across the range.
However, using CO2 necessitates dropping the pH lower.
We observed the same pattern in the seawater case (not
shown). The reason for this is that CO; addition increases
the carbonate ion concentration of the stream, favoring
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more calcite scaling. Since pH control is the mechanism
for controlling calcite scaling in the system, the pH must
be lowered more than in the HCI and H2SO4 cases to
combat the effect of the higher carbonate concentration.

The results of our analysis of the pretreatment pro-
cess show that while choosing H2SO4 for pH control im-
pacts gypsum scaling and the operation of the softening
step, choosing COz impacts calcite scaling and the pH of
the feedwater to the desalination train. These findings on
CO2 and H2SO4 underscore why water chemistry incor-
poration at the design stage in water treatment is critical.
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Figure 4. Optimal acid doses for brackish and seawater.
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Figure 5. pH post-acidification for Brackish case.
Safety considerations

Safety is a critical factor to consider when dealing with
acids in water treatment due to the requirements for
onsite storage. Fig. 6 shows onsite acid storage
requirements for ten days of plant operation (ten-day
storage assumption adopted from [18]). Despite requiring
the lowest acid dosing requirements (Fig. 4), HCl requires
the highest storage capacity in the seawater case and
the joint highest in the brackish case. This is due to its
low purity compared to the other two alternatives. H2SO4
requires the lowest volume for onsite storage due to its
high density and typical purity at 93%. H2SO4 also causes
less fuming to the atmosphere than HCI, which results in
less corrosion to surrounding metal components [6].
Thus, while the LCOW results are comparable, H2SO4 is
safer than HCI due to its significantly lower storage
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requirements and lower corrosiveness. However, of the
alternatives considered, CO2is the safest choice for pH
control. Unlike H2SO4 and HCI, it is non-corrosive,
reduces pipe clogging, and requires much lower handling
and monitoring costs (not modeled in this work) [25].
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Figure 6. Onsite acid storage for 10 days of operation.

CONCLUSION

We present an assessment of the impact of pH con-
trol pretreatment choices on the cost and operation of a
medium-sized high-recovery RO desalination plant by
comparing three common acidification options (H2SOa,
HCI, and CO3). We find that the impact of the acid choice
on the cost can vary widely depending on the water
source, with the seawater LCOW being significantly less
sensitive to the acid choice than our brackish water
(11.5% vs 49%). Our results show that the choice of pH
control acid should account for the properties of the
feedwater (e.g., buffer capacity), the chemistry of the ac-
ids (e.qg., sulfate vs. bicarbonate anions), and the scalants
of concern. Water sources with calcite scaling as a pri-
mary concern may prefer to avoid CO: acidification, while
H.SOs4 may exacerbate sulfate scaling challenges. Our
findings underscore why water chemistry incorporation
at the design stage of water treatment systems is critical.
The methodology used in this work can easily be applied
to evaluate the benefits of process changes and innova-
tions that allow higher maximum allowable scaling
tendencies or reduce the cost of chemical precipitation
pretreatment. This includes the effect of antiscalants,
which can be incorporated into our methodology by in-
creasing the tendency threshold (i.e., RHS of Eq. 2) be-
yond 1.0, as demonstrated in a previous work [4].

In the future, we will extend this analysis to include
an assessment of alternative chemical softening options.
We will also consider the impact of electrified pretreat-
ment as an alternative to chemical pretreatment.
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