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Abstract

Brackish-water desalination plants of 100,000-600,000 m* d' are being planned, yet the largest
operating brackish plant with published costs we found is about 68,000 m* d™', so Al-assisted designs
at this scale extrapolate. On a physics-based model with Egyptian feed-water presets, NSGA-II and
multi-objective Bayesian optimisation gave equal cost—energy hypervolume, and Bayesian
optimisation covered brine-pond area better than 40-member NSGA-II in all 26 runs. Reinforcement
learning allocated capacity across four sites better than random but not better than a greedy rule. Data-
driven surrogates failed silently beyond their training range; a hybrid that fits a capacity scaling law
cut the error from 3.2% to 0.2% but not when the true scaling changed. Against few large-scale
references, the model’s capital cost was 51% low to 129% high; an element-by-element membrane
simulation (unvalidated) gave 1-118% lower energy use, most at high recovery. Re-optimised with
the simulated energy, the cheapest design needed 50—59% less evaporation-pond area. In a value-of-
information analysis, once ponds were costed, none of eight uncertain cost inputs changed the best
recovery, which was set by the feasible limit. In this study, model uncertainty and missing large-plant
data, not the choice of algorithm, limited how far designs can be trusted.

Introduction

Brackish-groundwater desalination is expanding in water-scarce countries, and the plants being
planned are growing: municipal facilities of 100,000—300,000 m* d* and regional schemes that serve
several sites. Designing them involves decisions that single-objective, single-site tools handle poorly.
Cost, energy use and the land needed for brine disposal compete with each other; capacities lie
beyond the range in which simpler tools were built and checked; and meeting a regional demand
means committing capacity to several sites in turn. We have previously reviewed the techno-
economics of brackish-water desalting' and developed a physics-based design framework for
Egyptian brackish groundwater and agricultural drainage water’; here we use the framework as
common ground truth for comparing artificial-intelligence (AI) methods.

Brackish water is attractive because its salinity, typically about 1-10 g L', is a fraction of that of
seawater, so it can be desalted by reverse osmosis at lower pressure and energy. Of about 95 million
m? d' of desalination capacity worldwide, almost half is in the Middle East and North Africa®, and
inland brackish aquifers are being assessed as a water resource well beyond that region®. Inland plants
cannot discharge brine to the sea. Evaporation ponds are usually the cheapest disposal option where
land is cheap and evaporation is high®, so land becomes a design objective in its own right. Cost is the
other driver. Unit capital cost is expected to fall as plants get larger®, and capacity is the strongest
single predictor of the capital cost of reverse-osmosis plants’, but the size of this economy of scale is
poorly constrained, and costs also fall over time as the industry gains experience®. A designer of a
100,000-600,000 m?* d! brackish plant therefore has to optimise a model whose cost-scaling law has
not been observed at that scale.
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Al has been applied to reverse-osmosis (RO) design along four lines. Machine-learning surrogates of
RO performance now commonly outperform classical response-surface models®!!. Multi-objective
metaheuristics, such as NSGA-II', have been coupled with learned surrogates: a neural network with
NSGA-II mapped energy-recovery trade-offs in brackish RO", particle-swarm search with surrogates
was used for seawater RO design'4, and NSGA-II, particle-swarm and rabbit-optimiser variants sized
renewable-powered seawater RO systems at nine sites in Sinai, Egypt!®. Reinforcement learning'® has
been applied to RO control'” and to the staged design of water-distribution networks'®. Physics-
informed neural networks, which embed governing equations in training, are an emerging alternative'
and have been tested on seawater RO plant data.

A known weakness of data-driven surrogates is extrapolation. Tree ensembles return a constant
beyond the range of their training data, and neural networks extrapolate in ways that depend on their
architecture and initialisation; methods that estimate where a model can be trusted, its area of
applicability, have therefore been proposed?!. Process engineers have long addressed the same
problem with hybrid, or grey-box, models that combine a mechanistic part with a data-driven part*>%,
and the idea has since been generalised as theory-guided data science?* and physics-informed machine
learning®. Such hybrids are expected to extrapolate better because the mechanistic part carries the
known structure. In desalination design, however, the structure that matters most at large scale, the
cost-scaling law, is itself uncertain, and it has not been tested how far a hybrid can be trusted when
that structure is wrong.

Most of these studies apply one family of methods to one problem. What is missing is a like-for-like
comparison of methods on the same model, at matched computational budgets, with repeated runs and
statistics, for the problem classes that matter at large scale. Equally, an optimisation result is only as
credible as the model being optimised, so checking that model against independent data belongs
inside the comparison, not after it. A further gap is specific to scale. We found no operating brackish-
water plant with published costs larger than about 68,000 m* d! (see Results), so both the model
being optimised and any surrogate trained on it must extrapolate, and it is not known whether the
algorithm, the surrogate or the model is the weaker link.

Here we compare four methods on three problems, using one physics-based model with Egyptian
aquifer presets. First, a three-objective design of a single 100,000—300,000 m* d! plant (levelised cost
of water, LCOW; specific energy consumption, SEC; brine-evaporation-pond area) with NSGA-II and
multi-objective Bayesian optimisation (MOBO). Second, surrogate models for 100,000-600,000 m?
d™! plants, including a test of what happens when a surrogate is used outside its training range and a
physics-structured hybrid surrogate built to extrapolate. Third, allocation of capacity across four sites
with reinforcement learning, benchmarked against greedy and random policies. We then check the
model against independent data: a global energy—salinity curve®, a regression on 36 real plants®’, a
published 300,000 m* d' design study?® and two small seawater plants?*>°. The study makes three
contributions: a matched-budget, multi-seed comparison of the methods on large-scale problems; a
measurement of silent surrogate failure outside the training range, together with a hybrid surrogate
that combines a fitted capacity scaling law with a learned residual and is stress-tested against
alternative large-scale cost scaling; and a check of the model against all the independent large-scale
data we could find and against an element-by-element membrane simulation. Together they show
where the methods tie, where one is better, and that, for this model and these problems, the
uncertainty in the model mattered more than the choice of algorithm.
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Methods

Physics-based designh model

We used the framework described previously? (Python; released with this paper, see Code
availability). For a given feed salinity, recovery r and permeate capacity Q, it computes intake, feed
and concentrate flows, sizes the treatment train, and estimates feed pressure from osmotic pressure, a
net driving pressure and a friction allowance. Hydraulic power and SEC are

Phya = 0.02778 - Q - Ap / Npump, SEC =24 - Poec / Qp (kWhm™) (1)

with Q the feed flow (m* h™"), Ap the feed pressure (bar), 1Npump = 0.80 and Py the power after energy
recovery. Capital and operating costs are scaled from benchmark values calibrated against an 18-plant
set of operating and planned plants?, and LCOW is annualised capital plus operating cost divided by
annual output, with a capital recovery factor of 0.1175. Evaporation-pond area follows from
concentrate flow and salinity and a net evaporation rate of 2.2 m yr'. The presets are illustrative
composites of published hydrochemistry (Supplementary Table S1). Default recoveries follow the
framework’s rule (0.75-0.85 for brackish presets, 0.45 for seawater). The optional groundwater-lift
term (Supplementary Section S1) was not used because pumping heads were not supplied.

Optimisation problems

Problem 1: minimise F(x) = [LCOW, SEC, pond area] over x = (recovery, capacity), with recovery in
0.50-0.90 (brackish) and capacity in 100,000-300,000 m? d'. Problem 2: regression of LCOW on
(feed salinity, recovery, capacity, water type). Problem 3: choose, increment by increment, which site
receives the next 10,000 m* d™', with at most 15 increments, subject to each site’s capacity ceiling and
pond budget (Supplementary Table S2), minimising the capacity-weighted LCOW of the resulting
system.

NSGA-II

We implemented NSGA-II'? with fast non-dominated sorting, crowding distance, binary tournament
selection, simulated binary crossover (distribution index 15, probability 0.9) and polynomial mutation
(index 20, probability 1/n). The default was a population of 40 for 25 generations (1,040 evaluations);
populations of 20, 80 and 100 with 50, 12 and 10 generations were used for sensitivity. As a check we
ran it on ZDT1 and ZDT2*' (30 variables, population 100, 100 generations) and computed
generational distance (mean distance from each found point to the true front) and inverted
generational distance (mean distance from each true-front point to the found set).

Multi-objective Bayesian optimisation

For each of ten weight vectors w drawn from a uniform Dirichlet distribution, we minimised the
Chebyshev scalarisation

g(x | w) = maxi wi - | fi(x) —z%c| (2)
where z* is the ideal point estimated from eight warm-up evaluations. Each search used a Gaussian-
process surrogate with a Matérn-5/2 kernel*? and the expected-improvement acquisition function™®,
EI(X) = (best = 1(x) = &) - @(2) + 0(x) - @(2), z= (Yvest — H(X) =) /0(x) (3)
maximised over 1,500 random candidates per iteration (§ = 0.01). The non-dominated set of all

evaluated points formed the MOBO front. The budget was matched to NSGA-II (1,048 versus 1,040
evaluations).

Hypervolume

Hypervolume®* was computed against a reference point 1.05 times the largest value of each objective
over the fronts being compared. We report the two-objective value (LCOW, SEC) and the exact three-
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objective value (LCOW, SEC, pond area), obtained by summing two-dimensional hypervolumes over
slabs along the third objective. Fronts were first filtered for non-dominance in all three objectives, so
the two-objective value ignores pond area only in the measure, not in the filtering.

Surrogate models

Training sets were drawn at random over feed salinity (500—15,000 mg L' brackish; 28,000—45,000
mg L' seawater), recovery (0.50-0.90 brackish; 0.35-0.55 seawater), capacity and water type (30%
seawater). The small-range set had 6,000 plants with capacity log-uniform over 2,000—150,000 m* d%;
the large-scale set had 4,000 plants with capacity uniform over 100,000—600,000 m* d™'. Models were
implemented in scikit-learn®>: random forest, gradient boosting (300 trees, depth 3, learning rate 0.05)
and a multilayer perceptron (two hidden layers of 64 and 32 units, or 128, 64 and 32 for the large-
scale set; ReLU, Adam, standardised inputs, early stopping). We report 5-fold cross-validated and
held-out (20%) R?* MAE and root-mean-square error. The extrapolation test compared the two
gradient-boosting models with the physics-based model for a 5 g L' brackish feed at 80% recovery
from 100,000 to 600,000 m* d*.

Hybrid surrogate and scaling stress test

The hybrid first fits the prior LCOW prior =a+a sw s + (b + b_sw s)(Q/Q_ref)*c, where s is 1 for
seawater and 0 otherwise and Q ref = 20,000 m? d', to the training data by non-linear least squares
(SciPy curve fit), and then fits gradient boosting (300 trees, depth 3, learning rate 0.05) to the
residual, using feed salinity, recovery, logio capacity and water type. Its prediction is the sum of the
two. This is the serial form of hybrid semi-parametric modelling, in which the data-driven part
corrects a mechanistic prior’>?*. The comparison models were gradient boosting on raw inputs and on
logie capacity, histogram gradient boosting with a monotone-decreasing constraint on capacity, and a
multilayer perceptron (64 and 32 units) on standardised inputs. Each of five seeds drew 6,000 training
plants (capacity log-uniform over 2,000-150,000 m* d'), 1,000 in-range test plants and 2,000 test
plants with capacity uniform over 150,000-600,000 m? d'; the other inputs were sampled as above,
and targets were unrounded LCOW. For the stress test, the model’s capital-cost scale factor
(Q/Q _ref)*—-0.09 was kept below 150,000 m* d' and continued above it as (150,000/Q ref)"—0.09
(Q/150,000)"e, with e = —0.20 or 0, so the training data were identical in all three scenarios. Both
alternatives are plausible because the framework’s exponent was fitted to plant data with a low
coefficient of determination (R? = 0.09)2.

Element-by-element RO simulation

Each 8-inch spiral-wound element (37 m?) was solved in series along seven-element pressure vessels.
The water flux was Jw = A-TCF-FF-(P — An), where P is the feed-side pressure at mid-element and
An = B-m(C) — n(Cp); the salt flux was Js = B-TCF-(B-C — Cp), with Cp = Js/Jw, C the mean of the
feed and concentrate concentrations, and = = 0.0008 bar per mg L™ of TDS, the model’s own
coefficient, so that the two calculations differ only in process structure. The concentration-polarisation
factor B = exp(0.7r), with r the element recovery, the temperature correction factor TCF =
exp[2640(1/298.15 — 1/T)] and the element pressure drop AP = 0.01q':” (psi, with q the mean feed—
concentrate flow in gpm) are the supplier’s design equations®. A =3.37 L m2h' bar' and B = 0.187
L m2 h! were back-calculated from the datasheet test point of a standard brackish-water element (40
m? d! of permeate and 99.5% rejection at 2,000 mg L' NaCl, 15.5 bar, 25 °C and 15% recovery)?’,
and a fouling factor FF = 0.85 was applied to A. For each recovery the simulation used the lowest-
energy array among one stage (recovery up to 55%), two stages (2:1 vessels, 50-85%) and three
stages (4:2:1, 70% and above), preferring arrays within the element’s pressure rating; all had an
average flux of 22 L m™ h™' as in the model, and the presets’ feed temperatures. The feed pressure
was solved so that the first stage produced its share of the permeate, and each later stage received an
interstage booster only when needed for its share; a variant without boosters solved the feed pressure
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for the total recovery alone. SEC was the hydraulic work of all pumps divided by the permeate
volume, with a pump efficiency of 0.80 and no energy recovery, as in the model. Varying the fouling
factor from 0.70 to 1.0 or the pressure-drop correlation by £50% changed SEC by less than 8%.
Designs were flagged when any element pressure exceeded the element’s 41-bar rating®’.

Re-optimisation with the simulated energy

Problem 1 was solved again with NSGA-II (population 80, 12 generations, about 1,040 evaluations;
seeds 42, 1 and 2) for the five brackish presets, once with the model’s lumped SEC and once with the
simulated SEC at each recovery, everything else unchanged. Designs whose simulated pressure
exceeded the 41-bar element rating were penalised. From each front we report the cheapest design and
the smallest pond area reachable within 1% of the cheapest LCOW.

Value of information

The decision was the design recovery (0.50-0.90 in steps of 0.01) of a 200,000 m* d' plant with
evaporation ponds, and its cost was either the LCOW alone or the LCOW plus the annualised capital
cost of the ponds. Eight inputs were uncertain, with independent uniform distributions: the capacity
exponent of unit capital cost (—0.20 to 0); a multiplier on the capital-cost benchmark (0.6—-1.4); a
weight w on the model’s lumped SEC against the simulated SEC, SEC = (1 — w)-SEC _sim +
w-SEC _model, with w from 0 to 1; the electricity tariff (0.03—0.10 USD kWh'); the non-energy
operating cost (0.30—-0.50 USD m3); the net evaporation rate (1.5-3.0 m yr'); the capital cost of lined
ponds (5-30 USD m™, bracketing roughly 12—-17 USD m™ for a lined pond built to prescriptive
rules®®); and the discount rate (8-14%). For 20,000 Monte Carlo samples we found the cost-optimal
recovery and the minimum cost. The expected value of perfect information (EVPI) is the expected
cost of the best fixed recovery minus the expected minimum cost. The expected value of partial
perfect information (EVPPI) of each input was estimated by grouping the samples into 40 quantile
bins of that input and taking the best recovery within each bin®*. First-order sensitivity indices, the
share of an output’s variance explained by one input*’, were estimated with the same bins, and a
dummy input with no effect gave the noise floor.

Reinforcement learning

The state was each site’s allocation as a fraction of its ceiling plus the remaining-demand fraction.
The policy had one hidden layer of 16 tanh units and a softmax over the four sites, with infeasible
sites masked. It was trained with REINFORCE (analytic policy gradient, moving-average baseline
with factor 0.9, learning rate 0.08, 600 episodes) on the reward -LCOW — 2 x 10~ x (unmet demand
inm?d™):

Vo] =E[ (R—b) - % Ve logme(ac|s)] (4)

The greedy policy chose the feasible site with the lowest marginal LCOW; the random policy chose
uniformly among feasible sites. Recovery was fixed at each preset’s default. We used 20 training
seeds, and one random episode per seed. In the coupled version, the sum of the four sites’ required
pond areas was limited to a fraction f of the sum of their budgets, infeasible actions were masked, the
state gained the fraction of the shared budget used, and f was set to 1, 0.55, 0.50, 0.49 and 0.48.

Verification of the NSGA-Il and REINFORCE implementations

Because NSGA-II and REINFORCE were implemented from scratch, we checked NSGA-II on the
ZDT1 and ZDT2 benchmarks?®!, whose Pareto fronts are known analytically. It reached generational
distances of 0.0031 and 0.0024 (inverted distances 0.0047 and 0.0048), below the 0.01 usually taken
as converged (Supplementary Fig. S3). Among the REINFORCE settings we tried (one seed), 600
episodes at a learning rate of 0.08 performed best (LCOW 0.7287, against 0.7378 for 150 episodes,
0.7392 for a learning rate of 0.02 and 0.7313 for 0.15; Supplementary Table S9).
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Statistics

Paired per-seed comparisons used the Wilcoxon signed-rank test*' in SciPy*>. MOBO took about 100
s per run in our environment, so the two-objective hypervolume used ten seeds (El Moghra), and the
three-objective hypervolume ten seeds for El Moghra and four for each of four other presets (Nile
Delta shallow, Western Desert, Sinai coastal, Nile Delta drainage); the Wilcoxon test was applied to
the 26 pooled ratios, which treats runs as independent although runs share presets. All tests were two-
sided with the exact p value reported (for example, 3 x 1078 is 2/2%, the exact two-sided value when
all 26 ratios fall on the same side). Values written as mean + s are sample standard deviations across
seeds (n = 20 training seeds for the reinforcement-learning results).

Independent data

Rosa et al.?®: we used the source-data file (sheet “Figure 17: salinity and energy, 51 points, 2—52 ppt;
1 ppt taken as 1 g L™"). Its cost column equals energy multiplied by a constant 0.0843 USD kWh™!
(checked to six decimals), so it is not a full LCOW and was not compared with ours. Below 2 g L™
the curve was extrapolated linearly and flagged. Stillwell & Webber?’: their municipal-scale
regression of SEC on year of operation (YR), raw-water TDS (crw) and product-water TDS (cpw) for
36 plants (R? = 0.86) is printed as SEC = 260 — 0.13 YR + 8.3 x 107 ¢rw — 2.4 x 107 cpw, with
coefficients “rounded to two significant figures”. The year term (0.13 x about 2,000) is then uncertain
by about +£10 kWh m™ through rounding alone, and the printed equation does not reproduce the
authors’ own Carlsbad example (3.5 kWh m™): it gives 0.1. We therefore used only the partial slope
for raw-water TDS, 8.3 x 10° kWh m™ per mg L' (0.083 per g L™"). The 300,000 m* d' design
study®® is a conceptual system sized and costed with design software. We computed its RO-train SEC
from the pump powers in its Table 6 (12,622, 626 and 2,502 kW) and its RO permeate (270,000 +
18,000 m* d '), its whole-system electricity as 1.47 x 108 kWh y' (its Table 8) over 300,000 m?* d' x
365 d x 0.9, or equivalently from its listed powers (18,188 kW) over 294,000 m* d™' of product, and
its costs from its Tables 7-9 (capital cost 116,405 thousand USD; operating cost 47,955 thousand
USD y'). Recoveries are the design values (90% and 60% in the two RO stages). The Hurghada
values are from two vendor case studies?®’; the 2.2-2.5 kWh m™ figure is the operator’s reported
average, and neither source is an independent measurement.

Scale test on operating plants: the model’s non-energy operating cost constant was set to the median
over the eight Texas plants of 25,000 m* d™' or less with a reported tariff, and capital and operating
cost power laws were fitted to the small plants by least squares in log—log space. Predictions were
made for the five operating plants of 40,000 m* d™* or more (Florida tariff assumed 0.08 USD kWh;
0.06—0.125 shifted the predicted operating cost by —0.01 to +0.03 USD m™3). Only one large plant has
a capital cost, so that comparison is a single case. Capital costs are in nominal USD of different years
across sources.

Results and discussion

The physics-based model sizes pretreatment, membrane stages, post-treatment and brine management
and returns SEC, capital and operating cost, LCOW and pond area for a given feed salinity, recovery
and capacity (Methods). We use five Egyptian brackish presets (feed salinity 1.8—8 g L™') and a Red
Sea seawater preset (Supplementary Table S1). Unless stated, SEC is the membrane-train value and
excludes groundwater lift.

NSGA-Il and MOBO find the same cost—energy trade-off but differ in coverage of pond
area

We optimised recovery and capacity (100,000-300,000 m3 d') for the El Moghra preset (5 g L™)
against LCOW, SEC and pond area, using NSGA-II (population 40, 25 generations, 1,040 model
evaluations) and MOBO (ten Chebyshev-scalarised Bayesian searches, 1,048 evaluations). Both
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reached LCOW of 0.689-0.751 USD m™= and SEC of 1.00-1.83 kWh m~ (Fig. 1a). In the LCOW-
SEC plane the hypervolume** of the two fronts was equal to within 1075 in all ten seeds (0.091683 +
0.000165 for both; paired Wilcoxon signed-rank test*!, p = 1.00; Supplementary Table S3). In the
model, land rather than cost is the main trade-off: along a front on which LCOW varies by only 0.062
USD m™ (9%), pond area spans 185-2,563 ha. The hypervolume is the volume of objective space that
a front dominates up to a reference point; it rewards both closeness to the true front and spread along
it, and is the standard single-number measure for comparing multi-objective optimisers®.

The methods differ in how they describe the front. NSGA-II returns 40 points by construction and
MOBO 269, many of which are non-dominated only because they differ in pond area. The difference
follows from how the methods work. NSGA-II keeps a population of fixed size and, each generation,
discards solutions that are dominated or crowded. MOBO, like ParEGO*, turns the objectives into a
single one with a different weight vector in each search and keeps every point it evaluates, so its
archive fills in parts of the front, here large pond areas, that a small population thins out. When pond
area is included, the three-objective hypervolume of NSGA-II with a population of 40 was smaller
than that of MOBO in every one of 26 runs (ten seeds for El Moghra and four seeds for each of four
other presets; median ratio 0.950, range 0.917-0.985; Wilcoxon signed-rank p = 3 x 107%; Fig. 1b;
Supplementary Tables S4 and S11). The gap depended on the preset, with a median ratio of 0.923 for
the shallow Nile Delta aquifer and 0.978 for the Sinai coastal aquifer. Population size appears to
account for most of it: at about the same budget (1,040—1,100 evaluations), a population of 100
reached a median of 0.985 of MOBO’s value (range 0.970-0.997), which is closer but still below 1 in
all 26 runs. In the single-seed El Moghra test, populations of 80 and 100 reached 0.992 and 0.993,
whereas a population of 20 reached 0.928. MOBO’s front extended to larger pond areas (up to 2,724
versus 2,563 ha). One NSGA-II run took about 2 s and one MOBO run about 100 s in our
environment, because the Gaussian-process fits dominate MOBO’s cost.

NSGA-II and MOBO found the same cost—energy trade-off, and their difference lay in the third
objective: MOBO’s archive-based front covered pond area more fully than a 40-member NSGA-II
population in all 26 runs, and a population of 80—100 removed most, but not all, of that gap (median
1.5%). In practice, NSGA-II with a population of at least 80 is the cheaper default here. Our problem
has only two decision variables and smooth objectives, so it does not test the regime in which
Bayesian optimisation is expected to help most, namely many variables and expensive evaluations.
Bayesian optimisation was developed for that regime, where each evaluation takes minutes to hours
and the overhead of fitting the surrogate is negligible®; coupling the framework to element-by-
element membrane simulation, or adding membrane type, staging and pretreatment as decision
variables, would create it.
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Figure 1 | Multi-objective design of a 100,000-300,000 m* d! plant (E1 Moghra preset). a, Points in the LCOW-SEC plane
found by NSGA-II (population 40, 1,040 evaluations; blue) and MOBO (1,048 evaluations; orange). MOBO points that
appear dominated differ in pond area. b, Ratio of NSGA-II to MOBO hypervolume in the three-objective space (LCOW,
SEC, pond area) for four NSGA-II population sizes at about 1,040 evaluations (seed 42, blue) and for population 40 in the
first three El Moghra seeds (purple; all 26 runs are in Supplementary Table S11). A ratio below 1 means MOBO covers
more of the objective space.

A surrogate trained on a smaller range fails silently outside it

Surrogates are used to speed up design-space search, but tree-based models cannot extrapolate. A
regression tree predicts a constant in each leaf, and the leaf that holds the largest training capacities
also holds every larger capacity, so beyond the training range the prediction stops changing. We
trained gradient-boosting regressors*® for LCOW as a function of feed salinity, recovery, capacity and
water type, either on 6,000 plants of 2,000—150,000 m* d™! or on 4,000 plants of 100,000-600,000 m?
d™'. Within its range each was accurate. On held-out data, gradient boosting reached R? = 0.9992
(mean absolute error, MAE, 0.0017 USD m™) and a deeper neural network 0.9990 (MAE 0.0020) for
the large-scale set; for the small-range set, random forest*’, gradient boosting and a neural network
gave R?=0.9990, 0.9991 and 0.9978 (Supplementary Table S5).

Beyond its training range the small-range surrogate gave no sign of failure. It returned a constant
0.714 USD m™ for every capacity above 150,000 m* d*, while the physics-based LCOW kept falling,
from 0.712 at 150,000 m® d! to 0.682 at 600,000 (Fig. 2a). Its error therefore grew from 0.3% at
150,000 m® d* to 2.5%, 3.8% and 4.8% at 300,000, 450,000 and 600,000 m* d! (Fig. 2b). The
surrogate trained on 100,000-600,000 m* d' stayed within 0.4% above 150,000 m* d! and within
0.7% over the whole range. A purely data-driven surrogate is therefore valid only for the range it was
trained on. We next asked whether building engineering structure into the surrogate removes this
limit.
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Figure 2 | A surrogate trained on a smaller capacity range fails silently outside it. a, LCOW from the physics-based model
(black) and from gradient-boosting surrogates trained on 2,000—150,000 m* d™' (orange, dashed) or on 100,000—-600,000 m?
d' (purple), for a 5 g L' brackish feed at 80% recovery. The grey band marks the part of the plotted range on which the
small-range surrogate was trained. b, Surrogate error relative to the physics-based model.

A hybrid surrogate extrapolates only as far as its scaling law holds

Capital cost per unit of capacity is commonly described by a power law in capacity. We therefore
built a hybrid surrogate that fits LCOW = a + b(Q/Q _ref)"c, with separate a and b for seawater, to the
small-range training data and trains gradient boosting only on the residual (Methods). The exponent ¢
is fitted, not copied from the model: over five training sets it was —0.082 + 0.022, against —0.09 in the
model. We compared the hybrid with gradient boosting on raw inputs, on log capacity and with a
monotone constraint on capacity, and with a neural network, all trained on 6,000 plants of 2,000—
150,000 m* d! and tested on 2,000 plants of 150,000—600,000 m* d™' of all feed types (five seeds;
Table 1).

Within the training range all surrogates were accurate (mean absolute percentage error 0.12% for the
hybrid and 0.25-0.37% for the others). Beyond it, the three gradient-boosting variants all extrapolated
flat, with a mean error of 3.2% (4.5% at 450,000-600,000 m* d!). Neither log-transformed capacity
nor a monotone constraint helped, because a tree ensemble cannot predict below the smallest value it
has seen. The neural network gave 3.1 + 1.1%, with a shape that changed from seed to seed (Fig. 3a).
The hybrid gave 0.20 = 0.10% (95th percentile 0.5%), a 16-fold reduction.

This result holds only if the scaling law continues beyond the training range. Because no plant above
150,000 m*® d' was in the training data, we tested two alternative ‘truths’ that are identical to the
model below 150,000 m* d™' and differ above it: steeper economies of scale (exponent —0.20) and
none at all (exponent 0, as for a plant built from identical modular trains). Both are compatible with
the real data, which constrain the exponent only weakly (Methods). With steeper scaling the hybrid’s
error was 3.2%, half that of gradient boosting (6.6%) and the neural network (6.0%). With no further
economies of scale it was 2.8%, whereas the neural network was 2.4% and gradient boosting, whose
flat extrapolation happens to match this case, 0.4% (Fig. 3b). No surrogate trained on small plants can
tell these cases apart, because their training data are identical. Building engineering structure into the
surrogate therefore removes the extrapolation error caused by the learning method, but not the error
caused by not knowing how costs scale; only data from large plants can remove that.

The surrogate experiment turns a familiar warning into a measurement. A model that was within 0.3%
at the upper edge of its training range was 4.8% wrong at four times that capacity, with no indication
in its output. Building a fitted capacity scaling law into the surrogate removed 94% of the mean
extrapolation error (3.2% to 0.2%) when the scaling held, a simpler route than physics-informed
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networks!'?, which we did not test. The stress test shows the limit of both: a structured surrogate is
right beyond its training range only if costs keep scaling there as they did within it, and no surrogate
trained on small plants can know whether they do.
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Figure 3 | A physics-structured hybrid surrogate extrapolates only as far as its scaling law holds. a, LCOW fora 5 g L'
brackish feed at 80% recovery from the physics-based model (thick black) and from surrogates trained on 2,000—150,000 m?
d' (seed 42): gradient boosting (orange, dashed), neural network (light blue) and hybrid (green). Thin black lines show the
two alternative scalings above 150,000 m* d™'. b, Mean absolute percentage error over 2,000 test plants of 150,000—600,000
m? d!' of all feed types, for the modelled scaling and the two alternatives; bars show means and error bars standard
deviations over five training seeds.

Table 1 | Surrogate error within and beyond the training range. Mean absolute percentage error against the physics-
based model (mean = s.d. over five training seeds) for surrogates trained on 2,000-150,000 m* d*, tested on 1,000
plants within that range and on 2,000 plants of 150,000-600,000 m* d* of all feed types. Beyond the training range the
true LCOW follows the modelled capacity scaling (exponent —0.09) or one of two alternatives above 150,000 m* d'.

Surrogate Within range Beyond, scaling as Beyond, steeper Beyond, no further
(%) modelled (%) scaling (%) economies (%)

Gradient boosting, raw inputs 0.25+0.01 3.17£0.06 6.58 £0.09 0.36 +0.04
Gradient boosting, log capacity 0.25+£0.01 3.17+£0.06 6.58 +0.09 0.36 +£0.04
Gradient boosting, monotone in 0.26 = 0.00 3.16 £0.07 6.57+0.08 0.36 £ 0.05

capacity

Neural network (64-32) 0.37 +0.09 3.06+1.10 6.00 = 1.50 2.41+0.54

Hybrid: scaling law + gradient- 0.12+0.00 0.20+0.10 3.24+0.22 2.83+0.16

boosting residual

Reinforcement learning allocates capacity well but does not beat a greedy rule

We then asked how to build out 150,000 m* d' of a 250,000 m* d™* regional demand in 10,000 m* d*
increments across four sites (El Moghra, Nile Delta, Western Desert, Sinai). Each site has an aquifer-
yield ceiling (60,000-120,000 m* d*) and a brine-pond land budget (165-350 ha); both are illustrative
(Supplementary Table S2). Together the sites can supply 230,000 m® d™!, so it is the build-out budget
that forces choices, and every policy leaves 100,000 m* d™! of demand unmet by design. We trained a
REINFORCE policy'® for 600 episodes and compared it with a greedy policy (always add the
increment with the lowest marginal LCOW) and a random feasible policy. REINFORCE is a policy-
gradient method: the agent picks sites at random according to a learned policy, and after each
complete build-out it makes the choices that led to a lower system cost more likely*®.

Across 20 training seeds, the REINFORCE policy gave a system LCOW of 0.7305 £+ 0.0049 USD m3
(range 0.7245-0.7393), against 0.7385 4+ 0.0026 for random allocation (Wilcoxon signed-rank p = 1 X
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1075; REINFORCE better in 18 of 20 seeds) and 0.7245 for the deterministic greedy policy (Fig. 4a;
Supplementary Table S6). On average REINFORCE therefore ended 0.8% above greedy, and
matched it in the best seed. The learned allocation differed from the greedy one (Sinai rather than El
Moghra; Fig. 4b) at almost the same cost, so several allocations are nearly equally good. Greedy is
expected to do well here because each site’s marginal cost rises independently of the others. For
allocation problems with separable, convex costs, adding each increment where its marginal cost is
lowest is provably optimal®, so here the greedy policy is close to the best possible and is a demanding
benchmark rather than a weak one. We therefore tested a coupled version of the problem.

In the coupled version the sites share a regional brine-land budget equal to a fraction f of the four site
budgets combined (925 ha at f = 1), and the policy’s state includes the fraction used. We scored
policies by reward, which is ~-LCOW — 2 x 10~° x unmet demand (the 100,000 m* d™! left unmet by
design contributes —2). At f = 1 the result was unchanged (REINFORCE —2.731 + 0.005, greedy
—2.724). As f fell, funding the cheapest site first began to use up land that later increments needed. At
f=0.55 (509 ha) greedy still built the full 150,000 m® d! (—2.724), whereas REINFORCE left 6,500
m?* d! unbuilt on average (—2.857 = 0.202). At = 0.50 (463 ha) greedy left 10,000 m* d™! unbuilt and
REINFORCE 18,500 (rewards —2.925 and —3.097 £+ 0.200), and at f = 0.48 (444 ha) 20,000 and
25,500 (—3.124 and —3.238 + 0.182). REINFORCE beat random allocation at every f we tried but
never exceeded greedy on average, and no more than half of its 20 seeds matched or beat greedy at
any f (Supplementary Table S12). The 600-episode, one-hidden-layer policy therefore did not learn to
save land for later increments. Other forms of coupling (shared pipelines, uncertain demand, multi-
year finance), longer training or other algorithms might change this, and we did not test them.

Reinforcement learning matched a strong heuristic on a separable problem, did not exceed it when the
sites shared a land budget, and clearly beat random allocation, as a deep reinforcement-learning agent
also performed comparably to heuristics in water-network design'. We read this as evidence that it
learns a sensible policy, not that it should replace greedy allocation here.
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Figure 4 | Reinforcement learning for four-site capacity allocation. a, System LCOW of the REINFORCE policy (20
training seeds) and of a random feasible policy (20 episodes); dashed line, deterministic greedy policy. Boxes show quartiles
and points show individual seeds. b, Final allocation of 150,000 m* d™! across the four sites by the REINFORCE policy (seed
42), the greedy policy and the mean of ten random episodes.

The model’s energy use depends strongly on recovery, and its capital cost is
uncertain at large scale

Optimal designs are only as reliable as the model they optimise, so we compared the model with four
independent sources (Fig. 5, Table 2). The only source in the large-scale range is not an operating
plant but a published design study by some of the authors: a conceptual 300,000 m* d™! zero-liquid-
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discharge system for Nile Delta drainage water (2.7 g L™), sized and costed with design software?.
We treat it as a design benchmark, not as validation against measurements. It uses two RO stages
(recovery 90% and 60%; 96% overall for RO), a thermal brine concentrator and evaporation ponds
(98% overall water recovery). From its pump powers, the RO train needs 1.31 kWh m™ of RO
permeate. The whole system, including pretreatment and the thermal unit’s electricity, needs about
1.49 kWh m™ of product, the figure carried in our 18-plant validation set?.

The model’s SEC for this feed depends strongly on the recovery assumed (Fig. 5b). At 2.9 g L', the
salinity entering the RO stages, it is 0.77, 0.93 and 1.18 kWh m™ at 75%, 85% and 90% recovery. For
a single-stage process this is expected: as recovery rises, the concentrate leaving the last membrane
element becomes more saline and the applied pressure must exceed its osmotic pressure, so specific
energy rises at high recovery, and the cost-optimal recovery depends on pretreatment and membrane
costs as well as on energy. Staged arrays with interstage pumping weaken this dependence, which
the model does not represent (see below). At 90%, the design study’s first-stage recovery, the model
is 10% below the study’s RO-train value and 4% above the global energy—salinity curve®® (1.13 kWh
m~ at that salinity); at 85% it is 29% and 18% below, and at 75% it is 42% and 32% below. The
whole-system figure of 1.49 is not comparable, because it includes pretreatment and thermal-unit
electricity that the model’s SEC excludes. A reference that does not state recovery therefore cannot by
itself reveal a bias in the model. At the presets’ default recoveries (75-85%) the model was 21-36%
below the curve at 1.8-2.7 g L, within 10% at 5-8 g L' (—4.6% and +9.5%) and 13% below at 41 g
L' (Red Sea; Fig. 5a; Supplementary Table S7). The low-salinity differences largely reflect using
85% rather than 90% recovery for those presets. Across the brackish presets the model’s SEC rises by
about 0.13 kWh m™ per g L' of salinity, 2.6 times the slope of the curve (0.052) and 1.6 times the
partial coefficient for raw-water TDS in a regression on 36 real plants (0.083)%’. We used only that
coefficient: the regression’s printed coefficients are rounded to two significant figures, so its absolute
level cannot be reproduced (Methods).

For seawater, two small plants in Hurghada, on Egypt’s Red Sea coast, give a range. One (600 m* d!
per train) reported 2.7 kWh m™ after retrofitting with a pressure-exchanger energy-recovery device?’;
a newer plant of three 600 m* d™' trains reports an average of 2.2-2.5 kWh m~*°. Both sources are
vendor case studies, not independent measurements. The model gives 2.70, equal to the first and 8—
23% above the second, so it sits at the upper end of the range for modern small plants. This tests the
model’s energy level for seawater, not its scale dependence, because its SEC is independent of
capacity by construction.

For cost, the design study estimates a capital cost of 116 million USD, or 396 USD per m* d! of
product for the whole system including the thermal concentrator and ponds (298 USD per m* d* for
pumping, pretreatment and RO alone), and an operating cost of 0.487 USD per m? of feed. The
model’s capital cost at 300,000 m* d* is 682 USD per m® d™*, 72% and 129% above these figures. Its
operating cost is 0.433 USD m™ with its own SEC (75% recovery) and 0.467 with the study’s 1.49
kWh m™ (—11% and —4%). The two capital estimates differ in scope and neither is a measured cost,
so this shows that the model’s capital cost is high relative to a bottom-up design estimate, not that it is
wrong. This design study is one of the 18 cases used to calibrate the model’s cost scaling, so these
cost differences are in-sample residuals, not independent tests. Because LCOW is dominated by
capital cost, the capital difference matters more for the economics than the SEC difference.

The strongest scale test the open data allow uses operating plants only. We calibrated the non-energy
operating cost on the eight Texas plants of 25,000 m* d™' or less that report their tariff (a constant of
0.439 USD m™3, the median of reported operating cost minus energy at the reported tariff) and
predicted the operating cost of the five largest operating plants in the Pearson et al. compilation®': four
Florida plants (43,906—68,130 m* d!, tariff assumed 0.08 USD kWh™) and Kay Bailey Hutchison,
Texas (56,818 m* d'). The model’s mean absolute percentage error was 16.9% (mean absolute error
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0.066 USD m™, bias +0.064). A constant equal to the small-plant median gave 18.5%, and a power
law fitted to the small plants and extrapolated gave 11.8% (Supplementary Table S13). The model
was therefore no better than a naive baseline. Its operating cost is, in effect, a constant plus a small
energy term, and the real operating costs of large plants (0.36—-0.50 USD m™) varied more with site
than with capacity. For capital cost, only Kay Bailey Hutchison has a figure: 1,602 USD per m? d!
against the model’s 792, which is 51% low (a power law fitted to small plants gave 859, 46% low).
Taken with the 72—-129% overestimate relative to the 300,000 m* d™' design study, capital cost errs in
both directions, so no single correction would fix it. We found no operating brackish-water plant
above about 68,000 m* d' with published costs. Egyptian brackish plants are small, so the 100,000—
600,000 m?* d' range used here remains an extrapolation beyond real data.
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Figure 5 | Comparison of the model with independent data. a, SEC against feed salinity: model presets at their default
recoveries (blue; the open circle, Western Desert, lies below the 2 g L™ lower limit of the curve and was extrapolated
linearly), the global curve of Rosa et al.¢ (green), the RO train (filled star) and whole system (open star) of the 300,000 m?
d™" design study?®, and the Hurghada vendor case study? (open diamond, coinciding with the Red Sea preset). b, Model SEC
against recovery at 2.9 g L™, the feed to the design study’s RO stages, with the Rosa et al. curve value at that salinity (green
line) and the design study’s RO-train SEC at its first-stage recovery (star).

Table 2 | Model compared with a published design study and vendor case studies. Model SEC is the membrane-train
value, given at 2.9 g L ™! (the design study’s RO feed). Operating cost is shown with the model’s own SEC (75%
recovery) and with the study’s whole-system SEC. No operating plant above 100,000 m* d* was available. The design
study was one of the 18 cases used to calibrate the model’s costs.

Quantity Reference value Model Difference
RO-train SEC, 300,000 m*d™"  1.31 kWh m™ of permeate, from 1.18 (90% recovery); 0.93 —10%; —29%; —42%
design study pump powers*® (85%); 0.77 (75%)
SEC at the same salinity, 1.13 kWh m32¢ 1.18;0.93; 0.77 +4%; —18%; —32%
global curve
Capital cost, design study 396 USD per m® d! (whole system); 682 USD per m* d™* +72%; +129%

298 (without thermal unit and

ponds)®
Operating cost, design study 0.487 USD per m? of feed®® 0.433 (model SEC); 0.467 —11%; —4%

(study SEC)

SEC, Hurghada plant after 2.7 kWh m, vendor case study® 2.70 kWhm™ 0%
retrofit (600 m?® d™! per train)
SEC, second Hurghada plant 2.2-2.5 kWh m™, vendor case 2.70 kWh m™ +8% to +23%
(three 600 m® d' trains) study>?




497
498

499
500
501
502
503
504
505
506
507
508

509
510
511
512
513
514
515
516
517
518
519

520
521
522
523
524
525
526
527

528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545

An element-by-element membrane simulation shows that the model overstates energy
at high recovery

The comparison above could not separate errors in the model from differences in scope, so we also
checked the model’s membrane-train energy against an element-by-element simulation of the kind
that membrane suppliers’ design software performs (Methods). Each 8-inch element was solved in
series with the solution—diffusion equations, concentration polarisation and pressure drop, using the
supplier’s design equations®® and water and salt permeabilities back-calculated from the datasheet of a
standard brackish-water element’’ (A = 3.37 L m2 h™' bar’, B = 0.19 L m2 h™). For each recovery
the simulation took the lowest-energy array of seven-element vessels in one, two or three stages
(Methods), run at the model’s average flux of 22 L m™2 h™!, with interstage booster pumps where
needed to share the flux between stages, the same pump efficiency and no energy recovery, so that the
two calculations differ only in how they obtain the pressure.

The model’s SEC was higher than the simulated SEC in all 20 cases (four presets and the design
study’s RO feed, each at 75-90% recovery), by 1-118% (mean 43%; Fig. 6b; Table 3), and the gap
grew with recovery (Fig. 6a). Between 75% and 90% recovery the model’s SEC rose by 39-81%,
whereas the simulated SEC varied by only 8-13%. The reason is structural: a staged array raises only
the shrinking concentrate stream to the higher pressure needed near its tail, whereas the model applies
the concentrate-end osmotic pressure to the whole feed. Without interstage boosters the simulated
SEC rose by 6-57%, still less than the model’s. The simulated SEC also rose more gently with
salinity, by 0.095 kWh m™ per g L™ at 80% recovery against 0.175 for the model, close to the 0.083
found in a regression on real plants?’. The simulation also flagged designs that the model accepts: for
the Sinai preset (8 g L) at 85% and 90% recovery the required pressure, 41.2 and 61.1 bar, exceeds
the 41-bar rating of brackish-water elements®’.

Both calculations describe the membrane train only, and both fall below the whole-plant references
above, which also include intake, pretreatment and product pumping, motor and drive losses and
membrane ageing. The simulation therefore does not close the gap to real plants. What it suggests is
that the model’s energy figures are higher than an element-level calculation gives for the membrane
train itself, and that the model’s strong dependence of energy on recovery comes from its lumped
pressure rule rather than from the process. The simulation is itself a model, built from datasheet
parameters and not validated against measured data or supplier design software, so this conclusion is
provisional.

The comparison with independent data limits how far the absolute numbers can be trusted. The
model’s SEC for brackish water depends strongly on recovery: it agrees with a global energy—salinity
curve and with the RO train of a published design study to within about 10% at 90% recovery, but is
20—40% lower at 75-85%. The element-by-element simulation suggests that this recovery dependence
is largely an artefact of the model’s lumped pressure rule: the model’s energy was 1-118% above that
of the simulated membrane train, which barely changed between 75% and 90% recovery. Because the
energy penalty of high recovery appears small in a staged design, the land—energy trade-off in Fig. 1
may be weaker than the model implies, and raising recovery to shrink the evaporation ponds may be
limited mainly by mineral scaling rather than by energy. Its rise with salinity across the presets is 1.6—
2.6 times that of the references, and its capital cost at 300,000 m* d ! is 72% above the design study’s
estimate (an in-sample residual, because the study was one of the cases used to calibrate costs). No
operating plant above 100,000 m* d! was available, so none of this is validation against measured
large-scale performance. On the largest operating plants we could find (up to 68,000 m* d™) the
model’s operating cost was no better than a constant, and its capital cost was 51% low at the one plant
with data. All four methods optimise the same model, so the comparisons among them are less
affected than the absolute LCOW, SEC and payback values, which should not be used as predictions.
Two further caveats apply: the design study’s whole-system energy includes pretreatment and
thermal-unit electricity that the model excludes, and the global curve is itself a model result, not plant
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data. The hybrid-surrogate stress test points the same way: improving the learning method removes
the error that the method causes, but the remaining uncertainty, in how costs scale above about
150,000 m* d!, can be removed only by data. The next step is calibration, for example of the SEC—
salinity-recovery relation against pilot-scale measurements of the kind used previously'®, and of
capital cost against operating large plants. Replacing the lumped pressure rule with the element-level
calculation used here, and checking both against suppliers’ design software for the same feeds, is a
direct first step.
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Figure 6 | The model’s membrane-train energy compared with an element-by-element simulation. a, SEC against recovery
for the El Moghra (5 g L") and Nile Delta (2.2 g L) presets from the model (solid), and from the simulation with interstage
boosters (dashed) and without (dotted). b, Model SEC against simulated SEC for four presets and the design study’s RO feed
at 75, 80, 85 and 90% recovery; open symbols mark designs whose simulated pressure exceeds the 41-bar element rating.
Both calculations use a pump efficiency of 0.80 and no energy recovery.

Table 3 | Membrane-train SEC from the element-by-element simulation and from the model. Each cell gives the
simulated SEC with interstage boosters / the model’s SEC (kWh m™) at the stated recovery; both use a pump
efficiency of 0.80 and no energy recovery. ¥ The simulated pressure exceeds the 41-bar element rating.

Feed TDS (gL 75% 80% 85% 90%
Western Desert 1.8 0.55/0.60 0.51/0.62 0.49/0.69 0.53/0.83
Nile Delta 22 0.65/0.66 0.61/0.70 0.59/0.78 0.62/0.96
Drainage water (design-study RO 2.9 0.71/0.77 0.67/0.82 0.66/0.93 0.70/1.18
feed)

El Moghra 5.0 0.88/1.08 0.85/1.19 0.86/1.39 0.92/1.83
Sinai 8.0 1.16/1.53 1.16/1.71 1.21/2.05 1.27/2.77 ¥

With the simulated energy, the cheapest design needs about half the pond area

Because the model overstates the energy of high recovery, we asked whether that changes the design
it recommends. We repeated the three-objective optimisation for the five brackish presets with the
simulated SEC in place of the model’s (Methods). The cheapest design moved from 62—74% to 78—
85% recovery, its LCOW fell by only 0.4-1.3%, and its evaporation-pond area fell by 50-59%, from
1,741-2,939 ha to 866—1,408 ha (Fig. 7; means over three seeds). The smallest pond area reachable
within 1% of the cheapest LCOW fell from 730-1,742 ha to 448-763 ha. For El Moghra the whole
front moved towards smaller ponds and lower cost (Fig. 7a), so much of the land—energy trade-off in
the original front (Fig. 1) appears to come from the lumped energy model rather than from the
process, to the extent that the element-level simulation is accurate.



573
574
575
576

577
578
579
580
581

582

583
584
585
586
587
588
589
590
591
592

593
594
595
596
597
598
599
600
601
602
603
604
605

Two cautions apply. The simulated optimum lies at or near the upper end of the two-stage arrays
allowed in the simulation, so its exact recovery depends on how arrays are chosen. And neither the
model nor the simulation includes mineral scaling, which may cap recovery below these values for
some feeds.
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Figure 7 | Re-optimising with the simulated energy. a, Three-objective NSGA-II fronts for the El Moghra preset (seed 42)
projected on the plane of pond area and LCOW, with the model’s lumped SEC (orange) and the simulated SEC (blue);
circles mark the cheapest designs. b, Pond area of the cheapest design for the five brackish presets (means over three seeds),
with its recovery above each bar.

In this model, cost data set the price of water but not the recovery decision

The check against independent data showed that the model’s costs are uncertain at large scale, and the
argument so far has been that more data are needed. To ask which data, we treated eight inputs as
uncertain and measured how much knowing each would improve the choice of recovery for a 200,000
m? d! plant (Methods). When cost meant the LCOW alone, as in the optimisation above, the cost-
optimal recovery for El Moghra ranged from 65% to 80% across the samples (5th—95th percentiles),
and the choice of energy model explained almost all of that variation (first-order index 0.98—1.00 for
every preset; Fig. 8a). At the middle of the ranges, the lumped model chose 57-69% recovery and
1,458-2,448 ha of ponds, and the simulation 78—-85% and 573-915 ha. The monetary stakes of that
choice were small, an EVPI of 0.03—0.06 million USD per year, because the LCOW changes little
with recovery; the stakes in land were large.

Once the ponds were costed, the picture changed. Ponds then made up 14-21% of the cost of water at
the best design, and the highest recovery the array could reach was optimal in 94—100% of samples
for every preset (Fig. 8a; 84% recovery for Sinai, where the 41-bar rating binds). No input changed
that decision enough to matter: the EVPI was at most 0.02 million USD per year, and no input’s
EVPPI rose above the noise floor (Table 4). The uncertain inputs did matter for the cost of water
itself, which spanned 0.69—1.09 USD m™ for El Moghra (5th-95th percentiles). Its variance was
explained mainly by the capital-cost level (first-order index 0.25), the non-energy operating cost
(0.23), the pond cost (0.19) and the discount rate (0.13), with the capacity exponent at 0.08 at this
capacity (Fig. 8b). In this model, the data that would most change the design are therefore not cost
data but the feed-water chemistry and scaling tests that set the highest feasible recovery, which neither
model represents; because the best recovery sits at that limit, this conclusion is conditional on how the
limit is set. Cost data, above all large-plant capital and operating costs, are what is needed to price that
design.
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Figure 8 | Value of information for the recovery decision (El Moghra, 200,000 m* d™!, 20,000 samples). a, Distribution of
the cost-optimal recovery when cost is the LCOW alone (orange) and when the annualised cost of evaporation ponds is
added (blue). b, First-order sensitivity indices of the minimum cost of water (LCOW plus ponds) for the eight uncertain
inputs and a dummy input with no effect.

Table 4 | Value of information for the recovery decision of a 200,000 m* d* plant (20,000 samples). Best recovery at
the middle of the input ranges with the model’s lumped SEC and with the simulated SEC when cost is the LCOW
alone; expected value of perfect information (EVPI, million USD per year) for the two cost definitions; share of
samples in which the highest feasible recovery is optimal when ponds are costed; and the ponds’ share of the cost of
water at the best design. With ponds costed, no input had an EVPPI above the noise floor.

Preset Best recovery, EVPI, Highest feasible recovery EVPI, ponds Pond share of
LCOW only: lumped LCOW only optimal, ponds costed costed cost
/ simulated

El Moghra 60% / 81% 0.064 94% (at 90%) 0.015 14%

Nile Delta 66% / 85% 0.049 100% (at 90%) 0.000 14%

Western Desert 69% / 85% 0.040 100% (at 90%) 0.000 15%

Sinai 57% / 78% 0.034 99% (at 84%) 0.001 21%

Drainage water 66% / 85% 0.051 99% (at 90%) 0.000 14%

Cost, payback and brine disposal of the selected designs

For the cheapest design on the NSGA-II front (recovery 65.6%, 294,443 m® d') the model gives a
capital cost of 201 million USD, an operating cost of 0.445 USD m™ and an LCOW of 0.689 USD
m~ (Supplementary Table S10). If the water displaces trucked supply, as at remote sites, the simple
payback is 1.3 years. At the subsidised municipal tariff assumed in the framework (0.045 USD m™),
revenue would not cover operating cost, so such a plant depends on public finance. The allocation
found by REINFORCE (seed 42), which uses three of the four sites, has a capital cost of 120 million
USD and site LCOW of 0.717-0.761 USD m™. Brine disposal is the main land—energy trade-off. The
cheapest design needs 2,563 ha of evaporation ponds; zero-liquid-discharge treatment (a brine
concentrator at 95% recovery plus a crystalliser, yielding 108,561 kg d! of dry salt) would remove
the ponds but, at the framework’s assumed 40—-60 kWh per m* of concentrate, would use more than 20
times the energy of the membrane train. Because the model’s capital cost is 72—129% above the
design-study estimate but 51% below the one large operating plant with data, the sign of the error in
these capital figures, and so in the payback, is uncertain; they illustrate the trade-offs and are not
predictions.
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Implications for design practice

On one model and at matched budgets, the four methods behaved differently from what a single-
method study would suggest. Taken together, the results suggest a division of labour (Table 5). For
multi-objective design with cheap evaluations, NSGA-II with a population of 80 or more is a good
default and gives a compact shortlist of designs. We expect MOBO to be preferable when each
evaluation is expensive enough to justify its overhead, but our problem does not test that, and its
archive must be filtered to a usable shortlist. For surrogates, a physics-structured hybrid was more
accurate than purely data-driven surrogates when its assumed scaling held, but any use beyond the
training range should still be flagged, because its accuracy there rests on that assumption. For
sequential allocation with independent site costs, a greedy rule is hard to beat; reinforcement learning
did not become attractive in our test of coupling through a shared land budget, although other forms
of coupling remain untested.

For planners in Egypt and in similar settings, these results suggest a tentative workflow, to be
confirmed on calibrated models. First, screen designs with NSGA-II (population of 80 or more)
directly on the physics-based model, which is cheap enough not to need a surrogate. Second, use a
surrogate only when it sits inside a larger loop, such as uncertainty analysis or regional planning, and
then use a hybrid with an explicit flag for queries outside the training range?'. Third, allocate capacity
between sites with a greedy rule and check the result against the shared brine-land budget. Fourth,
report every cost figure above about 70,000 m*® d™', the size of the largest operating plant with
published costs, as a scenario that depends on an assumed scaling law, ideally bounded by steeper and
flatter alternatives such as those used here. Fifth, cost the brine ponds explicitly, calculate energy
element by element, and set recovery from scaling tests on the actual feed water, which in this
analysis is the information that most changes the design.

Table 5 | Summary of the method comparisons and model checks.

Method Problem Budget and repeats Main result
NSGA-II versus Three-objective design, About 1,040 evaluations each; Two-objective hypervolume equal (p
MOBO 100,000-300,000 m* d* (El 10 seeds (two objectives), 26 = 1.00). Three-objective: MOBO

Gradient boosting and
neural-network
surrogates

Hybrid surrogate
(scaling law plus
gradient-boosting
residual)

REINFORCE

Moghra)

LCOW, 100,000-600,000 m?
d*l

LCOW, trained on 2,000—
150,000 m* d, tested on
150,000-600,000 m* d™*

Four-site allocation of
150,000 m* d™!

runs over five presets (three
objectives)

4,000 plants; 5-fold cross-
validation

6,000 training and 2,000 test
plants; 5 seeds; three scaling
scenarios

600 episodes; 20 seeds

larger in all 26 runs: median 5% at
population 40, 1.5% at population
100

R?=10.9992 and 0.9990. A surrogate
trained to 150,000 m> d! was 4.8%
off at 600,000 m* d!

Error 0.2% against 3.2% for gradient
boosting if scaling continues; 3.2%
against 6.6% with steeper scaling;
2.8% against 0.4% with no further
economies of scale

LCOW 0.7305 + 0.0049 versus

random 0.7385 + 0.0026 (p=1 x
107%); greedy 0.7245

Element-by-element
RO simulation

Membrane-train SEC, five
feeds, 75-90% recovery

20 cases; fouling factor 0.70—1.0

and pressure drop +50%

Model SEC 1-118% higher; its rise
with recovery appears largely to be
an artefact of the lumped pressure
rule

Re-optimisation with
simulated energy

Three-objective design, five
presets

NSGA-II, about 1,040
evaluations, 3 seeds

Cheapest design moves from 62—
74% to 78-85% recovery; its pond
area falls by 50-59%

Value of information

Recovery of a 200,000 m* d™!
plant, eight uncertain inputs

20,000 samples; binned EVPPI

With ponds costed, no input changes
the decision (EVPI < 0.02 million
USD per year)
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Limitations

Beyond the model checks above, the study has further limits. The feed presets are illustrative
composites for Egypt; the pumping heads and evaporation rate in the model are placeholders, and
groundwater lift was excluded from all results. Neither the model nor the element-level simulation
checks mineral scaling, which in practice caps the recovery of brackish-water plants. The two-
objective hypervolume used one preset and ten seeds, and the three-objective comparison 26 runs over
five presets (four seeds for four of them); MOBO uses Chebyshev scalarisation rather than a
hypervolume-based acquisition function. The allocation problem has four sites and illustrative limits.
No operating plant in the large-scale range was available to us. The element-by-element simulation
uses permeabilities back-calculated from a single datasheet test point and has not been checked
against measured plant data or supplier design software, so the energy results that depend on it are
provisional. All comparisons use one model, two decision variables for the optimisation problems and
one set of illustrative presets, so the ranking of methods may differ for other problems, and the
conclusion that model uncertainty outweighs the choice of algorithm applies to this study only. Future
work should combine recovery and allocation in one problem, test reinforcement learning with other
forms of coupling between sites, and compare the hybrid surrogate with physics-informed neural
networks once cost data for large plants become available.

The value-of-information analysis used independent uniform ranges chosen by us, a single capacity
and the model’s cost structure, in which capital cost does not depend on recovery. In practice wells,
intake and pretreatment scale with the feed flow, which favours high recovery further, whereas
antiscalant and cleaning costs rise with recovery.

Conclusions

On a physics-based model of large brackish-water desalination plants with Egyptian feed waters, in
this study the choice among Al methods mattered less than the trustworthiness of the model they
optimise, although the comparison covers one model and problems with few decision variables.
NSGA-II and multi-objective Bayesian optimisation found the same cost—energy trade-off, and an
NSGA-II population of 80 or more removed most of the difference in how fully they covered pond
area. A greedy rule matched or beat reinforcement learning for allocating capacity across sites,
including under a shared brine-land budget. Data-driven surrogates failed silently beyond their
training range; a hybrid surrogate that fits a capacity scaling law cut that error from 3.2% to 0.2%, but
only for as long as the assumed scaling held. Checks against independent data showed that the
model’s capital cost errs in both directions at large scale, and an element-by-element membrane
simulation suggested that its energy use is too high, increasingly so at high recovery, so the energy
penalty of high recovery, and with it the land—energy trade-off, is probably smaller than the model
suggests: re-optimised with the simulated energy, the cheapest design needed about half the
evaporation-pond area. A value-of-information analysis showed that once the ponds are costed, none
of eight uncertain cost inputs changes the best recovery, which is set by the feasible limit; in this
model, cost data determine the price of water, not the design. For plants larger than any operating
brackish plant with published costs that we found, design results should be reported as scenarios
bounded by alternative cost-scaling laws, and the most valuable next steps appear to be not a better
algorithm but scaling tests on the actual feed waters, which set the design, and cost and performance
data from large plants, which price it.

Use of Al tools

Large language model assistance (Claude Sonnet 5.5 and Claude Opus 5.5, Anthropic, 2026) was
used throughout this work: to write the Python code for the algorithms and analyses, to run the
computational experiments, to generate figures, to search for and summarise the literature, and to draft
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the text. The authors set the study questions and take full responsibility for the content. The key
scripts (NSGA-II benchmark validation, external validation against the Rosa et al. data, and the
reinforcement-learning allocation) were re-executed from the archived release by the Al assistant and
reproduced the reported values. During preparation the Al assistant produced an incorrect
“correction” to the published Stillwell & Webber equation; this was detected against the source paper
and removed, and no result in this paper depends on it. The assistant also initially described the
300,000 m* d' design study as an operating plant; this was found and corrected when the source
paper was read.
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