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Abstract 10 

The interdependence between the water and power sectors is of growing concern as the need for 11 

desalination increases. Therefore, co-optimizing interdependent systems is necessary to 12 

understand the sectors impact on one another. We propose a framework to identify the optimal 13 

investment mix for a co-optimized water-power system, and apply it to NEOM, Saudi Arabia. Our 14 

results show that investment strategies that consider the co-optimization of both systems result in 15 

total cost savings for the power sector, when compared to naïve approaches. Analysis results 16 

suggest that the system with higher shares of non-dispatchable renewables experience the largest 17 

cost reductions.  18 

 19 
Main 20 

The water and energy sectors are becoming inextricably linked as water resources become scarcer 21 

worldwide1. In 2014, nearly 4% of global electricity consumption was due to the water sector. 22 

Projections estimate that the energy used by the water sector will double by 20402. The largest 23 

increase is associated to desalination, an energy-intensive process that requires electrical and/or 24 

thermal power to produce freshwater. Today, desalination and water re-use meet only 0.7% of the 25 

global water need; however, these processes account for nearly a quarter of the total energy 26 

consumption by the water sector2.  27 

  28 

Desalination technology has been commonly used in the Middle East and North Africa (MENA), 29 

where surface freshwater resources are limited, and fossil groundwater is being rapidly depleted. 30 

Countries in the MENA region have increased their desalination capacity as a means to keep up 31 
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with water demand and reduce groundwater withdrawals.3 In 2016, approximately 7 billion m3 of 32 

water were desalinated in the MENA region, a number that is expected to increase twelve-fold to 33 

eliminate reliance on non-renewable water extraction.2 Saudi Arabia, which experiences the largest 34 

water deficit in the region, will see the largest growth in desalination and water storage capacity. 35 

The country is expected to desalinate nearly 30 billion m3/day of water in 2040, up from 1.5 billion 36 

m3/day in 2014.4 37 

  38 

While desalination plays a major role in the Middle East region, it has gained prominence in other 39 

parts of the world, including the United States, where droughts have dwindled water supplies5. 40 

Water-rich states located in the central region of the US have, for decades, provided water across 41 

states to meet the growing demand of the dry Southwest. To do so requires transportation methods 42 

with large investments and high operational costs. Similarly, geopolitics and concerns over aquifer 43 

recharge in the central states may limit the amount of water sent to dry areas6.  44 

 45 

With the risk of permanent aridification of the Southwest states, the region has begun to invest 46 

heavily in desalination technology rather than relying on neighboring states to meet water demand. 47 

In 2015, the Carlsbad Desalination Plant, the largest desalination plant in the United States with a 48 

capacity of 190,000 m3/day, opened in California7. Other states such as Arizona and Texas have 49 

followed suit to address their water scarcity issues. Currently the United States has a total installed 50 

desalination capacity of 7.5 million m3/day6.  51 

 52 

The impact of growing desalination demand on the power sector is significant. Electricity 53 

consumption due to desalination is expected to grow ten times the current consumption in MENA 54 

by 20503. Similar trends are found in other parts of the world1. These changes are not only 55 

associated with growth in desalination need alone but also due to a shift away from thermal-based 56 

desalination2. The alternative approach, electric-based desalination, relies on electric pumps to 57 

push water through membranes to remove the salt. Such an approach is deemed a sustainable 58 

method to desalinate water if the electricity is derived from renewable sources.  59 

 60 

New projects in the region are pushing the integration of desalination with renewable technologies 61 

to ensure a sustainable stream of water. Such projects include the futuristic cities/communities of 62 
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Masdar City in the United Arab Emirates and NEOM8 in Saudi Arabia. The idea of futuristic cities 63 

is creating environments dedicated to sustainable practices such as zero waste, high renewable 64 

energy penetration (zero carbon), and green infrastructure. With these considerations in mind, it is 65 

important to develop modeling and optimization tools to understand the impact that the growing 66 

water sector will have on the power system.  67 

 68 

Tools such as generation expansion planning (GEP) models enable decision makers to identify the 69 

optimal generation/production mix of a system. The integration of investment and operational 70 

constraints provides means to determine the best course of action regarding what technologies 71 

install, plant capacities, or where and when to build them. These models are driven by technology 72 

costs and renewable resource availability to meet power demand. GEPs are difficult to solve 73 

because they involve decisions happening at different time scales. For the power sector, 74 

operational decisions typically occur at an hourly level, whereas investment decision occur yearly 75 

or after several years. Such models become harder to solve when they deal with uncertainty, 76 

whether it be short term (e.g., renewable power output, intra-annual demand variability) or long 77 

term (e.g., demand growth, investments costs, operating cost). It is important to consider that when 78 

dealing with uncertainty longer time horizons result in higher uncertainty. 79 

 80 

GEPs have historically been used to model an individual sector, particularly power9–16. 81 

Nevertheless, interest in sector coupling and co-optimization has been growing to understand the 82 

interdependence of different sectors, their reliability, and flexibility. With co-optimization, sectors 83 

are allowed to react to one another to make more informed investment and operational decisions. 84 

On the operational side, electricity consumption peaks can be shifted by considering 85 

incentives/disincentives on the consumer end (the other sector); a practice known as demand side 86 

management.17 87 

 88 

Demand-side management  89 

In the traditional sense, demand-side management (DSM) are methods used to encourage 90 

consumers to shift their energy use. There are two main benefits of DSM; first, consumers benefit 91 

from favorable tariffs when their behavior is altered in such a way that they adjust when and how 92 

much electricity they use. Secondly, the power system benefits by shifting energy consumption 93 
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from peak to non-peak hours, which can prevent the system from overloading. Demand-side 94 

management benefits can also be assessed by shifts in production from high production cost hours 95 

to low-cost hours. In investment models, shifting electricity peaks may allow for cost savings by 96 

reducing total power generating capacity necessary to meet demand.18  97 

 98 

Water-Energy integration for demand-side management 99 

The goal of co-optimizing the water and energy sectors is to exploit potential investment and 100 

operational cost savings, arising from optimized sizing of generation plants and storage due to 101 

demand side management induced by desalination.  In a traditional power system GEP, electricity 102 

consumption from desalination is accounted for in the total hourly demand at each node, with 103 

assumptions made regarding the water sector’s consumption.  104 

 105 

Literature on GEP is vast, but that focusing on the co-optimization of the water and power sectors 106 

is limited. Bognar et al. quantify the cost reductions of water and electricity as a result of the 107 

integration of desalination with a wind-diesel power system in a Cape Verdean island19. Caldera 108 

et al. explore the investment strategy of desalination and renewables in Saudi Arabia’s power 109 

sector20. They found a 1-3% decrease in the annual levelized cost of the integrated system. 110 

However, in both references, the models are deterministic – therefore they do not consider 111 

uncertainties in long term demand growth. 112 

 113 

Al-Nory and El-Beltagy use polynomial chaos expansion to account for uncertainty (renewable 114 

supply, water, and electricity demand).21 However, their planning time horizon is only 7 days with 115 

a daily resolution. While short-term uncertainty is considered, long-term uncertainties such as 116 

those in demand growth or investment costs are ignored.  117 

 118 

This work proposes a greenfield generation and expansion planning stochastic co-optimization 119 

model for a futuristic city that considers investment and operation decisions for both the power 120 

and water sector under uncertainty. The model accommodates a high penetration of renewable 121 

energy sources and introduces flexibility through water storage, batteries, and demand side 122 

management. Besides, a link to an existent power system based on fossil fuel is considered to 123 

increase reliability and flexibility of the futuristic city’s water and power system. We assess the 124 
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benefits of co-optimizing the water and electricity sectors by comparing the results to stand alone 125 

models that optimize the water and power sectors each acting independently of the other, 126 

 127 

In a co-optimized model, the electricity demand at each hour excludes desalination consumption 128 

– we call this baseline power demand. The water sector has an hourly water demand schedule and 129 

must desalinate to meet this demand. The significance of co-optimization is that the two sectors 130 

are able to interact and take cost saving decisions. Accordingly, the water sector may desalinate 131 

water based on electricity production costs or the availability of renewable resources. The power 132 

sector must produce enough electricity to meet the baseline demand, as well as electricity required 133 

by the water sector. This can shift water productions to non-peak electricity hours.  134 

 135 

Results 136 

We present a case study to highlight a clear example of the benefits of co-optimization. We choose 137 

NEOM, Saudi Arabia8, as it is a new construction project – greenfield – which aims to be fully/or 138 

near fully renewable. NEOM’s area is slightly smaller than the country of Belgium, therefore the 139 

implementation of our model takes a country level perspective, and it can be applied to other 140 

countries as well. NEOM is projected to consume nearly 45.35 TWh of electricity by the year 2030 141 

for a population of 770 thousand people. This translates to an annual per capita electricity 142 

consumption of 59.35 MWh, higher than any developed country including Iceland at 55.05 MWh. 143 

Industries that contribute to such high per capital consumption include, renewable tech 144 

manufacturing, green chemical production, desalination, and data centers. 145 

 146 

We divide NEOM into 9 nodes plus one outside of the region surrounding the city of Tabuk. Power 147 

demand is considered for one node, however, because desalination facilities must be built along 148 

the Red Sea coastline, their electricity consumption will create demand in the nodes where they 149 

are constructed. We assess the economics of investing in batteries and five possible power 150 

generating technologies: combined cycle gas turbines (CCGT), hydro-pumped storage (HPS), 151 

photovoltaics (PV), concentrated solar power (CSP), and onshore wind turbines. We consider the 152 

construction of 14 possible transmission lines with a nodal balance taking place to ensure that 153 

supply meets demand.  154 

 155 
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For the water sector, reverse osmosis (RO) technology and water storage tanks are considered for 156 

investments. We do not account for water flow at a nodal level, but rather establish a constraint 157 

that the aggregate production must equal the aggregate demand. 158 

 159 

We present results for four cases: 1) Base Case, where investment is allowed in all generating 160 

technologies, 2) KSA Grid, where NEOM is allowed to obtain power from the existing KSA power 161 

network via a 4 GW transmission line, 3) PV Only, where investments are only allowed in PV 162 

solar power and battery storage, and 4) Wind Only, where investments are only allowed in PV 163 

solar power and battery storage. 164 

 165 

For each case we compare two strategies: (1) a naïve approach, where the power and water sector 166 

investment planning are done individually and, (2) the co-optimized approach where both sectors 167 

are aware of their corresponding decisions and adjust accordingly. Given that in the Middle East 168 

desalination can account for a large percentage of the electricity consumption, we explore a case 169 

where desalination accounts for 20% of the total electricity consumption.  170 
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 171 
 172 

 
Figure 1: Generating capacities for the power system. Cases without dispatchable generators require 
significantly larger generating capacities and battery storage 
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Figure 1 presents the optimal generation mix for all cases using the co-optimization strategy. We 173 

see that invested generating capacity is the largest (4-5 times larger) for the PV due to limitation 174 

of solar resource. Solar power is only available during half the day, so the system must utilize 175 

batteries, albeit significantly more than the other cases. The Wind Only case also require batteries 176 

to ensure that power demand is meet when wind resources are insufficient. However, battery 177 

storage capacity is about the same as the Base Case requires in thermal storage.  178 

 179 

Table 1 presents the power sectors investment, operating and total costs for all cases and the 180 

respective strategy. As expected, the co-optimization of both sectors is beneficial in that it results 181 

in a total cost reduction compared to the naïve strategy. This is due to the decrease in total invested 182 

power generating capacity. Note that systems that do not allow for investments in dispatchable 183 

power generators are significantly more expensive as they require battery capacity to supply power 184 

when renewable resources are limited or unavailable. Nevertheless, the cost savings when co-185 

optimizing these systems with the water sector is much greater.  186 

 187 

Table 1: For the power sector, all systems experience a decrease in total cost due to a decrease in investment 
spending. However, systems lacking dispatchable power generator see the biggest savings. 

 
Investment cost 

[M$] 
Operating cost 

[M$] 
Total cost 

[M$] 
% Change of 

Total Cost 
Independent / Co-Optimization  

Base 1,705 / 1626 299 / 271 2,004 / 1,897 -5 
KSA Grid 1,146 / 1,143 359 / 348 1,505 / 1,490 0 
Wind Only 5,088 / 4,517 149 / 150 5,236 / 4,667 -11 
PV Only 13,766 / 12,892 1,094 / 1,079 14,860 / 13,971 -6 

 188 

All the co-optimized models show a decrease in total investment capacity for the power sector as 189 

it is able to shave the peak demand by shifting necessary power demand from the water sector 190 

throughout the year, indicative of demand side management. However, it’s important to note that 191 

the savings are greater for the Wind Only and PV Only cases. For these cases, the generating 192 

capacity is significantly greater than power demand at any given hour because these systems must 193 

generate enough electricity to meet demand and also store in batteries for future use.  194 

 195 
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Table 2 presents the costs incurred by the water sector for all cases under the two strategies. Unlike 196 

the power sector that saw cost savings, the water sector experienced an increase in total costs 197 

particularly attributed to an increase in investments. Note that for cases with dispatchable power 198 

generators such as the Base, and KSA Grid, total costs for the co-optimized model are negligible. 199 

On the other hand, for the Wind Only and PV Only cases, total costs increased by 1 and 5% 200 

respectively. This resulted from an 8% and 37% increase in investments costs brought on by the 201 

need for more storage tank and desalination capacities. However, for the PV Only case the increase 202 

in total desalination capacity is substantial. Compared to the naïve model, the co-optimized PV 203 

only model required nearly 40% more desalination capacity. Because PV Only supplies power half 204 

of the day, more desalination capacity needs to be installed to produce more water during hours 205 

when there is power surplus, or it is more cost effective (whenever batteries are not discharging to 206 

meet power demand) 207 

 208 
Table 2: For the water sector, increase in total costs resulting from higher investment spending is particularly 
evident in the PV and Wind Only cases. 

 
Investment cost 

[M$] 
Operating cost 

[M$] 
Total cost 

[M$] 
% Change of 

Total Cost 
Naïve/Co-Optimization  

Base 361 / 366 2,347 / 2,345 2,708 / 2,719 0 
KSA Grid 361 / 378 2,347 / 2,335 2,708 / 2,714 0 
Wind Only 361 / 390 2,347 / 2,340 2,708 / 2,730 1 
PV Only 361 / 496 2,347 / 2,337 2,708 / 2,833 5 

 209 

Costs for both the power and water sectors were also evaluated using levelized cost metrics.  210 

The levelized cost of electricity (LCOE) of the naïve Wind only and PV only cases are 134.07 and 211 

47.90 USD per MWh. The LCOE improves for both cases when the sectors are co-optimized. 212 

When the power sector is aware of the decisions made by the water sector, LCOE decreases by 4 213 

and 7% for the respective cases. By understanding water production patterns, capacity investment 214 

can decrease, or power spillage can be reduced both of which drive LCOE value down. For the 215 

Base case the LCOE did not change between the naïve and co-optimized cases. However, in KSA 216 

Grid case, the co-optimized model had a higher LCOE than the naïve model, because it buys more 217 

power from the KSA to supply power for water desalination at more strategic times.  218 

 219 
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For all cases, excluding the KSA Grid, the change in LCOW is negligible.   220 

 221 
Table 3: Levelized cost of electricity and water 

 
LCOE 

[$/MWh] 
LCOW 
[$/m3] 

Naïve/Co-
Optimization 

% 
Change 

Naïve/Co-
Optimization 

% 
Change 

Base 17.95 / 17.93 0 0.61 / 0.61 0 
KSA Grid 13.34 / 13.78 3 0.61 / 0.54 -11 
Wind Only 134.07 / 128.92 -4 0.61 / 0.61 0 
PV Only 47.90 / 44.57 -7 0.61 / 0.61 0 

 222 

The benefits of co-optimization can also be seen on the operational level of both the power and 223 

water sectors. Figure 2a shows the operations for the Base case where water production is relatively 224 

constant until there are two dips – a minor dip between 1604-1607 and a larger decrease between 225 

1640-1656. Note that the decreased water production coincides with the exact hours when CSP is 226 

generating power at its total capacity. From Figure 4a, we see that during these times the co-227 

optimized model subsequently shave the peaks compared to the Naïve strategy.  In the case of the 228 

KSA grid, the same limiting factor occurs between hours 1596-1608 and 1650-1654 as depicted 229 

in Figure 2b. It is important to consider that in both cases the desalination plant is built in the same 230 

node as the CSP facility. The desalination facilities are powered by CSP exclusively, therefore 231 

when the generators are at maximum capacity, water production decreases to ensure that the 232 

baseline power demand is met. Figure 4b shows the power consumption line from the co-optimized 233 

model falling significantly below the naïve consumption, evidence of peak shaving. 234 

 235 

In Figure 3a for PV Only system one can see sharp declines in water production during hours when 236 

there is no sun, and the system relies solely on batteries discharging to meet total power demand. 237 

We see a similar pattern with the Wind Only case where water production declines during moments 238 

when most total demand is being met by batteries. This is seen in Figure 3b during hours 1637 and 239 

1656. These drops in water production are related to the need to minimize total costs. By producing 240 

less water during these periods, battery discharge is lower, and a smaller battery operational cost 241 

is incurred by the system. 242 

 243 
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The impact of the water sector on the power grid is significant as co-optimizing the two systems 244 

reveals changes in investment strategy and shifts in power demand. Thus, co-optimization over 245 

multiple sectors can be instrumental for decision makers in making more effective decisions 246 

regarding operations and system investments. Additional sectors of importance would include the 247 

transportation sector, where there is a push towards utilizing electric or hydrogen-fueled cars; and 248 

the chemical sector where large-scale plants are proposed to sustainably produce hydrogen and 249 

ammonia. NEOM is currently constructing the largest hydrogen facility in the world for the export 250 

of alternative fuels and green chemicals to the Asian market. Hydrogen production will directly 251 

impact NEOM’s energy storage capability and overall, its power demand. In the same realm, the 252 

electrification of the transportation fleet will also drive power demand but will also serve a 253 

distributed battery system in NEOM for short term energy storage. Future work will include 254 

coupling these sectors in our co-optimized model to highlight sector interactions and the collective 255 

and individual reliability of the systems. 256 
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 257 

 
Figure 2: Because desalination plants are powered entirely by CSP at their given node, when CSP farms are 
generating at maximum capacity, water production decreases to meet the baseline power demand.  
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 258 
 259 

 
Figure 3: Co-optimization allows for water production to decrease during hours when batteries are discharging to 
meet majority or all power demand. 
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 260 

 
Figure 4: Due to co-optimization peak shavings occur in all cases. Power consumption is shifted accordingly – at 
the start of the year the co-optimized model consumes more power that the naïve. However the co-optimized 
model consumes less power than the naïve at specific times throughout the remainder of the year.  
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 261 

Methods 262 

Stochastic programming model. We developed a stochastic programming model for the co-263 

optimization of the expansion planning of water desalination, power generation, and transmission 264 

lines. The model considers long-term uncertainty-- electricity and water demand-- and short-term 265 

uncertainty-- the availability of renewable resources. The decision framework involves a two-stage 266 

decision process encapsulated into a single model. The first-stage decisions are investment 267 

decisions at the start of each year, pertaining to the installation of power generation, storage 268 

technologies, transmission lines, and water desalination systems. The second-stage decisions are 269 

related to power generation operations, water desalination operations, and storage inputs and 270 

outputs. The model equations can be found in Supplementary Note 6. 271 

 272 

The objective function of the model consists in the total investment cost plus the expected 273 

operating cost from 2020 to 2029. To minimize the objective function, we approximate a multiple-274 

stage decision process with a two-stage framework, where the investment decisions for each year 275 

are all treated as first-stage decisions. To improve the approximation, the model should be run 276 

every year, using updated demand growth forecasts to determine the investment decisions. 277 

  278 

Power generating and storage technologies include concentrated solar power (tower), 279 

photovoltaics, hydro-pumped storage, combined cycle gas turbines, and batteries. Water 280 

desalination and storage technologies include reverse osmosis desalination and water storage 281 

tanks. Investment decisions are based on the investment costs of the technologies themselves in a 282 

given year. We assume a 1% decrease in technology investment costs every year. In the subsequent 283 

stage, the uncertainty of the demand growth is revealed, and operating decisions are made 284 

regarding power generation, water desalination, and storage inputs and outputs. These decisions 285 

are made, taking into account the variable operating costs of the technologies as well as the 286 

resource availability in the case of renewables. Operating decisions are made on an hourly scale. 287 

  288 

The interannual demand growth of both water and electricity is represented through the use of 289 

three scenarios: low, medium, and high demands, each characterized with a corresponding 290 

probability of occurrence. We assume that the demand growth of water is related to the demand 291 
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growth of electricity; a high demand scenario means that both water and electricity demands are 292 

high. There is no mixing for low and high scenarios for both systems since water production to 293 

meet demand directly affects the amount of electricity required, because desalination is an energy-294 

intensive process.  295 

 296 

Electricity and water demand, renewable resources available for wind and solar power generation 297 

is variable throughout a given day and year. Rather than using all 8760 hours of the year, which 298 

can render the model intractable, representative days are used.  299 

 300 

The model is formulated as a mixed-integer linear program using the modeling system GAMS22 301 

27.2 and solved with a branch & bound algorithm within the CPLEX 12.823 package using an 302 

optimality gap tolerance of 0.1% and a time limit of 168 hours. All optimization runs were 303 

performed on the KAUST IBEX computer cluster using exclusive nodes, each having 40 Intel 304 

Gold 6148 @ 2.6-GHz processors and 384 GB of RAM. 305 

  306 

Electricity and water demand profiles. Because NEOM is a planned project, there are no 307 

historical electricity or water demand data. Therefore, we use annual projections between 2020 308 

through 2029 for both water and electricity (all sectors) demands. The scenarios are dependent on 309 

the projected population sizes. Because we are co-optimizing the electricity and water systems, we 310 

subtract the electricity demand from desalination based on water demand projections using a 311 

conversion factor of 4 kWh/m3. The model accounts for the power consumption needed for 312 

desalination when it determines how much water to desalinate.  313 

  314 

We derived the yearly water and electricity demand profiles for NEOM from the demands at 315 

KAUST - an academic institution of 7000+ residents approximately in Thuwal, Saudi Arabia. We 316 

obtained the 2018 hourly water and electricity demand curves for KAUST and applied the profiles 317 

to NEOM by normalizing the area under the curve to 1 and multiplying it by the total annual 318 

demand for NEOM in a given year. 319 

  320 

Climate data. We use direct normal irradiance, global horizontal irradiance, and temperature data 321 

for Jan 2008 through June 2019 (11.5 years) at a 5km resolution spanning the entire region of 322 
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NEOM. This data was obtained from a high-resolution evaluation of the solar energy resources 323 

over the Arabian Peninsula using reanalysis data generated by the Weather Research and 324 

Forecasting (WRF) Solar model. Reanalysis data was validated using daily observations at 46 in-325 

situ radiometer stations throughout Saudi Arabia24. 326 

  327 

Wind speed data for the NEOM region over the same timespans and resolution as the irradiance 328 

and temperature data was used. The wind speed data was derived from a high-resolution reanalysis 329 

generated using WRF and validated with data from buoys, scatterometers, and altimeters placed 330 

throughout the area25.  331 

 332 

k-means clustering for presentative regions and days. Clustering methods involve several steps, 333 

(1) data normalization, (2) data assignment, and (3) cluster representation26. We normalize our 334 

data using the z-scoring full scope normalization on each attribute to shift the mean to 0 and 335 

standard deviation to 1. In the data assignment step, we use a partitional clustering method known 336 

as k-means clustering, which uses Euclidean distance as its distance measure and the centroid 337 

(mean) as its cluster center. Once the clusters are determined, each cluster is represented by one of 338 

its assigned observations, typically done by selecting the observation that minimizes its distance 339 

to the cluster center.  340 

The goal of k-means clustering is to select a set of k clusters that minimizes the sum of squared 341 

distance between the rows of a dataset and the cluster centroid they are assigned to; this sum is 342 

called the potential. The k-means approach most commonly used is Lloyd’s algorithm27, which 343 

begins by selecting k arbitrary centroids, chosen uniformly at random from the normalized dataset. 344 

Each row is assigned to the nearest centroid, determined by calculating the Euclidean distance 345 

between a given row to the k possible centroids. This step forms the initial clusters. For each 346 

cluster, the centroid is then recalculated by taking the mean of all data points in the cluster. We 347 

used an alternative approach k-means++ which initializes Lloyd’s algorithm with random starting 348 

centers with specific probabilities proportional to their contribution to the overall potential28. 349 

Clustering was performed on Matlab using the kmeans function. For more information on k-350 

means++ , see Supplementary Note 2. 351 

 352 

 353 
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Representative regions. Clustering methods are used to divide NEOM into regions according to 354 

climate conditions (e.g., wind speed, solar irradiance, and temperature) 9. Climate data is available 355 

for a spatial resolution of 5 km, accounting for 4270 locations within NEOM. k-means clustering 356 

is used to group these locations into 10 representative regions. More information can be found in 357 

Supplementary Note 3. 358 

 359 

Representative days. Clustering methods are also used to capture the hourly variability from 360 

renewable generation and power and water demand.26,29 This approach decreases the model size 361 

by aggregating long time series in time. Here we use k-means clusters to group 4194 days (~11.5 362 

years) into 7 representative days per year. The days were clustered based on the water and power 363 

demand, wind and solar availability, and temperature. More information can be found in 364 

Supplementary Note 4. 365 

 366 

Capacity factors of renewable technologies. Global Horizonal Irradiance (GHI), the total amount 367 

of radiation received by a horizontal surface, and temperature data was used to obtain the capacity 368 

factors of photovoltaic panels based on a standard 0.25 kW solar cell. Direct Normal Irradiance 369 

(DNI), the amount of radiation received per unit area by a surface that is always perpendicular to 370 

the incoming rays, is used to obtain power outputs for CSP farms. Wind power output was obtained 371 

from wind speed data by applying the power curve of Vestas 150-4.2,30 a 4.2 MW wind turbine 372 

with a hub height of 150 m. Supplementary Note 5 presents the equations to obtain the power 373 

production and capacity factors. 374 

 375 

Water desalination. Several technologies are commonly utilized for water desalination-- multi-376 

effect desalination, multi-stage flash desalination, and reverse osmosis (RO). In our model, we 377 

include only RO and limit the operational constraints, such as ramping rates, to reduce 378 

computational complexity. We assume that a RO plant cannot be shut down as periodic shutdowns 379 

generally damage the permeable membranes. Electricity consumption for a typical RO plant is 380 

held constant throughout the project lifetime at 4 kWh/m3. 381 

 382 
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Pre-optimization calculation of annualized costs. Annualized cost is a metric that allows 383 

decision-makers to compare the cost-effectiveness of technologies with different lifespans, 384 

accounting for a given annuity factor. The definitions are given in Supplementary Note 1. 385 

 386 

Post-optimization analysis using levelized costs of electricity and water. Levelized costs of 387 

electricity (LCOE) and water (LCOW) metrics are used to compare the competitive costs of 388 

different investment plans. They describe the average net present value of electricity generation or 389 

water production over the project’s lifetime. Their definitions are given in Supplementary Note 7. 390 

 391 
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