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Abstract. Large-scale water models often generalize the methodology for developing regions by relying on coarse 9 

assumptions that fail to capture regional socioeconomic dynamics and the constraints of water-scarce systems, 10 

resulting in limited accuracy when evaluating water use across diverse economic and resource conditions. This gap is 11 

particularly evident in the Middle East, where data scarcity and underrepresentation hinder detailed assessments 12 

despite the region’s critical importance in a water-dependent economy. To address this, this study develops HyDRA 13 

(“High-Resolution Water Resources Assessment Model”) model, a model designed to improve the estimation of 14 

industrial and domestic water use through dynamic socioeconomic drivers and regionally available data. The model 15 

disaggregates industry into ten subsectors nearly covering all the industrial activities—electricity generation, petro-16 

refining, chemical and petrochemical industries, cement, basic metals, food and beverage, paper and pulp, oil 17 

extraction, mining , and other manufacturing—each linked to distinct production indicators and corresponding water 18 

use intensities, alongside a domestically adaptive module that captures variations in per capita water use driven by 19 

demographic, economic, and infrastructure changes. Implemented at a fine spatial resolution of 3 arcseconds (~90 m), 20 

the model enables detailed, location-specific estimates of water withdrawal and consumption at both national and 21 

subnational scales. Its application to the GCC countries and Jordan over the period 1990–2025 provides a long-term 22 

reconstruction across hydro-economically contrasting systems, where the GCC represents one of the world’s most 23 

concentrated hubs of water-intensive industrial activity, while Jordan reflects a structurally distinct yet equally water-24 

scarce system. Together, these regions form a critical testbed for analyzing water economy dynamics under extreme 25 

scarcity. By explicitly resolving sectoral production structures and socioeconomic adaptation, the model advances 26 

beyond conventional top-down scaling approaches, improving cross-country comparability while preserving regional 27 

specificity. Although demonstrated for the GCC and Jordan, the model structure is transferable and can be extended 28 

to other regions, given appropriate socioeconomic inputs and harmonized statistical data. 29 
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1 Introduction 1 

Water is a cornerstone of coupled hydrological and socio-economic systems, essential for the environment and 2 

ecosystem integrity (Gleick, 2023; Kahil et al., 2025; Van Vliet et al., 2017; Wada & Bierkens, 2014; Zarei et al., 3 

2025). While water underpins agriculture, energy production, industry, and domestic use, its distribution is highly 4 

uneven, with over 33% of the global population living in water scarce regions (Reynolds et al., 2007; Zhang et al., 5 

2024). Over the past century, global freshwater withdrawals have increased by approximately 600%, driven by 6 

population growth, economic development, industrialization, and expanding urban areas (Boretti & Rosa, 2019; du 7 

Plessis, 2023). An increase of 50–80% in global industrial and domestic water use is anticipated over the coming 8 

three decades, driven by accelerating population growth, expanding urban areas, and broader socioeconomic 9 

advancement (Flörke et al., 2018; Garrick et al., 2019; He et al., 2021; Ren et al., 2025). Understanding these 10 

dynamics is therefore critical for developing strategies that reconcile human water needs in an increasingly water-11 

constrained world (Greve et al., 2018; Pokhrel et al., 2021; Rosa & Sangiorgio, 2025).  12 

Large-scale hydrological models such as WaterGAP, PCR-GLOBWB, and H08 have been widely used to estimate 13 

long-term sectoral water withdrawals and consumptions (Alcamo et al., 2003; Flörke et al., 2013; Hanasaki et al., 14 

2013; Müller Schmied et al., 2021; Wada et al., 2011). These models excel at producing consistent multi-decadal 15 

reconstructions and projections at national or macro-regional scales. However, their general methodology and 16 

associated assumptions introduce several limitations, including generalized globally applicable assumptions, coarse 17 

spatial resolution leading to poor representation of urban and industrial areas, and the lack of water infrastructure 18 

networks. For domestic water use, simplistic population-based scaling approaches introduce bias by assuming uniform 19 

per capita use patterns that overlook regional socio-economic and household differences. Reconstruction of industrial 20 

water use has relied largely on national-level regression approaches using variables such as population, gross domestic 21 

product (GDP), and/or electricity production (Hanasaki et al., 2013; Wada et al., 2011). While suitable for large-22 

scale assessments, these approaches become less reliable when industrial structures and technologies evolve rapidly 23 

in regions like the Middle East (Blanc et al., 2014; Nazemi & Wheater, 2015). Moreover, Industrial water use is 24 

often modeled as an aggregated category with limited sub-sectoral differentiation, reducing the ability to capture 25 

evolving industrial sub-sectoral structures, particularly in rapidly developing and emerging economies (Flörke et al., 26 

2013; Wada & Bierkens, 2014). Collectively, these limitations introduce  systematic biases when estimating 27 

industrial and domestic water use across regions (Veldkamp et al., 2017) 28 

Beyond large-scale hydrological models, a spectrum of alternative approaches seeks to capture finer-scale 29 

heterogeneity and sector-specific dynamics to estimate water use, yet each introduces its own constraints by navigating 30 

a fundamental trade-off between local accuracy and general applicability. Integrated Assessment Models (IAMs) such 31 

as GCAM and IMAGE, for instance, are valuable for national-level policy and scenario analysis by incorporating 32 

water, energy, and food nexus interactions (Bijl et al., 2018; Fujimori et al., 2017; Hejazi et al., 2014; Khan et al., 33 

2023). However, their applicability for smaller, water-scarce nations like those in the GCC and Jordan is 34 

fundamentally limited by coarse spatial resolution, an aggregated representation of industrial subsectors, and static 35 

assumptions regarding water infrastructure and household water use efficiency that fail to capture regional dynamics. 36 
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For instance, GCAM generally considers GCC countries as part of a single aggregated region, which leads to the 1 

homogenization of highly heterogeneous national contexts. This regional aggregation masks critical differences in 2 

water resource management, desalination dependency, industrial structure, and water policy, such as water tariffs 3 

among countries such as Saudi Arabia, the UAE, Qatar, and Jordan. As a result, country-specific dynamics such as 4 

rapid infrastructure expansion, shifts in desalination capacity, and targeted efficiency measures in industrial sectors 5 

are not explicitly represented, leading to potential biases in water use estimation. Although some efforts have 6 

attempted to disaggregate industrial water use into energy production, manufacturing, and cooling components,  sub-7 

sector industrial representations remain simplified, similar to large-scale hydrological models.  8 

Regional or country-specific models to estimate water use address many of these spatial and sectoral limitations by 9 

providing the resolution needed to represent cities, multiple industrial subsectors, and the influence of local water 10 

policies (House‐Peters & Chang, 2011; Joseph et al., 2019; Ling et al., 2023; Su & Karthikeyan, 2023; Wang et al., 11 

2024). However, these models are often tailored to specific case studies, limiting their reproducibility and cross-12 

regional comparability. Moreover, many focus primarily on reproducing historical water use trends rather than 13 

explicitly linking water use to evolving socio-economic drivers, technological change, and infrastructure development, 14 

which constrains their applicability for forward-looking scenario analysis (Cazcarro et al., 2013; F. T. Avelino & 15 

Dall’erba, 2020; M. Li et al., 2024). Furthermore, the existing literature remains limited and fragmented, with few 16 

studies that systematically capture country-level heterogeneity. Most available applications are relatively simple in 17 

structure, often relying on basic regression-based approaches with limited explanatory variables, or focusing on single-18 

city case studies or isolated single-country analyses without regional comparability. Within this body of work, socio-19 

economic and household characteristics such as income, household size, housing type, and education level are among 20 

the most frequently studied drivers (Abushammala, 2017; Alazmi et al., 2024; Alfalah, 2021; Al-Maadid et al., 21 

2023; Almulhim & Abubakar, 2024; Almutaz et al., 2012; Fadlelmawla & Al-Otaibi, 2005; Freije et al., 2023; 22 

Gharabaghi et al., 2019; Kalifa et al., 2021), while population growth and urbanization strongly influence domestic 23 

water demand by reshaping consumption patterns and increasing pressure on centralized supply systems (Ahmed et 24 

al., 2020; Al-Najjar et al., 2011; Fadlelmawla & Al-Otaibi, 2005; Kizhisseri et al., 2021; Long et al., 2022; Meng 25 

& Wu, 2021), and climatic conditions further contribute to seasonal and spatial variability (Long et al., 2022; Meng 26 

& Wu, 2021; Mohamed & Al-Mualla, 2010). Additional factors such as water tariffs, nationality, age structure, and 27 

household behavior have also been incorporated to capture socio-economic and cultural heterogeneity (Alazmi et al., 28 

2024; Alfalah, 2021; Al-Maadid et al., 2023; Al-Najjar et al., 2011; Alqahtani et al., 2021; Fadlelmawla & Al-29 

Otaibi, 2005; Kalifa et al., 2021), although most studies remain country-specific with only limited extensions to 30 

multi-country or regional scale (Ahmed et al., 2020; Long et al., 2022), resulting in key national scale dynamics 31 

including sectoral differences in water use, rapid infrastructure expansion, and policy-driven efficiency improvements 32 

remaining insufficiently represented and highlighting a clear need for more robust and transferable models, 33 

particularly for water-scarce regions such as the Middle East. 34 

In parallel, data-driven and hybrid approaches, including machine learning methods, have demonstrated potential for 35 

capturing nonlinear relationships among socio-economic, climatic, and infrastructural drivers of water use (Bata et 36 
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al., 2020; G. Guo et al., 2018; Morain et al., 2024; Ulusoy et al., 2024), However, challenges related to 1 

interpretability, data requirements, and transferability continue to limit their operational use (Babel et al., 2007; 2 

Maußner et al., 2025; Shrestha et al., 2020).  3 

To synthesize the landscape of existing water use modeling approaches, Table 1 provides a structured comparison of 4 

large-scale hydrological models or GHMs, IAMs, regional/national, and AI/ML-based models. It summarizes their 5 

sectoral coverage, spatial resolution, temporal scope, and methodological approach, enabling a clear assessment of 6 

strengths, weaknesses, and methodological gaps. First, GHMs deliver consistent long-term data but are limited by 7 

coarse resolution and aggregated sectoral assumptions, undermining local accuracy. Second, IAMs improve economic 8 

integration and partial sub-sectoral details but remain constrained by regional aggregation and static assumptions 9 

regarding domestic infrastructure. Third, regional and national models provide high spatial and sectoral fidelity yet 10 

often lack transferability across regions and scenarios. Fourth, AI/ML approaches capture complex nonlinear 11 

relationships but are hindered by data scarcity and weak integration with physically grounded water and socio-12 

economic processes. Collectively, these observations highlight a persistent gap; not a single model simultaneously 13 

achieves a comprehensive industrial sub-sector disaggregation, dynamic socio-economic and infrastructural 14 

representation, and cross-regional applicability at a high spatial resolution. 15 

Water-scarce regions such as the GCC countries and Jordan provide a critical testbed for advancing water use 16 

modeling. These regions combine rapid urbanization, evolving industrial structures, and strong reliance on non-17 

conventional water sources with significant data scarcity (Al-Zubari et al., 2017; Al-Zu’bi et al., 2025; Huang et al., 18 

2018; Wada et al., 2016). Including Jordan provides a strategic advantage, as a directly neighboring water-scarce 19 

country, it shares climatic, hydrological, and social characteristics with the GCC, making it ideal for evaluating model 20 

performance and regional water use dynamics for more stable countries. Unlike Egypt and Iraq, whose water systems 21 

are strongly dependent on major perennial river systems, the GCC countries and Jordan rely heavily on groundwater, 22 

desalination, and other non-conventional water resources. Countries such as Syria and Yemen were not considered 23 

due to major limitations in consistent long-term water and socio-economic datasets associated with prolonged 24 

instability and conflicts. 25 

Building upon the development of the previous models (Table 1); The proposed methodology advances in several 26 

aspects when estimating both industrial and domestic sectors in data-scarce regions of the GCC countries and Jordan. 27 

Our approach combines high-resolution 3 arcseconds (~ 90 m) spatial assessment with explicit sub-sectoral and 28 

infrastructure representation, enabling detailed characterization of water use dynamics across space and time. A key 29 

feature of the model is the explicit disaggregation of industrial water use into ten subsectors, reflecting the 30 

heterogeneous nature of industrial activity in the region, where each subsector was characterized by distinct production 31 

processes, technologies, and water use intensities, thus covering the important industrial features. This coverage spans 32 

nearly all industrial activities in the study region, allowing the model to detect structural changes in industrial activities 33 

and development over time. In addition, water constraints were resolved at the plant location level, enhancing the 34 

physical consistency and spatial precision of industrial use estimates. The domestic sector formulation represents an 35 

advancement by explicitly incorporating infrastructural and built environment characteristics alongside socio-36 

economic and demographic drivers. In addition to population and economic indicators, the model accounts for urban 37 
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form, housing structure, and infrastructure-related efficiency dynamics, enabling domestic water use to be represented 1 

as a transient function of both water use behavior and the underlying water network and urban systems. Overall, the 2 

model is fully spatially explicit, sub-sectoral resolved, infrastructure represented, and cross-country comparable, 3 

allowing it to capture structural transitions in water use across time and space within a unified model structure, giving 4 

the flexibility to apply to other regions. 5 
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2 Model Framework 1 

This section presents the methodological framework developed to estimate water withdrawals and consumptions 2 

across both industrial and domestic sectors. The framework integrates a regionally applicable, sector-specific 3 

industrial module along with a domestic module capable of capturing sub-national water use. Together, these modules 4 

provide a comprehensive, 3 arcseconds high-resolution representation of water use patterns. A model flowchart is 5 

shown in Figure 1. 6 

For the sake of simplicity and generality, the term water use is employed throughout this study to encompass both 7 

water withdrawal and water consumption, as the underlying concept for modeling these quantities is largely 8 

equivalent. 9 

 10 

Figure 1: A model overview showing the domestic and industrial model structure. 11 

Table 2: A summary of the major datasets used in this study. The data comprises demographic, climatic, and socio-economic 12 

inputs required for model parameterization. All variables were spatially and temporally harmonized to ensure consistency. 13 

Parameter Source(s) 

Population CSB (2025), DOS (2025), FCSC (2025), GASTAT (2025), iGA (2025), NCSI 

(2025), PSA (2025), US Census Bureau (2025), and World Bank (2024).  

Population Density Schiavina et al. (2023). 

Water Withdrawal AQUASTAT (2026), DOS (2025), EuroStat (2026), FCSC (2025), GASTAT (2025), 

iGA (2025), and PSA (2025). 
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GDP CSB (2025), DOS (2025), FCSC (2025), GASTAT (2025), iGA (2025), IMF 

(2026), NCSI (2025), PSA (2025), and World Bank (2026b). 

Electricity CSB (2025), DOS (2025), FCSC (2025), GASTAT (2025), IEA (2026), iGA (2025), 
NCSI (2025), and OWID (2026a). 

Energy  OWID (2026b) and World Bank (2026a). 

Household Size CSB census (2005, 2011, 2021, DOS census (1994, 2004, 2015), GASTAT (2004, 
2010, 2022), iGA census (1991, 2010, 2020, 2020), NCSI census (1993, 2003, 
2010, 2020), PSA census (1986, 1997, 2004, 2010, 2020). 

% of Houses Connected 

to the Water Network 

CSB census (2005, 2011, 2021), DOS census (1994, 2004, 2015), GASTAT 
(2004, 2010, 2022), iGA census (1991, 2010, 2020), NCSI census (1993, 2003, 
2010, 2020), and PSA census (1986, 1997, 2004, 2010, 2020). 

Non-Revenue Water Al-Bulushi et al. (2018), Ali et al. (2024), Al-Khalid et al. (2013), Alkhanbashi & Al 
Shuaili (2026), DOS census (1994, 2004, 2015), GRC (2020), NCSI census 
(1993, 2003, 2010, 2020), PSA census (1986, 1997, 2004, 2010, 2020, 2020), 
UN-WLC (2025). 

Consumption Factor Hejazi et al. (2013), World Bank (2026b). 

2.1 Industrial Water Use 1 

Industrial water withdrawal has long been associated with macroeconomic development, energy use, and evolving 2 

technological efficiencies. Gross domestic product (GDP) is commonly used to represent the overall scale of economic 3 

and industrial activity (Alcamo et al., 2007; Flörke et al., 2013; Hanasaki et al., 2013; Oki & Kanae, 2006; Wada 4 

et al., 2011). In addition, electricity generation per capita serves as a proxy for industrial energy demand, and has 5 

been shown to exhibit a strong empirical relationship with industrial water withdrawal (Alcamo et al., 2007; Flörke 6 

et al., 2013; Shen YanJun et al., 2008). Empirical assessments have also demonstrated a strong relationship between 7 

industrial water withdrawals and energy intensity, defined as energy use per unit of economic output (Hanasaki et 8 

al., 2013). 9 

Building on these insights, our model represents industrial water use through a bottom-up structure that distinguishes 10 

ten key industrial sub-sectors: electricity generation, petro-refining, chemical and petrochemical industries, cement, 11 

basic metals, food and beverage, paper and pulp, oil extraction, mining , and other manufacturing. These sub-sectors 12 

capture the dominant contributors to industrial production and water use across most economies. Industrial water 13 

withdrawal is therefore estimated as a sum of the product of sub-sectoral production output and their respective water 14 

withdrawal intensity. 15 

Water withdrawal 𝑊𝑊𝑐,𝑠,𝑡 for country 𝑐, sub-sector 𝑠, and year 𝑡 is calculated as: 16 

𝑊𝑊𝑐,𝑠,𝑡 = 𝑃𝑐,𝑠,𝑡 × 𝑊𝑊𝐼𝑐,𝑠,𝑡  (1) 18 

where 𝑃𝑐,𝑠,𝑡denotes production output, and WW𝐼𝑐,𝑠,𝑡represents water withdrawal intensity. 17 

Unlike conventional models (Alcamo et al., 2007; Flörke et al., 2013; Hanasaki et al., 2013; Wada et al., 2011), 19 

which rely on explanatory variables to directly estimate industrial water use, this study utilizes these factors to 20 

characterize and quantify temporal efficiency gains across individual industrial subsectors: 21 

𝑊𝑊𝐼𝑐,𝑠,𝑡 = 𝑊𝑊𝐼𝑐,𝑠,𝑡0
× 𝑇𝐸𝐹𝑐,𝑠,𝑡 (2) 22 
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 2 

 1 

Here, 𝑊𝑊𝐼𝑐,𝑠,𝑡 is the water use intensity, while 𝑊𝑊𝐼𝑐,𝑠,𝑡0
is the baseline intensity at the reference year 𝑡0. For this 3 

study, we are taking 2020 as a reference year. Temporal variations are governed by the techno-economic factor 4 

𝑇𝐸𝐹𝑐,𝑠,𝑡, which captures changes in economic scale and energy-system efficiency. 5 

The TEF is formulated as a dimensionless scaling term: 6 

𝑇𝐸𝐹𝑐,𝑡 =
1

3
((

𝐺𝐷𝑃𝑐,𝑡0

𝐺𝐷𝑃𝑐,𝑡
)

0.5

+
𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑐𝑎𝑝,𝑐,𝑡0

𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦𝑐𝑎𝑝,𝑐,𝑡
+𝐸𝐼) (3) 8 

 7 

In this formulation, GDP, per-capita electricity, and energy intensity are designed to exhibit a saturating, plateau-like 9 

response over time. Specifically, the 0.5 exponent applied to the GDP ratio reflects diminishing marginal 10 

improvements in industrial water use efficiency with increasing economic output. As economies mature, structural 11 

and technological gains progressively saturate, limiting further reductions in water use intensity. The sublinear 12 

transformation, therefore, moderates the influence of GDP, aligning its temporal response with the plateau-like 13 

behavior observed in the per capita electricity and energy intensity. 14 

Energy intensity is defined as: 15 

𝐸𝐼𝑐,𝑡 =

(
𝐸𝑛𝑒𝑟𝑔𝑦𝑐𝑎𝑝,𝑐,𝑡

𝐺𝐷𝑃𝑐𝑎𝑝,𝑐,𝑡
)

(
𝐸𝑛𝑒𝑟𝑔𝑦𝑐𝑎𝑝,𝑐,𝑡0

𝐺𝐷𝑃𝑐𝑎𝑝,𝑐,𝑡0

)

(4) 16 

TEF captures the sensitivity of industrial water use intensity to large increases in economic output, technological 17 

adjustments, and efficiency changes, while retaining responsiveness to early-stage growth and structural transitions. 18 

By combining these three components, TEF provides a tractable value for representing the major socio-economic and 19 

energy-related drivers of industrial efficiency improvements in regions lacking detailed process-level data. 20 

Industrial water consumption 𝑊𝐶𝑐,𝑠,𝑡is calculated independently from withdrawal: 21 

𝑊𝐶𝑐,𝑠,𝑡 = 𝑃𝑐,𝑠,𝑡 × 𝑊𝐶𝐼𝑐,𝑠,𝑡 (4) 23 

 22 

where 𝑃𝑐,𝑠,𝑡denotes production output for the country 𝑐, sub-sector 𝑠, and year 𝑡, and WC𝐼𝑐,𝑠,𝑡represents water 24 

consumption intensity. 25 

Intensities are derived from a structured synthesis of national statistical datasets, industrial and energy sector reports, 26 

corporate sustainability disclosures, and sector-specific technical literature, as shown in Table 2 and the various 27 

upcoming industrial sub-sectors. The temporal evolution of these intensities was captured using the techno-economic 28 

factor (TEF) (Eq. 3), which accounts for changes in economic scale, energy use, and efficiency improvements over 29 

time for all the subsectors. For clarity, subsector-specific baseline withdrawal and consumption intensities are 30 

provided in individual tables within each subsector section. Unless otherwise specified, water use intensities are 31 

calculated as the ratio of water use to the corresponding sectoral or subsectoral production output. Water use is then 32 

allocated among individual plants in proportion to their production capacities, unless an alternative allocation 33 

approach is explicitly stated. 34 
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 1 

2.1.1 Electricity Generation 2 

Electricity Generation is one of the biggest water users (Lohrmann et al., 2022), and requires substantial volumes of 3 

water, primarily for cooling and auxiliary processes (IEA, 2016; Terrapon-Pfaff et al., 2020). While only a fraction 4 

of this water is consumed through evaporation or incorporation into products (Skinner et al., 2025). An accurate 5 

estimation of both water withdrawals and consumptive use is critical for all nations' security. Recent studies further 6 

show that shifts in the electricity mix, stricter thermal discharge regulations, and the adoption of recirculating, hybrid, 7 

and dry cooling systems have substantially reduced water withdrawal intensities per unit of electricity produced (Byers 8 

et al., 2014; Lohrmann et al., 2019; Skinner et al., 2025). This electricity-generation water use model captures these 9 

dynamics across all major technologies, incorporating recent data for more efficient natural gas combined-cycle units, 10 

renewable-linked thermal plants, and other emerging technologies. 11 

The model distinguishes power plants based on their fuel type and cooling system configuration (e.g., once-through, 12 

wet cooling towers, recirculating ponds, or hybrid/dry cooling). Water withdrawal and consumption intensities per 13 

MWh were obtained from Macknick et al. (2012), while plant capacities were sourced from Byers et al. (2018). 14 

Cooling system types for each plant were verified using Google Earth Engine (Gorelick et al., 2017). Electricity 15 

generation at the plant level EGi was not always directly reported and was therefore estimated by allocating total 16 

electricity generation proportionally according to installed plant capacities. This capacity-weighted allocation assumes 17 

that generation is distributed among plants in proportion to their relative capacities. Plant-specific water use was then 18 

calculated as 19 

𝐸𝐺𝑊𝑈 = 𝐸𝐺𝑖 × 𝑊𝑈𝐼𝑖(𝐶𝑆𝑖 , 𝑃𝑇𝑖) (5) 20 

 21 

where 𝐸𝐺𝑊𝑈 denotes electricity generation water use, EG𝑖 is the electricity generated by  plant 𝑖, and 𝑊𝑈𝐼𝑖  represents 22 

the water use intensity associated with plant 𝑖 as a function of its cooling system (𝐶𝑆𝑖) and plant type (𝑃𝑇𝑖). This 23 

model enables a detailed, technology-specific representation of water use in the electricity sector and reflects the 24 

influence of evolving cooling technologies and changes in the electricity fuel mix on overall sectoral water use. 25 

2.1.2 Petro-Refining 26 

The petro-refining subsector is an intensive industrial user of freshwater, primarily used in process operations such as 27 

distillation, heat exchange, and cooling (Ali & Kumar, 2017; Hashemi et al., 2024; Sun et al., 2018). The analysis 28 

distinguishes between different crude oil types, "light-to-medium" and "medium-to-heavy" oil, allowing each country 29 

to have a tailored water withdrawal intensity reflective of its dominant crude profile, as shown in Table 3. Medium-30 

to-heavy crude oils had higher intensities reflecting the greater processing complexity associated with heavier crude 31 

fractions, which typically require more extensive thermal processing, separation, and cooling operations. 32 

For this study, median values of the reported ranges were adopted as representative intensities, for light-to-medium 33 

crude oil, which is dominant in the area of study (Arafin et al., 2012; Baniasad et al., 2023). We used 1.5 m³ water 34 
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per m³ oil for medium-to-heavy crude, while average  values of 0.96 m³ water per m³ oil and 40 were assigned for 1 

water consumption and cooling intensities, respectively, while the crude throughput data was obtained from KAPSARC 2 

(2022).  3 

2.1.3 Chemicals & Petrochemicals Manufacturing 4 

Building upon the assessment of water use in the petro-refining sector, the chemicals and petrochemicals subsector 5 

represents another cornerstone of industrial water use, driven by diverse production processes ranging from basic 6 

chemicals and fertilizers to polymers and specialty products (Hansen et al., 2018). While petro-refining primarily 7 

relies on water for thermal operations and cooling, chemical manufacturing requires water not only for heat 8 

management but also as a process medium in reactions, separations, and product conditioning (Ellis et al.; 2001). As 9 

shown in Table 3, Plant-level water withdrawal and consumption data from manufacturer reports were compiled from 10 

various sources to derive water use intensities (m3 per tonne of product). The median withdrawal and consumption 11 

intensities were 3.2 m³ per tonne and 1.6 m³ per tonne, respectively.  These intensities provide basis for estimating 12 

annual water use in the chemicals and petrochemicals sector and align with the estimate from Hansen et al. (2018). 13 

For cooling purposes, this subsector withdraws substantial volumes of water; however, reported data remain limited, 14 

with SABIC (2022) reporting an estimated 80 m³ per tonne of product based on its own operations, while production 15 

data was obtained from GPCA (2015, 2017, 2022). 16 

2.1.4 Paper & Pulp Manufacturing 17 

The pulp and paper (P&P) industry is a major consumer of freshwater and generates substantial wastewater due to its 18 

large-scale operations and complex production processes (Kamali & Khodaparast, 2015). Freshwater use varies with 19 

raw material type (virgin versus recycled fibers), production process (mechanical, chemical, or combined), and 20 

product grade (newsprint, packaging paper, tissue, etc.), with recycled fiber-based mills generally consuming less 21 

water than virgin fiber mills (Atimtay & Sikdar, 2011). Technological improvements, including water recovery, 22 

recycling, and implementation of best available techniques (BAT), have significantly reduced water consumption over 23 

time (Esmaeeli & Sarrafzadeh, 2023).  24 

Countries with pulp production less than 10% of the total output show only minor variations in water withdrawal. 25 

Across these countries, the interquartile range was approximately 4.52–8.81 m³ per tonne, with a median value of 7.62 26 

m³ per tonne, consistent with previous studies (Esmaeeli & Sarrafzadeh, 2023; Olejnik, 2011) as further clarified in 27 

S1. While consumption intensity in the P&P industry is rarely reported, it will be considered only as the water 28 

evaporated which would account for 1-1.5  m3 per tonne (Olejnik, 2011). Production amounts were taken from 29 

FAOSTAT (2025). 30 
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2.1.5 Basic Metals Manufacturing 1 

Basic metal manufacturing is inherently among the most water intensive sectors in industry, owing to the large 2 

volumes of input materials, high energy and cooling uses, and the requirement for ore processing, smelting, refining, 3 

and casting stages (Atimtay & Sikdar, 2011; Colla et al., 2017; Sharma et al., 2025). The mean and median water 4 

withdrawal intensities were calculated using data from EuroStat (2026) and metal production statistics from 5 

KAPSARC (2026), considering country level averages for the period 2015–2020. The results yielded an average of 6 

32.6 m³/tonne and a median of 24.8 m³/tonne, which align with the upper range reported in previous studies on the 7 

steel industry, where water withdrawal intensities typically range from 17.4 to 28.6 m³/tonne (Suvio et al., 2012; Tong 8 

et al., 2018; World Steel, 2015). This suggests that many metals, not just steel, exhibit relatively comparable water 9 

use intensities. 10 

Data on water use for metals other than steel are limited, even at the company and producer level. Many producers 11 

report only total water withdrawals or seawater intake, without specifying the portion that is desalinated or directly 12 

associated with individual metal production. This lack of detail makes it infeasible to calculate metal-specific water 13 

withdrawal intensities with confidence. Consequently, the sectoral WWI presented here should be interpreted as an 14 

aggregate average across all basic metals, with steel likely dominating the total volume. Nonetheless, this average 15 

remains meaningful, while individual metals undergo different processing steps, the reported water intensities of non-16 

steel metals are generally of the same order of magnitude, supporting the representativeness of the derived sector-17 

level value. In addition, seawater withdrawals for cooling purposes have been estimated from various reports, yielding 18 

an average of ∼70 m3/tonne (EGA, 2023; MAADEN, 2024). For consistency and comparability, this cooling water 19 

intensity was applied uniformly across all basic metals in this study, as for consumption, it was estimated to be 4 20 

m3/tonne (Chengkang et al., 2011; Tong et al., 2018)  21 

2.1.6 Food & Beverage Manufacturing 22 

Water use in the food and beverage (F&B) subsector extends beyond factory operations. The freshwater embedded in 23 

processing and supply chains moves with trade, income levels, and dietary habits (Frontuto et al., 2025; Vanham et 24 

al., 2017). In contrast, countries with plentiful freshwater may have higher water use per unit of output but face lower 25 

immediate stress on local resources (Garnier et al., 2023). Water Withdrawal from Eurostat was divided by the value 26 

added from the food and beverage sector from the GLORIA MRIO dataset (Lenzen et al., 2017, 2022). Then, a 27 

relation was constructed between countries' F&B water withdrawal intensity and electricity per capita to estimate the 28 

intensity for countries with missing values. The relation between withdrawal intensity and electricity per capita is 29 

clarified in S2. WWI ranged from 1 – 17 m3/ $ value added. Consumption intensity data were unavailable; therefore, 30 

it was assumed that approximately 42% of total water withdrawals are effectively consumed, based on average 31 

consumption-to-withdrawal ratios of the overall withdrawal industrial sub-sectors. The water use was distributed 32 

across industrial areas in proportion to their spatial extent, such that larger industrial areas were assigned a 33 

correspondingly greater share of total water use 34 
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2.1.7 Cement Manufacturing 1 

Although cement manufacturing is mainly dry, water is still used for cooling, dust suppression, and equipment 2 

maintenance. Recent improvements, such as water recycling and closed-loop cooling systems, have contributed in 3 

reducing freshwater use while maintaining production efficiency (Khafajah et al., 2026). Intensities for cement water 4 

use were collected from companies' reports, as shown in Table 3. The median values were adopted to represent the 5 

sector, resulting in a water withdrawal intensity (WWI) of 0.279 m³/tonne and a water consumption intensity (WCI) 6 

of 0.163 m³/tonne. Production data was obtained from USGS (1996, 2000, 2005, 2010, 2015, 2020, 2025). 7 

2.1.8 Oil Extraction 8 

Being concentrated in specific countries, oil production can generate disproportionately high local water use, 9 

exacerbating stress on already scarce freshwater resources, similar to the GCC case (Ali & Kumar, 2017; Meißner, 10 

2021; Miao, 2025; Nath et al., 2023). Oil production has grown substantially in the region of study over the recent 11 

decades, contributing significantly to industrial water use (Energy Institute, 2025). Expansion has been accompanied 12 

by substantial water requirements associated with drilling operations, cooling systems, enhanced recovery techniques, 13 

and pressure management. The model is based on standard reservoir material balance under waterflooding conditions 14 

with long-term voidage replacement equilibrium (VRR ≈ 1) (Dake, 1983; Lake et al., 2014). Produced fluids at 15 

reservoir conditions are expressed as: 16 

𝑉prod,res = 𝑄𝑜𝐵𝑜 + 𝑄𝑤𝐵𝑤  (6) 18 

 17 

where 𝑄𝑜and 𝑄𝑤are the surface oil and produced water production rates, and 𝐵𝑜and 𝐵𝑤are the oil and water formation 19 

volume factors, respectively. Under voidage replacement conditions, the injected reservoir volume equals the 20 

produced reservoir volume: 21 

𝑉inj,res = 𝑉prod,res (7) 23 

 22 

The corresponding surface injection requirement is: 24 

𝑉inj,surf =
𝑉inj,res

𝐵𝑤

= 𝑄𝑜 (
𝐵𝑜

𝐵𝑤
+WOR) (8) 26 

 25 

where WOR =
𝑄𝑤

𝑄𝑜
 represents the produced water–oil ratio (Veil et al., 2004), increasing with reservoir maturity in 27 

waterflooded systems. 28 

Produced water is partially recycled and reinjected into the system. The recycling efficiency 𝜂 is defined as the fraction 29 

of produced water that is treated and reused: 30 

𝑉recycled = 𝜂. 𝑄𝑤 = 𝜂 ⋅ WOR ⋅ 𝑄𝑜 (9) 32 

 31 
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Within a consistent system boundary, the external water withdrawal is defined as the amount of water required from 1 

outside sources (e.g., seawater, freshwater, or desalinated water) to satisfy the remaining injection demand not covered 2 

by recycling: 3 

𝑊withdrawal = 𝑉inj,surf − 𝑉recycled (10)  4 

𝑊withdrawal = 𝑄𝑜 (
𝐵𝑜

𝐵𝑤

+ WOR(1 − 𝜂)) (11) 6 

 5 

This represents the gross external water input to the oil production system. 7 

The water consumption is defined as the irreversibly lost fraction of water from the produced-water cycle due to 8 

surface handling inefficiencies. A surface loss parameter 𝛼 is introduced to represent losses such as evaporation, 9 

sludge disposal, and treatment inefficiencies. Consumption is therefore defined as losses from the produced-water 10 

stream only: 11 

𝑊consumption = 𝑄𝑜 ⋅ WOR[(1 − 𝜂) + 𝛼𝜂] (12) 13 

 12 

This formulation ensures a consistent system boundary in which withdrawal represents external water demand, while 14 

consumption represents irreversible losses from the produced-water recycling loop. 15 

The model assumes undersaturated reservoir conditions with no gas phase formation, consistent with classical 16 

waterflooding assumptions from Dake (1983). Gas liberation and formation volume factor variations associated with 17 

gas phases are neglected. The results represent long-term average steady-state behavior under sustained waterflood 18 

operations rather than transient production dynamics. 19 

As shown in Table 4, the parameter values were selected to represent typical conditions encountered in oil extraction 20 

operations while maintaining consistency with ranges reported in the literature. An average oil formation volume 21 

factor of 𝐵𝑜 = 1.3 was adopted as a representative mid-range value within the reported interval of 1.01–1.60. 22 

Similarly, the water formation volume factor was taken as 𝐵𝑤 = 1.03, representing a central value within commonly 23 

reported ranges. A water recycling efficiency of 𝜂 = 0.71 was used based on Kassab et al. (2021), while a surface 24 

water loss factor of 𝛼 = 0.08 was adopted following estimates by Veil et al. (2004). The water–oil ratio (WOR) shows 25 

significant variability across reservoirs due to differences in field maturity, operational practices, and regional 26 

conditions, with reported values spanning from 0.01–1.50 in several regional studies to average global estimates 27 

approaching 4  and higher (Al Dhaif et al., 2021; Dawoud et al., 2024). To capture this variability while preserving 28 

a representative regional-scale assumption, a WOR value of 2 was selected. Under these combined conditions, the 29 

resulting withdrawal intensity was estimated at 1.96 m³ of water per m³ of oil produced, falling within the higher end 30 

of literature-reported ranges and aligning with estimates for water-intensive production systems (Goodwin et al., 31 

2012). The corresponding consumption intensity was estimated at 0.83 m³/m³, providing a physically consistent and 32 

representative basis for regional-scale water-use estimation. Oil field locations were obtained from the GEM (2026) 33 

dataset. Annual oil production was allocated to individual onshore and offshore fields according to their reported 34 

production capacities. Field capacities were assumed to remain constant throughout the study period due to the limited 35 

availability of time-varying field-level production data. The estimated shares of national oil production originating 36 
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from onshore fields were 62.9% for Saudi Arabia, 30.7% for Qatar, 100.0% for Oman, 50.8% for the United Arab 1 

Emirates, 91.7% for Kuwait, and 20.4% for Bahrain. Offshore fields were excluded from the water-use assessment. 2 

National oil extraction volumes were obtained from KAPSARC (2026b). 3 

Table 4: Summary of key reservoir fluid properties and water management parameters. 4 

Symbol Category Range Reference 

𝑩𝒐 

Dead / Heavy Oil 1.00–1.05 

McCain (1990, 1991) 
Ordinary Black Oil 1.05–1.60 

Volatile Oil 1.60–5.00+ 

𝑩𝒘 1.00–1.06 

WOR 0-20+ Al Dhaif et al. (2021), Dawoud et al. (2024), Li et al. (2023) 

𝜼 0.71 Kassab et al. (2021) 

𝜶 0.08 Veil et al. (2004) 

 5 

For oil production, although technological advancements in extraction and drilling techniques have improved 6 

operational efficiency, these gains are often counterbalanced by reservoir aging effects, including declining well 7 

productivity and increasing water cut in mature fields, which tend to raise water requirements over time (Andersen 8 

et al., 2022). As these opposing processes can offset each other, resulting in no clear or stable net technological trend 9 

in water-use intensity, TEF-based adjustments were not considered. Instead, fixed coefficients provide a more robust 10 

and transparent representation of water use dynamics. 11 

 12 

2.1.9 Mining 13 

Although mining typically accounts for only 2–4.5% of national water withdrawals, its impact can be 14 

disproportionately large at regional and local scales—particularly in countries like Jordan, which is among the top 5 15 

global producers of phosphate and potash, and Saudi Arabia, which ranks in the top 10 for phosphate (Islam et al., 16 

2025; Meißner, 2021). Mining water intensity values used in this study were derived from Islam et al. (2025) with 17 

average withdrawal and consumption intensities of 2.14 m³/tonne and 0.77 m³/tonne; However, potash extraction was 18 

treated as a unique case in Jordan. Potash production in Jordan relies on evaporating the Dead Sea water rather than 19 

conventional mining techniques. Accordingly, company-reported values were employed, yielding an estimated 20 

freshwater withdrawal and consumption intensity of 4.83 and 3.14 m³ per tonne respectively, while Dead Sea water 21 

withdrawal was estimated at 42 m³ per tonne (APC, 2022). The substantial difference is mainly driven by potash 22 

production processes, which require extracting large volumes of saline brine from the Dead Sea, while freshwater is 23 

used only for supporting auxiliary operations, leading to considerably lower overall water intensities. Except for 24 

Potash production in Jordan, mining was located using Maus et al. (2020) dataset, water use was distributed across 25 
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mining areas in proportion to their spatial extent, such that larger mining areas were assigned a correspondingly greater 1 

share of total water use, while mining production was compiled from KAPSARC (2025) and potash production was 2 

compiled from APC (1999, 2002, 2007, 2011, 2016, 2025) annual reports . 3 

2.1.10 Other Manufacturing 4 

To account for non-explicitly modeled industrial activities, an aggregated category termed other manufacturing was 5 

introduced. In the regional context, the unmodeled share mainly reflects dispersed and less systematically reported 6 

activities such as construction related operations, automotive and transport related industries (including vehicle 7 

assembly, maintenance, and large-scale washing facilities), textile and garment production where present (particularly 8 

dyeing, washing, and finishing processes), electronics and light manufacturing assembly, small metal workshops and 9 

surface treatment activities, as well as other small-scale or fragmented manufacturing operations that are typically 10 

embedded within broader national “manufacturing” statistics or not explicitly reported in sub-sector water withdrawal 11 

datasets. 12 

Given the lack of consistent disaggregation for these activities, their combined water use was approximated as a fixed 13 

proportion of 5% of the total modeled industrial freshwater withdrawals, excluding electricity generation due to its 14 

distinct water use characteristics and separate representation within the model. This residual factor is therefore 15 

intended to close the industrial water balance by capturing unaccounted dispersed industrial demand rather than 16 

representing a directly observed or independently calibrated parameter. This parameter should therefore be interpreted 17 

as an approximation rather than an empirically derived quantity. As for consumption, it was also assumed to be 42% 18 

following the average consumption-to-withdrawal ratios of the other subsectors. And the water was distributed based 19 

on the industrial areas’ sizes. 20 

2.2 Domestic Water Use 21 

2.2.1 Domestic Water Use Formulation 22 

Building on insights from previous studies, socioeconomic, demographic, and infrastructural factors were identified 23 

as key drivers of domestic water use. And following the formulation of global water use assessments similar to Flörke 24 

et al. (2013), Hanasaki et al. (2013), and Wada et al. (2011). The modeling approach progressed by selecting 25 

variables that are both regionally relevant and suitable for projections. Specifically, GDP per capita was used as a 26 

proxy for household income, household size to capture demographic influences, and the percentage of houses 27 

connected to the main water network (HCN%) to present the ease of access to potable water. In addition to the city’s 28 

urban–rural classifications, the model also incorporates a factor that has not received attention in previous studies, 29 

which is the percentage of non-revenue water to better account for actual water consumption patterns. 30 

The domestic water withdrawal data were compiled from official governmental sources for each country within the 31 

study region. The other parameters were further corroborated using national publications and global datasets to ensure 32 

consistency. 33 
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The model was developed with an approach in which to estimate 𝐷𝑊𝑊𝑝𝑐,𝑐,𝑡 for a given country 𝑐 and year 𝑡 by scaling 1 

a reference-year value 𝐷𝑊𝑊𝑝𝑐,𝑐,𝑡0
 using household size, and economic level: 2 

𝐷𝑊𝑊𝑝𝑐,𝑐,𝑡 = 𝐷𝑊𝑊𝑝𝑐,𝑐,𝑡0
× (

𝐻𝐻𝑆𝑐,𝑡0

𝐻𝐻𝑆𝑐,𝑡

)

0.5

× (
𝐺𝐷𝑃𝑝𝑐𝑐,𝑡

𝐺𝐷𝑃𝑝𝑐𝑐,𝑡0

)

0.5

(5) 3 

 4 

GDP per capita was adjusted for inflation and expressed in purchasing power parity (PPP) terms at constant 2020 5 

prices to enable consistent and comparable cross country analysis (OECD, 2018). The reference year 𝑡0 corresponds 6 

to the year with observed domestic water withdrawal data, where 𝑡0 is 2020, while 𝑡 refers to the year for which the 7 

estimate is calculated. This allows reconstruction of domestic water withdrawal time series for any country with a 8 

known reference value, explicitly accounting for socio-economic growth, and demographic changes. 9 

Following previous studies, domestic water withdrawal (DWW) generally increases with GDP per capita (GDPpc) 10 

and exhibits an S-shaped (sigmoid) relationship (Flörke et al., 2013; X. Guo et al., 2022; Zhu et al., 2024). For 11 

countries without reported DWW per capita data, a regional sigmoid function was fitted to capture this non-linear 12 

trend, as shown in Figure 2. The function is bounded between 50 and 500 liters per capita per day, where 50 L/cap/day 13 

corresponds to the basic water requirement recommended by the UN (2024), and 500 L/cap/day represents the highest 14 

observed per-capita water use in the region. To ensure temporal consistency, only post-2010 observations were used, 15 

as earlier data are influenced by infrastructure expansion and demographic changes that can obscure the GDP–DWW 16 

relationship. 17 

 18 

Figure 2: Sigmoid function fitted to the relationship between per-capita domestic water withdrawal (𝑫𝑾𝑾𝒑𝒄) and GDP 19 

per capita (2020 PPP), illustrating the non-linear saturation pattern of water use with increasing economic development. 20 
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At the regional scale, domestic  water withdrawal was integrated with 𝐻𝐶𝑁%𝑟,𝑡. Higher household connectivity to 1 

the water network leads to increased regional domestic water withdrawal per capita 𝐷𝑊𝑊𝑝𝑐,𝑟,𝑡. The regional model 2 

is expressed as: 3 

𝐷𝑊𝑊𝑝𝑐,𝑟,𝑡 = 𝐷𝑊𝑊𝑝𝑐,𝑐,𝑡 × (
𝐻𝐻𝑆𝑐,𝑡

𝐻𝐻𝑆𝑟,𝑡

) × (
𝐻𝐶𝑁%𝑟,𝑡

𝐻𝐶𝑁%𝑐,𝑡

) (6) 4 

 5 

where 𝑟 denotes the specific region, 𝐷𝑊𝑊𝑟,𝑡0
 is the reference-year domestic water withdrawal, 𝐻𝐻𝑆𝑟,𝑡 is the average 6 

household size in the region, and HCN%𝑐,𝑡 represents the effect of the percentage of households connected to the 7 

water network. Household size and household connectivity are normalized against their corresponding national values 8 

for that year. This ensures that the regional estimates reflect concurrent conditions rather than deviations from a fixed 9 

baseline year. 10 

Domestic water consumption in each spatial cell was derived from the estimated domestic water withdrawal while 11 

explicitly accounting for distribution losses and end-use consumption behavior. Let 𝑊𝑊 denote the total domestic 12 

water withdrawal within a grid cell, computed as 13 

𝑊𝑊𝑐𝑒𝑙𝑙 = 𝐷𝑊𝑊𝑝𝑐 ⋅ 𝑃𝑜𝑝𝑐𝑒𝑙𝑙 (7) 14 

 15 

where 𝐷𝑊𝑊𝑝𝑐 is the per-capita domestic water withdrawal and 𝑃𝑜𝑝𝑐𝑒𝑙𝑙 is the population of the grid cell. 16 

To distinguish between physical losses and effective water use, two parameters were introduced: the non-revenue 17 

water fraction (𝑁𝑅𝑊), representing losses within the distribution network, and the consumption factor (𝐶𝐹), 18 

representing the proportion of delivered water that is consumptively used by end users. Following proxies from Hejazi 19 

et al. (2013) and World Bank (2026b), 𝐶𝐹 was defined as 0.10 for urban cells and 0.50 for rural cells. NRW estimates, 20 

in contrast, rely on region-specific data and, where necessary, fixed values derived from national averages. For Jordan 21 

and Oman, NRW ranges between 40–50%; for Bahrain, 23–36%; for Saudi Arabia, 25–40%. In Qatar, reported data 22 

indicate a decline from over 35% in the 1990s to 15% in recent years, encompassing both apparent and real losses. 23 

For the United Arab Emirates, country-scale NRW values were unavailable; therefore, values were estimated 24 

assuming a trajectory similar to Qatar’s improvements. A complete summary of data sources is provided in Table 3. 25 

Domestic water consumption (W𝐶) per cell is then calculated as 26 

𝑊𝐶𝑐𝑒𝑙𝑙 = 𝑊𝑊𝑐𝑒𝑙𝑙 ⋅ 𝑁𝑅𝑊𝑐𝑒𝑙𝑙 + 𝑊𝑊𝑐𝑒𝑙𝑙 ⋅ (1 − 𝑁𝑅𝑊𝑐𝑒𝑙𝑙) ⋅ 𝐶𝐹𝑐𝑒𝑙𝑙 (8) 27 

 28 

The first term represents water losses occurring within the supply network, while the second term quantifies the 29 

fraction of effectively delivered water that was consumed. This formulation explicitly separates distribution 30 

inefficiencies from end-use consumption, enabling consistent estimation of domestic water consumption across 31 

regions with varying infrastructure performance. 32 
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3 Results 1 

3.1 Industrial Water Use 2 

3.1.1 Temporal evolution of techno-economic factors and industrial water use intensity 3 

To evaluate the model accuracy, the techno-economic factor (TEF) was analyzed alongside total industrial water 4 

withdrawal intensity, defined as m³ per unit of energy use. To enable comparison of temporal dynamics across 5 

countries, both variables were normalized to their 2020 values, allowing relative changes over time to be assessed, as 6 

shown in Figure 3. The analysis is first presented for the GCC countries and Jordan, then extended to a broader set of 7 

industrialized countries with long-term data availability (see Supplementary Section S3), supporting further validation 8 

of the approach and enabling subsector-level interpretation. 9 

 10 

Figure 3: Normalized industrial water withdrawal intensity (m³ per unit of energy use) across countries, where both the 11 

observed intensity and the techno-economic factor (TEF) are normalized to their respective 2020 values to emphasize 12 

temporal trends. 13 

Overall, the comparison between modeled and reported industrial water use intensities highlights the model’s ability 14 

to capture long-term efficiency improvements, structural changes, and cross-country heterogeneity. Deviations were 15 

most pronounced in earlier decades and in countries with limited, aggregated, or inconsistent historical data, as shown 16 

in Figure 3. Clear inconsistencies in reporting and possible mis-documentation are apparent in some countries, most 17 

notably Saudi Arabia, UAE, Qatar, and Oman during the early decades. Those results demonstrate that high-resolution, 18 

process-informed modeling can reveal systematic temporal patterns in industrial water use even where observational 19 

records are incomplete, providing a model for evaluating historical trends and supporting future resource management. 20 

The GCC countries exhibit broadly similar trajectories, characterized by initially high or relatively stable industrial 21 

water-use intensities followed by gradual and sustained declines over time. The modeled results indicate progressive 22 

improvements in industrial water-use efficiency associated with technological modernization, process optimization, 23 

and evolving production practices. Several country-specific features are evident in the comparison with reported data. 24 

In the UAE, discrepancies may partly reflect the inclusion of cooling-water withdrawals within total industrial water-25 

use statistics, which can substantially influence reported intensities. Qatar exhibits unusually high reported values 26 

https://doi.org/10.5194/egusphere-2026-3475
Preprint. Discussion started: 22 July 2026
c© Author(s) 2026. CC BY 4.0 License.



23 

 

during the period surrounding the rapid infrastructure expansion associated with preparations for the 2022 FIFA World 1 

Cup, resulting in pronounced deviations from the modeled trend. Kuwait shows considerable uncertainty in the 2 

observed record, making long-term trends more difficult to interpret. Bahrain displays a sudden decline in reported 3 

intensity that is not fully reflected in the modeled series, suggesting a possible change in reporting practices or data 4 

classification. In Oman and Saudi Arabia, observed values appear to exclude some industrial water use sectors in 5 

certain years, contributing to differences between reported and modeled estimates. 6 

Jordan differs somewhat from the Gulf countries by exhibiting a smoother and more gradual decline in industrial water 7 

use intensity throughout the study period. Both modeled and observed series indicate continuous efficiency 8 

improvements with relatively limited variability, suggesting that long-term changes were driven primarily by 9 

incremental technological advances rather than major shifts in industrial composition. Although the available data 10 

does not allow definitive identification of structural transitions, the close correspondence between modeled and 11 

reported values underscores the importance of consistent sectoral reporting for capturing long-term efficiency trends. 12 

 13 

3.1.2 Validation of Sub-Sector Efficiency Changes 14 

To assess the applicability of the overall TEF-based formulation at finer industrial scales, we conducted a validation 15 

exercise at the sub-sector level. Given the limited availability of historical water withdrawal intensity data 16 

disaggregated by sub-sector, the analysis included only four industrial sub-sectors: petro-refining, paper and pulp 17 

production, food and beverage manufacturing, and basic metals production, where relatively consistent data records 18 

are available. The validation was supplemented using datasets from other countries, enabling both a more robust 19 

evaluation of model performance and an assessment of its broader, global applicability across diverse industrial 20 

contexts. Both observed and modeled water withdrawal intensities were normalized to a common reference year to 21 

facilitate direct comparison of temporal dynamics and to highlight the magnitude of efficiency evolution captured by 22 

the model, as shown in Figure 4. 23 
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 1 

Figure 4: Comparison of modeled versus observed industrial water-use intensity at the sub-sector level for four 2 

representative industries: (a) food and beverage manufacturing, (b) petro refining, (c) basic metals production, (d) paper 3 

and pulp manufacturing. For each sub-sector, values are normalized to a common reference year to allow comparison of 4 

temporal changes in efficiency. The solid line represents the 1:1 relationship between modeled and observed intensities. 5 

For petro-refining, the modeled intensities generally align with reported values across most countries, indicating a 6 

robust representation of efficiency dynamics. Basic metals production shows a similarly strong correspondence, with 7 

most countries closely clustered around the 1:1 line. Deviations are observed in countries such as Serbia and Bulgaria, 8 

which may reflect limitations in the reported data, potential structural differences not fully captured by the model, or 9 

residual uncertainties in sub-sector-specific efficiency dynamics. 10 

For paper and pulp production, the model reproduced the overall trend well; however, similar deviations are observed 11 

for Serbia and Bulgaria, while other countries remain closely aligned with the 1:1 expectation. In the food and 12 

beverage sector, certain countries, such as Malta, exhibited substantial uncertainty, and outliers are also apparent for 13 

Belgium, reflecting both reporting inconsistencies and sub-sector-specific variability that may not be fully resolved in 14 

the modeled TEF. 15 

Overall, these comparisons demonstrated that the TEF-based formulation captures the dominant efficiency dynamics 16 

across sub-sectors, while transparently revealing regions and periods where data limitations or structural heterogeneity 17 
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introduce discrepancies. This sub-sectoral validation provides confidence in applying the model to estimate temporal 1 

changes in water-use efficiency, even in contexts with sparse observational data. 2 

3.1.3 Industrial Water Use in the GCC countries and Jordan 3 

Across the GCC and Jordan, industrial freshwater withdrawal and consumption trajectories indicate a progressive 4 

restructuring of sub-sectoral water use, closely aligned with national industrialization and economic diversification 5 

pathways, as shown in Figure 5. Within the present model, these trajectories emerge not only as a reflection of 6 

efficiency changes but as a direct outcome of a bottom-up formulation in which total industrial water use is computed 7 

as the product of sectoral production output and time-evolving water use intensities, as shown in Figure 4. This allows 8 

structural changes in production composition and efficiency-driven intensity reductions to be explicitly captured 9 

within the modeled pathways. Consequently, differences in both the evolution of production structures and country-10 

specific TEF dynamics jointly govern the curvature, divergence, and relative stability of the simulated water use 11 

trajectories. 12 

Bahrain and the UAE illustrate this transformation most clearly. In both countries, early water use patterns were 13 

historically dominated by petro-refining, which gradually transitioned toward a more diversified configuration led by 14 

secondary metallurgy (particularly primary aluminum and steel) alongside a growing contribution from the food & 15 

beverage sector. This evolution reflects a broader shift toward downstream manufacturing, defined here as value-16 

added industrial activities that process primary commodities and raw materials into higher-value intermediate or 17 

finished products, including metal fabrication, processed materials, and consumer-oriented goods, thereby increasing 18 

domestic value retention and industrial complexity. In this context, downstream industrial expansion has altered water 19 

use structures by introducing a wider mix of process-intensive sectors beyond basic hydrocarbon refining. These 20 

changes were consistent with long-term national diversification strategies aimed at reducing dependence on upstream 21 

extractive industries and strengthening manufacturing capacity, as articulated in policy frameworks such as Bahrain 22 

Economic Vision 2030, UAE Industrial Strategy 2031 (Bahrain, 2008; UAE, 2024). 23 

In Saudi Arabia, industrial water use remains heavily influenced by the oil, and chemical and petrochemical sectors, 24 

which continues to anchor national use despite the expansion of other subsectors. The persistence of this dominance 25 

highlights the scale and resource intensity of integrated industrial clusters, where petrochemical complexes function 26 

as long-term stabilizers of water use. The gradual emergence of steel, aluminum, and food processing introduces 27 

additional components into the sectoral aggregation; however, because their relative production shares remain 28 

secondary, they contribute more to incremental uplift than to structural reconfiguration of the overall water use 29 

pathway. 30 

Qatar exhibits an intermediate trajectory, characterized by the expansion of aluminum and steel industries 31 

superimposed upon an established petrochemical and refining base. Kuwait and Oman maintain stronger continuity 32 

with hydrocarbon-centered use structures, where oil extraction continues to play a dominant role in industrial water 33 

withdrawal. Nonetheless, both countries display gradual broadening of sectoral contributions through the increasing 34 

presence of steel and food processing activities, suggesting incremental diversification within resource-dependent 35 

economies. Jordan’s trajectory diverges fundamentally from the GCC pattern. Early industrial water use was primarily 36 
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shaped by potash mining, followed by a more diversified structure associated with the growth of steel and food-related 1 

industries. This pathway reflects resource-constrained industrial development distinct from hydrocarbon-rich 2 

neighbors. 3 

At the country scale, the observed patterns point not merely to growth, but to a qualitative reconfiguration of industrial 4 

water use. The drivers of freshwater use increasingly reflect manufacturing-oriented expansion rather than exclusive 5 

reliance on upstream extractive activities. Energy-intensive industries, particularly secondary metallurgy and 6 

downstream processing industries, emerge as progressively influential components of the regional water use structure. 7 

Concurrently, traditional hydrocarbon subsectors exhibit relative stabilization in their proportional contributions. This 8 

evolving balance indicates a transition in how industrialization manifests in water use dynamics, from extraction-9 

dominated regimes toward diversified production systems. The redistribution of use across subsectors signals 10 

intensifying intersectoral competition for freshwater resources and highlights the growing importance of efficiency 11 

improvements, technological adaptation, and integrated water resource planning. Ultimately, regional industrial water 12 

trajectories mirror broader economic transitions, where diversification policies and industrial modernization were 13 

directly encoded in shifting water allocation patterns. 14 

Industrial development across the GCC is strongly concentrated in coastal zones, where water and energy-intensive 15 

sectors such as petrochemical plants, refineries, steelworks, and aluminum smelters are mainly located to use seawater 16 

for cooling and industrial processes, reducing dependence on inland freshwater resources, as shown in Figure 7.This 17 

spatial clustering is important because industrial water use is therefore not evenly distributed, but concentrated in a 18 

limited number of major coastal hubs. As a result, national-level estimates of industrial water use are largely driven 19 

by the activity of these hubs, which can influence the interpretation of temporal changes in water demand. In this 20 

context, variations in total industrial water use may reflect shifts in the geographic distribution of industrial growth—21 

particularly expansion in coastal, water-intensive clusters—rather than only changes in overall economic activity. 22 

 23 

 24 

Figure 5: Temporal trends in industrial water withdrawal across various subsectors from 1990 to 2025. 25 

 26 
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 1 

Figure 6: Electricity generation water withdrawal trends from 1990-2025. 2 
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 1 

Figure 7: Geographic representation of annual water withdrawal per plant (2025). To facilitate visualization of both fine-2 

scale location patterns and coarse relative magnitudes, circle areas are scaled to withdrawal volumes with lower and upper 3 

bounds; this prevents oversizing at high-volume sites while preserving density-based spatial information, Map data © 4 

Google, accessed via Google Maps on [Jan-2026]. 5 

3.2 Domestic Water Use 6 

3.2.1 Reconstructed data accuracy 7 

The reconstructed water use estimates were evaluated against available governmental reports and widely used global 8 

datasets to examine their consistency and robustness. Uncertainty associated with the observed values partly reflects 9 

discrepancies in population estimates across different sources, which directly propagate into reported water use values. 10 

For the reconstructed estimates, the spread shown in Figure 8 at both the country and regional scales reflect differences 11 

among the input datasets, including variations in assumptions, temporal coverage, and reporting conventions. 12 

At the sub-national scale, the reconstructed estimates show a tendency toward higher values relative to reported 13 

figures. This behavior can be linked to limitations in the available observational data, including the use of legacy 14 

datasets in some regions that may not fully capture recent changes in water use patterns, the presence of very low 15 

https://doi.org/10.5194/egusphere-2026-3475
Preprint. Discussion started: 22 July 2026
c© Author(s) 2026. CC BY 4.0 License.



29 

 

reported values in certain cases, and the incomplete representation of unregulated or informal water withdrawals in 1 

official country reports. Consequently, part of the apparent discrepancy likely reflects structural uncertainties and 2 

inconsistencies in the underlying datasets rather than systematic bias in the reconstruction approach itself. 3 

 4 

Figure 8: Evaluation of reconstruction accuracy at multiple spatial scales. (a) National level validation of reconstructed 5 

water-use estimates against reported values. (b) Sub-National level assessment of reconstruction accuracy across regions. 6 

3.2.2 Domestic Withdrawal & Consumption 7 

As shown in Figure 9 and Figure 10, per capita water withdrawal and consumption across the Middle East exhibit 8 

both growth and redistribution patterns. Saudi Arabia, the UAE, and Qatar consistently recorded the highest 9 

withdrawals, while Bahrain, Jordan, Kuwait, and Oman experienced more moderate increases, largely reflecting 10 

national GDP per capita growth and reductions in household size. At finer temporal resolution, the model captures 11 

country-specific variations, such as the impact of the Kuwait War in 1991 and infrastructure preparations in Qatar 12 

ahead of the 2022 FIFA World Cup. Figure 8 also reveal deviations during these periods, likely reflecting reporting 13 

inconsistencies or documentation gaps in domestic water use data. 14 

Domestic water consumption generally increased more gradually. Consumption to withdrawal ratios declined in 15 

several countries, particularly in the UAE and Qatar, suggesting improvements in network efficiency, reductions in 16 

system losses, and the influence of urbanization. In Bahrain and Saudi Arabia, consumption trends show moderate 17 

increases, with fluctuations that closely follow national development trajectories. 18 

At the sub-national scale, Saudi regions exhibited marked heterogeneity in both withdrawal and consumption. Regions 19 

such as Baha and Asir experienced the largest relative growth, mainly governed by infrastructure development. 20 

Consumption followed similar patterns but with slightly lower rates, leading to an increasing consumption-to-21 

withdrawal ratio in these rapidly developing regions, particularly after 2010. In contrast, established urbanized regions 22 

such as Riyadh, Makkah, and Madinah maintained relatively stable withdrawals and consumption, reflecting mature 23 

water infrastructure, efficient distribution networks, and consistent household water use. Northern and central regions, 24 
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including Qasim, Tabuk, and Northern Borders, displayed steady growth in both withdrawal and consumption, 1 

reflecting a combination of socioeconomic and infrastructure improvements. 2 

These results demonstrate that water withdrawal and consumption patterns are governed by complementary but 3 

distinct drivers across scales. At the national level, fluctuations in withdrawals closely follow economic growth and 4 

changes in household size, whereas consumption trends are increasingly shaped by network efficiency improvements 5 

and urbanization level. At the sub-national scale, regional variability reflects the interplay of local industrialization, 6 

infrastructure development, and demographic dynamics, with rapidly developing regions exhibiting the largest 7 

proportional increases in both withdrawal and consumption. Collectively, these findings emphasize that both 8 

macroeconomic planning and targeted regional interventions are essential to manage water use sustainably and to 9 

optimize the consumption-to-withdrawal balance. 10 
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 1 

Figure 9: Observed industrial water withdrawal alongside reconstructed withdrawal and consumption. Panel (a) presents 2 

data for individual countries, while panel (b) focuses on regions within Saudi Arabia. Both observed and reconstructed 3 

values are shown with uncertainty ranges, depicted as the median ± standard deviation, to illustrate variability in the 4 

reconstruction. 5 

 6 
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 1 

Figure 10: Gridded domestic water withdrawal data at 3 arcseconds resolution (~90m), showing spatial differences across 2 

four panels: (a) 1990, (b) 2000, (c) 2010, and (d) 2025. Markers indicate selected locations on the main map that are 3 

replicated on the sub-national inset maps to facilitate direct comparison and interpretation. Note that sub-national inset 4 

plots use varying scales and differ from the main panel to better highlight regional patterns. 5 

 6 

4 Discussion 7 

This study develops a regional water use model that integrates a disaggregated industrial structure with a domestic 8 

model, improving consistency between water withdrawal, consumption, and losses across heterogeneous socio-9 

economic contexts. A key advancement is the explicit representation of industrial water use through the subsector 10 

disaggregation, which distinguishes major industrial pathways, allowing variation in water intensity to emerge from 11 

differences in production structure, technological development, and subsector composition. Compared to highly 12 

aggregated global approaches, this structure better captures heterogeneity in industrial water use that is otherwise 13 

obscured. In parallel, the domestic model refines the representation of household water use by separating urban and 14 

rural water use, thereby accounting for differences in infrastructure access, lifestyle patterns, and demographic 15 

composition that shape consumption behavior. Together, these components establish a more coherent linkage between 16 

water withdrawals, consumption, and losses across industrial and domestic sectors, while remaining scalable across 17 

regions and enabling more meaningful inter-regional comparisons by resolving key spatial heterogeneities in water 18 

use drivers. However, despite these improvements, the model remains a simplified representation of real-world 19 
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systems, and its outputs should be interpreted in light of structural and data-driven uncertainties rather than as fully 1 

resolved physical reconstructions.  2 

Although at the industrial level the model introduces a sub-sectoral structure that improves upon a lump-sum single-3 

sector representation, yet important limitations remain in how individual subsectors are resolved. In electricity 4 

generation, water use was differentiated by plant type and cooling technology. However, the lack of consistent, time-5 

varying data on technological change and efficiency evolution hinders the ability to fully capture long-term transitions 6 

in water intensity, creating uncertainty around the temporal dynamics of cooling water use. 7 

In the petrochemical and petroleum refining sectors, water use was represented in an aggregated form across complex 8 

and highly diverse production chains. As a result, variations in specific refinery configurations, product slates, and 9 

process pathways are not explicitly resolved, introducing uncertainty related to intra-sector variability and process-10 

level water allocation. In the basic metals sector, the absence of detailed differentiation between production routes 11 

such as furnace types or ore-processing pathways limits the representation of structural shifts in industrial water use, 12 

leading to uncertainty about efficiency-driven changes in metals production. 13 

An additional limitation arises in the food and beverage sector, where water use is rarely documented using consistent 14 

physical output metrics across countries. Instead, estimates rely on indirect economic or aggregated proxies, which 15 

introduce uncertainty in translating economic activity into physical water intensity. Overall, these industrial limitations 16 

stem primarily from constrained availability of harmonized, time-resolved sub-sectoral datasets, which restrict the 17 

extent to which technological heterogeneity and structural change can be explicitly represented. As a result, the model 18 

is expected to perform more robustly in capturing broad inter-sectoral and inter-country contrasts than fine-scale 19 

temporal dynamics within individual industrial subsectors. 20 

For domestic water use, uncertainty arises primarily from demographic reconstruction and infrastructure 21 

representation. In several cases, population data prior to consistent census reporting periods (e.g., Saudi Arabia before 22 

2010) were estimated using harmonized ratios across datasets, introducing uncertainty in per-capita water allocation 23 

and potentially affecting inter-temporal comparability. In the UAE, the absence of direct household size data 24 

necessitated the use of proxy values from neighboring regional contexts, introducing structural assumptions that affect 25 

estimated domestic use levels. Additionally, non-revenue water (NRW), which is inconsistently reported across 26 

countries, is a key unobserved component that affects the relationship between consumption and abstraction. Together, 27 

these factors highlight that domestic water use estimates are sensitive not only to demographic assumptions but also 28 

to incomplete characterization of distribution network efficiency, reinforcing that model outputs should be interpreted 29 

as constrained estimates rather than fully observed quantities. 30 

Nevertheless, validation results indicate that the framework successfully reproduces the dominant temporal and spatial 31 

patterns of water use across the study region. The model therefore provides a useful platform for investigating 32 

historical water-use dynamics, evaluating future development pathways, and supporting integrated assessments of 33 

water, energy, and industrial systems. More broadly, the results suggest that explicit representation of industrial 34 

structure, infrastructure efficiency, and spatial heterogeneity can substantially improve regional water-use modeling 35 

compared with conventional aggregated approaches. 36 

 37 
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