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Focal Area

Energy and water systems in the U.S. face stress from population growth, seasonal demand
spikes, and high-demand industries under variable climate conditions. Household-level de-
mand profiles informed by a suite of cross-sectional demographic and economic characteris-
tics, paired with dynamic population mapping, enable more precise forecasting and resilience
planning.

Existing Challenge

Energy and water systems in the United States are deeply interconnected and have mul-
tiple vulnerabilities [13, 29, 1]. Local surges in demand—from growing or temporary pop-
ulations—can cascade across municipal and regional energy-water systems, creating both
challenges and opportunities for efficiency and resilience [30, 4]. Propagation of these local
dynamics also creates opportunities for efficiencies and resilience.

Total population size and temporal-spatial dynamics—including seasonal mobility and
migration—critically shape local and regional consumption. Populations heading to cooler
climates in summer can create short-term demand spikes [16, 12]. Household composition
and socioeconomic characteristics, such as income and size, influence per-household energy
and water use [5, 15].

Current modeling often relies on static population estimates, limiting reflection of tem-
poral and spatial variability and reducing the ability to anticipate peak loads [32, 18, 15].
Household socioeconomic factors drive variations in energy and water use across regions
[15, 26, 8]. High-resolution, temporally explicit population data integrated with household-
level consumption profiles enables more accurate forecasting and identification of at-risk
populations [19, 9].

Near-Term Opportunity

Oak Ridge National Laboratory has over 25 years of experience developing population data
through the LandScan program, providing a strong foundation for high-fidelity popula-
tion modeling [11, 2, 21, 20, 10]. LandScan produces global 1 km rasters representing
ambient population counts, including U.S. day- and night-time populations [2]. These
datasets and methodologies have been leveraged to project U.S. populations to 2030 and
2050 [11], generate high-resolution global population data [20], and more recently, to cre-
ate synthetic populations, which capture household-level demographic and socioeconomic
traits [21, 23, 22]. Such datasets and methodologies support modeling of electricity and wa-
ter demand, energy-water interactions, and resilience under dynamic population scenarios
[3, 13, 14, 29, 1, 30, 4, 15, 32, 19, 9].

Integrating dynamic population mapping with seasonal mobility patterns can further im-
prove these datasets. This approach provides an opportunity to better account for population-
driven demand. Coastal resort areas and second homes in southern Arizona, for example,
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experience substantial temporal changes in population that directly influence local energy
and water loads. Modeling these flows allows energy and water use profiles to move with
populations, supporting precise forecasting, targeted infrastructure planning, and improved
management of peak loads and system stress [32, 6, 17, 31]. As illustrated in Figure 1a, these
layers—including seasonal population dynamics, socioeconomic demand, climate shocks, and
emerging industries—feed into a conceptual dynamic demand model that produces scenario-
based outputs.

Over the next 3–5 years, the approach will proceed in three concrete steps: (1) integrate
high-resolution population datasets with household-level demand profiles; (2) incorporate
seasonal and temporary population dynamics into dynamic maps; and (3) simulate scenario-
based energy-water responses under climate variability and emerging industrial demand.
Implementation will involve collaboration among DOE National Laboratories, municipal
utilities, academic institutions, and industry partners to validate models, share data, and
evaluate resilience outcomes.

Coupling LandScan and micro-simulation with ORNL’s Critical Infrastructure Resilience
expertise enables assessment of both supply-side vulnerabilities and populations at risk dur-
ing extreme events. This integration advances energy–water resilience by informing climate-
aware planning, scenario testing, and investment decisions [27]. Incorporating real-time and
forecasted weather data (e.g., from NWS or Open-Meteo) further enhances the framework,
allowing dynamic adjustment of population-linked demand profiles to anticipate short-term
surges during heatwaves, cold snaps, or heavy precipitation. These capabilities support
municipal and utility decision-making, optimize operations to reduce peak-load stress, and
promote equitable access to energy and water services, thereby mitigating societal impacts
from demand fluctuations and extreme events.

Key Outputs and Deliverables

Figure 1b depicts the conceptual dynamic demand model. Inputs including household pro-
files, seasonal mobility, climate shocks, and emerging industry growth are integrated to pro-
duce high-fidelity maps, peak-load and risk assessments, scenario planning, and resilience
guidance.

High Resolution Household Demand Profiles

Using established methods for data fusion social survey data to synthetic populations[24],
develop household-level profiles of energy and water by combining synthetic population data
describing household demographic (household size, living arrangement) and economic (in-
come and assets) characteristics matching those in social surveys focused on housing and
resource use [28, 25]. Explore modeling an integrated seasonal population by estimating
probable long-distance travel flows from transportation surveys [7] and assigning them to va-
cant second home, short-term rental, and temporary residential (e.g., hotel) locations. This
integrated dataset captures spatial, temporal, and socioeconomic variability (Figure 1a),
supporting multi-scale demand modeling and planning [19, 15].

Seasonal and Mobility-Driven Demand Dynamics

Dynamic population mapping quantifies seasonal and temporary population shifts linked to
household demand (Figure 1b), identifying peak-load periods and areas of potential supply
constraint, supporting planning for routine and extreme scenarios.
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Scenario-Based Analysis

Simulation platforms integrate household demand, population dynamics, and infrastructure
characteristics to evaluate system responses under diverse scenarios, including climate ex-
tremes and industrial growth. This provides actionable insights for resilience planning and
operational decision-making [15].
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Figure 1: Conceptual Dynamic Demand Model with Illustrative Demand Distribution

Success Measures

Successful implementation of dynamic, population-informed modeling can be measured through
improved forecasting accuracy, reduced peak energy and water loads, and enhanced system
efficiency. Reduced peak loads translate to lower outage risk, improved access for vulner-
able populations, and better alignment with municipal planning and investment policies.
Additional benefits include greater operational flexibility, improved decision-making under
variable population and climate conditions, and increased resilience to disruptions. Broader
success is reflected in adoption by utilities, municipalities, and partners, demonstrating prac-
tical value and scalability across the energy-water nexus.

Conclusion

Dynamic population mapping, combined with household-level energy and water demand
profiling, provides a scalable framework for improving U.S. energy–water resilience. By
capturing seasonal mobility, socioeconomic variability, and climate-sensitive behaviors, this
approach enables more accurate forecasting, targeted infrastructure planning, and equitable
resource allocation. Applied in regions with strong seasonal population dynamics, it reveals
vulnerabilities, optimizes system performance, and supports climate-aware decision-making
across interconnected energy–water systems.
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