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ABSTRACT: 

Grid resilience has emerged as a critical concern for modern power systems facing increasing frequency of 

extreme weather events, cyber-physical threats, and demand uncertainties. Hybrid renewable energy systems 

combining solar, wind, and storage technologies offer promising solutions for enhancing grid stability while 

advancing decarbonization goals. However, the inherent variability and uncertainty in renewable generation create 

complex optimization challenges that traditional deterministic approaches fail to adequately address. This research 

develops a stochastic optimization framework for designing and operating hybrid renewable energy systems that 

maximize grid resilience under uncertainty. The study employs multi-stage stochastic programming to model 

renewable generation variability, demand fluctuations, and disruption scenarios across different time horizons. 

Analysis of three case study regions demonstrates that stochastically optimized hybrid systems achieve 34-48% 

better resilience performance compared to deterministically designed systems while maintaining economic 

viability. The optimal energy mix varies substantially by location and resilience requirements, with battery storage 

capacity emerging as the critical enabler of resilience benefits. Findings indicate that incorporating uncertainty 

explicitly in system design reduces expected unserved energy by 42% and decreases recovery times following 

disruptions by 56%. This research contributes a comprehensive stochastic optimization methodology for 

renewable energy planning and provides practical insights for utilities and policymakers pursuing resilient, 

sustainable power systems. 

Keywords: Grid Resilience, Hybrid Renewable Energy, Stochastic Optimization, Energy Storage, Power System Planning, 

Uncertainty Modeling, Solar-Wind Integration 

 

INTRODUCTION 

 

Modern electric grids face unprecedented challenges to their reliability and resilience. Climate change has 

increased the frequency and severity of extreme weather events that disrupt power infrastructure, with major 

outages affecting millions of customers annually and causing billions of dollars in economic damages (Panteli 

and Mancarella, 2015). Hurricane Maria's devastation of Puerto Rico's grid in 2017, the Texas winter storm 

blackouts in 2021, and California's wildfire-related shutoffs illustrate the vulnerability of centralized power 

systems to natural disasters. Beyond weather threats, aging infrastructure, cybersecurity risks, and growing 

demand from electrification further strain grid stability. 

 

Renewable energy integration offers potential solutions to resilience challenges while advancing climate 

mitigation objectives. Distributed solar and wind generation can provide power during grid outages, reducing 

dependence on vulnerable transmission infrastructure. Energy storage systems enable renewable energy to provide 

firm capacity, addressing intermittency concerns. Hybrid systems combining multiple renewable technologies 

with storage can leverage complementary generation profiles to enhance reliability. However, realizing these 

resilience benefits requires careful system design that accounts for the inherent uncertainties in renewable 

resources. 

 

Traditional power system planning employs deterministic optimization based on average or representative 

conditions. Such approaches systematically underestimate the variability and extreme events that determine 

system resilience. A solar-storage system designed using average solar irradiance will prove inadequate during 
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extended cloudy periods that coincide with grid disruptions. Similarly, wind capacity planned around median 

generation fails to account for calm periods when backup power becomes critical. 

 

Stochastic optimization provides rigorous frameworks for decision-making under uncertainty. Rather than 

assuming single deterministic futures, stochastic methods consider probability distributions of uncertain 

parameters and optimize expected performance across multiple scenarios. For renewable energy systems, this 

means explicitly modeling the range of possible weather conditions, demand patterns, and disruption events when 

determining optimal system configurations and operating strategies (Conejo et al., 2010). 

 

Despite growing literature on both renewable energy optimization and grid resilience, limited research integrates 

these domains through comprehensive stochastic frameworks. Existing renewable planning studies typically focus 

on cost minimization with simplified reliability constraints, while resilience research often treats renewable 

penetration as a given rather than a design variable. This research addresses these gaps by developing stochastic 

optimization methods specifically for hybrid renewable systems designed to enhance grid resilience. 

 

The study investigates three fundamental questions: How do stochastically optimized hybrid renewable systems 

compare to deterministically designed alternatives in resilience performance and economics? What are the optimal 

technology mixes and sizing for hybrid systems across different resilience requirements and geographical 

contexts? And what role does energy storage play in enabling resilience benefits from renewable integration? By 

addressing these questions through both theoretical modeling and empirical case studies, this research provides 

guidance for utilities, regulators, and policymakers navigating the transition to resilient renewable grids. 

 

OBJECTIVES 

 

This research pursues the following specific objectives: 

• Primary Objective: To develop and validate a multi-stage stochastic optimization framework for hybrid 

renewable energy systems that maximizes grid resilience while maintaining economic efficiency under generation 

and demand uncertainty. 

• Secondary Objective 1: To quantify the resilience performance improvements achievable through stochastic 

versus deterministic system design approaches across different renewable penetration levels. 

• Secondary Objective 2: To determine optimal technology portfolios and capacity sizing for hybrid solar-wind-

storage systems under varying geographical, meteorological, and resilience requirement conditions. 

• Secondary Objective 3: To evaluate the role of battery energy storage systems in enabling grid resilience from 

renewable sources and identify optimal storage-to-generation capacity ratios. 

• Secondary Objective 4: To assess the economic trade-offs between resilience enhancement and system costs, 

identifying cost-effective pathways for resilient renewable grid development. 

 

SCOPE OF STUDY 

 

This research operates within defined boundaries: 

• Geographical Scope: Analysis focuses on three representative US regions—California (high solar resource), 

Texas (wind-solar hybrid potential), and New England (variable resources with severe weather exposure). 

• Temporal Scope: System design optimization employs 2019-2023 weather and demand data; operational 

optimization simulates hourly dispatch over annual cycles. 

• Technology Scope: Hybrid systems include utility-scale solar photovoltaic, wind turbines, and lithium-ion 

battery storage; conventional generation and transmission infrastructure are modeled but not optimized. 

• Scale of Analysis: Focus on distribution-level systems serving 10,000-50,000 customers, representing 

community or microgrid scale deployments. 

• Resilience Definition: Resilience measured through metrics including expected unserved energy during 

disruptions, system recovery time, and disruption impact severity. 

• Uncertainty Sources: Stochastic modeling captures renewable generation variability, demand fluctuations, and 

major disruption events; gradual climate change and technology cost trajectories are treated deterministically. 

• Variables Excluded: Grid-scale hydrogen storage, emerging technologies like flow batteries, and vehicle-to-

grid integration are acknowledged but not included in optimization models. 
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LITERATURE REVIEW 

 

4.1 Grid Resilience Concepts and Metrics 

Grid resilience refers to power systems' ability to anticipate, absorb, adapt to, and rapidly recover from disruptive 

events (Panteli and Mancarella, 2015). This concept extends beyond traditional reliability, which focuses on 

routine failures, to encompass responses to high-impact, low-probability events like extreme weather, physical 

attacks, or cyber incidents. Resilience encompasses multiple phases: preparation through robust design, resistance 

during events through operational flexibility, and restoration following disruptions through rapid recovery 

capabilities. 

 

Measuring resilience requires metrics beyond standard reliability indices like SAIDI and SAIFI. Recent 

frameworks incorporate resilience curves that track system performance degradation during events and recovery 

trajectories afterward (Ouyang and Dueñas-Osorio, 2014). Expected unserved energy during disruption periods, 

maximum power deficit experienced, and time to full restoration serve as quantitative resilience indicators. 

However, translating these technical metrics into economic terms remains challenging, complicating cost-benefit 

analysis for resilience investments. 

 

4.2 Hybrid Renewable Energy Systems 

Hybrid renewable energy systems combine multiple generation technologies and storage to leverage 

complementary characteristics. Solar and wind generation exhibit negative correlation in many locations—solar 

peaks during daytime while wind often strengthens at night, and seasonal patterns can be offsetting (Hoicka and 

Rowlands, 2011). This complementarity reduces aggregate variability compared to single-technology systems, 

potentially improving reliability and capacity value. 

 

Energy storage transforms intermittent renewable generation into dispatchable resources. Battery systems enable 

temporal shifting of renewable energy from high-generation to high-demand periods, smooth output fluctuations, 

and provide backup power during outages. Lithium-ion batteries have achieved dramatic cost reductions, 

declining from over $1,100/kWh in 2010 to below $140/kWh in 2024, making storage-enabled renewable systems 

increasingly economically competitive (NREL, 2024). 

 

However, optimal hybrid system design requires careful analysis. Adding storage to renewable systems creates 

complex trade-offs between capacity costs, operational flexibility, and reliability benefits. Simple heuristics like 

fixed storage-to-generation ratios often prove suboptimal, as ideal configurations depend on specific generation 

profiles, demand patterns, and reliability requirements (Kellogg et al., 2020). 

 

4.3 Stochastic Optimization Methods 

Stochastic optimization addresses decision-making when future conditions are uncertain. Rather than optimizing 

for a single deterministic scenario, stochastic methods consider probability distributions of uncertain parameters 

and seek solutions robust across the range of possible outcomes. Two-stage stochastic programming, where design 

decisions precede uncertainty resolution and operational decisions adapt to realized conditions, provides natural 

frameworks for capacity planning problems (Birge and Louveaux, 2011). 

 

Multi-stage extensions allow decisions across multiple time periods as uncertainty gradually resolves. For 

renewable energy systems, this might involve initial capacity installation, intermediate capacity additions, and 

ongoing operational dispatch as weather and demand uncertainties unfold. Scenario-based approaches represent 

continuous probability distributions through discrete scenarios with associated probabilities, converting infinite-

dimensional stochastic problems into large but finite mathematical programs. 

 

Computational complexity presents challenges for stochastic optimization. The number of scenarios can grow 

exponentially with uncertainty dimensions and time stages, quickly overwhelming computational resources. 

Scenario reduction techniques, decomposition algorithms, and progressive hedging methods enable solving large-

scale stochastic programs (Kaut and Wallace, 2007). Recent advances in computing power and optimization 

algorithms have made stochastic approaches increasingly practical for real-world energy planning. 

 

4.4 Renewable Integration and Grid Resilience 

Research on renewable energy's resilience implications reveals complex relationships. Distributed renewable 

generation can enhance resilience by reducing dependence on vulnerable transmission infrastructure and 

https://pspac.info/index.php/dlbh/article/view/486


 

年 2026 體積 54 問題 3  
478 DOI: 10.46121/pspc.54.3.35 

 

providing local power during grid outages (Anderson and Cardell, 2015). Microgrids incorporating renewable 

generation and storage demonstrated superior resilience performance during Hurricane Sandy and other major 

disruptions, maintaining power to critical loads when bulk grids failed. 

 

However, high renewable penetration also introduces resilience challenges. Inverter-based renewable resources 

lack the inertia provided by synchronous generators, potentially destabilizing grids during disturbances. 

Widespread weather events can simultaneously reduce renewable output across large regions precisely when 

disaster-related demand peaks. These concerns have sparked debate about renewable systems' ability to provide 

resilience equivalent to conventional generation. 

 

Recent studies suggest that appropriately designed hybrid renewable systems with adequate storage can match or 

exceed conventional generation resilience while providing additional benefits like fuel supply independence (Ton 

and Smith, 2012). The key lies in proper sizing accounting for worst-case scenarios rather than average 

conditions—precisely where stochastic optimization offers advantages over deterministic planning. 

 

4.5 Research Gaps 

Despite substantial research on stochastic optimization, renewable energy planning, and grid resilience separately, 

integrated treatment remains limited. Most renewable optimization studies employ deterministic frameworks or 

simple probabilistic constraints rather than comprehensive stochastic modeling. Resilience-focused research often 

uses ad-hoc system designs rather than optimization-derived configurations. Few studies explicitly compare 

stochastic versus deterministic optimization outcomes for renewable resilience applications. 

 

Additionally, existing literature provides limited guidance on optimal technology portfolios for resilience 

objectives. While numerous studies examine solar-storage or wind-storage systems independently, integrated 

analysis of three-way solar-wind-storage optimization with explicit resilience metrics remains sparse. The role of 

storage in enabling renewable resilience deserves deeper investigation, particularly regarding optimal storage-to-

generation ratios under different conditions. 

 

This research addresses these gaps through comprehensive stochastic optimization frameworks specifically 

designed for resilience-focused hybrid renewable systems, with explicit comparison to deterministic alternatives 

and detailed analysis of optimal technology mixes across diverse conditions. 

 

[FIGURE 1: Stochastic Optimization Framework Architecture] 
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This diagram illustrates the multi-stage stochastic optimization framework structure. At the top, a rectangular box 

labeled "Uncertainty Sources" contains three sub-boxes: Solar Generation Variability (showing a sun icon with 

probability distributions), Wind Generation Variability (wind turbine icon with distributions), and Demand & 

Disruption Events (lightning bolt with probability curves). Below this, arrows feed into a large central box titled 

"Multi-Stage Stochastic Program" which contains three sequential stages arranged vertically: Stage 1 (Capacity 

Planning Decisions - showing solar panel, wind turbine, and battery icons with capacity variables), Stage 2 

(Operational Strategy Optimization - displaying dispatch schedules and reserve requirements), and Stage 3 

(Disruption Response - showing emergency protocols and load shedding decisions). Each stage is connected by 

downward arrows indicating sequential decision-making as uncertainty resolves. On the right side, a separate box 

shows "Scenario Tree" with branching paths representing different possible futures, with probabilities noted on 

branches. At the bottom, output boxes display "Optimal System Design," "Expected Resilience Metrics," and 

"Cost-Resilience Trade-off Frontier" with mathematical notation. The diagram uses blue for uncertainty inputs, 

green for the optimization core, and orange for outputs. 

 

RESEARCH METHODOLOGY 

 

5.1 Research Design 

This study employs a computational optimization approach combining stochastic programming theory with 

empirical renewable energy and grid disruption data. The methodology develops mathematical optimization 

models, validates them using historical data from three geographical regions, and analyzes solutions to derive 

insights about optimal hybrid system design for resilience. 

 

5.2 Stochastic Optimization Model Development 

The core model formulates hybrid renewable system design and operation as a multi-stage stochastic program. 

Stage 1 determines capacity investments in solar, wind, and battery storage before uncertainties resolve. Stage 2 

optimizes hourly operational dispatch given realized weather and demand conditions. Stage 3 addresses disruption 

response including load prioritization and emergency procedures. 

 

The objective function minimizes total expected cost including capital expenditures for generation and storage 

capacity, operational expenses, and penalty costs for unserved energy during both normal operations and 

disruption events. Resilience enters through the penalty structure, with unserved energy during disruptions 

weighted much more heavily than routine curtailment, creating economic incentives for systems that maintain 

service during extreme events. 

 

Constraints ensure physical feasibility including power balance (generation plus discharge minus charge equals 

demand plus unserved energy), storage state equations (storage level equals previous level plus charge minus 

discharge with efficiency losses), capacity limits (generation and storage operation cannot exceed installed 

capacity), and renewable generation limits (actual generation cannot exceed available resource). Additional 

constraints enforce ramping limits, minimum storage reserves, and disruption-specific operating rules. 

 

5.3 Uncertainty Modeling 

The stochastic framework represents three uncertainty dimensions: renewable generation variability, demand 

fluctuations, and major disruption events. Renewable generation scenarios derive from five years of hourly 

weather data (2019-2023) for each study region. Statistical analysis identifies representative scenarios capturing 

the probability distribution of solar irradiance and wind speeds, with emphasis on extreme low-generation events 

critical for resilience. 

 

Demand uncertainty incorporates both routine daily and seasonal variations and disruption-induced demand 

changes. Scenarios include normal demand patterns from historical data plus elevated demand during extreme 

weather events when heating or cooling loads surge. Major disruption events are modeled as scenarios with 

complete grid outage forcing the hybrid system to operate in islanded mode for 24-168 hour durations. 

 

Scenario generation employs clustering algorithms to reduce thousands of historical hourly profiles to manageable 

sets of 50-100 representative scenarios while preserving statistical properties of the original distributions. 

Scenarios receive probabilities based on their cluster sizes and historical frequencies. This approach balances 

computational tractability with adequate representation of uncertainty. 
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5.4 Case Study Regions and Data 

Three geographical regions provide diverse contexts for analysis. California offers exceptional solar resources 

with average irradiance of 5.8 kWh/m²/day but limited wind in many areas, plus high wildfire risk creating specific 

resilience challenges. Texas provides strong wind resources averaging 8.2 m/s at 80m hub height with good solar 

potential and hurricane exposure along the coast. New England features moderate renewable resources but 

extreme seasonal variation and vulnerability to winter storms and hurricanes. 

 

Each region's analysis uses five years of hourly weather data from multiple monitoring stations to capture spatial 

and temporal variability. Demand profiles derive from utility data representing typical community-scale load 

patterns. Disruption scenarios reflect region-specific threats—wildfires and earthquakes in California, hurricanes 

in Texas and coastal New England, winter storms in northern New England. 

 

Technology cost and performance parameters reflect 2024 conditions. Solar PV capacity costs $950/kW installed, 

wind turbines $1,350/kW, and battery storage $850/kWh with power conversion at $400/kW. Operating costs 

include maintenance of $15/kW-year for solar, $45/kW-year for wind, and $5/kWh-year for batteries. Equipment 

lifetimes are 25 years for solar, 20 years for wind, and 15 years for batteries with appropriate replacement costs 

included in economic analysis. 

 

5.5 Comparative Analysis Framework 

To assess stochastic optimization benefits, the study compares three design approaches for each region. The 

stochastic optimization employs the full multi-stage framework described above. A deterministic optimization 

uses average weather and demand conditions without scenario variability. A heuristic approach applies industry 

rules-of-thumb like 4-hour battery duration relative to peak generation capacity and 70-30 solar-wind splits. 

 

All three approaches face identical evaluation through simulation of system operation across the full five-year 

historical dataset including actual disruption event surrogates. This out-of-sample testing reveals how designs 

optimized under different assumptions perform when confronted with real-world variability and extremes. 

Performance metrics include total cost, expected unserved energy during normal operations and disruptions 

separately, maximum deficit experienced, and recovery times. 

 

5.6 Solution Methods 

The stochastic optimization problems were solved using commercial mixed-integer programming software 

(Gurobi 10.0) running on high-performance computing clusters. Large problem sizes—up to 2.4 million variables 

and 3.1 million constraints for the full multi-stage formulations—required decomposition methods. Progressive 

hedging algorithms exploited the problem structure to enable parallel solution of individual scenarios with 

iterative coordination to ensure consistency of first-stage capacity decisions. 

 

Computational times ranged from 12 hours for smaller problem instances to 72 hours for the most complex multi-

stage formulations. Sensitivity analysis examined how solution characteristics vary with key parameters including 

disruption probabilities, penalty cost values, and technology cost assumptions. 

 

5.7 Limitations 

Several methodological limitations warrant acknowledgment. The scenario approach provides discrete 

approximations of continuous probability distributions, potentially missing important tail events not represented 

in scenarios. The five-year historical dataset, while substantial, may not capture all relevant variability including 

rare extreme events. The model assumes perfect foresight of short-term weather in operational optimization, 

whereas real systems face forecasting uncertainty. Technology cost and performance parameters reflect current 

conditions but will evolve over system lifetimes. Finally, the analysis focuses on technical and economic 

dimensions, not regulatory, institutional, or social factors that influence real-world deployment. 

 

ANALYSIS OF SECONDARY DATA 

 

6.1 Renewable Resource Characterization 

Analysis of five years of weather data across the three study regions reveals substantial resource variability critical 

for resilience planning. California solar irradiance averaged 5.8 kWh/m²/day but exhibited coefficient of variation 

of 0.34, with winter months sometimes experiencing week-long periods below 2 kWh/m²/day during persistent 
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storm systems. The worst-case week observed showed 68% below-average generation, demonstrating the 

inadequacy of designs based solely on average conditions. 

 

Texas wind resources showed even greater variability with coefficient of variation of 0.52. While average wind 

speeds of 8.2 m/s suggest excellent generation potential, calm periods below 4 m/s occurred in 18% of hours, 

essentially eliminating wind generation. Importantly, solar and wind exhibited modest negative correlation of -

0.23 in Texas, supporting hybrid system benefits through complementary generation patterns. 

 

New England resources proved most challenging, with solar irradiance averaging only 4.2 kWh/m²/day and high 

seasonal variation—summer irradiance exceeded winter by 240%. Wind resources averaged 7.1 m/s but showed 

correlation of +0.41 with solar rather than negative correlation, limiting diversification benefits. This region's 

resource characteristics create particularly difficult challenges for renewable-based resilience. 

 

[TABLE 1: Renewable Resource Characteristics by Region] 

Region Solar Avg 

(kWh/m²/day) 

Solar 

CV 

Wind 

Avg 

(m/s) 

Wind 

CV 

Solar-Wind 

Correlation 

Worst 

Week 

Deficit (%) 

California 5.8 0.34 5.9 0.48 -0.08 68 

Texas 5.1 0.38 8.2 0.52 -0.23 71 

New 

England 

4.2 0.42 7.1 0.46 +0.41 79 

Note: Data based on 2019-2023 hourly observations; CV = Coefficient of Variation; Correlation is Pearson 

correlation coefficient between hourly solar and wind generation; Worst Week Deficit represents maximum 7-day 

average generation below annual mean 

 

6.2 Historical Disruption Patterns 

Analysis of historical power disruptions in the study regions from 2010-2023 identifies patterns informing 

scenario development. California experienced an average of 2.3 major disruption events annually, primarily 

wildfires causing deliberate shutoffs affecting an average 125,000 customers per event for median durations of 36 

hours. Texas averaged 1.7 events annually, dominated by hurricane-related outages affecting 300,000+ customers 

with median 48-hour durations. New England saw 2.8 annual events split between winter storms (ice/snow) and 

tropical systems. 

 

Critically, disruption timing showed non-random patterns. California disruptions concentrated in late summer and 

fall wildfire season when cooling loads peak. Texas hurricane season coincides with high summer temperatures 

and electricity demand. New England winter storms occur during peak heating demand periods. This temporal 

correlation between disruption likelihood and high demand amplifies resilience challenges beyond what random 

disruption timing would create. 

 

The data also reveals disruption duration distributions highly skewed with long tails. While median outage 

durations ranged from 24-48 hours, 95th percentile events extended 120-168 hours. These tail events, though rare, 

dominate resilience impacts and drive system design requirements for extended autonomous operation capability. 

 

6.3 Demand-Disruption Relationships 

Demand patterns during disruptions differ substantially from normal conditions. Analysis of demand during 

historical disruption periods shows increases of 35-85% above seasonal norms during weather-related events. 

Winter storm disruptions in New England coincided with heating demand 62% above seasonal average. Texas 

summer hurricane events saw cooling demand 48% above normal. This demand surge during precisely the periods 

when grid supply is compromised creates acute challenges for resilience provision. 

 

However, not all demand during disruptions represents essential loads. Analysis of load prioritization potential 

suggests that 30-40% of typical demand consists of discretionary or deferrable loads that could be curtailed during 

emergencies with minimal welfare impacts. Critical loads—medical facilities, emergency services, essential 

infrastructure—constitute approximately 25-35% of total demand. This distinction between total demand and 

critical load requirements significantly influences optimal resilience system sizing. 
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ANALYSIS OF PRIMARY DATA - OPTIMIZATION RESULTS 

 

7.1 Optimal System Configurations 

Stochastic optimization produced substantially different system designs compared to deterministic approaches 

across all three regions. For California serving a representative 25,000-customer community (15 MW peak 

demand), the stochastic solution specified 32 MW solar capacity, 8 MW wind capacity, and 85 MWh battery 

storage (with 28 MW power capacity). In contrast, deterministic optimization yielded 28 MW solar, 12 MW wind, 

and 60 MWh storage—24% less storage energy capacity despite similar generation capacity. 

 

Texas optimal configurations showed 18 MW solar, 28 MW wind, and 72 MWh storage under stochastic 

optimization versus 22 MW solar, 24 MW wind, and 52 MWh storage in deterministic cases. The stochastic 

solution increased wind capacity relative to solar, reflecting wind's better performance during disruption-prone 

periods based on historical patterns. Storage capacity again increased substantially—38% more energy capacity 

in stochastic solutions. 

 

New England demonstrated most dramatic differences with stochastic optimization prescribing 26 MW solar, 34 

MW wind, and 112 MWh storage compared to deterministic values of 24 MW solar, 32 MW wind, and 68 MWh 

storage. The 64% storage capacity increase reflects this region's high resource variability and severe disruption 

durations requiring extended autonomous operation capability. 

 

[TABLE 2: Optimal System Configurations by Design Approach] 

Region Approach Solar 

(MW) 

Wind 

(MW) 

Storage 

(MWh) 

Storage/Gen 

Ratio 

Total 

Cost 

($M) 

California Stochastic 32 8 85 2.1 68.4 

California Deterministic 28 12 60 1.5 61.2 

Texas Stochastic 18 28 72 1.6 64.8 

Texas Deterministic 22 24 52 1.1 58.5 

New 

England 

Stochastic 26 34 112 1.9 82.7 

New 

England 

Deterministic 24 32 68 1.2 71.3 

Note: Configurations optimized for 25,000-customer community (15 MW peak demand); Storage/Gen Ratio 

calculated as MWh storage divided by total MW generation capacity; Total Cost includes 20-year present value 

of capital and operating expenses 

 

7.2 Resilience Performance Comparison 

Out-of-sample simulation testing revealed substantial resilience performance differences between stochastically 

and deterministically optimized systems. During normal operations, both approaches achieved near-zero unserved 

energy, with stochastic systems averaging 0.3% unserved energy versus 0.5% for deterministic designs—modest 

differences. However, during simulated major disruption events, performance diverged dramatically. 

 

For California systems facing 48-hour grid outage scenarios during peak wildfire season, stochastically optimized 

configurations maintained power to 91% of critical loads on average and 78% even in worst-case scenarios. 

Deterministic designs served only 73% of critical loads on average and 52% in worst cases. Expected unserved 

energy during disruptions decreased 42% with stochastic optimization, directly attributable to larger storage 

capacity providing extended backup capability. 

 

Texas results showed similar patterns with stochastic systems reducing expected unserved energy during hurricane 

scenarios by 38% compared to deterministic alternatives. Recovery times—measured as hours required to restore 

full service following disruption—improved even more dramatically, decreasing 56% from median 16 hours to 7 

hours under stochastic designs. The larger storage reserves enabled faster restoration by providing bridging power 

while renewable generation ramped up. 

 

New England demonstrated most striking differences given this region's severe winter storm disruptions. 

Stochastic systems reduced expected unserved energy by 48% during multi-day winter storm scenarios compared 
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to deterministic designs. Maximum power deficits during worst-case events decreased from 9.2 MW to 4.8 MW, 

substantially reducing blackout severity even when complete service continuity proved impossible. 

[FIGURE 2: Resilience Performance Comparison - Expected Unserved Energy] 

 

This grouped bar chart compares resilience performance across design approaches and regions. The x-axis shows 

the three geographical regions (California, Texas, New England). The y-axis displays Expected Unserved Energy 

During Disruptions measured in MWh, ranging from 0 to 250. For each region, three bars are grouped: Stochastic 

Optimization (dark blue), Deterministic Optimization (medium blue), and Heuristic Design (light blue). California 

shows stochastic at 48 MWh, deterministic at 82 MWh, and heuristic at 105 MWh. Texas displays stochastic at 

52 MWh, deterministic at 84 MWh, and heuristic at 118 MWh. New England presents stochastic at 71 MWh, 

deterministic at 137 MWh, and heuristic at 168 MWh. Each bar is labeled with its exact value. Percentage 

improvement labels show -42%, -38%, and -48% above the stochastic bars for each region, indicating 

improvement over deterministic approaches. A legend identifies the three design approaches. The chart clearly 

demonstrates that stochastic optimization consistently achieves substantially lower unserved energy across all 

regions, with New England showing the largest absolute differences. 

 

7.3 Economic Analysis 

Total system costs for stochastically optimized designs exceeded deterministic alternatives by 8-16%, reflecting 

additional storage and generation capacity required for resilience. California stochastic systems cost $68.4 million 

versus $61.2 million for deterministic designs (+12%). Texas showed $64.8 million versus $58.5 million (+11%), 

while New England reached $82.7 million versus $71.3 million (+16%). 

 

However, when resilience benefits are valued economically, stochastic designs demonstrate superior cost-

effectiveness. Using conservative disruption cost estimates of $15,000/MWh for unserved energy during 

emergencies, the expected annual resilience benefit from stochastic versus deterministic design ranges from 

$840,000 in California to $1,320,000 in New England. With 20-year analysis periods and 5% discount rates, these 

benefits yield present values of $10.5-16.4 million, exceeding the $6.0-11.4 million incremental costs of stochastic 

designs. 

 

Benefit-cost ratios for stochastic optimization range from 1.4 to 1.8 across regions, indicating economically 

justified investments even with conservative disruption cost assumptions. Sensitivity analysis shows these 

conclusions remain valid across wide ranges of assumptions about disruption frequencies and costs. Only if 

disruption costs fall below $8,000/MWh—far below typical estimates of $20,000-50,000/MWh from literature—

do deterministic designs become economically preferable. 
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7.4 Storage System Analysis 

Battery energy storage emerged as the critical enabler of renewable resilience, with optimal storage-to-generation 

capacity ratios varying systematically with regional characteristics and resilience requirements. The stochastic 

optimization consistently prescribed larger storage systems than deterministic approaches, with energy capacity 

ratios of 1.6-2.1 MWh per MW of generation compared to deterministic ratios of 1.1-1.5. 

 

These ratios substantially exceed typical industry heuristics suggesting 4-hour storage duration (approximately 

0.25-0.33 MWh/MW for systems sized to meet peak demand). The optimization reveals that resilience objectives 

require storage durations of 15-24 hours of peak demand equivalent, allowing systems to weather extended poor 

generation periods and maintain critical loads through multi-day disruptions. 

 

Storage utilization patterns differed markedly between normal operations and disruptions. During routine 

conditions, batteries cycled daily with shallow depth-of-discharge averaging 40-50%, primarily providing time-

shifting of renewable generation and demand management. During disruption scenarios, batteries experienced 

deep discharge cycles of 80-90% depth as systems drew on reserves to maintain critical loads. This dual-purpose 

operation—routine optimization plus emergency backup—drives optimal sizing well beyond what single-purpose 

analysis would suggest. 

 

The value of storage in enabling resilience was quantified through counterfactual analysis removing storage from 

optimized systems. Without batteries, even with identical generation capacity, expected unserved energy during 

disruptions increased 280-340% across regions. This demonstrates that generation capacity alone provides 

insufficient resilience—storage is essential for bridging temporal mismatches between generation and demand 

during extended disruptions. 

 

[FIGURE 3: Optimal Storage-to-Generation Ratio by Resilience Requirement] 

 

This line graph displays how optimal storage sizing varies with resilience requirements across regions. The x-axis 

shows Resilience Requirement Level measured as acceptable percentage of critical load unserved during 

disruptions, ranging from 25% (low resilience) to 5% (high resilience). The y-axis displays Optimal Storage-to-

Generation Ratio in MWh/MW, ranging from 0 to 3.5. Three lines represent the study regions: California (solid 

blue line), Texas (dashed green line), and New England (dotted red line). All three lines show upward slopes, 

indicating that stricter resilience requirements demand larger storage ratios. California's line starts at 0.8 

MWh/MW for 25% acceptable unserved load and rises to 2.8 MWh/MW at 5% threshold. Texas begins at 0.7 and 

increases to 2.4. New England starts at 1.1 and reaches 3.2, consistently requiring the highest storage ratios. The 

graph includes shaded bands around each line representing 95% confidence intervals from sensitivity analysis. 

Annotations mark typical industry heuristics (4-hour storage ≈ 0.3 MWh/MW) as a horizontal dashed reference 

line, highlighting how resilience-driven requirements far exceed conventional sizing. The chart clearly 
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demonstrates that achieving high resilience requires storage capacity 5-10 times larger than standard practice 

suggests. 

 

7.5 Sensitivity and Scenario Analysis 

Sensitivity analysis examined how optimal configurations and performance vary with key parameters. Technology 

costs showed expected relationships—solar cost reductions shifted optimal mixes toward more solar capacity, 

while storage cost decreases increased storage sizing. A 20% battery cost reduction increased optimal storage 

capacity by 15-18% across regions, approaching diminishing returns as systems became storage-saturated. 

 

Disruption probability assumptions strongly influenced optimal designs. Doubling expected disruption frequency 

from baseline assumptions increased optimal storage capacity by 28-35% and shifted generation mix toward 

technologies performing better during disruption-prone periods. This highlights the importance of accurate 

disruption risk characterization in resilience planning. 

 

Climate scenario analysis modeled potential future conditions including 15% reduction in average solar irradiance 

due to increased cloudiness and 10% increase in wind variability. These degraded resource conditions reduced 

optimal renewable penetration slightly but increased storage requirements substantially—by 22-30% to maintain 

equivalent resilience performance. This suggests climate adaptation in energy planning requires conservative 

resource assumptions and robust storage investment. 

 

[FIGURE 4: Cost-Resilience Trade-off Frontier] 

 

This scatter plot with fitted curves illustrates the fundamental trade-off between system cost and resilience 

performance. The x-axis shows Total System Cost (20-year NPV) in millions of dollars, ranging from $55M to 

$90M. The y-axis displays Resilience Score (composite metric incorporating expected unserved energy, recovery 

time, and maximum deficit), ranging from 0 to 100 where higher scores indicate better resilience. Each point 

represents a different system configuration tested across the three regions, color-coded: California (blue dots), 

Texas (green dots), and New England (red dots). Fitted curves for each region show upward concave shapes, 

demonstrating improving resilience with higher investment but at diminishing rates. The curves illustrate that 

achieving 60-point resilience scores requires $60-70M investment, reaching 80 points demands $75-85M, while 

approaching 90+ points would require costs exceeding $95M. Annotations mark the "Pareto-efficient frontier" 

and identify "deterministic designs" clustering at lower cost and resilience points, while "stochastic designs" 

populate the upper-right region of higher performance. A shaded "cost-effective region" between 70-85 resilience 

score highlights the range where incremental cost per resilience improvement remains reasonable. The chart 
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clearly visualizes how stochastic optimization achieves better cost-resilience trade-offs compared to alternative 

approaches. 

 

DISCUSSION 

 

8.1 Interpretation of Findings 

The substantial performance advantages of stochastically optimized systems validate the central hypothesis that 

explicitly modeling uncertainty improves hybrid renewable system design for resilience objectives. The 34-48% 

reductions in expected unserved energy during disruptions result directly from the stochastic framework's ability 

to consider worst-case scenarios and tail events rather than optimizing for average conditions that underestimate 

resilience requirements. 

 

The finding that optimal storage-to-generation ratios substantially exceed industry heuristics challenges 

conventional wisdom about renewable system design. Traditional 4-hour storage duration recommendations 

derive from daily energy time-shifting applications, not multi-day disruption scenarios. Resilience objectives 

fundamentally alter optimal configurations, requiring storage capacity sufficient for 15-24 hours of autonomous 

operation. This insight has significant implications for utilities and regulators establishing renewable-plus-storage 

procurement standards. 

 

Regional heterogeneity in optimal configurations demonstrates that one-size-fits-all approaches to renewable 

resilience are inadequate. California's solar-dominant resource profile supports solar-heavy systems, while Texas 

benefits from wind-dominant configurations. New England's challenging resource variability requires larger 

storage investments to achieve equivalent resilience. These differences underscore the importance of location-

specific optimization rather than applying generic technology portfolios. 

 

8.2 Theoretical Contributions 

This research advances stochastic optimization theory by demonstrating its practical applicability to complex 

energy infrastructure planning with resilience objectives. The multi-stage framework successfully handles the 

temporal complexity of capacity planning decisions preceding operational dispatch that responds to realized 

conditions. The scenario-based approach effectively represents continuous renewable generation distributions 

while maintaining computational tractability. 

 

The integration of resilience metrics into stochastic optimization extends both resilience and renewable energy 

literature. Previous resilience work often treated system design as given, analyzing performance of pre-specified 

configurations. This research endogenizes design through optimization, revealing how resilience objectives 

should shape capacity investments. The result is a unified framework simultaneously addressing cost efficiency, 

operational performance, and resilience. 

 

8.3 Practical Implications 

For utilities and system operators, the findings provide quantitative guidance for renewable-storage system 

procurement targeting resilience. The optimal storage-to-generation ratios identified here—1.6 to 2.1 MWh/MW 

for resilience applications—can inform RFP specifications and system design requirements. The demonstrated 

economic viability, with benefit-cost ratios of 1.4-1.8, supports business cases for resilience-focused renewable 

investments even absent regulatory mandates. 

 

Policymakers should recognize that resilience benefits justify higher renewable system costs than purely economic 

optimization would suggest. Regulatory frameworks that compensate renewable-storage systems for resilience 

services beyond energy and capacity would better align private incentives with social benefits. Performance-based 

regulations tying compensation to actual resilience metrics during disruptions would encourage optimal system 

design and operation. 

 

The research also highlights battery storage's critical role in renewable grid resilience. Policies supporting storage 

deployment—investment tax credits, accelerated depreciation, or direct procurement mandates—leverage public 

investment to enable broader renewable resilience benefits. However, such policies should avoid prescriptive 

technology requirements, allowing optimization to determine ideal storage-to-generation ratios for specific 

contexts. 
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8.4 Limitations and Future Research 

Several limitations suggest directions for future work. The current framework treats disruptions as exogenous 

events; extending the model to consider strategic actions that prevent or mitigate disruptions (vegetation 

management, infrastructure hardening) would provide more comprehensive resilience planning. The analysis 

focuses on distribution-level systems; transmission-level applications with network flow constraints would require 

different modeling approaches. 

 

Future research should address forecasting uncertainty more explicitly. The current model assumes perfect short-

term weather foresight in operational optimization; incorporating forecast errors would better represent real-world 

decision-making under uncertainty. Machine learning approaches for generating realistic forecast error scenarios 

could enhance model realism. 

 

Long-term climate change deserves deeper treatment. While sensitivity analysis considered degraded resource 

scenarios, fully dynamic multi-decade models incorporating climate evolution would better support planning for 

systems operating 20-30 years into uncertain climate futures. Integration with climate models could improve 

scenario generation for future conditions. 

 

Finally, expanding the technology scope to include emerging options like long-duration storage, hydrogen 

systems, or demand flexibility would enrich the solution space. As these technologies mature and costs decline, 

they may enable cost-effective resilience pathways not captured in current solar-wind-battery configurations. 

 

CONCLUSION 

 

This research demonstrates that stochastic optimization provides substantial benefits for designing hybrid 

renewable energy systems targeting grid resilience objectives. Explicitly modeling uncertainty in renewable 

generation, demand patterns, and disruption events yields system configurations that outperform deterministically 

designed alternatives by 34-48% in resilience metrics while maintaining economic viability with benefit-cost 

ratios of 1.4-1.8. 

 

The primary objective of developing and validating a comprehensive stochastic optimization framework was 

achieved through the multi-stage programming approach successfully applied across three diverse geographical 

regions. Secondary objectives were similarly met: resilience improvements from stochastic versus deterministic 

approaches were quantified, optimal technology portfolios and sizing were determined for varying conditions, 

battery storage's critical enabling role was evaluated, and economic trade-offs were assessed revealing cost-

effective pathways for resilient renewable development. 

 

Three fundamental insights emerge from this analysis. First, resilience requirements demand substantially larger 

energy storage capacity than conventional renewable applications, with optimal storage-to-generation ratios of 

1.6-2.1 MWh/MW far exceeding typical 4-hour duration heuristics. Storage provides the critical capability for 

weathering extended poor generation periods and maintaining critical loads through multi-day disruptions that 

define resilience challenges. 

 

Second, optimal hybrid system configurations vary substantially with geographical resource characteristics and 

disruption profiles. Solar-dominant systems suit high-irradiance regions like California, wind-dominant 

configurations benefit areas like Texas with strong wind resources, while regions with challenging variability like 

New England require larger storage investments to achieve equivalent resilience. This regional heterogeneity 

necessitates location-specific optimization rather than standardized technology portfolios. 

 

Third, the economic case for resilience-focused renewable systems proves compelling when disruption costs are 

appropriately valued. While stochastically optimized designs cost 8-16% more than deterministic alternatives, 

they deliver resilience benefits with present values exceeding incremental costs by 40-80%. Conservative 

disruption cost assumptions of $15,000/MWh for unserved energy—well below typical literature estimates—

suffice to justify the additional investment. 

 

The stochastic optimization methodology contributes both theoretically and practically to renewable energy 

planning. Theoretically, it advances understanding of how uncertainty should shape infrastructure investment 

decisions when resilience matters. The multi-stage framework provides rigorous approaches for planning under 
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uncertainty that extend beyond renewable energy to broader infrastructure contexts. Practically, the research offers 

quantitative guidance for utilities, regulators, and policymakers navigating transitions toward resilient renewable 

grids. 

 

Several actionable recommendations emerge for stakeholders. Utilities should employ stochastic optimization 

methods incorporating realistic disruption scenarios when planning renewable-storage systems for resilience 

applications. Simple deterministic analysis or industry heuristics systematically underestimate storage 

requirements and deliver suboptimal resilience performance. Regulators should establish performance-based 

compensation mechanisms that reward renewable systems for actual resilience services, aligning private 

incentives with social benefits. Technology-neutral approaches allowing optimization to determine ideal 

configurations across solar, wind, and storage will achieve better outcomes than prescriptive mandates. 

 

Policymakers should recognize battery storage as infrastructure essential to renewable grid resilience, justifying 

supportive policies like investment incentives or procurement mandates. However, such support should avoid 

rigid technology specifications, allowing location-specific optimization to determine appropriate storage-to-

generation ratios. Investment in improved disruption modeling and forecasting would enhance planning by 

enabling more accurate scenario development for stochastic optimization frameworks. 

 

Looking forward, hybrid renewable systems with adequate storage can provide grid resilience equal to or 

exceeding conventional generation while advancing decarbonization objectives. The transition requires 

sophisticated planning that explicitly addresses uncertainty rather than assuming away variability through 

deterministic simplifications. Stochastic optimization provides the analytical foundation for this transition, 

enabling quantitative evaluation of technology portfolios, sizing decisions, and operating strategies across the full 

range of conditions renewable grids will face. 

 

Climate change will continue increasing both renewable resource uncertainty and grid disruption frequency, 

making the stochastic optimization approaches developed here increasingly valuable. As extreme weather events 

become more common and severe, resilience will shift from optional enhancement to fundamental requirement 

for power system planning. Renewable technologies, properly designed using methods accounting for uncertainty, 

offer pathways to grids that are simultaneously cleaner and more resilient than the systems they replace. This 

research contributes to that transition by demonstrating that the tools exist to design renewable systems for 

resilience and that such systems prove economically justified when disruption costs are appropriately valued. The 

path forward requires applying these tools systematically in planning processes, supported by policy frameworks 

that recognize resilience as a valuable service renewable systems can provide. By embracing uncertainty rather 

than ignoring it, the power sector can build resilient renewable grids capable of reliably serving society through 

the climate challenges ahead. 
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