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Abstract

Climate change has increased the frequency and severity of natural disasters, disrupting

power systems and disproportionately impacting socially vulnerable communities. While re-

cent research has explored technical and socio-economic aspects of microgrid deployment, there

remain limited work on designing microgrids that specifically enhance energy resilience for so-

cially vulnerable communities during disasters. To address this gap, this study proposes an

investment and resilience-oriented framework for planning and operation of renewable energy-

integrated Residential Community Microgrid (RCMG). A two-stage stochastic programming

model is developed to optimize long-term investment, operation, and capacity expansion under

uncertainties in load demand, renewable generation, and outage duration. The framework also

incorporates a load-curtailing demand response program (DRP) that incentivizes households

through bill discounts. Results from case studies in three Texas communities demonstrate that

integrating capacity expansion with DRP can reduce total system costs by up to 16% while

improving resilience by more than 60% and increasing household bill savings by 13%. The

findings highlight the critical roles of DRP design, expansion timing, and differentiated elec-

tricity pricing in balancing financial accessibility and resilience. Scalability analysis shows that

while expansion costs scale with demand, investment responses are shaped by social vulnerabil-

ity, highlighting the need for proactive, community-specific planning and front-loaded funding

to ensure equitable microgrid growth. These insights provide practical guidance for utilities

and policymakers in planning equitable, community-specific microgrids that strengthen energy

resilience under growing climate risks.

Keywords: Climate Change; Microgrids; Social Vulnerability; Resilience; Stochastic Pro-

gramming.
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1 Introduction

In recent years, power systems have shown significant vulnerability to climate disasters. Accord-

ing to the most recent data from the National Energy Technology Laboratory (NETL) [1], 2,440

power outages were occurred in the U.S. between 2015 and 2023. Of these, 878 outages (36.0%)

were caused by severe weather, and 61% lasted at least six hours. Notable examples include: i)

Winter Storm Uri (February 2021), which struck the U.S., particularly Texas, causing natural

gas system failures and a near-total grid collapse. The resulting supply–demand imbalance led to

prolonged load shedding, leaving millions of Texans without power for up to five days and 246

deaths from extreme cold. ii) Hurricane Beryl (July 2024), which swept through southeast Texas,

caused widespread power system damage and left nearly 2.3 million customers without electricity

for several days. About one-third of the storm-related deaths were due to heat exposure.

A four-year NETL analysis shows a 90.62% increase in the U.S. weather-related power outages

from 2020–2023 compared to 2016–2019, a trend largely driven by climate change, which has led to

more intense rainfall, heatwaves, and storms. Texas consistently experiences the highest number

of weather-related outages nationwide, with 210 major events from 2000–2023 and 263 outages in

just 2019–2023, far surpassing other states [2, 3]. Given the rising frequency of natural disasters

and their severe impacts on the power systems, strengthening their resilience has become a critical

priority in the U.S.

In response, various strategies have been proposed to enhance power systems resilience, including

system hardening and operational improvements [4–6]. Among these, microgrids (MGs) stand out

as one of the most promising solutions [7]. The U.S. Department of Energy defines a MG as

a group of interconnected loads and distributed energy resources (DER) within clearly defined

electrical boundaries that acts as a single controllable entity with respect to the grid. MGs can

function in both grid-connected and islanded modes [8], supporting energy resilience by maintaining

power supply during grid outages and supporting critical infrastructure. MGs integrating DERs

with advanced strategies are key enablers of resilient future grids [9].

In recent years, there have been significant advancements in the planning and operation of MGs,

driven mainly by three factors: increasing incorporation of renewable energy sources (RES), the

need for grid flexibility, and the growing complexity of MG operations [10]. The key advancements
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include intelligent energy management systems (EMS), advanced energy storage system (ESS)

management, transactive energy (TE), and cyber-physical security, which are primarily designed

to further improve performance, reliability, efficiency, and resilience of power systems.

Although MGs offer significant potential, uncertainties in renewable generation, demand, and

compensation market, high costs, application-specific constraints, and complex operational re-

quirements pose challenges to realizing their full benefits [11]. Hence, strategies such as proac-

tive management, optimal placement/scheduling, and operation strategies have been proposed [7].

Moreover, the introduction of Demand Response Programs (DRPs) has further emphasized the

development of price- and incentive-based strategies aimed at reducing investment costs, increasing

revenue, lowering electricity bills, and improving system reliability and resilience [12–14]. While

current strategies provide valuable solutions, the application of MGs across different sectors requires

tailored implementation and analysis to develop effective planning and scheduling mechanisms.

Building on these operational and economic considerations, recent studies have also emphasized

the importance of expanding MG deployment to meet evolving grid demands. As the demand for

flexible, low-carbon, and resilient power systems grows, expanding MG deployment has become a

central focus in the literature. Studies highlight the importance of scalable planning frameworks

that address both technical and socio-economic challenges of MG expansion [15]. These efforts

are essential for meeting increasing energy demands, accommodating renewable integration, and

supporting system-wide resilience.

While recent research has increasingly focused on these challenges, optimizing MGs for socially

vulnerable communities and achieving equity remains an open area of inquiry [16–18]. Social

vulnerability (SV), which determines the extent to which individuals’ lives and possessions are at

risk due to limited adaptive capacity [19], has been defined across many disasters and is increasingly

studied in the context of prolonged power outages [20, 21]. Willingness-to-pay (WTP), on the other

hand, quantifies how households value reliable electricity, providing an economic perspective on

resilience investments [22]. Both factors are critical for MG operations: SV influences communities’

recovery from outages and WTP guides investment, pricing, and equitable allocation of resilience

benefits. Integrating such socio-economic considerations alongside technical capabilities ensures

that MG deployment and operation effectively supports resilient and equitable electricity supply

[23, 24].

3



These socio-technical factors highlight critical issues that require further analysis, motivating

the central research question of this study: How are costs, energy resilience, and equity in

socially vulnerable community MGs influenced by expansion timing, demand response

program settings, electricity pricing, and community scale?

To address this question, this study proposes an investment- and resilience-oriented frame-

work for planning and operating renewable energy–integrated Residential Community Microgrids

(RCMG). A two-stage mixed-integer stochastic programming model is developed to minimize in-

vestment, expansion, and operational costs under uncertainties in demand, power generation, and

outage duration. The first stage determines optimal locations and capacities of devices, while the

second handles capacity expansion and scheduling. An incentivized DRP is incorporated that en-

courages load curtailing during off-peak hours to support system balance and consumer convenience

during peak-hours. The model is solved using a Benders Decomposition combined with Branch &

Bound algorithm. The study contributes to the literature as follows:

• First, our model advances renewable MG planning by integrating resilience and DRP under

uncertainty, addressing key challenges in achieving reliable and sustainable residential en-

ergy systems. It contributes to ongoing efforts in MG optimization and consumer-oriented

strategies that support grid flexibility and cost-effectiveness.

• Second, the study examines long-term MG planning for socially vulnerable communities. Our

framework evaluates SV effects on both financial outcomes and resilience, supporting informed

decision-making.

• Third, this paper explores the role of a curtail-based DRP in influencing energy resilience and

investment strategies, offering insights into operational efficiency and sustainability. Appli-

cation to three residential communities with varying SV provides practical insights, and the

sensitivity analysis identifies tailored strategies for investment, operation, and pricing.

The remainder of the paper is organized as follows. Section (2) provides a literature review.

Section (3) formalizes the RCMG and Section (4) provides the developed energy resilience metrics.

Section (5) presents the real case studies, along with data collection process. Section (6) offers

a systematic numerical analysis on the outputs of the model. The discussion on operation and

managerial implications is provided in Section (7) and the study is concluded in Section (8).
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2 Literature Review

A community microgrid designed for residential use is a system comprising of DER (either renewable

or fossil-based), ESS, EMS, and households as the consumers. Existing literature has examined

MGs under various assumptions with different considerations of current challenges. Here we provide

a review on the literature in two categories and highlight the importance of our study in each.

2.1 MG Investment & Expansion under Uncertainty

MG investment and expansion planning are fundamentally challenged by uncertainties that impact

both short-term operations and long-term decisions, most notably the duration of power outages,

fluctuating load demand, and renewable energy generation [13, 25–28]. Furthermore, evolving con-

sumption patterns require planners to forecast not only current but also future load profiles, taking

into account both the stochastic nature of power demand and the influence of DER integration and

demand-side management [29].

Stochastic programming has emerged as a primary method for addressing these uncertainties

in MG planning and scheduling optimization [13, 26–28]. Most contemporary frameworks use two-

stage or multi-stage stochastic models to capture uncertainties associated with DER availability,

outage durations, and market prices, typically optimizing scheduling and expansion plans to max-

imize economic benefits and enhance reliability [13, 26–28]. However, many studies only address

uncertainties in isolation (e.g., outage duration or load fluctuations), resulting in frameworks that

lack completeness when multiple uncertainties co-occur (e.g. [30–32]. A comprehensive approach

that jointly considers all major uncertainties (power outage duration, load demand variation, and

long-term load growth) remains sparsely addressed in the literature, revealing a research gap around

integrated, multi-factor optimization under uncertainty.

The long-term growth of load demand significantly affects expansion decisions in microgrid

planning since underestimating growth can result in insufficient capacity, and overestimating in-

creases unnecessary investment. While there is adequate expansion studies with fixed demand

growth [33–37], recent research explicitly incorporates load demand growth scenarios into the ex-

pansion planning stage using stochastic or robust optimization, enhancing solution resilience to

unpredictable demand evolution [34, 38, 39]. These studies demonstrate that strategies ignoring
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demand growth risk both economic inefficiency and reduced service reliability over time. Despite

advances, few approaches holistically integrate demand growth models with outage and operational

uncertainties in a unified investment and scheduling framework, indicating an important area for

future research.

In summary, while significant progress has been made in addressing uncertainties in micro-

grid expansion using stochastic programming, most existing models only partially capture the

combined effects of power outage duration, evolving load demand, and demand growth over the

planning horizon. The design and application of a comprehensive, unified optimization framework

to systematically consider all key uncertainties concurrently remain a critical and underexplored

research frontier.

2.2 Demand Response in MG Planning & Scheduling

DRPs are pivotal in supporting microgrid efficiency by enabling consumers to adjust their electricity

usage in response to price signals or incentives. In the context of microgrid optimization, DRPs

also play an important role in mitigating uncertainties associated with renewable energy sources,

market price fluctuations, and variable load demands [26].

Recent trends reveal a shift toward integrating DRP into MG planning and scheduling using

increasingly diverse and dynamic strategies. Studies emphasizes the adoption of load shifting [40,

41], real-time pricing [42, 43], and time-of-use pricing [44, 45] to enhance MG flexibility, operational

efficiency, and resilience. Modern optimization frameworks favor hybrid stochastic approaches to

balance profit, risk, and service continuity, especially under uncertainty and potential islanding

events [46]. There is a move toward incentive-driven and event-based DRPs, which allow MGs to

dynamically respond to price signals or system emergencies, and these approaches now frequently

utilize advanced metaheuristics or multi-level models to maximize social welfare and grid stability

[47–49]. Furthermore, joint MG investment and operation increasingly use DRP for both short-term

peak shaving and long-term risk management, highlighting its role in integrated energy systems.

Despite these advances, literature recognizes ongoing challenges and research gaps, most notably

the need to better address investment impacts and resilience, particularly in contexts affected by

evolving load patterns, decentralized generation, and social equity concerns [50].
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3 RCMG

The proposed RCMG, Figure (1), comprises battery ES systems, photovoltaics (PV), diesel gen-

erators (DG), all managed by a centralized Energy Management System (EMS), and households

serving as consumers. The EMS is a combination of hardware and software tools that optimizes

energy generation, storage, and consumption. It should be noted that the RCMG is presented

as a theoretical framework, and detailed component dynamics (e.g., EMS, PV, and ES) are not

modeled explicitly, as the focus is on system-level analysis of cost, resilience, and equity. Under

normal conditions, the RCMG operates alongside the main grid, but during outages it becomes

islanded and relies on local energy resources. EMS, as the control center, manages devices, the

allocation of power to households, and DRP dynamics.

Figure 1: The outline of the RCMG and its position in the power systems.

We consider a load-curtailing DRP for the RCMG to enhance resilience during power outages

by enabling immediate demand reduction during high-impact or extended outages without complex

scheduling or high consumer flexibility. The DRP shifts the load demand from peak to off-peak

hours to conserve energy for critical periods, especially during outages. Figure (2) illustrates this

mechanism. Consumers who voluntarily reduce their off-peak demand receive financial incentives

in the form of electricity bill reductions, provided by the RCMG operator, to encourage partici-

pation and support system resilience. This approach promotes consumer convenience and system

reliability, as described below:

• Consumer Convenience: The impact of power outages on households varies by time of day,
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Figure 2: The proposed DRP. The figure shows how DRP changes the allocation of RCMG power
during hours of outage. Hours highlighted in red represents on-peak hours for which load-curtailing
is prohibited.

with peak hours like mornings and nights in winter or midday in summer being particularly

challenging due to extreme temperatures. Storing power for peak hours ensures households

have the necessary supply to maintain comfort and resilience during such critical times.

• System Reliability: During power outages, RCMG components face increased stress, es-

pecially during peak hours, potentially causing malfunctions or reduced efficiency. The pro-

posed DRP enhances system reliability by: i) balancing the load and preventing overload,

ii) extending component longevity by reducing operation at maximum capacity, iii) improv-

ing efficiency by staying within device limits, and iv) minimizing the risk of failure due to

overheating during peak hours.

3.1 RCMG Formulation

We propose a two-stage mixed-integer stochastic programming model for planning and operation

of the RCMG. In the first stage, the model determines the optimal location and capacity of devices

to minimize initial investment costs, while adhering to constraints related to candidate locations,

budget, and capacity limits. The second stage focuses on expansion costs and operation of the

devices, incorporating uncertainties including hourly load demand, outage duration, and annual

load demand growth. The key assumptions underlying the RCMG model are outlined as follows.

• Two investment decisions are made: one in the first year and another in the year n, with

two representative years considered, each comprising of 12 months. Scheduling decisions are

based on a representative week for each month, with costs scaled to a yearly basis using an
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adjustment parameter to account for non-integer week alignments.

• Linear battery degradation is assumed for simplicity, with degradation modeled throughout n

years of operation, including calendar and cyclic aging. In addition, inversion and conversion

rates, as well as ES charging and discharging rates, are assumed to be fixed.

• Equity is addressed through investment and scheduling by assigning renewable energy sub-

sidies and load shedding penalties, quantified using a power outage-risk integrated social

vulnerability index (PO-RSVI) and WTP for emergency power supply parameters, which

will be discussed in Section 5.

3.1.1 Stage 1: First Year Investment

We denote the life-time of RCMG by N . Let’s consider Fl, Cd, Od = γoprCd as the fixed cost

of selecting location l ∈ L, the unit cost, and the operation cost of device d ∈ D = {es, pv, dg},

respectively. The parameter γopr ∈ [0, 1] is to set the operational cost as a percentage of unit cost.

Let uIl ∈ B and xIl,d ∈ Z+ determine selection of location l and capacity of device d to be installed,

respectively. Given the subsidy rate β available for land procurement and device unit price, along

with the community’s SV level V , the total cost is determined as shown in (1) subject to the budget

constraint (2) and device capacity limits (3). The parameter V is used to determine the equitable

allocation of subsidies, ensuring that more vulnerable communities receive a higher subsidy rate,

approaching the nominal rate β.

CI =
∑
l∈L

∑
d∈D

[(1− βV )
(
Fl · uIl + Cd · xIl,d

)
+Od · xIl,d] (1)

∑
l∈L

∑
d∈D

(1− βV )(Fl · uIl + Cd · xIl,d) ≤ BI (2)

xIl,d · uIl ≤ xIl,d ≤ xIl,d · uIl , ∀l ∈ L, d ∈ D (3)

3.1.2 Stage 2: Expansion and Scheduling

Let xEl,d,s ∈ Z+ be the increase in the capacity of device d ∈ D at location l ∈ L under scenario

s ∈ S. We denote the power scheduling decisions by y.t,g,s ∈ R+, where the super-index refers to

the usage type of power and the sub-indices refer to the hour of week t ∈ T , in representative year
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g ∈ G = {GI ,GE}, and under scenario s ∈ S.

Concerning costs, the expansion cost (CE
s ) is defined in (4). The cost of load shedding (CLS

s ) is

calculated in (5) with ylst,g,s and rlst representing the amount of load shedding and the corresponding

penalty, respectively. Cost of curtailing power (CC
s ) in PV and DG is calculated in (6), with y.,ct,g,s

and rc referring to the amount of curtailment and the penalty, respectively. The cost of import

from/export to the grid (CIE
s ) is calculated in (7). The cost of fuel burnt by DG (CF

s ) is calculated

in (8) with ydg,.t,g,s and f representing DG power and fuel cost, respectively. RCMG main revenue

(CR
s ) is calculated in (9) using parameter el as the associated RCMG electricity price. Lastly,

the incentives for load reduction by consumers (CIN
s ) are calculated in equation (10), where ydrpt,g,s

represents the amount of load reduction, and edrp denotes the incentive allocated.

CE
s =

∑
l∈L

∑
d∈D

(1− βV )Cdx
E
l,d,s + xEl,d,sOd, ∀s ∈ S (4)

CLS
s =

∑
g∈G

∑
t∈T

rlst · ylst,g,s, ∀s ∈ S (5)

CC
s =

∑
g∈G

∑
t∈T

rc(ypv,ct,g,s + ydg,ct,g,s), ∀s ∈ S (6)

CIE
s =

∑
g∈G

∑
t∈T

eim · yimt,g,s − eex · yext,g,s, ∀s ∈ S (7)

CF
s =

∑
g∈G

∑
t∈T

f(ydg,est,g,s + ydg,lt,g,s + ydg,ct,g,s), ∀s ∈ S (8)

CR
s =

∑
g∈G

∑
t∈T

γleim(yes,lt,g,s + ypv,lt,g,s + ydg,lt,g,s), ∀s ∈ S (9)

CIN
s =

∑
g∈G

∑
t∈T

edrp · ydrpt,g,s, ∀s ∈ S (10)

Considering all, the expected cost of expansion and scheduling stage (Es[Qs]) is calculated in

(12), following the scenario costs Qs in (11), where ξ generalizes the representative weeks to the

full year, and ps denotes the probability of scenario s.

Qs = CE
s + ξ(CLS

s + CC
s + CIE

s + CF
s − CR

s − CIN
s ) (11)

Es[Qs] =
∑
s∈S

ps ·Qs (12)
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Expansion Constraints: Constraints (13) and (14) address budget and location limitations in the

second stage. The former enforces expansion budget (BE) adherence, while the latter ensures that

added device capacities are assigned only to locations selected in the first stage, without exceeding

capacity limits.

∑
l∈L

∑
d∈D

(1− βV )Cdx
E
l,d,s ≤ BE (13)

xEl,d · uIl ≤ xEl,d,s ≤ xEl,d · uIl , ∀l ∈ L, d ∈ D (14)

Scheduling Constraints: To model scheduling, we determine the available capacity of devices,

denoted by A.
g, after considering expansion and degradation. We schedule devices for a represen-

tative year both before and after expansion, using the sets of months GI and GE , respectively.

We estimate that ES energy capacity degrades every year at rate des. In the year following the

expansion, the first-installed ES devices are expected to be degraded by (1 − des)n% (15). With

negligible PV and DG degradation, post-expansion capacity is the sum of initial-year and newly

added capacities, as shown in (16) and (17), respectively.

Aes
g =


∑

l∈L xIl,es if g ∈ GI∑
l∈L(1− des)nxIl,es + xEl,es,s if g ∈ GE

(15)

Apv
g =


∑

l∈L xIl,pv if g ∈ GI∑
l∈L xIl,pv + xEl,pv,s if g ∈ GE

(16)

Adg
g =


∑

l∈L xIl,dg if g ∈ GI∑
l∈L xIl,dg + xEl,dg,s if g ∈ GE

(17)

To implement DRP, we use variables (ydrpt,g,s) that determines the amount of load curtailed at time

t ∈ T . The load balance constraint (18) is then introduced with variables yes,lt,g,s, y
dg,l
t,g,s, y

pv,l
t,g,s, y

g,l
t,g,s

denoting the amount of power directed from ES, PV, DG, and grid to serve the load (Lt,g,s) and

ylst,g,s denoting load shedding. We allow partial load curtailment without significant load shedding,
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which is implemented in (19) using γdrp as the DRP rate.

yes,lt,g,s + ydg,lt,g,s + ypv,lt,g,s + yg,lt,g,s + ylst,g,s + ydrpt,g,s = Lt,g,s, ∀t ∈ T , g ∈ G, s ∈ S (18)

T∑
t′=t+1

ydrpt,t′,g,s ≤ γdrp · Lt,g,s, ∀t ∈ T , g ∈ G, s ∈ S (19)

Constraints (20) and (21) limit the usage of power generated by PV and DG devices, which can

either serve the load (y.,lt,g,s), be sold to the grid (y.,gt,g,s), or stored in ES devices (y.,est,g,s). Parameters

λ define the efficiency of PV and DG devices, with PV efficiency depending on time and scenario.

ypv,lt,g,s + ypv,gt,g,s + ypv,est,g,s ≤ λpv
t,s ·Apv

g , ∀t ∈ T , g ∈ G, s ∈ S (20)

ydg,lt,g,s + ydg,gt,g,s + ydg,est,g,s ≤ λdg ·Adg
g , ∀t ∈ T , g ∈ G, s ∈ S (21)

The power exported to the grid (yext,g,s) is supplied only by PV. The imported power from the

grid (yimt,g,s) can either be stored in ES or directly used to meet the demand. These relationships

are formulated in (22) and (23), respectively.

yext,g,s = ypv,gt,g,s, ∀t ∈ T , s ∈ S, g ∈ G (22)

yimt,g,s = yg,est,g,s + yg,lt,g,s, ∀t ∈ T , s ∈ S, g ∈ G (23)

To ensure an islanded mode during an outage, the constraint (24) is defined. Denoting Is as

the set of hours for which there is an outage in scenario s, for any t ∈ Is grid transactions are

prohibited.

yext,g,s + yimt,g,s = 0, ∀t ∈ Is, g ∈ G, s ∈ S (24)

Lastly, we ensure the flow of power in ES devices is feasible. Defining ES energy level as Et,g,s,

equation (25) ensures that ES devices start the scheduling horizon at their maximum allowable

energy (SOC). For other time periods, the energy level is affected by charging, discharging, and

load curtailing as described in (26). In this constraint, λes is ES efficiency parameter in charging

and discharging and ηi, ηc are the inversion and conversion rates, respectively. The constraint
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(27) ensures that energy level at ES is always within the manufacturer recommended limits, which

includes SOC as the minimum state of charge.

E1,g,s = SOC ·Aes
g , ∀g ∈ G, s ∈ S (25)

Et+1,g,s = Et,g,s + λes(ypv,est,g,s + ydg,est,g,s + ηc · yg,est,g,s)−
ηi

λes
(yes,lt,g,s + yes,gt,g,s), ∀t ∈ T , g ∈ G, s ∈ S (26)

SOC ·Aes
g ≤ Et,g,s ≤ SOC ·Aes

g , ∀g ∈ G, s ∈ S (27)

Figure 3: The diagram of the proposed two-stage stochastic model for RCMG.

Figure (3) presents the diagram of the proposed two-stage stochastic model with the decisions

made at each stage. The RCMG investment and operational cost minimization problem then is as

follows:

P : min CI + Es[Qs] (28)

s.t. (1)− (27)
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3.1.3 Solution Methodology

Problem P in (28) involves a large number of independent scenarios coupled through first-stage

decisions, which makes solving the problem with conventional MIP methods, such as Branch-

and-Bound, computationally challenging due to its scale. However, its structure is well-suited

for decomposition into smaller scenario-based subproblems using Benders Decomposition. In this

approach, the first-stage problem is significantly reduced in size and referred to as the master

problem (MP), while each scenario is addressed through a corresponding separation problem (SP).

To accommodate the integer requirements—particularly in the MP, a Branch-and-Bound framework

is applied, resulting in a Benders Branch-and-Cut algorithm.

The algorithm was first proposed in [51], and further studied in the literature. The MP involves

minimizing CI in addition to an estimation of the second stage costs, η, while only considering first

stage constraints. The SP is then minimizing the costs of each scenario s ∈ S, Qs, while considering

only the constraints associated with that scenario. Let x and y denote all variables in the first and

second stage, respectively. The abstract form of MP and SP is then as follows:

MP : min c⊤x+ η

s.t. Ax ≥ b

η ≥ −M

x ∈ Z+, η ∈ R

SP : min q⊤s ys

s.t. Wys ≥ rs − Tsx
∗

ys ∈ R+

The approach involves solving problem MP through the Branch & Bound tree. Each time an

integer solution is found, SP for each scenario is solved, generating an optimality cut as represented

in (29), which is then added to the corresponding node of the tree. Regarding terminology in the

optimality cut, ps represents the probability of scenario, πs is the dual multiplier of constraints, Ts

denotes the coefficient matrix of coupling decisions variables, and rs denotes the right hand side

of constraints in the subproblem of scenario s. The node is subsequently re-optimized and the
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previous integer solution is removed if duality gap in all SP problems is not closed. This process

continues until optimality conditions of SP are met.

In the proposed model, the integrality constraints of xEl,d are relaxed to facilitate the use of

Benders Decomposition. This assumption is valid because the cost of the fractional part of the

decision variable is negligible compared to the total investment costs, due to the relatively low unit

cost of devices. Additionally, as the sub-problems are always feasible for any first-stage solution, we

utilize only optimality cuts. The pseudo-code for the Benders Branch & Cut method is provided

in Algorithm 1.

η ≥ ξ − ζ⊤x (29)

ζ =
∑
s∈S

psπ
⊤
s Ts, ξ =

∑
s∈S

psπ
⊤
s rs (30)

Algorithm 1 Benders Branch & Cut algorithm

1: Initialize: Iteration k ← 0, η ← −∞, active nodes T k ← {0}, tolerance ϵ > 0, upper bound UB←∞,
lower bound LB← −∞.

2: Solve MP for root node t = 0, obtain v0.
3: while |UB− LB| > ϵ do
4: while True do
5: Update lower bound: LB← min

t∈Tk
{vt}; let t be the corresponding node.

6: if xt ∈ Z then
7: t(k)← t
8: break
9: end if

10: Branch on xt; add children, remove t from T k.
11: Solve MP for t1, t2, obtain vt1 , vt2 ; discard infeasible nodes.
12: end while
13: for s ∈ S do
14: Solve SP using xt(k) to get duals πs.
15: end for
16: Compute ηk = ξ − ζ⊤xt(k) using (30).
17: Derive cut (29); add to MP at node t(k).
18: Resolve MP at t(k) to get new xt(k).
19: if Optimality cut is not violated then
20: Update UB← min(UB, vt(k)).
21: Prune t(k) from T k.
22: end if
23: k ← k + 1
24: end while
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4 Energy Resilience Metrics

Resilience, as a multi-discipline concept, refers to a system’s ability to return to its original func-

tionality after exposure to an adversity [52]. Regardless of the application, resilience is suggested to

have the following properties [52]: i) Robustness: the ability of elements and units to endure stress

or demand without degradation or function loss, ii) Redundancy: the availability of substitutes that

can meet functional requirements during disruptions, iii) Rapidity: the ability to meet priorities and

achieve goals promptly to contain losses and prevent future disruptions, and iv) Resourcefulness:

the ability to identify problems, prioritize, and mobilize resources during disruption.

To quantify resilience in our RCMG, three metrics Φ,Λ, and E are selected based on the

literature on power systems resilience metrics [53]. The metric Φ capture the rate at which resilience

declines. The metric Λ defines how low resilience drops, and the metric E captures how long the

degraded state lasts after the disaster, until the system regains its pre-event strength. Quantifying

resilience metrics require calculation of relevant indicators. Here, building upon the concept of each

resilience metric and inspiring from literature, we define three resilience indicators to quantify Φ,Λ

and E, respectively (see Table (1)).

To quantify Φ, we measure the duration (in hours) that the microgrid continues serving at least

50% of its load after the onset of an outage. The ratio of this duration to the total outage time

defines Φ, an indicator of the system’s robustness, reflecting its ability to resist failure under stress.

A higher value indicates greater robustness, as shown below:

Φ =
∑
g∈G

∑
s∈S

ps · (
min{t ∈ {0, . . . , T − 1} : ylst,g,s < 0.5Lt,g,s}

Is
).

For Λ, we define it as the ratio of the total load demand served during the outage to the total

load demand over the same period. Widely used in the literature [4, 54], this indicator reflects

the system’s resourcefulness, or its effectiveness in utilizing available assets to meet demand post-

disruption. It also captures the lowest level to which resilience drops, where a lower value indicates

significant load loss, and a higher value reflects more effective resource management under adverse
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conditions. The metric Λ is calculated as follows

Λ =
∑
g∈G

∑
t∈T

∑
s∈S

ps · (
Lt,g,s − ylst,g,s

Lt,g,s
).

To quantify E, we consider the total number of hours during which the load is at least partially

served, for instance less than 50% is lost. The ratio of this duration to the total outage duration

defines E, following a similar approach in [5]. This indicator reflects system redundancy by capturing

its ability to maintain service through alternative or backup options. Higher values, indicating fewer

hours of unmet load, correspond to stronger redundancy in supporting critical loads during partial

system operation. The metric E is calculated as follows

E =
∑
g∈G

∑
s∈S

ps(

∑
t∈T 1{ylst,g,s < 0.5Lt,g,s}

Is
),

where 1{.} is the indicator function (1 if the condition is true, 0 otherwise).

The proposed model is designed to enhance the resilience metrics above. To improve Φ, the

load-shedding penalty is higher in the early hours of an outage and gradually decreases, promoting

prolonged service. To improve Λ, penalties are scaled by community WTP, with more vulnerable

communities—who tend to have lower WTP [21]—assigned higher penalties, prioritizing their load

delivery and reinforcing both Λ and E.

Table 1: Proposed community energy resilience metrics and their properties.

Metric Property Indicator

Φ Robustness The proportion of outage duration during which the microgrid sustains
at least 50% of load demand.

Λ Resourcefulness The proportion of total load demand satisfied during the outage period.

E Redundancy The Proportion of outage duration during which load demand is at least
50% satisfied.
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5 Case Studies

5.1 Community Specifications

Three residential communities in Texas are selected which include: 1) Dove Springs in Austin,

2) Sunnyside in Houston, and 3) Rogers Washington in Austin. Their key characteristics are

summarized in Table (2). Data on PO-RSVI and WTP are derived from our recent study of outage

impacts on vulnerable communities [21]. PO-RSVI captures susceptibility to harm from outages

across infrastructural, socio-economic, health, and accessibility dimensions. Social vulnerability

metrics like this are increasingly used to link inequality to disaster impacts and guide equitable

policies [55]. WTP informs demand-side pricing by indicating how much consumers are willing

to pay for reliability, clean energy, or uninterrupted service, helping utilities design fair and cost-

reflective pricing schemes [56]. Here, PO-RSVI and WTP inform equity in the subsidy rates, the

load shedding costs, and the pricing for RCMG emergency power supply.

Grid electricity prices are obtained from market data, and installation spaces were based on

church and school roof areas in the communities. Winter peak hours are considered at 6–10 AM

and 6–10 PM during January, February, and March, while summer peak hours are 1–7 PM in June,

July, August, and September. Load curtailing is prohibited during these periods.

Table 2: Characteristics for the community case studies.

Characteristics Community 1 Community 2 Community 3

Power Outage-Risk integrated Social Vulner-
ability Index (PO-RSVI)

1.00 0.59 0.00

Willingness-To-Pay (WTP) 0.2764 0.2567 0.5157
Count of Households 40 20 20
Average Land Price ($/sq/yr) 20.40 11.80 22.80
Average Electricity Price ($/kW) 0.14 0.15 0.14
Grid Buyback Price ($/kW) 0.097 0.120 0.097
Available Space for PV (sq2) 265,785 69,442 87,846
Available Budget (BI , BE) $1M, $0.1M $1M, $0.1M $1M, $0.1M

To quantify load shedding penalty (rls) we use WTP as shown in Equation (31). Vulnerable

households generally have lower WTP due to limited capacity to compensate for outage costs [21].

To capture this, the penalty scales inversely with WTP using the factor (2−WTP), which ranges

from 1 to 2. This factor is multiplied by the grid power price (eim) and a scaling parameter α,

reflecting the investor’s priority to reduce load shedding. In our analysis, we set α = 5. Additionally,
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to model incentives for DRP and load curtailment, we use the grid import price and the DRP rate

γdrp as shown in (32). Specifically, for each kW of reduced consumption, the consumers receive

a bill discount, proportional to γdrp. Since load curtailment is a substantial burden, the incentive

must be sufficiently high to encourage participation. Social vulnerability V = PO-RSVI is used to

determine the equitable allocation of subsidies, with a maximum rate β (see (33)).

rls = α(2−WTP)eim (31)

edrp = (1 + γdrp)eim (32)

subsidy allocated = (1− βV ) (33)

5.2 RCMG Specification

Table (3) provides the economic, technical, and operational parameters used in RCMG, detailing

device costs, efficiency rates, pricing factors, and planning horizons. Note that PV degradation is

not considered, as it is typically negligible; around 0.3–0.8% per year.

Table 3: Specification of devices and parameters in the proposed RCMG model.

Parameter Description Value

Ces, Cpv, Cdg ES, PV, DG device unit price 380, 1200, 500 $/kW
SOC, SOC ES limits on state of charge 0.9, 0.1
γopr Device operation cost factor 5%
γdrp DRP rate 0.2%
γl RCMG electricity price rate 0.9
λdg, λes DG efficiency, ES charge efficiency 40%, 90%
f DG fuel consumption efficiency (fuel cost× fuel usage) 3.12 × 0.07
des, ddg Annual degradation 2.0%
eim Grid import price (Community 1, 2, 3) (0.14, 0.15, 0.14) $/kW
eex Grid export price (Community 1, 2, 3) (0.097, 0.12, 0.097) $/kW
rc PV curtailment penalty (Community 1, 2, 3) (0.14, 0.15, 0.14) $/kW
ηi, ηc ES inversion and conversion 90%
N,n Planning horizon, Expansion year 20, 10

5.3 Uncertain Parameters and Scenario Generation

This study considers three uncertain parameters: daily load demand, annual load growth, and power

outage duration. Hourly load demand data for Texas residential buildings were retrieved from the

End-Use Load Profiles for the U.S. Building Stock [57]. Load uncertainties across communities are
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Figure 4: Box-plots showing the distribution of load demand across the communities.

presented in Figure (4). For power outage duration, we utilized records of weather-related electricity

disruptions in Texas from 2002 to 2023, sourced from the Office of Cybersecurity, Energy Security,

and Emergency Response (CESER) [1]. Annual load growth utilizes Residential Sector Energy

Consumption Estimates data for Texas from 1960 to 2021 [58]. The probability distributions

for both outage duration and annual demand growth are shown in Figure (5). Regarding power

generated by PV, hourly solar energy generation data over one year for each PV unit is retrieved

from the PVWatts Calculator (NREL) tool.

(a) Power Outage Duration (b) Load Growth Rate

Figure 5: Violin-plots showing the (a) distribution of outage duration in hours and (b) load demand
growth rate (%).

The uncertainties are represented by multiple scenarios for the corresponding parameters, gen-

erated using two methods: (i) Roulette Selection and (ii) Generative Adversarial Networks (GAN).

(i) In Roulette Selection, the probability density function (PDF) of the uncertain variable is divided

into discrete blocks, and a block is selected based on a randomly generated number. This method

generates scenarios for power outage duration and annual load demand growth. (ii) GAN uses

two neural networks: the Generator (G), which creates fake samples, and the Discriminator (D),

which distinguishes real from fake samples. G aims to fool D, leading to Nash equilibrium when
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generated samples are indistinguishable from real ones. Here, Roulette Selection is used for outage

duration and load demand growth and GAN is used to generate scenarios for weekly load demand.

Supplementary Figure 1 illustrates the scenario generation methods.

5.4 Implementation Details

As this study is application-driven, formal validation against simplified benchmarks is not in-

cluded, consistent with similar literature. The implementation considered 27 generated scenarios.

The model is solved in Python 3.10, using Gurobi Optimizer 10.0.3 on a Windows system with an

Intel(R) 5220 CPU @ 2.20 GHz. The solution process explored approximately 400 nodes within

540 seconds, generating 219 lazy constraints and achieving convergence with a final MIP gap of

0.27%, indicating a high-quality near-optimal solution. The global gap reported by Gurobi inher-

ently accounts for the relaxed second-stage integrality, confirming that any sub-optimality remains

negligible for the intended application.

6 Findings and Insights

This section presents an analysis of i) RCMG costs and resilience under four strategic scenarios

combining expansion and DRP participation, ii) the RCMG economic benefits, iii) the RCMG per-

formance under prolonged outages, iv) sensitivity analysis of key parameters, and v) the scalability

of the RCMG design.

6.1 Performance of Resilience Strategies

The performance of the RCMG is examined under the following four strategies to understand the

individual and combined effects of system expansion and DRP:

• Strategy 1 (S1)-No DRP, No Expansion: Serves as the baseline case and reflects current

infrastructure and demand without DRP flexibility mechanisms.

• Strategy 2 (S2)-Expansion Only (No DRP): Involves investment in additional PV

and/or ES after 10 years but no DRP is implemented.
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• Strategy 3 (S3)-DRP Only (No Expansion): Implements demand-side load curtailing

without expansion after 10 years. It explores how flexible demand can alleviate system stress.

• Strategy 4 (S4)-DRP + Expansion: Combines both supply- and demand-side strategies

and represents a coordinated investment in infrastructure and operational flexibility.

For DRP implementation, a rate of 20% is considered. These scenarios provide a structured

basis for evaluating trade-offs between infrastructure investments and operational strategies in

supporting microgrid performance.

Table 4: The RCMG performance under four strategies in each community.

Community Investment Expansion ES PV DG Bill Savings Incentives
($) ($) (kW) (kW) (kW) ($) ($)

1 S1 134,244 0 (83, 0) (166, 0) (25, 0) 3.08% 0
S2 112,992 66,161 (69, 32) (138, 89) (25, 6) 3.46% 0
S3 129,056 0 (80, 0) (159, 0) (25, 0) 12.70% 333
S4 111,725 62,733 (69, 30) (136, 84) (25, 6) 13.20% 322

2 S1 166,119 0 (88, 0) (176, 0) (21, 0) 3.11% 0
S2 112,280 61,303 (58, 25) (116, 70) (21, 6) 2.85% 0
S3 159,985 0 (85, 0) (169, 0) (21, 0) 12.69% 342
S4 112,280 60,927 (58, 24) (116, 69) (21, 5) 12.46% 340

3 S1 132,608 0 (30, 0) (120, 0) (25, 0) 2.36% 0
S2 128,319 79,559 (30, 26) (120, 69) (16, 15) 3.41% 0
S3 128,586 0 (29, 0) (116, 0) (25, 0) 12.23% 348
S4 128,318 66,608 (30, 21) (120, 56) (16, 15) 13.00% 349

Strategy Analysis

Table (4) presents the optimal solutions for each strategy regarding the amount of investment

and expansion, capacity of devices, households monetary benefits in all communities. Note that

for capacity of devices, the number on the left in the parenthesis is first year investment and the

number on the right is the expansion capacity in year 10.

For Community 1 (PO-RSVI = 1.00), comparing Strategy 2 (only expansion) with Strategy 1

(no expansion, no DRP), there is an 15.86% reduction in the first-year investments, with expected

expansion of 66,161$. If demand grows significantly over time, expansion requirements increase;

conversely, if demand remains low, required expansion could be smaller. Strategy 2 also yields

a 3.46% bill savings, which is 12.3% higher than that for Strategy 1. In Strategy 3 (expansion

only), a 3.87% reduction in investment is observed, benefiting investors. Additionally, DRP offers
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(a) Community 1 (b) Community 2

(c) Community 3

Figure 6: Energy resilience metrics for the four strategies in each community.

substantial bill savings of 12.7%, with expected incentives of $333. Strategy 4 achieves the highest

investment reduction of 16.77%, requiring only $62,733 for expansion—approximately 5% less than

Scenario 2. Its bill savings are slightly higher than Strategy 3, and its incentives are comparable,

but the additional investment reduction makes Strategy 4 the most cost-effective strategy.

For Community 2 (PO-RSVI = 0.59), similar to Community 1, with Strategy 2 (expansion

only), a 32.42% reduction in first-year investment is observed, compared to the baseline, though

bill savings show no improvement. Strategy 3 (DRP only) results in 3.69% reduction in invest-

ment and 12.69% bill savings—significantly higher than the baseline. Additionally, DRP provides

annual household incentives averaging $342, effectively encouraging consumer participation and

contributing to demand-side flexibility. Lastly, Strategy 4 provides the same solution to Strategy

2 in investment, bill savings, and incentives, however expansion costs are reduced by 0.6%, making

it more cost-effective strategy.

Community 3 (PO-RSVI = 0.00), exhibits the same patterns to Communities 1 and 2 in terms

of monetary benefits. As shown in Table (4), Strategy 2 (expansion only) reduces investments up

to 3.23% with a slight improvement in electricity bills, from 2.36% to 3.41%. Strategy 3 (DRP
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only) reduces investments by 3.30% and yields a 12.23% reduction in electricity bills and $348 in

annual bill incentives. When Strategy 4 is applied, investment decreases the most and electricity

bills improve to 13%, and $349 incentives are provided to the community households.

Regarding resilience, Figures in (6) present changes in the resilience metrics over the four

strategies for each community. In Community 1 (Figure (6a), strategy 2 improves Φ up to 0.43

through added capacity, significantly strengthening robustness of the community to the shock of

outages. Improvements are also observable in Λ and E up to 0.67 and 0.64, respectively. Strategy 3

increases all the metrics Φ, Λ, and E by 24%, 18%, and 22%, respectively. Although DRP enables

load curtailment, which could potentially reduce Φ, the observed improvement underscores the

framework’s effectiveness in not only preserving but also boosting it significantly. Strategy 4, with

both DRP and expansion improves all metrics—up to 0.56 for Φ and 0.78 for Λ and 0.82 for E,

demonstrating its strength of the combined approach. That is to say, both expansion and DRP

provide resilience benefits, and their combination yields the greatest overall gains.

For Community 2 (Figure (6b), the Φ metric is noticeably lower than that of Community 1

in all strategies. This highlights the framework’s effectiveness in boosting robustness for highly

vulnerable consumers. Strategy 2 does not show noticeable changes in resilience when expansion is

applied. Despite the reduction in investment, resilience is preserved. Strategy 3, on the other hand,

exhibits the same pattern observed in Community 1. This strategy improves the metrics Φ, Λ, and

E by 60%, 15%, and 25%, respectively. Once again, the larger improvement in Φ reinforces the

claim that DRP enhances the community’s robustness to outage shocks, besides its effectiveness in

boosting resourcefulness and redundancy. Similar improvements are observed in Strategy 4, making

it the most effective option when its monetary benefits are also considered.

In Community 3 (Figure (6c), similar patterns are observed. Strategy 2 contributes to improve-

ments in two resilience metrics, Λ and E, with no significant enhancement in Φ. Strategy 3 also

primarily improves Λ and E. The combined Strategy 4 follows the same pattern, showing only a

slight improvement in Φ. These observations suggest that in less vulnerable areas, both expansion

and DRP tend to enhance the resourcefulness and redundancy of emergency power supply, rather

than mitigating the shock of outages. This is reasonable, as Community 2 households are better

prepared for outages. Therefore, prioritizing continuity of power service is recommended to achieve

monetary benefits while maintaining resilience.
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6.2 Cost-Effectiveness of DRP

While some operational/monetary benefits of the DRP are evident above, a detailed comparison

against the PV deployment alternative requires assessing total system investment. To accurately

evaluate this trade-off, we compare the Levelized Annual Cost of DRP capacity to the cost of

equivalent PV capacity. This analysis incorporates a conservative proxy implementation cost for

DRP, set at $200/kW of realized load reduction capacity, consistent with costs cited in technical

literature [59]. Furthermore, the PV deployment cost is adjusted to include the annualized cost of

land acquisition.

As shown in Table (5), the cost-effectiveness ratio (CDRP/CPV) consistently exceeds 3.0 across

all communities. This indicates that DRP may not be financially superior to a PV-only capacity

expansion under current market and incentive assumptions. However, this finding underscores the

high non-monetary value of DRP, which provides firm, dispatchable capacity during peak hours

or system stress events when PV output may be diminished at peak times and thereby mitigating

system damages and protecting socially vulnerable consumers, benefits unavailable from PV alone.

Table 5: Cost-effectiveness comparison of DRP vs. PV capacity across RCMGs. CAPEX: Capital
Expenditure.

Unit Community 1 Community 2 Community 3

Realized Annual DRP Capacity kW 1029.1 1150.9 1103.2
Annualized Proxy CAPEX* $/yr 200 200 200
Annual Operational Cost $/yr 351.6 377.9 367.3
Total Annual DRP Cost (CDRP) $/yr 206184.9 230558.9 221007.8
Total Annual PV Cost (CPV) $/yr 63225.9 70133.8 68458.7
CDRP/CPV - 3.26 3.28 3.22

6.3 Economic Benefits

Table (6) presents a summary of economic and environmental benefits under strategy 4. Power

sales to households constitute a primary revenue stream for the RCMG owner, with Community

3 yielding the highest annual income at $34,519, followed by Community 2 and 1 at $31,352 and

$30,463, respectively. This variation reflects differences in WTP for power supply, which consti-

tutes the primary benefit from the RCMG. Specifically, Community 3 exhibits a higher WTP,
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supporting elevated electricity pricing and resulting in greater revenue. In contrast, Community 1

shows a lower WTP and smaller revenue, but the more prominent resilience gains justify the in-

vestment. Additionally, sales to the main grid provide supplementary income, ranging from $1,168

to $2,157 annually. Though modest, this shows most power is consumed locally—an essential trait

of resilience-oriented MGs.

In terms of operational efficiency and sustainability, notable differences are observed. Commu-

nity 1 exhibits the highest fuel cost savings (15.03%) and storage utilization (21.0%), reflecting

effective coordination between generation units and energy storage operation. Peak supply support

remains quite consistent across communities, ranging from 15.29% to 16.60%, indicating uniform

relief of stress on critical infrastructure during peak periods. Lastly, a CO2 abatement via PV

(relative to DG-only system with sufficient capacity) of at least 29,000 kg/year underscores the

significant environmental contribution of solar generation and the RCMG sustainability. Note that

the CO2 abatement is calculated only for outage hours throughout the year. Collectively, these

results reinforce the economic benefits of the RCMG, where strategic storage utilization and fuel

displacement play a critical role in shaping both financial performance and environmental benefits.

Table 6: Economic benefits of RCMG under strategy 4.

Benefits Unit Community 1 Community 2 Community 3

Power sales to households $/yr 30,463 31,352 34,519
Power sales to grid $/yr 1,575 2,157 1,168
Fuel cost savings % 15.03 13.10 11.73
ES Utilization Rate % 21 19 13
Peak supply support % 16.60 16.06 15.29
CO2 abatement of PV kg/yr 29,673 28,754 33,921

6.4 RCMG Under Prolonged Outages

We analyze the RCMG scheduling during a high-impact, low-probability outage lasting 152 hours,

approximately one week. Figures (7)-(9) illustrate how demand is met by ES, PV, DG, and grid,

or otherwise shed, during a week-long outage in August. Peak demand hours occur between 1 PM

and 6 PM (13:00–18:00), and the outage begins at 3 PM (15:00), depicted by a dashed line.

The figures underscore the important role of PV and DG in supplying emergency power during
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outages. PV units cover the majority of the daytime load (9 AM–6 PM), improving both Λ and

E. While there are slight variations in ES utilization, its effective contribution to Φ is evident,

particularly in the initial hours of the outage. In Communities 1 and 2, ES is primarily discharged

in the evening (after 5 PM) to meet high demand when PV generation ceases. DG also plays a

key role in mitigating early outage load loss, thereby strengthening robustness. At night, when PV

is inactive and ES has been discharged, DG becomes the sole power source, making its resilience

contribution comparable to that of PV. These operational patterns demonstrate a well-coordinated

and strategic dispatch of distributed energy resources throughout the day.

Regarding DRP, a noticeable portion of the load is shifted prior to the onset of the outage and

during off-peak hours in Community 1 (Figure (10)). A similar pattern is observed in the other

communities, as presented in the Appendices. This preemptive shifting enables a significant portion

of the load to be served during the first 3-4 hours following the outage, contributing to enhanced

robustness. Additionally, by shifting load during off-peak hours, available power resources are

preserved to sustain system performance and reliability during peak hours.

Figure 7: Hourly demand satisfaction in Community 1 during a 152-hour summer outage.

Figure 8: Hourly demand satisfaction in Community 2 during a 152-hour summer outage.
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Figure 9: Hourly demand satisfaction in Community 3 during a 152-hour summer outage.

Figure 10: Load curtailment from DRP in Community 1 during a 152-hour summer outage.

6.5 Sensitivity Analysis

This section evaluates the sensitivity of model outcomes to key parameters, including expansion

timing, DRP rate, RCMG electricity price, solar generation, and scalability.

6.5.1 Expansion timing

Figure (11) illustrates the changes in investment+expansion costs (denoted as budget), as well as

resilience metrics, as the expansion year increases from 4 to 16 in increments of 4. Regardless of the

PO-RSVI level, a significant increase in budget is observed when the expansion is delayed to year

12; beyond that point, budget stays the same in Community 1, continues increasing in Community

2, and drops about 2.5% compared to year 12. First, this suggests that delaying expansion leads

to larger changes in demand loss in future years. Second, the different budget behavior observed

after year 12 indicates that investment decisions are influenced not only by time but also by other

community-specific factors that may encourage or discourage further investment.

Figure (11) also shows that delaying expansion leads to either a continuous decline or no im-

provement in resilience metrics in communities 2 and 3. For Community 1, resilience first improves
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at year 8 with Φ undergoing the most improvement and then starts declining till year 16. Even with

higher investments between years 8 and 12, resilience continues to decline, likely due to uncertainty

in load demand growth.

Regarding bill savings, the sensitivity analysis across selected expansion years (Figure (d) in

(11) reveals no substantial benefits from delaying the expansion timeline. While total investment

increases with later expansion years, these costs are primarily allocated to support system capacity

for outage periods, rather than improving cost efficiency during normal operation. Since bill savings

are measured under grid-connected conditions, they reflect the routine economic benefits of the

RCMG rather than its resilience performance. The observed increase in investment largely serves

to accommodate growing load demand and mitigate the effects of device degradation over time.

Therefore, the relatively stable bill savings across different expansion years are justified, as the

additional investment supports resilience without directly affecting cost savings.

(a) Community 1 (b) Community 2

(c) Community 3 (d) Bill Savings

Figure 11: Sensitivity of investment, resilience, and bill savings to the expansion year.
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6.5.2 Rate of DRP

Figure (12) show the sensitivity of budget and resilience to changes in DRP rate (γdrp) ranging

from 0.0 to 1.0 in increments of 0.2. Across all communities, higher DRP rates lead to a continuous

decline in the allocated budget. These reductions are justified by the role of DRP in alleviating

peak demand by curtailing loads, thus reducing the need for additional investment to mitigate load

shedding during critical periods. It is important to note that a higher DRP rate does not enforce a

fixed amount of load curtailing. Instead, it sets an upper bound, allowing the actual curtailed load

to vary dynamically from 0 up to the specified maximum.

In terms of resilience, all communities exhibit either consistent improvements across two metrics

Λ and E, with increasing DRP rates. However, the metric Φ demonstrates quite stable behavior.

The results indicate that DRP has a smaller impact on robustness but enhances resourcefulness

and redundancy, both of which remain beneficial.

Just focusing on bill saving benefits (Figure (d) in (12), we notice steady improvements in all

the communities, with steep increases in Community 3, suggesting higher rates with incentives

would benefit consumers, encouraging them to participate. However, it is important to recognize

that incentives play an important role; without adequate encouragement, higher DRP rates may

become less effective or even counterproductive.

6.5.3 RCMG electricity price

Changes in the RCMG-offered electricity price, captured by γl—the ratio of the power price pur-

chased from the grid—ranging from 0.4 to 1.0 in increments of 0.1, are depicted in Figure (13).

While in Community 1, budget remains nearly unchanged with increases in γl, Communities 2 and

3 are incentivised to install more devices—Community 2 shows a linear increase in investment,

whereas Community 3 exhibits exponential growth. In terms of energy resilience, Φ improves only

slightly in Community 1, with no observable changes in other metrics across all communities. In

communities 2 and 3, higher electricity prices—driven by higher WTP—make larger investments

more financially attractive by offering higher revenue potential. However, our analysis indicates

that these increased investments do not translate into improved resilience outcomes.

Bill savings associated with each γl, shown in Figure (d) of (13), indicate that electricity prices
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(a) Community 1 (b) Community 2

(c) Community 3 (d) Bill Savings

Figure 12: Sensitivity of investment, resilience, and bill savings to DRP rate.

with γl < 0.7 have little to no impact on bill savings. However, when γl ≥ 0.7, bill savings increase

by at least 50%, followed by a decline as γl approaches 1.0, returning to levels similar to those

observed when γl < 0.7. This suggests that setting the RCMG electricity price between 70% and

90% of the grid price yields the highest bill savings for consumers, potentially increasing their

willingness to participate.

6.5.4 Solar Power Generation

We evaluate the performance of the RCMG under three solar generation scenarios: baseline, a

reduced case with 20% less generation (mostly cloudy days), and an enhanced case with 20% more

generation (mostly sunny days). This analysis provides insight into the model’s robustness and the

sensitivity of investment decisions to changes in solar availability.

Table (7) presents the results of the sensitivity analysis. In addition to capacity decisions,
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(a) Community 1 (b) Community 2

(c) Community 3 (d) Bill Savings

Figure 13: Sensitivity of investment, resilience, and bill savings to price rate.

investment/expansion costs, and resilience metrics, we report the cost per unit of resilience (CPUR),

defined as the total installation cost divided by the percentage resilience score (100×Φ), representing

the cost of achieving each 1% of robustness. This metric enables assessment of cost-effectiveness in

mitigating outage impacts.

In the cloudy scenario, ES capacity decreases across all communities, while PV increases in

Community 1 but decreases in Communities 2 and 3. Although one might expect higher PV and ES

capacities to compensate for reduced solar generation, the model does not favor additional PV when

marginal generation efficiency is low and the cost outweighs the benefit in reducing load shedding.

This highlights the complex trade-offs captured by the model, where the optimal combination of

PV and ES depends on both solar availability and economic considerations. DG capacity remains

unchanged in all communities, as it is constrained by the peak load limit. Resilience declines across
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Table 7: Sensitivity analysis to PV generation scenarios.

Community 1 Community 2 Community 3
Cloudy Base Sunny Cloudy Base Sunny Cloudy Base Sunny

ES (kW) 61 99 78 46 82 50 41 51 47
PV (kW) 243 220 259 178 185 191 152 176 177
DG (kW) 31 31 31 26 26 26 31 31 31
Investment ($) 105,732 111,725 118,998 106226 112,280 106,226 100,157 128,318 120,273
Expansion (%) 74,242 62,733 75,023 50,591 60,927 61,506 65,420 66,608 72,455
CPUR 5,142 3,115 3,880 14,256 7,531 7,624 27,596 21,658 19,273
Φ 0.35 0.56 0.50 0.11 0.23 0.22 0.06 0.09 0.10
Λ 0.68 0.78 0.74 0.65 0.69 0.70 0.62 0.69 0.71
E 0.67 0.82 0.71 0.67 0.71 0.72 0.70 0.75 0.76

the board in this scenario, with CPUR rising significantly, indicating that reduced PV output makes

outages more costly to manage.

In the sunny scenario, PV capacity increases, reflecting both consumer and RCMG owner

benefits from higher solar output and the potential to generate revenue by selling excess power.

ES on the other hand decreases as higher PV can generate more power to serve the load and avoid

loss of power during charge/discharge. Resilience improves across all metrics, and CPUR remains

relatively stable, showing that greater solar availability enhances robustness without substantially

increasing cost per unit of resilience.

6.5.5 Scalability Analysis and Performance

To evaluate the model’s performance under varying community sizes, we scale the case studies by

halving and doubling the number of consumers. This scaling is applied to the number of households,

energy demand, available space for PV installations, and device capacity limits. Our goal is to

assess how community size influences investment decisions and resilience outcomes. Figures (14)-

(16) illustrate changes in investment, expansion, and resilience metrics. For clarity, investment and

expansion changes are also reported as percentages relative to the baseline (1X) scenario.

According to (a) sub-figures, down-scaling (0.5X) communities leads to 41.9%, 40.0%, and 43.7%

reductions in investment for Communities 1, 2, and 3, and 46.6%, 43.1%, and 40.8% reductions

in expansion, with the most notable drop in expansion occurring in Community 1. Interestingly,

despite being the most vulnerable, Community 1 maintains relatively stable investment while show-

ing the highest drop in expansion, suggesting a focus on core resilience. Under up-scaling (2X),
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investment increases by 179.3%, 144.8%, and 135.5%, following the order of vulnerability, whereas

expansion increases are more uniform—67.0%, 68.3%, and 69.3%. This contrast indicates that more

vulnerable communities prioritize initial investment over expansion, possibly due to the urgency of

addressing existing resilience gaps before planning for growth.

Focusing on resilience, a key observation is the consistency of resilience metrics across different

community scales, indicating that scaling does not compromise the expected resilience benefits

in the proposed framework. This highlights the strength of the methodology in ensuring robust

resilience outcomes, even when the model is scaled, as long as demand growth is matched with

adequate space and resources for additional installations.

Figure 14: Scalability analysis for Community 1.

Figure 15: Scalability analysis for Community 2.
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Figure 16: Scalability analysis for Community 3.

7 Discussion

This section provides a detailed evaluation of cost, resilience, and equity outcomes to guide stake-

holders—including investors, utilities, and policymakers—in making informed decisions on RCMG

planning and implementation.

7.1 Costs, Resilience, and Equity Outcomes

Building on the RCMG analysis, we discuss how expansion timing, DRP design, electricity pricing,

and community scale influence cost, resilience, and equity, highlighting practical implications for

investors, utilities, and policymakers.

Investment Costs: Timely expansion reduces initial RCMG investment costs by over 15%

in highly vulnerable communities, while delaying capacity additions beyond year 4 increases costs

without proportional benefits. When expansion is combined with DRP at ratio 20% , it achieves

up to 30% investment savings. This finding is consistent with recent studies, which show that

incorporating DRP into microgrid operation improves economic efficiency by reducing generation

costs and limiting the need for over-sized capacity during peak demand periods [60]. Our model

shows when electricity pricing is set at 70–90% of grid tariffs, investment is incentivized by higher

expected revenues. While this specific threshold is unique to our study, related work supports the

mechanism that cost-reflective tariffs boost DER adoption [61]. This aligns with our result that

tariff signals are key to triggering investment in communities with higher WTP.

Energy Resilience: DRP with ratio of 20% enhances resilience metrics, including robustness,
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resourcefulness, and redundancy, by enabling flexible, incentivized load curtailment, and better

use of existing capacity. Expansion timing ensures sufficient capacity during outages and when

integrated with DRP it yields the highest resilience scores. The week-long outage analysis shows how

PV meets daytime loads, ES covers evening peaks, and DG supports night-time demand, together

sustaining resilience metrics. Preemptive DRP shifts reduce early load shedding and preserve

ES and DG capacity for critical hours. Coordinated dispatch across these resources maintains

continuity throughout the outage, with observed patterns consistent with prior studies [16], while

also highlights potential bottlenecks in storage and DG capacity for long-duration resilience.

Equity: DRP and expansion strategies generate household bill savings of 12–13% (approxi-

mately $300 annually), providing tangible benefits for vulnerable populations. Higher DRP rates

also provide financial incentives, encouraging broader consumer participation. These findings are

consistent with prior studies demonstrating that community microgrids and integrated energy man-

agement strategies deliver both financial relief and reliable service to vulnerable populations [17, 54].

Equity can be enhanced further through targeted subsidies, performance-based incentives, and edu-

cation programs, ensuring that microgrid deployment delivers both operational and financial relief.

7.2 Managerial & Policy Implications for Cost, Resilience, and Equity

Findings from this study provide the following policy recommendations to guide cost-resilience-

equity promoted RCMG planning and implementation.

Economic Drivers: The economic analysis demonstrates clear implications for both cost and

equity, as well as investment decisions. Investors benefit primarily from local power sales, with

communities showing higher WTP offering greater financial returns and stronger justification for

investments. In lower-WTP communities investment is discouraged due to limited revenue po-

tential. Policymakers can address this imbalance by providing targeted incentives such as capital

subsidies, performance-based grants, or favorable financing mechanisms, ensuring that investments

deliver both financial viability and equitable access to resilient energy. Promoting consumer par-

ticipation through education and equitable tariff design can further enhance WTP and long-term

project viability. Observed fuel savings and CO2 reductions also highlight opportunities to align

cost-efficiency with resilience and sustainability objectives, consistent with findings in the literature

[62].
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Operation Under Prolonged Outages: The week-long outage analysis highlights the im-

portant role of resilience in maintaining power supply. Diversified and strategically dispatched

energy resources, combined with preemptive DRP and advanced control systems, reduce load shed-

ding and maintain continuity during extreme events. For utilities, this translates into operational

cost savings and more reliable service. For policymakers, supporting frameworks that prioritize

resilience alongside economic efficiency ensures that vulnerable communities maintain service con-

tinuity, supporting both equity and system reliability.

Impact of Solar Variability: Variable solar generation affects the cost-resilience trade-off.

For policymakers, reduced solar availability significantly increases the cost per unit of resilience

(CPUR), highlighting the importance of targeted subsidies or performance-based incentives to

sustain resilience in less favorable conditions. Utilities should integrate climate-adjusted solar fore-

casts into planning to anticipate future cost-resilience trade-offs and adjust procurement strategies

accordingly. In high-solar scenarios, stable CPUR and increased resilience suggest that maximiz-

ing solar uptake through favorable tariffs or streamlined interconnection processes can provide

cost-effective gains, improve robustness, and deliver consumer savings, supporting both economic

efficiency and equitable access to resilient energy, consistent with findings in the literature [16, 63].

Scaling Microgrid Design for Community Size: When scaling RCMG to larger com-

munities, resilience can be maintained if additional DER installations match growth in demand.

Proactive planning—including permitting, zoning flexibility, and early-stage incentives—ensures

cost-effective expansion and equitable access to energy services. In vulnerable communities, front-

loaded funding programs or resilience grants can address immediate infrastructure needs without

compromising long-term scalability, supporting both equity and cost-efficiency.

8 Conclusion

In this study, we proposed a RCMG planning and operation framework to enhance energy resilience

in socially vulnerable communities. The RCMG is formulated as a two-stage stochastic program

minimizing investment, expansion, and week-based operational costs over a 20-year horizon. A

load-curtailing DRP is introduced to shift demand from peak to off-peak hours, mitigating outage

impacts while offering bill discounts to participating households. Three resilience metrics, Φ, Λ,
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and E, evaluate robustness, resourcefulness, and redundancy. Extensive numerical analyses provide

operational and managerial insights to support resilient energy system design.

Results show that combining capacity expansion with DRP yields the most promising out-

comes—reducing costs up to 16%, enhancing resilience up to 60%, and providing bill savings up to

13%. DRP design significantly influences the balance between cost efficiency and resilience, while

timely expansion prevents ineffective spending. Electricity pricing affects financial accessibility

and investment behavior without undermining resilience, highlighting the value of calibrated price

signals within 70–90% of grid prices. Aligning economic incentives with resilience goals is key to

effective microgrid deployment, guiding policymakers toward equitable and scalable planning, and

supporting utilities and investors in adaptive, coordinated strategies for robust energy systems.

This study provides a foundation for future work to extend the framework to other states in the

U.S., integrate additional renewable sources (e.g., wind, geothermal), and account for longer out-

ages and evolving community conditions through a dynamic PO-RSVI. Future research could also

incorporate real-time operational dynamics such as ESS degradation, differentiate outage causes,

and evaluate broader economic impacts. Expanding to peer-to-peer energy sharing, dynamic grid-

islanded operations, and detailed cost-benefit and incentive analyses can further support equitable

and resilient energy planning while exploring Pareto-optimal trade-offs among cost, resilience, and

equity.

9 Data and Code Availability

For the code and data used in the study visit the GitHub repository github.com/FarzaneEzzati/RCMG-

PlanningOperation.
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