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EXECUTIVE SUMMARY

The Stakeholder-guided holistic, Adaptive Framework for enhancing community Energy
Resilience (SAFER) project advances resilience science and engineering by addressing
challenges in rural Kansas communities where aging infrastructure, extreme weather, and
socioeconomic disparities heighten vulnerability to energy disruptions. Traditional
approaches often focus on technical performance while overlooking community concerns
and priorities. SAFER responds by integrating community perspectives with advanced
analytical frameworks to create a holistic model for measuring and improving resilience.

Project objectives included developing novel resilience metrics, advancing
modeling frameworks that capture interdependencies across infrastructures, and
embedding community-centric indicators directly into planning processes for distributed
energy resources. The key technical innovations included the creation of self-organizing
map (SOM)-based indices for objective resilience quantification, hetero-functional graph
theory (HFGT) models linking power, water, transportation, and community assets, and
graph neural network (GNN) tools for identifying critical nodes in complex systems.
Community-centric energy planning was demonstrated through optimal siting and sizing
of (photovoltaic) PV and battery storage, ensuring resilience enhancements also
addressed energy burden and energy insecurity.

SAFER engaged community partners in Dodge City and Ford County through
surveys, focus groups, and workshops, generating more than 600 responses that
established baseline measures of energy burden, financial insecurity, and willingness-to-
pay to avoid outages. This data, organized in terms of a community capitals framework,
informed the development of weighted reliability indices that better reflect community
costs than traditional utility metrics. SAFER’s GNN-based critical node identification
framework identified expert-labelled critical nodes with over 99% accuracy, while also
uncovering additional functionalities essential for proactive resilience planning. The
project’s models demonstrated that optimal PV and storage deployment could improve
resilience indices by over 11 percent, with dispatch strategies further enhancing
outcomes, confirming both the technical effectiveness and economic feasibility of these
approaches.

Through its combined emphasis on rigorous modeling, community-focused
planning, and community engagement, SAFER advances the state of resilience research
while delivering direct benefits to rural communities. The project provides tools,
guidelines, and resilience heatmaps that help utilities, local governments, and residents
better anticipate disruptions, prioritize investments, and strengthen the capacity to
withstand and recover from energy-related hazards. Furthermore, the developed HFG
and GNN frameworks are designed for transferability, allowing them to be adapted for
resilience planning in other communities with minimal retraining. This inductive learning
capability provides a scalable pathway to extend the SAFER project’s impact. Thus,
creating a foundation for a nationally applicable model of infrastructure resilience.
Additionally, the HFG can also be extended to include other FEMA community lifelines.
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Community Resilience and Its Integration to Infrastructure Resilience

Improving community and energy resilience requires that we utilize a systems level
approach that takes account of socioeconomic contexts [1]. The community capitals
framework provides a holistic approach to capture assets and resources, including
natural, built, human, cultural, political, human and financial capital, which provide a
means to assess adaptive capacity of a community [2] and provide linkages to community
vulnerabilities and assets to energy infrastructure and related services [3]. Assessments
of community energy vulnerabilities have used several indicators (e.g., energy burden,
insecurity and poverty) based on cost, ability to pay, and access = [4-5]. When these
indicators are estimated at municipal or larger scales, they may underestimate actual
energy situations in a community. Both secondary and primary data are needed to
effectively gauge the energy situation of a community [4]. Much research using these
measures, such as value of lost load, may not include current or adequate data for rural
areas [6].

The current project extends this literature in a number of key ways. First, we
engage communities through focus groups, community workshops, and primary survey
data collection to understand rural communities’ priorities with respect to community and
energy resilience. Primary survey data is used to build models of energy burden, financial
energy insecurity, and household value of loss load for a U.S. rural community that can
capture heterogeneity of these measures across a rural community. Second, we identify
community capital indicators for all of the community capitals using primary and
secondary data to build community capital-based metrics for community resilience that
connect with energy infrastructure. This builds on a small and growing literature trying to
quantitatively measure community capitals [7]. These metrics and measures are
examined at the household to community scale. Development is also driven by
community input on how a community capitals influence community resilience using a
community engagement approach [8].

Resilience Quantification Methods

Recent literature presents a wide range of definitions, metrics, and assessment
techniques for power system resilience, generally focusing on a system’s ability to
prepare for, absorb, and recover from high-impact events [9]-[11]. Resilience is typically
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classified as short-term, capturing a system’s dynamic response during an event, or long-
term, involving infrastructure planning and mitigation [12]. Existing work quantifies
resilience either probabilistically, using historical outage and restoration data to estimate
indices such as restoration speed [13], or analytically, through simulations of event
scenarios. Analytical studies further branch into complex-network approaches that apply
graph theory and multi-criteria decision methods [14] and power-flow approaches that
integrate stochastic optimization and system-hardening strategies [15]. Other research
has explored community resilience metrics, including Conjoint Community Resiliency
Assessment Measure (CCRAM) [16], self-assessment toolkits [17],[18], and indicators
such as willingness to pay [19], as well as Sandia’s Social Infrastructure Service Burden
[20]. While these methods have advanced the understanding of resilience, they share
several limitations: they often depend on post-event data, focus narrowly on infrastructure
without integrating community vulnerabilities, and require subjective weight assignments
or complex computations that hinder field adoption. A holistic resilience quantification
framework must therefore capture both technical performance and community
heterogeneity.

The SAFER project builds on and diverges from this body of work in key ways.
Integrating socioeconomic vulnerability into resilience metrics can guide more equitable
restoration strategies, inform distributed energy resource (DER) planning, and support
policy interventions that protect at-risk populations. However, existing approaches to
community resilience are often too complex, costly, or disconnected from utility planning
processes, hindering their adoption in real-world decision-making. To address these
gaps, SAFER develops community-centric resilience metrics that extend familiar utility
indices to incorporate socioeconomic vulnerability in a computationally tractable manner
by proposing a set of easy to compute, modified versions of reliability metrics typically
used by utilities that can guide more sustainable and equitable resilient power system
decisions. Further, it moves beyond the state of the art by introducing SomRes, a self-
organizing-map-based, data-driven approach that estimates real-time, time-varying
resilience from current and forecasted-system states without solely relying on historical
event data or subjective weight assignments. Existing resilience quantification methods,
such as weighted-sum or convolutional-integration-based methods, need a weight-
assignment based on the perceived importance of resilience features being considered
and, more so, on the system parameters, such as topology and size of the generating
assets, which vary greatly from one system to another. Therefore, it becomes very difficult
to assess which system parameters might be more dominant towards
increasing/decreasing resilience, thereby making it difficult to assign weights to the
multitude of resilience features that can be considered. Thus, weight-assignment
methods are typically subjective and depend on the system operator’s interpretation. On
the other hand, SomRes is an unsupervised data-driven method that is used to aggregate
a set of resilience features into an index using no input for weights. In SomRes, the
neurons learn the various simulated system states and the corresponding resilience
feature values, and then arrange themselves automatically in a one-dimensional array
based on the learnt relative importance of those features. Furthermore, unlike most
community-based metrics that are too generic or costly for integration into power-system
operations, SomRes directly incorporates a broad set of infrastructure and operational
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features, while its offline training allows fast, on-demand assessment suitable for utility
use.

By assimilating and extending these published methods, the project accelerates
development and improves quality: existing probabilistic and analytical findings guide the
selection of critical parameters for SOM training, and community-metric research informs
the inclusion of demographic and service-access considerations. In doing so, the project
situates itself squarely within ongoing R&D while delivering an objective, utility-ready tool
that advances both the measurement and operational enhancement of power-system
resilience.

Integrated Adaptive Resilience Analysis Framework

Recent research has explored modeling frameworks for electrical power distribution
systems, focusing on interdependence with critical infrastructures like water, natural gas,
transportation, and emergency services to enhance resilience against cascading failures.
Simulation-based models have been used to effectively capture bidirectional
dependencies between power and other infrastructure systems to simulate disruptions
and identify mitigation strategies [21]. However, while these approaches provide higher
accuracy, they are computationally intensive, making them infeasible for large systems.
Component-level mapping and multi-layer frameworks have also been used to model
interdependencies among power, water, gas, transportation, and/or communication
infrastructures [22]-[25]. These approaches provide lightweight alternatives to simulation-
based approaches. However, they often oversimplify the system physics. Socio-
economic considerations have also been made in modeling interdependent infrastructure
systems [26]. These allow stakeholder-oriented frameworks to evaluate and map
modeling methodologies against specific decision-making contexts. Finally, hazard-
specific models have also been incorporated into multi-infrastructure models [27].
However, these methods are not generalizable across other hazards or multi-hazard
scenarios.

Therefore, no single existing framework ties together the benefits of having a light-
weight approach that maps functionalities across multiple infrastructures and takes into
consideration socio-economic factors while being general across multiple hazard types.
This necessitated the development of SAFER's Integrated Adaptive Resilience Analysis
Framework, which uses a hetero-functional graph theoretic (HFGT) approach to model
critical interdependent infrastructure systems. It enables rapid scenario analyses and
integrates community metrics like social vulnerability for community-focused interventions
and critical node identification via graph neural networks, addressing rural community
challenges.

Resilience Enhancement Approaches

Power distribution systems are rapidly evolving with high levels of distributed generation
(DG) such as solar PV, wind, and biomass. Traditional DG planning uses optimal power
flow to minimize losses, improve voltage profiles, and reduce energy costs [36], and
studies show networks can host 10-15% DG penetration without major upgrades. At the
same time, recent research has begun to incorporate community considerations [37], [38]:
e.g., hosting capacity and outage reliability for disadvantaged versus non-disadvantaged
communities [39], and game-theoretic coordination of microgrids with fairness [40]. These
studies are like the current project in that they recognize the need to embed community
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aspects into distribution system decision-making and use advanced optimization or
analytic tools to inform DG deployment.

However, important differences remain. Most existing efforts emphasize operational
flexibility or incremental hosting-capacity analysis and generally treat community
perspectives qualitatively or as a post-processing step, rather than as a primary design
constraint. In contrast, the present project embeds community metrics directly in the DG
planning process by using optimal transport theory to transform the statistical distribution
of consumer energy burdens toward an “equal distribution equivalent.” This approach
determines the optimal siting and sizing of rooftop solar PV while balancing cost-
effectiveness and community objectives, and it supports both revenue-neutral and
revenue-agnostic modes of implementation. These capabilities go beyond the operational
or policy-translation focus of prior work.

The project fully leverages published methods to accelerate development and improve
quality. Established DG optimization and hosting-capacity studies inform the technical
constraints and cost models used in the optimal-transport formulation, ensuring that the
proposed algorithm aligns with proven power-flow and economic principles. Insights from
community-focused research guide the selection of demographic and socioeconomic
indicators and validate metrics for measuring reductions in community energy burden. By
synthesizing these advances into a single optimization framework, the project situates
itself within ongoing R&D on equitable distributed energy resources while delivering a
rigorous, utility-ready planning tool that moves the state of the art from descriptive
community-benefit analysis to actionable, system-wide DG planning.

PROJECT OBJECTIVES

The objective of the proposed project is to enhance community energy resilience of rural
regions of Kansas via the development of a one-of-a-kind SAFER framework that
incorporates novel resilience quantification, analysis and enhancement technologies. The
SAFER framework involves key technology innovations (summarized in Fig. 1) which will
be pursued in collaboration with our city/county/utility partners. These include co-
designing novel power system performance and non-performance-based community
resilience  metrics and

integrating them via a TECHNOLOGY
unique self-organizing map INNOVATIONS

(SOM) approach. To

. RESILIENCE QUANTIFICATION COMMUNITY — )
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Figure 1. Proposed SAFER approach to quantify, analyze and enhance
community energy resilience
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be used for effective scenario analyses to (1) identify system vulnerabilities and critical
assets via a novel graph neural network (GNN) based approach; (2) effective restoration
strategies that emphasize community welfare (e.g. energy security and resilience, social
vulnerability); (3) demonstrate impact of optimal renewable energy and storage
integration on resilience enhancement, and (4) assist in updating stakeholders’ energy
and community resilience planning efforts.

Table 1. Project milestones, status, and success measures

Milestone Milestone Description Percent IAssessment Tool / Method of Measuring Success|
Complete \Value

1.1.1 Human Subject Training, IRB(100% Training organized. Completion of Human Subject

provided by the Collaborative and Community Engagement modules.
Institutional Training Initiative
(CITI)
Community-Engaged &
Community-Based Research
training provided by the
Collaborative Institutional
Training Initiative (CITI)

1.2.1 Establish NDA and Data|100% NDA negotiation process and language aligned with
sharing agreements, (IRB) project needs and goals and amenable to all parties
protocols

1.3.1 Stakeholder Advisory Councill700% StAC kickoff meeting organized
Kickoff Meeting

1.3.2 Stakeholder Advisory Yearly|700% The StAC meeting at the end of year 1 will be used
Meeting to update all partners on the project progress.

Feedback will be used to guide the follow-on efforts
in year 2.

P.1.1 Representative Community|7100% \We will assess representatives of survey response

Sample for Survey overall and for different community sub-populations
using community secondary-data and census-trac]
data. We will also assess the representativeness of
underrepresented groups (DEI).

2.2.1 Community  Focus  Group|100% Community focus group interviews organized and
Interviews completed with community members and

organizations participating.

2.3.1 Collection of Power System(100% Summary of collected data provided to DOE in
Related Data and Other Socio- quarterly reporting.

Economic Data

3.1.1 Define Community Resilience|100% \We will cross-check with community stakeholders
Metrics Based on Community and partners on the suite of metrics defined.
Capitals Summary of findings and metrics shared with DOE

as part of quarterly review/report

B.2.1 SOM resilience index validation|100% Results and report sent to DOE as part of quarterly
based on power system review/report
performance-based resilience
metrics

4.1.1 Equivalent HFGT model for|100% The HFG model will be shared with DOE as part of
Dodge city power distribution the quarterly review/report
system

4.2.1 Integrated HFGT model with|100% Modeling framework will be shared with DOE as part
socio-economic factors and of the quarterly review/report
physical infrastructure models
completed

4.3.1 Baseline community energy|100% Results and report sent to DOE as part of quarterly]
resilience index review/report and also shared with stakeholders
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5.0.1 Identifying the critical(700% Simulation results and report sent to DOE and utility
nodes/functionalities/assets partners for verification.
6.1.1 Community energy resilience(100% Simulation results and report sent to DOE and
index with the proposed holistic] stakeholders for verification
resilience focused optimal
PV/BESS sizing and siting
6.2.1 Community resilience index|100% Simulation results and report sent to DOE and
when the proposed optimal stakeholders for verification
resource allocation and
dispatch strategy is employed
on top of optimal siting
7.0.1 Resilience Heatmap for Ford|100% Simulation data and Report sent to DOE and utility
County for verification.
B.1.1 Planning and Assessment{100% Planning and assessment guideline report submitted
Guideline Tool in quarterly report to DOE
8.1.2 Community Resilience|10% Summary of workshop report provided to DOE in
\Workshop quarterly reporting. This engagement activity is
planned for Fall 2025
8.2.2 Project Web Page 100% Summary of web page development and access to
DOE and links to original source code provided in
quarterly reporting.

PROJECT RESULTS AND DISCUSSION

Task 2.1,2.2

Focus group interviews ——»]

Task 2.3

i Power system data (Victory Electric

Community studio workshops — »  Primary Secondary Wzalherevenl data( v ]

Community Surveys e Data Data N Public demographic data
Task 3.1

+ Task 4
. . " A4
Community Capitals J Compute Indfcators . QoL Heterofunctional Graph Madel
Framework with ranking
Weights Features + Task 3.2 + Task 5

Modified reliability metrics
based resilience quantification

SOM-based Resilience
Quantification

GNM-Based critical asset
identification

v Task 6 v

Decision Making for Resilience Enhancement .

Reclosers/ Optimal PV/ Optimal Battery

Figure 2. Project and Tasks Overview

Fig. 2 gives the overall flow of various tasks associated with this project. The first

task of the project was to collect primary and secondary data needed for downstream
tasks. The primary data was obtained using Community Stakeholder Engagement and
secondary data was obtained from the utility and various other data sources. Since one
of the major goals of the project was to involve the community in the decision-making
process, community workshops and interviews were also utilized to understand priorities
of the community to select the indicators and rank them based on importance. These
indicators, along with appropriate rankings, were then used for Resilience Metrics
Quantification using approaches such as modified reliability metrics and Self-Organizing
Maps (SOM). Other indirect Quality of Life (QoL) indicators and their changes during
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disruption events were obtained using a Novel Integrated Adaptive Resilience Analysis
Framework using heterofunctional graph theory (HFGT). This integrated approach
supports analyzing various cascading impacts considering socio-economic factors,
community assets, and multiple infrastructure systems. A GNN based framework was
then implemented on this HF G to identify the critical nodes, functionalities and assets that
could support recovery from the disruptions. The resilience metrics and the HFGT outputs
were then used for Enhancing Resilience via Placement of Renewables and Reclosers.
The resilience decisions, along with the metrics and important assets, were finally
reported back to the community to help local governments and partners identify, assess,
and implement resilience initiatives using the SAFER project outcomes. Each of these
different tasks are explained in detail in the sections below.

TASK 1.0: WORK PLAN AND PROJECT MANAGEMENT

Task Summary

This task focused on establishing project management structures, building partnerships,
and engaging stakeholders to guide the SAFER project. Together, these activities
provided the foundation for all other project milestones by ensuring strong project
management, trusted utility partnerships, and engaged community stakeholders. The
kickoff and quarterly meetings helped inform survey design, resilience metrics, and
workforce development efforts. The Non-Disclosure Agreement (NDA) process with our
utility partners secured the data access necessary for technical analysis. This helped
ensure that subsequent milestones would be built on solid community relationships,
reliable data, and a well-prepared research team.

A summary of accomplishments include:

e Established project management processes and team training.
Executed NDA process with utility partners.
Held StAC kickoff, quarterly, and end-of-year meetings.
Strengthened utility and community partnerships.
Supported workforce development.

Task Outcomes

Stakeholder Advisory Committee Kickoff and Quarterly Meeting

We held a kickoff event on August 14, 2023, with our Stakeholder Advisory Committee
(StAC) in attendance, including members from Victory Electric, City of Dodge, Dodge City,
and Ford County Development Corporation, Emergency Management of Ford County,
Catholic Charities, Dodge City Community College, and local businesses. We presented
an overview of the project, including our mission and goals, building community
partnerships, benefits to the community, working with our partners, and a question-and-
answer session. We conducted a facilitated activity and discussion around several topics
related to community and energy resilience. We continued to meet with the StAC
members regularly. These meetings provided input and feedback to disseminate findings
and educate our community partners on what we learned. We learned that community
resilience in Ford County and Dodge City spans disaster response and recovery,
preparation, adaptation, and mitigation; economic and political factors; leadership and
communication; community vitality and survivability; and access to services such as
power. Attendees emphasized energy’s role in growth, reliability, affordability, daily
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operations, safety, and health. Perceptions of energy resilience included safety, variety,
sustainability, affordability, reliability, vulnerability to weather, sound infrastructure, and
adaptability of systems. When asked to identify top factors that shape community
resilience, attendees indicated employment and wages, cooperation, leadership, energy
affordability, weather, aging infrastructure, migration, supply chain dynamics, economic
conditions, education, social networks, food security, and community planning. While
many potential data sources were identified, not all are public, requiring SAFER to
conduct surveys and focus groups. In addition, few attendees were directly measuring or
collecting data specifically about community resilience. This information provided the
necessary background for survey development.

Figure 3: Community and Stakeholder Engagement Event in Dodge City, KS on August 14, 2023.

We continued to meet with StAC members at least quarterly, both virtually and in-
person, to share project updates and further feedback. These meetings provided valuable
insights, including the importance of obtaining quantifiable measures that clearly
demonstrate the value of resilience investments to community members. Attendees
expressed strong interest in survey results (see attached SAFER Summary Report). We
also collaborated with our utility partner, who received funding to install reclosers, to
quantify the potential benefits of this investment for both the community and the utility.
Workforce development was another recurring priority, with the StAC supporting efforts
to engage local students in resilience-related research. Through the K-State Research
Immersion: Pathways to STEM (RiPS) program, SAFER worked with two undergraduate
students from under-represented groups on predicting power outages based on weather
data for the Dodge City/Ford County area. One student from Dodge City Community
College will be transferring to K-State to pursue an engineering degree. The StAC
welcomed this and encouraged continued student opportunities.

Impact

Through our StAC meeting and community engagement, we have built lasting
partnerships in the Ford County and Dodge City community. As seen above, we have
worked with our partners to help provide needed data about the community, assess
benefits working directly with partners of investments to build energy resilience, built
relationships with local colleges to educate students and facilitate pathways for STEM
learning, and provide needed resilience metrics and information to help inform the
community and explain why resilience investments are extremely valuable. Our
partnerships help to build needed bridges to disseminate our research findings and
project outputs and for future energy research in order to have on-the-ground impacts.
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T Performance Success Assessment Tool / Method of
ask # . . Progress Notes
Metric Value Measuring Success Value

1.11 Participation >90% Training organized. Completion [ 100% Complete
rate for training of Human  Subject and | (Al team members have
for SAFER Community Engagement Comp|eted training)
research team modules.

1.21 NDA process | NDA signed | NDA negotiation process and | 100% Complete
with utility | and language aligned with project | (Multiparty NDA Executed with
partners to | executed needs and goals and amenable Victory Electric  Cooperative,
allow access to to all parties Sunflower electric corporation,
power system NREL and KSU)
data in Dodge
City/Ford
County area.

1.31 Participation > 70% of | StAC kickoff meeting organized | 100% Complete
rate in StAC | committed
kickoff meeting | members

1.3.2 End-of-year >70% of | The StAC meeting at the end of | 100% Complete (we had 80% of
StAC meeting | committed | year 1 will be used to update all | StAC members participate and
participation members partners on the project progress. | we shared a presentation to those

Feedback will be used to guide | who were unable to join due to
the follow-on efforts in year 2. schedule conflicts)

TASK 2.0: COMMUNITY STAKEHOLDER ENGAGEMENT AND DATA COLLECTION
Task Summary

The milestones in this task focused on gathering community-level data through surveys,
focus groups, workshops, and secondary datasets to better understand resilience, energy
burden, and energy insecurity in Dodge City and Ford County. The data collected through
surveys, focus groups, and workshops provided the foundation for measuring and
modeling community resilience. By establishing baseline metrics for energy burden,
energy insecurity, and willingness-to-pay to avoid outages, Task 2 enabled the project to
quantify community needs and prioritize resilience investments. The secondary datasets
and direct community input ensured that subsequent analyses, modeling tasks, and
resilience planning efforts are both data-driven and grounded in community experiences.

A summary of accomplishments includes:

e Completed a representative community survey and focus group interviews with
local households and businesses to capture disaster experiences, resilience
perceptions, and challenges.

e Developed a baseline for resilience by determining and validating metrics for
energy burden and energy insecurity.

e Quantified value of lost load through a stated choice experiment to estimate
households’ willingness-to-pay.

e Hosted a community workshop to identify resilience indicators using the
community capitals framework.

e Collected and cleaned secondary datasets for integration into resilience modeling.

Task Outcomes

Community Survey (Subtask 2.1.1)

We conducted a community survey of residents within Dodge City, Ford County, and rural
Kansas, working with our community partners and stakeholders (StAC). The community
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survey was administered online, by mail, and in-person in the Summer and Fall of 2024
in both English and Spanish. IRB approval was obtained prior to sending out the survey.
We obtained 613 total survey responses from our survey efforts. The survey asked about
community resilience, hazard risks, recent extreme weather events, household
characteristics, household demographics, household vulnerabilities, energy burden,
energy insecurity, a willingness-to-pay to avoid a power outage during a natural disaster
or extreme weather event, and renewable energy support and perceptions. Based on the
community demographics that we can match from the Census to our survey responses
in Dodge City, Ford County, and rural Kansas, we found that the survey respondents were
relatively representative (> 75% representative) of the local county population for the
characteristics examined. A copy of the mail survey sent is attached as a supplementary
document to this report.

The survey collected primary data to assess financial energy insecurity, energy
burden, access to power, and ability to sustain a household in the absence of power and
impacts from power outages using designed metrics motivated from literature. We
followed metric development for energy insecurity following methods from the Department
of Health and Human Services. We developed a stated choice experiment in the survey
to assess residents’ and businesses’ willingness to pay for energy services during an
outage (household value of lost load) from an extreme weather event or natural disaster.

Using the survey data, we estimated the average energy burden for electric power
in Ford County is 3.1% with a standard deviation of 0.040%. About 9.2% of those
surveyed had an energy burden of 6% or higher. Survey data was then used to assess
financial energy insecurity for electric power. We developed a categorical scale that had
5 categories: Thriving, Capable, Stable, Vulnerable and In Crisis. Table 3 maps the
energy insecurity questions from the survey to the energy insecurity categories. Once a
threshold for a given energy insecurity category is met for a given question, a respondent
is always placed in that energy insecurity category overall. For example, if a respondent
meets the category for Vulnerable for any question, then they will always be in the
Vulnerable category, even if they do not meet that threshold for other questions.

Table 3: Energy Insecurity Survey Questions and Mapping to Energy Security Index

Energy Insecurity Question Category Threshold

We were worried that our energy bill would become | Financial Strain Thriving = (1);

overdue before we had money to pay it. Capable = (2) to (5)

Our monthly home energy bill became overdue. Outside Thriving = (1); Capable = (2);
Assistance Stable = (3) to (4); Vulnerable = (5)

We needed somebody’s help or had to reduce our | Outside Thriving = Never;

spending on other basic necessities to pay our energy | Assistance Stable = (2);

bill. Household Vulnerable = (3) to (4);
Necessities In Crisis = (5)

We could not pay our energy bill. Non-payment of | Thriving = (1); Stable = (2);
energy bills Vulnerable = (3) to (5)

We received a notice threatening to disconnect our | Non-payment of | Thriving = (1); Stable = (2);
energy service. energy bills Vulnerable = (3) to (5)

We had our energy service disconnected due to an | Non-payment of | Thriving = (1); Vulnerable = (2);
inability to pay our energy bill. energy bills In Crisis = (3) to (5)
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Figure 4 shows the
percentage  of  survey
respondents that fall in the
different energy insecurity
categories. About 12% of
respondents are energy
insecure in the Vulnerable
or In-Crisis categories. The
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arrears and be threatened
with losing energy services.
In addition, they may experience occasional service disconnections and routinely rely on
external assistance to pay energy bills. The in-crisis category is households that
experience frequent loss of energy services and engage in energy bill payment strategies
that adversely affect the provision of basic household needs. These households can live
without energy and consistently sacrifice basic necessities to reduce energy use or
maintain energy use, but compromise on other non-energy basic necessities.

We determined statistically significant predictors that influence energy insecurity
using an ordered logistic regression. We found that higher monthly income, being over
65, owning your home, and having a college degree reduced the likelihood of being in the
vulnerable or in-crisis energy insecurity categories. In contrast, higher energy bills, living
in a rural area, living in a condo or townhouse, having electric heating, and having
electricity dependent medical needs increased the likelihood of being in the vulnerable or
in-crisis energy insecurity categories. These factors connect to multiple community
capitals, including built, social, human, cultural and financial. We developed a stated
choice experiment in the survey to assess residents’ and businesses’ willingness to pay
(WTP) for energy services during an extreme weather event or disaster outage. A focus
on rural areas and extreme weather is a novel contribution. An example of the question
asked in the survey is provided below in Figure 5. From the experiment, we estimated the
cost of outage curves for households, which determines household willing-to-pay to forgo
an outage of a particular length, during a given time of day, and time of year. This measure
is also referred to as (household) value of lost load. The curves provide a way to measure
the indirect cost of power outages to residents and businesses [7].

Fiqure 4: Enerqy Insecurity of Survey Respondents in Ford County, KS

Power Outages: Please consider three different situations where your power goes out during a severe weather event.

Situation 1 Situation 2 Situation 3
Duration of the power outage (hours) QZZarzlours) 1 hour ?7gar¥c?urs)
Part of the week the outage occurs Weekend Weekday Weekend
Starting time of the outage 4:00 p.m. 10:00 a.m. 10:00 p.m.
Season when the outage occurs Winter Summer Summer
User fee charged $100 $10 $5
Would you be willing to pay for this service? | OYes ONo OYes ONo OYes ONo

Figure 5. Sample survey question
Page 13 of 66
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The most significant attributes that led to a -
high willingness to pay (WTP) to avoid an
energy outage where the user fee
charged, duration of the outage, and
having an outage later in the day. The
average marginal WTP to avoid an hour of
outage was $3.21 across survey
respondents within Ford County across all
durations of outage. Figure 6 provides a
graph showing the overall willingness to
pay (WTP) by a household on average for
an outage of different durations during
summer and winter, assuming it occurs on ;
a weekday starting at 4 p.m. Of interest is B 2 f“lD PP« 5
that the overall WTP is nonlinear and ARSI
begins to decrease around 120 hours or a Figure 6: Overall Willingness-to-Pay to Avoid a
5-day outage. It peaks at just over $250 for powsr Outage Tof Difiersnt Durafions (in

. ours). Scenario is for a weekday starting at 4
at a 120-hour or 5-day outage. Of value is pm. The black curve represents an outage in
that this can be used to capture impacts of winter. The blue curve an outage in summer.
power outages and reliability across
seasons, time of outage, and duration. In addition, this can relate to other community
capitals to assess differences across households within a community.

250

150

100

Willingness to Pay to Avoid Outage ($)

Focused Group Interviews/ Workshop (Subtask 2.2.1)

Business Focus Group: We conducted a focused group interview with local
businesses on August 14, 2023, with 4 participants (local mechanic, bank, rental agency,
and nonprofit organization). Copies of the focus group instrument and questionnaire are
provided as an attachment to this report. Attendees had very positive experiences about
Dodge City and Ford County, but the businesses did face challenges. Significant
challenges identified were economic impacts, such as closing of a beef processor or
significant disruption to agricultural production, as well as weather impacts, such as wind
and tornadoes. Each business indicated potentially significant impacts from losing power
for an extended period, but these varied from loss of business, loss of production, and
food security issues. Often, local businesses were not fully prepared for severe weather
or a natural disaster, but participants think they and the community would survive and
rebound. We also collected information on perceptions about community resilience.

Household Focus Group: We conducted a focus group interview with local
households on December 4, 2023, with 8 participants from a group of residents from
different backgrounds, parts of the city, employment tracts, and experiences. A copy of
the focus group instrument is provided as an attachment to this report. Participants
indicated that Dodge City has good “quality of life and quality of people”; had a good
education system; a strong investment in culture and local history; good pay and low
unemployment; but had issues with healthcare and medical access and lower access to
certain markets; The riskiest natural hazards faced included ice storms, high winds,
tornados, and drought. Participants felt the power system is relatively reliable, and longer
outages are faced by people who are farther out from town. Residents could experience
outages for days at a time. Most participants felt power was usually restored relatively
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quickly. Some participants, but not all, had 1 to 3 days of emergency supplies and only a
couple had power generators. Many did not have what they felt were adequate financial
savings if a disaster or extreme weather event severely disrupted their lives. Members
indicated household resilience depends on availability of services and repair; sources of
income; having a reliable vehicle, cost of and availability of insurance; access to health
care; cost of childcare and other amenities; among other items.

Community Studio Workshop: We conducted a community studio workshop on
February 28, 2024, in Dodge City to further assist with defining community resilience with
our research team using the community capitals framework. We had 16 participants
across municipal government, civic organizations, non-profit organizations, local
businesses, power and utilities, economic development corporations, education, and
community members. The community studios helped to identify community capital
indicators that can be used to construct and develop resilience metrics that are applicable.

The objectives for the workshop were to (1) help identify important aspects and
characteristics of community resilience to shape a community-centric definition of
community resilience for each ARISE community; (2) identify community assets based
on the community capitals framework and how these community assets interlink with each
other; and (3) identify which community assets influence community resilience and
balanced representation. The community studio comprised a set of directed activities that
tied into each other to meet our objectives, following methods developed by Emery et al.,
(2006) [8]. All attendees signed an informed consent form to allow us to assess data and
information collected, as well as audio record sessions and discussions.

We completed an exercise examining different guiding principles or aspects of
community resilience that have been used in literature and planning efforts using a
ranking type of experiment known as Best-Worst Scaling. Table 4 shows the high, middle
and lower ranked aspects of community resilience identified by participants. Of interest is
that reliable access to infrastructure services and reliable and hardened infrastructure
ranked among the top five.

Table 4. Relative importance of alternative guiding principles & aspects of community resilience for Dodge City.

Relative

Ranking Guiding Principle

Effective leadership.
Higher  Reliable access to infrastructure services (water, energy, and transportation).
Ranked Reliable and hardened infrastructure (water, energy, transportation).
Aspects Disaster and hazard preparedness plans and resources developed and ready.
Balanced access to community services (health, education, housing, child-care).

Aspects Strong and balanced emergency response.

Ranked inGood communication between infrastructure services (water, energy, transportation) during emergencies.
the Strong and reliable communication networks
Middle  Reliable access to community services (health, education, housing, child-care).

Balanced access to infrastructure services (water, energy, and transportation).

All community members can easily access information about their water, energy and transportation services.
Lower  Reliable and sufficient labor force.
Ranked Community sticks together.
Aspects Effective early warning.

Actively building capacity to withstand future hazards.
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We also conducted a
mapping  of  community BEEGEEES R
capitals for Dodge City. An [

Built

illustration of the mapped EEEEEs = Capital
capitals is provided in Figure [ Financiat

Capital

Cultural

7. In addition, we asked D A capital

> Dodge Gity Days Community

participants to indicate their |[&Ffst s Capitals
perception of how “each [iiiiain e
community capital influences [ .
community resilience and [ Sociat Capital
balanced representation for e

their community.” There were e

four options: “No influence ' :
currently and needs a lot of :
work” (Red) (1), “Lower : . 2 i ’
influence and we need to e e

work on this” (Yellow) (2),

"Positive I_nﬂuence but there is Figure 7. Dodge City, KS Community Capitals. For full image see
room to improve” (Blue) (3), Appendix 1.

“Strong positive influence and

it's moving in the right direction” (Green) (4). We coded these options 1 to 4 and were
able to determine the impact of different categories of community capitals on community
resilience by averaging across the relevant impact of different identified assets and
resources on community resilience.

The community capitals had the following average ratings on a 4-point scale:
Political - 3.5, Social - 3.1, Cultural - 2.8, Natural - 2.9, Financial - 3.3, Built - 3.4, and
Human - 2.5. The lower the score, the less influence the capital stock had in improving
community resilience in Dodge City. Thus, we were able to assess all 7 community
capitals and obtained valuable information about how each of the community capitals
influences community resilience from the community’s perspective.

Secondary Data Collection (Subtask 2.1.3). We developed a database of secondary
data for use on project tasks by working with community and utility partners. Table 5 gives
a summary of the various secondary data that were collected for Ford County, along with
the sources from which these data were obtained. These data were all at multiple spatial
and temporal resolutions and some of these data were corrupted. The data was checked
and corrected for missing values and errors, and was further spatio-temporally correlated
to obtain a cohesive dataset to be used for various tasks as described in the further
sections. Fig. 8 shows the combined data indicating the distribution system and county
block groups. The county block groups are color-coded based on their social vulnerability
index as defined by the generalized community vulnerability score (GCVS) explained
further in Task 3.
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Table 5. Secondary data sources collected for Ford County.

Dataset Information extracted Source Type

Outage managementlOutage time, restore time, #Customers, section offVictory Electric Private

system data L|distribution system

Distribution ~ system|Location (lat-long) of elements (substation,|Victory Electric Private

data transformer, lines, meters etc.), critical loads

\Wind event data Location (lat-long), type, magnitude National Centers for|Public

Environmental Information.

Demographic data Location (FIPS), race & ethnicity, housing tenure,|/American Community Survey [Public

poverty level, education level, age, disability status

s
= o
L e - ; ? -
| ]
sauoz Agessuinp

Figure 8. Distribution system overlayed on Ford County with vulnerability zones

Impact

Focus groups with local businesses and residents helped with development of the
community survey, understanding community context and local disaster experiences, and
helped to assess community perceptions about resilience for metric development. The
community survey provided needed data for understanding the energy situation (e.g.
energy burden, energy insecurity, and impacts from energy outages from disasters and
severe weather) in the community that helps to establish a baseline, provided a primary
household level dataset for modeling efforts, and helped with development of household
scale resilience and vulnerability metrics, including value of loss load and energy
insecurity. Research findings have helped to advance assessment and understanding of
value of loss load for households across space at a community scale for a more rural
community, as well as understand the prevalence and predictors of energy insecurity in
rural areas in the Great Plains of the U.S. Community engagement activities have had
impacts by helping to educate partners and residents on energy resilience (through our
kickoff meeting, community engagement workshop, survey summary report, and StAC
meetings) and provide needed information at a household, community and county scale
on household energy situation in the study region. The secondary data was used for
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various analyses like Self-Organizing Map (SOM) based resilience quantification,
heterofunctional graph-based resilience analysis, and resiliency improvement using
recloser placement and PV planning. The cleaned secondary data and the cohesive
dataset will be shared back with the utility partners for future use cases.

Table 6: Task 2 milestones and status

Task# | Performance Metric | Success Value ;I\Anssess_ment Tool / Method of Progress Notes
easuring Success Value
211 Community  survey | >75% We will assess representatives of | 100% Complete
representativeness survey response overall and for
different community sub-
populations using community
secondary-data and census-tract
data. We will also assess the
representativeness of
underrepresented groups.
221 Completed focus | At least 1 | Community focus group interviews [ 100% Complete
group interviews with | interview organized and completed with
community members | completed. community members and
and organizations. organizations participating.
2.3.1 Collection of power | Data collected | Critical data needs for utility, SOM | 100% Complete
system related data | adequately to | and HFGT modeling, and
and other socio- | simulate power | resilience metric estimation have
economic data. system behavior | been obtained.
during weather
events and feed
into SOM and
HFGT

TASK 3.0: RESILIENCE METRICS AND QUANTIFICATION

Task Summary

Task 3 built on the community survey and focus group data from Task 2 to develop and
validate resilience metrics that integrate both community capitals and power system
performance. This provided the baseline metrics and analytical tools needed to measure
and track resilience at multiple scales, bridging community-level social indicators with
technical energy system performance. By combining household survey results with
optimization and dispatch modeling, Task 3 validated methods to quantify resilience
improvements and enables utilities and communities to evaluate the effectiveness of
resilience investments.

A summary of accomplishments include:

e Defined community resilience metrics tailored to local priorities using all seven
community capitals.

e Developed household and community-scale measures, including energy burden,
energy insecurity index, and value of lost load.

e Made spatially explicit maps of resilience metrics for Dodge City and Ford County

e Implemented and validated SOM-based resilience quantification, linking
community indices to power system performance.

e Demonstrated that optimal PV/battery siting increased resilience by 11.53% while
optimal dispatch improved resilience by 11.01% and load served by 4.69%.
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e Established baseline resilience indices for use in modeling, reporting, and future
resilience planning.

Task Outcomes

Indicators Based on Community Capitals

We collected a database of indicators for all seven community capitals for development
of community and non-performance-based resilience metrics, allowing for resilience
metrics to be systematically designed and customized based on community preferences
and needs. A list of indicators is included in an EXCEL spreadsheet accompanying this
report. Fig. 9 provides an example of community capital indicators that were used to
develop a community capital-based resilience capacity metric. Indicators for each
community capital were used to estimate community capital indices using factor analysis.
The factor loadings are provided along each arc in Fig. 9 between the indicators and
community capitals. The resilience capacity metric is the weighted linear combination of
the community capital indices. The weights are based on the average standardized
rankings of community capitals identified by the community studio participants for each
category (discussed on page 16 in the community studio workshop section). These
weights are shown along the arcs connecting the community capital factors to the
community capital resilience capacity metric in Fig 9. The metric captures a community’s
overall community capital capacity for enhancing community resilience. For
interpretability, the metric is then divided by the number of households (thousands of
households) in the county. We compute the same metric with the same weighting for
neighboring counties for comparison purposes. Ford County had a rating of 0.10,
compared with 0.11 for Finney County and 0.35 for Seward County, two comparable rural
counties in southwest Kansas. The comparison indicates that Dodge County has less
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Figure 9. Community-Capital based community resilience metric development framework.
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asset and resource capacity for community resilience from a community capital
perspective relative to the other two counties. Rural areas are often less resilient than
more urban communities [4].

We added several community resilience metrics that are derived from primary
community survey data. Results for all three of these were presented earlier under Task
2, Subtask 2.1.1, with survey results. We developed spatially explicit estimates for Ford
County and Dodge City from the survey data. These include: (1) Energy Burden — Ratio
of monthly energy costs (only for electricity) to monthly household/business income, tied
directly to energy price changes, and financial and built capital. (2) Energy Insecurity —
Energy insecurity captures the financial strain and ability to pay of households for access
to energy. Regression results indicate energy security is influenced by multiple
community capitals, including built (electric bill, household, electric service), human
(employment, education), social and cultural (demographics), natural (geography) and
financial (income). We matched these predictors to secondary data that is publicly
available, then used the secondary indicators and ordered logistic regression results to
estimate an energy insecurity index at the county level across Kansas. The index
represents the predicted percentage of households in the vulnerable or in-crisis energy
insecurity categories for a county. Ford County was estimated to be 19.5%, with a survey
rate given at 12%. With lower response rates for some more vulnerable segments of the
community, we expect that survey estimates may be somewhat underestimated. For
comparison, similar counties, such as Finney and Seward counties, had much closer
estimates, at 14.4% vs. 14.3% and 14.1% vs 8.6%, respectively. Statewide estimates
indicate 18% of the Kansas population is in the vulnerable and in-crisis categories, with
our metric estimating it to be about 16.1%. (3) Value of Loss Load for a Household —
As described when presenting findings from the survey, another useful measure collected
is the indirect economic impact (or cost) of a power outage to a household (e.g., from lost
access to services, household amenities, etc.). This is measured using the choice
experiment in the survey and can be measured at different spatial scales from household
to community level.

Power system resilience metrics: Performance and non-performance

The impact of an event on the power system is not limited just to the duration of the event.
There can be multiple

outages that are an impact

of the same event which Performance Curve for Number of Customer Outages (5-Minute Resolution)
may happen over a period 150

in a cascade, and we call
this series of outages and
restorations an outage
event. An outage event
can be identified from a

100

50

=50
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1 QOutage Curve
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Currently, operators use reliability indices to capture the performance of the
system. These indices consider an averaged value over an entire year. However,
resilience metrics should be able to better capture the High Impact Low Frequency
Events. We propose resilience metrics that utilize the definitions of reliability metrics and
compute these for the duration of outage events. In this regard, we look at two resilience
metrics:

Event Customer Minutes of Interruption (E-CMI): E-CMI is defined as A4, =

fttl" U(t) dt where, t;and t, the start and end times of the outage event and U(t) is the

performance curve. This metric is indicative of system wide impacts of an outage. Events
like tornadoes could lead to a large number of outages in a single area, but events like
thunderstorms can extend over larger regions and for longer times. These impacts are
captured well by E-CMI. A higher value of E-CMI indicates that the system is less resilient
to the event being considered.

Event Customer Average Interruption Duration Index (E-CAIDI): We confine the
popular CAIDI metric to the duration of the outage and propose a resilience metric called

E-CAIDI obtained as C, = Zt—l‘\’,\“ The numerator in the equation above gives the sum of

all customer interruption durations during the event. The table below shows the results
for the performance metrics for the distribution system spanning Ford County:

Table 7. Performance Metrics for Ford County Distribution System

Metric | /:\Ar;rt\:lji Reliability | Event Based Reliability metric (Resilience metric)
High Wind Thunderstorm Tornado

E-CMI (customer hours) 3263 40 6439 2383

E-CAIDI (hours 2.83 3 0.5 1.3

From the table, it can be observed that the event-based metrics encapsulate the
spatial and temporal impacts of different events. For example, high winds (especially
gusts) are more common, have more impacts on the distribution system and are localized.
Thus, the average outage time per customer (E-CAIDI) due to a high wind event is higher
than thunderstorms or tornadoes. These variations due to different events are adequately
represented in the E-CMI and E-CAIDI and not in the annual averages.

The impact of an outage on different communities could be different. Assuming the varied
cost of outage for different communities, we further expand the above metrics to weighted
E-CMI (wE-CMI) and weighted E-CAIDI (wE-CAIDI) that take into account the

socioeconomic factors of the region experiencing the outage. The wE-CAIDI is defined
as: Cy’ = % where, w; is the weight that integrates the community vulnerability. To
introduce the idea of integrating non-performance measures within the weighted metrics,
we proposed a well-defined and generalized method to calculate the weights called the
Generalized Community Vulnerability Score (GCVS). The GCVS can be extended to
multiple social and economic indicators, and it is a combination of:
1. Social vulnerability indicators: inspired by the Social Vulnerability Score.
2. Economic vulnerability indicators: inspired from the Lawrence Berkeley National
Laboratory report on cost of sustained power interruptions.
3. QoL indicators: The community capitals framework can be used to derive other

QoL indicators based on the indicators and factor analysis presented above.
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The overview of the above approach is shown in Figure 11:

ue) Holistic resilience

OMS Outage Event Non-performance quantification
Data Identification [y, ] metrics calculation
w. Power system
! planning
GCVS to weight/

Social Vulnerability
Indicators R.
/ Generalized Community S;
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Economic
Indicators

i

Factor loadings/Ranks
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/& Community
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Figure 11. Overview of development of socioeconomic resilience metric for power distribution systems

Table 8 gives the comparison between the performance (non-weighted) and non-
performance (weighted) metrics.
Table 8. Weighted and Non-Weighted CAIDI

Metric High wind Thunderstorm Tornado
E-CAIDI 3 0.5 1.3
Weighted E-CAIDI 6.2 1.54 4.16

From Table 8, it can be observed that the wE-CAIDI for a tornado event is around twice
that of E-CAIDI. This is because the area affected by the tornado was in vulnerability zone
2. Thus, the higher the weighted resilience metric, the higher the community’s cost of
outage. Thus, it can be concluded that the weighted resilience metrics are better
indicators of resilience as they consider community demographics.

SOM-based Resilience Quantification Approach
Our approach to quantifying system resilience involves the following steps:
e Determining relevant features to capture static & dynamic topological/operational
features along with relevant community-capitals-based features
e Developing mathematical formulations for each of these indices
e Aggregating these indices to determine a holistic community-based resilience
index

For aggregating features, we use self-organizing maps (SOM) to obtain a final resilience
index:
e SOMs belong to the category of competitive learning neural networks and are
based on unsupervised learning.
e They can be used for clustering data without having prior knowledge of class
memberships of the input data.
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There are several advantages of using SOM. Existing resilience quantification methods
are mostly applicable after an event has occurred and use the post-event data. However,
this post-event resilience quantification can inform only future planning decisions. Instead,
estimating resilience of a system without depending solely on historical event data is
critical to inform both planning and real-time operations before and during an event.
Existing resilience quantification methods need a weight-assignment method based on
the resilience features being considered. Therefore, it becomes very difficult to assess
which system parameters might be more dominant towards increasing/decreasing
resilience, thereby making it difficult to assign weights to the multitude of resilience
features that can be considered. Weight-assignment methods are typically subjective and
depend on the system

operator’s interpretation. A il
On the other hand, the
SOM-based method is a

step towards objective
quantification of a
system’s resilience by
removing any subjective
weight assignment Training Data
requirement. The SOM
automatically rearranges

its neuron weights based

on the learnt importance

of the features. The SOM
development and usage

processes are shown in

Fig 12.
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Figure 12: SOM development and usage process.

Offline Learning
e Generate training data.
Generate multiple event scenarios (different paths of an event and its intensity)
Each training data point is equivalent to an event scenario.
Determine availability of assets as the event propagates.
Based on the available assets, a load-shedding minimization OPF problem is
solved.
Calculate values for all features (corresponding to the generated event scenario).
¢ Run the SOM learning algorithm.
e Store SOM weights.
Rstate = SOM(F?, ... Vi € Set of Features,s € Set of Scenarios)

Online Usage
e Determine current availability of assets.
e Calculate feature values based on the dispatch strategy.
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e Input the feature values into SOM to get a
resilience index.

To determine availability of assets, the following
steps were performed to process the outage data
provided by Victory Electric. (1) Events which
corresponded to causes other than “Weather”
were discarded. (2) The asset type was then
filtered to consider line sections and transformers.
(3) Outage data was separated for different
weather events — namely, “Ilce, Sleet, Frost’,
“Wind”, “Lightning”, and “Other”. (4) New event
begins if there is at least a 1-hour gap between the
time stamp of complete restoration of all assets
that previously were under outage and the next aWind mLlightning = lce, Sleet, Frost = Other
asset outage. (5) If an asset goes under outage

while there is at least 1 asset left to be restored, Fioure 13- Line & transformer outades due fo
then it will be considered a part of the previous ' ° " weather events. g

event. (6) Events where an asset’s restoration took

more than 1 week were considered anomalies and

discarded. (7) It is assumed that the first asset outage occurs after the event has been
going on for 5 minutes.

The following performance and non-performance metrics were developed:
Sustainability

This feature considers whether the existing generation capability inside the system is
enough to enable survival of critical loads for at least T time steps by ensuring power flow
constraints are not violated.

Availability of energy reserves

During and after an extreme event, the presence of enough energy reserves, such as
state of charge (SOC) of BESS, will ensure that the system can sustain its critical loads
until the damaged assets are repaired by utility field crew.

Feasible islands

If an event strikes inside the system, the ability of the assets within that system to further
form multiple feasible microgrids will significantly improve the system’s overall resilience.
The feasibility of such microgrids can be described in terms of sufficient generation
capacity available in each microgrid with respect to critical load requirements, voltage
limits, etc.

Path redundancy

The higher the number of possible paths from generation to critical and customer loads
is, the higher the likelihood of ensuring power supply to such loads under varied damage
scenarios of an event. Thus, the number of possible parallel paths available from a
generator node to a load node is considered in this feature.

Social burden under outage

This aims to capture the difference in effects of customer demand not met based on their
vulnerability to health, preparedness, and demographics — Social Vulnerability Score
(SV). Essentially, it calculates the normalized load demand not met weighted by the social
vulnerability score of the customers.
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Energy poverty under outage
This aims to capture the lack

of access to basic, life- Event Social Metrics
Ay Scenario System & - Sacial burden under

sustaining energy needed by  generation e o |

a household under extreme Av:;la:illiw under outage | ‘onminiy

event infrastructure damage e Bower Metrics Index

scenarios. Essentially, it Outage & Restoration Pl

determines  whether a e OPF P SOM madel

Probabilities

vulnerable household has
access to electricity or not
and at what times during
outage.

The following steps were performed to generate the training data: (1) Create 10,000
event scenarios — each event scenario means a weather event of a certain normalized
intensity is moving across the distribution system over time and in varying directions. (2)
Determine the availability of line/transformer assets as each event propagates (based on
outage/restoration probability determined from Victory Electric’s outage data). (3) Based
on the available line and transformer statuses, three subsets of cases were simulated:

e Baseline case — No additional DERs & existing restoration approach

¢ Intermediate case — Additional DERs & basic FLISR

e Advanced case — Additional DERs & advanced FLISR
(4) For each event scenario, the resilience m—
features are calculated and the set of Initiation
these features for an event scenario o
constitute a data point. Three different
scenarios were also considered:

Figure 14: Energy poverty under outage scenario

e PBaseline case — No additional
DERs & existing restoration
approach

o System model: Use existing
system model without any
additional DER placement.

Restoration approach: If an event has
caused damage to the system, the
affected loads will remain de-energized
until the restoration of the affected lines

and transformers happens.
e Intermediate case - Additional
DERs & basic FLISR |

o System model: Use existing = 3
system model with
additional utility-scale DERs —_—
placed randomly across 3- :
ph nodes. @

o Restoration approach:
Implement a basic FLISR. Figure 15: Basic FLISR logic used in the intermediate case.
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e Advanced case — Additional DERs & advanced FLISR
o System model: Use existing system model with additional DERs placed
randomly across 3-ph nodes.
o Restoration approach: Implement an advanced FLISR where utility-scale
DERs are controlled optimally in addition to network switching.

To validate the SOM Res(0) = Res(At) = Res(2At) = Res(3At) =
approach, we compare the SoM(s(0)) SOM(S(At)) som(s(2at))  soM(s(3at))
average energy  served | A a S

across multiple test scenarios, ”\ 4\ 4\
as shown in Flg 16. The States evolve using a dispatch

performance validation results 100 Test 100 Test 100 Test algorithm:
. Event Event Event
gf th167 SAOM appt:oach arethm Scenarios Scenarios Scenarios S(nAt) = Dispatch(S((n-1)*At))
Ig . AS Can pe seen, e
performance-based resilience Normalized Normalized Normalized
metric as well as the Energy Energy Energy

community-resilience  metric supplied Supplied Supplied
follow closely with the by across all across all
i y i scenarios scenarios scenarios
normalized energy supplied, E(0) E(At) E(2a)
with the former having a
hig her correlation. Figure 16: Average energy scenarios

s

TP
] /Y 2

Figure 17: SOM performance validation. For full image see Appendix 2.

Impact

The proposed resilience metrics can be used to define the baseline resilience index of
the community and can be incorporated into resilience planning and analysis to analyze
the overall improvement, both for the community and the utility. The community and
household metrics and approaches allow for resilience quantification at different spatial
scales for modeling and reporting purposes.

Table 9: Task 3 milestones and status.

Performance Assessment Tool /
Task # - Success Value Method of Measuring | Progress Notes
Metric
Success Value
3.1.1 Defined At least 5 [ We will elicit community | 100% Complete — We have
Community indicators that | and utility partners’ and | extended our list of community
Resilience holistically define | stakeholders’ capitals and resilience metrics
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Metrics based | community assessment  of the | that can be defined using them,
on community | resilience defined community | which include
capitals according to the | resilience metrics based
community on the needs of the
capitals project and the testbed
framework. community.
3.21 SOM resilience | Pearson The SOM resilience | 100% Completed
index validation | correlation output will be
based on power | coefficient benchmarked with the
system between the SOM- | critical load served under
performance- based resilience | a set of event scenarios,
based resilience | index output | and the Pearson
metrics versus critical load | correlation coefficient will
served under | be computed to see the
multiple test | correlation and to validate
scenarios > 0.1 the SOM-based
approach.
TASK 4.0: NOVEL INTEGRATED ADAPTIVE RESILIENCE ANALYSIS
Task Summary

Utilizing the community and utility data from Task 2, Task 4 created a novel
heterofunctional graph (HFG)-based framework that allows a richer characterization of
“Quality of Life” (QoL) indicators that includes both primary and secondary impacts of
disaster related disruptions to the power infrastructure. These QoL indicators can be
directly fed into resilience metric computation as weights/features as described in Task
3. The HFG framework enables lightweight but detailed simulations of power system
disruptions and their cascading impacts on water, transportation, stormwater, and critical
services such as hospitals, fire stations, and grocery stores. By incorporating stochastic
recovery processes and accessibility measures, Task 4 established a baseline energy
resilience index and developed tools for evaluating investment and operational strategies.
This framework sets the stage for future tasks by providing the modeling backbone for
critical node identification, scenario testing, and resilience planning.

A summary of accomplishments include:

e Built an equivalent HFG model or Dodge City’s power system and expanded it to
a multi-infrastructure Ford County model with 322K nodes and 1M+ edges.

e Automated HFG generation enabling scalable modeling of power, water,
transportation, stormwater, and community assets.

¢ Integrated socio-economic factors and resilience metrics to establish a baseline
energy resilience index.

e Developed the Access Degradation Factor (ADF) to measure community access
to critical services during disruptions.

e Validated HFG models and demonstrated their use in testing resilience
investments such as PV siting and asset hardening.

Task Outcomes

Integrated Adaptive Resilience Analysis Framework

Disruptions in power infrastructure can cause secondary impacts on interdependent
infrastructures, affecting the quality of life of the community. Therefore, we developed a
novel graphical modeling framework that involves heterofunctional graphs to capture
interdependencies between infrastructures from a functionality standpoint. Specifically,
heterofunctional graph (HFG) representations of critical infrastructure systems that
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provide lightweight alternatives to standard (slow) power system simulators were
developed. This lightweight graphical representation provides significant speed-ups in
computational performance. For example, a study to assess outages due to a tornado
event using HFGs for Ford County (322,000 nodes, one million edges) was 80 times
faster than equivalent analysis performed using a multi-infrastructure co-simulator. Such
approximation enables rapid assessment of investment and response strategies. HFGs
consist of directed edges between functionalities of the system's assets. Unlike traditional
graph representations of multi-infrastructure systems, these representations allow a fine-
grained view of their dependencies. Traditional HFGs are represented by binary
adjacency matrices that encode functionality dependencies (say, with 1s representing the
functionalities that work appropriately and Os representing functionalities that do not
work). The adjacent matrices can be used to simulate the evolution of system states
through transient or disaster scenarios. Non-binary HFG frameworks allow the
characterization of functionalities through vector functions.

Initial HFGs for Dodge City were developed using Python-based tools that operate
on OpenDSS models. The developed HFGs consisted of limited functionalities, such as
"generate power," "transport power," and "consume power". The initial model consisted
of 1651 nodes (functionalities) and was mapped to specific community metrics such as
Social Vulnerability Score (SVS), Social Vulnerability Zone (SVZ), and Criticality. To
provide contingencies for the scenarios in which the binary HFG model may not satisfy
the high-resolution requirements of certain simulation scenarios, we developed a non-
binary HFG framework in which each functionality is characterized by a vector function
(in general) that expresses the output of a given functionality when the functionalities on
which the given functionality depends are functioning at arbitrary capacities. For example,
suppose a power transmission line, providing a transport functionality, functions at 50%
and transports power to a consumer from a generator that functions at 20% of its full
capacity; then, the transported power is no more than 20% of the regular full-capacity
available power (these constructs become quite a bit more involved when dealing with
functionalities characterized by vector inputs and outputs).

Additionally, a stochastic recovery framework was developed, in which our set of
functionalities is endowed with a partial order, denoting logical priority, which is then
enhanced to a full order by additional operational priority decisions. These priority
decisions represent our optimization variables and are the source of equitable
interventions. Specifically, the damaged functionalities will be ordered according to this
order, and repair resources will be allocated in this order until all damages have been
fixed. Once the required repair resources are allocated, the amount of time it takes to fix
a specific damage is a random variable. Our enhanced HFG framework enables us to
more closely approximate the actual performance curves in disaster scenarios and has
the ability to integrate both investment and operational decisions, as well as specific
consumer-oriented metrics (also represented as functionalities), towards optimizing
community resilience.
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Figure 18. Overview of HFG Generation

Further, an automatic heterofunctional graph generation tool was developed to
operate on multi-infrastructure systems and community asset models to automate the
HFG generation process, as shown in Fig. 18. This tool reduces the tedious and error-
prone process of manual generation of heterofunctional graphs for large systems. The
developed tool also expands the number of functionalities from three in the initial HFG to
126 different functionalities spanning across all infrastructure systems and community
assets. The initial HFGs were refined by using the automated tool, expanding to the
entirety of Ford County, adding assets from multiple infrastructure systems (power, water,
stormwater, and transportation) and community assets (hospitals, police stations, fire
stations, grocery stores, and gas stations, to name a few). The HFG developed on this
data resulted in a highly detailed heterofunctional graph for Ford County, which contains
322k nodes and 1.04 million edges, significantly improving the interactions between the
functionalities compared to the initial models. Further, accessibility-based features, such
as time and distance to the nearest emergency services, such as hospitals, fire stations,
and police stations, were added as node features.

We also validated the heterofunctional graphs for structural accuracy. Fig 19
shows an example of building functionalities connected to various services and resource
functionalities up to a 2-hop neighborhood of the building operations functionality. The
updated models were shared with Task 5.0.1 for critical node identification. The multi-
infrastructure heterofunctional graph model for Ford County, integrated with community
assets such as police stations, fire stations, hospitals, groceries, gas stations, and other
assets can also be used to quantify degradation in access to services during disruptions.
Functionalities were defined for each community asset to model the resource
requirements and services provided. These functionalities were mapped to infrastructure
system functionalities based on geographical locations. For example, each community
asset has a functionality requiring power. These functionalities are connected to the
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Figure 19. Validation of HFG structural accuracy - 2-hop neighborhood functionalities of “building operation”
functionality.

nearest power system functionality for delivering power based on geographical location.
The transportation network model for Ford County was used to generate distance and
time matrices during normal operation conditions (all assets operative), also referred to
as the baseline distance and time required to access resources. During disruption events,
changes in access distance or time with respect to their baselines serve as a quantitative
measure of access degradation. We define this measure as Access Degradation Factor
(ADF). Figure 20 shows the degradation in access to an asset in the case of a power
failure. This metric can be used to inform asset hardening and assess baseline resilience
for communities.
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Figure 20. Degradation in access due to power failure
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Impact

This work developed a framework to create and analyze fine-grained models of critical
interdependent infrastructure systems and communities. For example, the HFG
developed on the obtained data resulted in a highly detailed heterofunctional graph for
Ford County, which contains 322k nodes and 1.04 million edges. The data was also used
to map accessibility-based features, such as time and distance to the nearest emergency
services. Furthermore, the access degradation factor metric was developed which
enables the quantification of impacts of disruptions in terms of accessibility to services.
Additionally, the developed models can also be extended to other applications such as
asset hardening and critical node identification.

Table 10: Task 4 milestones and status.

Performance Assessment Tool /
Task # . Success Value Method of Measuring | Progress Notes
Metric
Success Value
411 Equivalent HFG | Accuracy of HFG | Simulate multiple failure | 100% complete. Automated
model for Dodge | model simulations and | scenarios to evaluate | algorithms for the creation of
City power | physical power system | impact on power | HFG models from simulation
distribution simulations match with | network and the | files are completed.
system at least 90% accuracy | equivalent HFG model | Framework for stochastic
as it relates to lost | to compare number of | HFG evolution was
loads lost loads. completed. A HFG consisting
of roughly 322k nodes
(functionalities), modeling the
Dodge City’s infrastructures,
has been completed
421 Integrated At least 1 method to | Based on the available | 100%  complete. Power
HFGT model | integrate socio- | data, appropriate ways | distribution system equivalent
with socio- | economic factors in | to define and integrate | HFG model is complete. HFG
economic HFGT model is | socio-economic factors | validated for structural
factors and | designed will be studied and | accuracy. All functionality
physical implemented. nodes have been associated
infrastructure Preliminary tests on [ with social vulnerability scores
models impact of [ and resource generation,
completed failures/disruptions  will | requirements, and
be used to measure and | accessibility-based features.
assess the integration
methods.
431 Baseline Energy | Community energy | With the determined | 100% - We have completed
resilience index | resilience index | baseline values, | this analysis for the weighted
considering only | percentage difference | event-based metrics and the
performance-based between the resilience | SOM approach.
metrics versus the case | index considering both
with both performance | performance-based and
and community | community-oriented
resilience metrics | resilience metrics to the
should be different from | resilience index
each other by at least | considering only
10% performance-based
resilience metrics

TASK 5.0: IDENTIFYING THE CRITICAL NODES/FUNCTIONALITIES/ASSETS

Task Summary

Task 5 built on the heterofunctional graph (HFG) framework from Task 4 to identify the
most critical nodes, functionalities, and assets in the Dodge City and Ford County
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infrastructure systems. We trained GNN models on heterofunctional graph models
developed in Task 4 to classify nodes as critical/ non-critical based on features and
dependencies with other functionalities. This analysis provides a scalable method for
pinpointing essential assets that, if hardened or prioritized, will maximize overall
resilience. Task 5 work enabled data-driven planning, system hardening, and transferring
learning applications for resilience assessment in other networks.

A summary of accomplishments includes:

e Developed and validated a GNN-based framework to identify critical nodes in
heterofunctional graphs.

e Applied the model to Dodge City and Ford County HFGs, identifying essential
services and power delivery nodes critical to resilience.

e Demonstrated that HFGs capture fine-grained interdependencies missed by
traditional graph models.

e Established a scalable method for system hardening and maintenance planning
based on criticality.

e Created a foundation for applying transfer learning to resilience assessments in
new communities and networks.

Task Outcomes

Critical Node Identification — HFG

The heterofunctional graph theoretical framework allows the fine-grained modeling of
interdependent infrastructure systems. Unlike conventional graph modeling, the
developed modeling framework identifies all asset dependencies. Therefore, the critical
functionality identification of these graphs enables criticality assessment at the resource
and service levels. A graph neural network (GNN)-based strategy was formulated that
operates on the heterofunctional graphs (HFG) constructed in the previous tasks to
identify critical functionalities and, thereby, critical assets of the power systems. This
inductive graph learning-based approach enables us to utilize node embeddings and
features to learn the criticality of all assets in the network. These inputs allow strategic
system hardening or updated system maintenance and planning processes.

The developed GNN framework uses a two-step process for inductive learning-
based approximation of the criticality of nodes in a graph, referred to as Inductive Learner
for Graph Robustness (ILGR). The algorithm uses GraphSAGE to first learn node
embeddings from node features and neighborhood sub-graphs, which are then used to
calculate the criticality scores. The approach is scalable because the GNN model learns
the node/link criticality score on a small representative subset of nodes/links. Then, the
trained model is employed to predict the scores of unseen nodes/links in large graphs
and consequently identify the most critical nodes. Once the critical nodes are identified,
strategic system hardening or updated system maintenance and planning processes can
be put in place to protect those assets, thereby enhancing overall system resilience.

In our model, the critical functionality identification problem is posed as a node
classification task. Power delivery functionalities to community assets that provide
essential services, and the functionalities providing essential services were tagged as
critical during the training of the GNN-based model. The GNN is trained to predict the
critical/non-critical label for each node in the training set based on node features and
graph structure. The GNN framework employs two fundamental mechanisms: message
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passing and aggregation. Here, each node's importance is captured along with
aggregated information from its neighbors up to k-hops, updating its representation to
capture local and global graph properties. This process allows GNNs to learn complex
relationships between a node's attributes, neighbors, and the graph structure. For each
node v in the graph, we aggregate the features from its neighbors N (v) :

m,, = AGGREGATE(" ({hff_”.‘ﬁ‘u = N{r)})

where,
m“]
) N(v) Is the aggregate message from the neighborhood of node v at layer (.
e AGGREGATE® is a differentiable aggregator function (e.g., mean,

max, sum) at layer [ . In our implementation we use the mean aggregator.
(I-1)
. M is the hidden representation of neighbor u at the previous layer (I — 1).

e N(v) is the set of neighbors of node v .

The aggregated message is then combined with the node’'s own previous hidden
representation and passed through a non-linear activation function.

.’:_E:I] —a (w[!) . CONCAT (-’IE.! 1) (D ))

Niv)
Where,
(f)
o M Is the hidden representation of node v at layer (.
e o isthe non-linear activation function (e.g., ReLU).
e W® s the trainable weight matrix at layer [ .
e CONCAT denotes the concatenation operation.

The trained model identified more functionalities than the seed nodes, using only
functionality connectivity and node features (which consist of resource and service
requirements and generation). Therefore, HFGs provided greater utility than the
traditional graph models by identifying fine-grained essential network interactions. The
developed framework also enables future possibilities of incorporating transfer learning
that utilizes graph neural networks' inductive capabilities to apply to new networks.

hospital_consume_power

[ hospital_consume_water ]

[ hospital_generate_wastewater ]- mmma  '0SPital_operation 14 hospital_provide_healthcare_service

hospital_require_cookinggas

( hospital_require_fuel |

Figure 21. Additional nodes identified as critical (light green) by GNN
when provided with few seed nodes (dark green).

[ hospital_require_groceries ]
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Impact

The critical functionalities identified by the GNN-based framework on the HFGs were
mapped to their corresponding assets. These results were compared with the list of nodes
identified as critical by running the framework on the system graph. The results showed
that the framework provides the same set of critical nodes in both cases. However, the
benefit of utilizing HFGs is the potential to identify critical functionalities of assets, which
is not possible with traditional power system graph analysis. For example, while a
traditional analysis on a system graph would identify a fire station as a critical load, the
GNN-based model identified the underlying functionalities essential for its operations,
such as ’firestation_consume_water’ as critical, even though it was not included in the
original seed set, Therefore, the GNN-based framework was able to generalize and
extend the critical node set beyond its initial seed set by utilizing node features and
network structures. Therefore, the developed HFG and critical node identification
framework provide fine-grained information on critical assets and functionalities.

Table 11: Task 5 milestones and status.

Assessment
Tool / Method

HFGT and regular
power distribution
network.

identified in both
cases.

evaluate
criticality. This
will also be

guided by likely
weather events
specific to Ford

Task # Performance Metric | Success Value - Progress Notes
of Measuring
Success Value
5.0.1 GNN-based critical | Top 5 critical | Simulate 100% - Validated critical nodes
node/functionality/ assets multiple failure | identified by HFG against those
asset identification in | accurately scenarios to | identified on the asset graph. Critical

node analysis on HFG was able to

identify  functionality-level  critical
nodes for assets. Further, the
framework was able to identify

additional functionalities initially not
considered critical.

County.

TASK 6.0: ENHANCING RESILIENCE VIA PLACEMENT OF RENEWABLES AND
THEIR DISPATCH STRATEGY

Task Summary

Task 6 utilizes the work on resilience metrics from Task 3, the integrated HFG framework
from Task 4, and critical node identification from Task 5 to evaluate how renewable
energy and storage can be optimally developed to improve community resilience. We
developed optimization frameworks for strategic recloser placement and PV siting/sizing
to reduce outage impacts, improve reliability, and lower community energy burden. We
also compared optimal dispatch strategies for distributed resources against naive
approaches to assess community-wide resilience gains. This task sets the stage for future
work by providing utilities and communities with actionable, data-driven strategies for
resilience-focused energy planning.

A summary of accomplishments include:
e Developed and validated optimization frameworks for recloser placement,
improving both reliability and cost-effectiveness.
e Demonstrated that optimal recloser siting reduced CENS and VENS by about 30%
compared to traditional placement strategies.
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e Applied optimal transport (OT)-based methods to PV siting and sizing, improving
the energy burden distribution across households.

e Enhanced PV planning models by incorporating power flow and network loss
constraints, making siting recommendations more realistic and impactful.

e Compared optimal versus naive dispatch strategies, showing improvements in the
community resilience index when optimal resource allocation is employed.

Task Outcomes
Resilience Enhancement
The aims of this task are to provide local stakeholder groups with information on where
the deployment of distributed photovoltaics (PV) and energy storage systems could
enhance the community’s resilience the most, and to provide optimal recloser placement
locations to improve the overall system reliability.
We develop two methods to improve the system reliability, namely,

1. Optimal recloser placement to reduce the outage duration and improve the system

reliability, considering both cost and value of energy not served.
2. PV placement in the grid to improve the energy burden distribution of Ford County.

Recloser Placement for Resilience Enhancement

Modern power distribution systems face the challenge of balancing reliability, cost, and
fair service delivery. One key aspect of this is the strategic placement of reclosers, which
help restore power after faults. Traditionally, utilities install a few expensive three-phase
reclosers on main feeders, but this approach overlooks the cost-benefit trade-offs and the
different types of power interruptions. Momentary outages, which last only a few seconds,
can disrupt industrial operations, while sustained outages require manual repairs and lead
to major economic losses. Single-phase reclosers, which are significantly cheaper, offer
a better solution by isolating faults on lateral branches without causing widespread
disruptions. In the last quarter, this study introduced a new framework for recloser
placement that considers both utility and consumer impacts. In this quarter, we designed
an optimal algorithm that uses probabilistic fault modeling to assess reliability and
incorporate economic factors like the cost of energy not supplied (CENS) and the value
of lost load (VoLL) for different sectors. By distinguishing between failure rates and repair
times across different parts of the grid, the approach enables more effective reliability
assessments. The proposed method is scalable and helps utilities make data-driven
decisions to improve service reliability while managing costs more efficiently.

To quantify the impact of interruptions, a multi-objective optimization framework is
introduced, considering different types of service disruptions:

1. Momentary Interruptions — Measures the number of affected customers.

2. Sustained Interruptions (CENS) — Assesses financial losses incurred by utility.

3. Sustained Interruptions (VENS) — Estimates customer economic losses.

4. Combined Impact — A weighted combination of the above three objectives.

An Interruption Impact Function evaluates the effect of a fault at a feeder segment on load
points, with different formulations based on the chosen objective function.
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The methodology employs a graph-theoretic model where the distribution network is
represented as a directed graph G=(N,E), with N denoting nodes and E edges. The core
objective is to minimize energy not served (ENS), a critical reliability metric reflecting
financial losses from outages. For a recloser placed at node k, the cumulative upstream
reliability impact ENSa (k) and downstream impact ENSb (k) are derived as:

k B B
ENS, (k) = (Z /\z--n-) X Liotar - f™%) ENSy(k)= ) Y (Ni-rg) xLy- f9

i=1 i=k+1j=k+1
where Ai and ri are the failure rate and repair time of edge i, Ltotal is the total system
load, Lj is the load downstream of node j, and f(m,s) is the interruption impact function.
The optimal recloser location kx is determined by balancing these impacts, ensuring that
reliability improvements are equitably distributed across upstream and downstream
sections.

For three-phase recloser placement (Algorithm 1), the framework iteratively
evaluates candidate positions along the main feeder, minimizing the ENS difference. The
algorithm prioritizes locations where reclosers maximize fault isolation and auto-reclosing
benefits, particularly temporary faults. Single-phase trip saver placement requires an
additional allocation step to address lateral feeders (Algorithm 2). A weighted scoring
system assigns reclosers based on load distribution and network complexity. The
composite score guides proportional allocation of reclosers, ensuring integer distributions
via remainder of adjustments.

Algorithm 1 Optimal Recloser Placement

1: Input: Number of reclosers n;, feeder main path P, failure
rates A, node loads L

2: Output: Optimal recloser placement indices along the
feeder main path

3: Initialize placements « [0)]

4: previous_k < 0

5: forn=1to 2 do

6 min_diff + oo

7. for k = previous_k+ 1 to |P|— 1 do

8 Compute EN S, (k) using (8)

9 (:tompute ENSp(k) using (9) Algorithm 2 Optimal Recloser Placement for Lateral Feeders
10: diff « |ENS,(k) — ENSy(k)| 1: Input: Number of reclosers n;, feeder main path P, failure
1: if diff < min_diff then rates )\, node loads L, weights w;, w,
12: min_diff « diff 2: Qutput: Optimal recloser placement indices for lateral
13: optimal_k « k feeders
14: end if 3: Initialize placements < ||
15: end for 4: previous_k + 0
16:  Append optimal_k to placements 5: for each node j with load and indircclhconncclions do
17 previous_k < optimal_k 6:  Calculate Z(j) for lateral feeders using _(14)
18: end for 7. Allocate reclosers to nodes based on r(j)

8: end for

19: return placements =0 9: return placements =0

The framework’s scalability stems from its O(N-B) time complexity,
accommodating diverse network configurations. For three-phase reclosers, strategic
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placement reduces prolonged outages by enabling auto-reclosing for transient faults and
targeted isolation for permanent faults. For lateral feeders, single-phase trip savers
localize disruptions, preventing cascading outages. This dual approach harmonizes cost-
effectiveness (leveraging cheaper single-phase devices) and reliability (prioritizing high-
impact main feeder nodes), offering utilities an adaptable solution for grid resilience.

This study evaluated recloser placement strategies through a structured scenario
analysis framework, comparing five cases across three impact functions. The cases
include a baseline with no reclosers (Case A), predefined placements of three-phase
reclosers on the main feeder (B1) and single-phase trip savers on laterals (C1), and
optimized placements using the proposed algorithm for three-phase (B2) and single-
phase reclosers (C2). The optimization framework demonstrates adaptability, generating
distinct recloser locations depending on whether MI, CENS, or VENS is prioritized,
thereby enabling utilities to align placements with specific reliability or economic goals.
The methodology is further validated through comparative case studies, demonstrating
significant reductions in ENS and operational costs across varying network topologies.
Results from the IEEE-37 bus test system and the Ford County system reveal significant
improvements with optimal placements. For three-phase reclosers, as compared to
predefined placements (B1), Case B2 reduces CENS by 29% ($100) for the test system
and by 48% ($21,000,000) for the Ford County distribution system and VENS by 31%
($1000 for test system and $270,000,000 for Ford County system). Single-phase
reclosers in Case C2 achieve even greater efficiency, lowering CENS to a 28% ($30 for
test and $17,000,000 for Ford County) and 31% ($300 for test and $126,000,000 for Ford
improvement over Case C1, respectively. The computational superiority of the proposed
method is evident, solving optimal placements in seconds versus hours for exhaustive
search (e.g., 4 seconds vs. 39 minutes for B2 on the test system). In large-scale networks,
the method remains efficient (9—11 seconds for actual systems), while exhaustive search
becomes infeasible.

Table 12. 5 case studies across three impact functions for IEEE 37-bus test system.

Case | Cost ($) | Time | No. of MI | CENS ($) | VENS (§)
A 0 4 secs 24 803.27 6234.35
Bl 260K 6 secs 20 352.47 3284.26
B2 180K 2 secs 18 251.87 2278.45
Cl 40K 1 sec 13 108.53 978.30
C2 50K 1 sec 11 78.25 678.12

Table 13. 5 case studies across three impact functions for Ford County Distribution system

Case | Cost($) Nj CENS ($M) | VENS ($M)
A 0 897 87.25 448 86
Bl 260K 766 42,76 305.13
B2 180K 553 21.89 125.71
Cl 4K 684 31.47 229,64
C2 S0K 462 14.58 103.46
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Case Locations | No. of MI | CENS ($) | VENS (%)
B2 (Obj 1) 5,12, 13 19 251.87 2278.45
B2 (Obj 2) 6, 14, 17 21 241.67 2178.45
B2 (Obj 3) 5, 14, 16 17 271.50 1878.12
C2 (Obj 1) 3,9,13 14 78.25 678.12
C2 (Obj 2) 4,5,18 19 72.45 580.34
C2 (Ob; 3) 5,12, 19 13 90.30 512.78

System Case | Exhaustive Search | Proposed Method

Test System B2 39 mins 4 secs
C2 42 mins 3 secs

Actual System B2 X 9 secs
C2 X 11 secs

The study highlights the necessity of optimization-driven strategies. Optimal
reclosers on laterals (C2) yield the lowest MI, CENS, and VENS, underscoring the critical
role of lateral protection. The framework’s flexibility allows utilities to prioritize objectives:
minimizing MI favors recloser placements near high-failure zones, while CENS/VENS
reduction prioritizes load-heavy regions. For instance, prioritizing VENS in Case B2
reduces consumer losses by 18% compared to prioritizing CENS. These findings validate
the framework’s ability to balance reliability and cost-effectiveness, offering utilities a
scalable solution for enhancing grid resilience. The results, summarized in the tables
given above, demonstrate that strategic recloser placement not only mitigates outages
but also aligns operational decisions with economic and reliability targets.

Balanced PV Planning

Power distribution system planning processes usually consider efficiency and reliability
as the main objectives. However, it is also crucial to incorporate community-centric
metrics while making important investments related to distributed generation (DG). We
proposed a novel method based on the principles of optimal transport (OT) theory to
improve the distribution of Quality-of-life indicators among consumers while enhancing
the efficiency of the distribution system network. The approach involves the strategic
siting and sizing of Distributed Energy Resources (DERSs) like solar PV, and battery to
improve the Quality-of-Life metrics for the consumers. This approach supports customers
by improving overall quality of life distributions while minimizing network active power
losses. While the proposed approach is applicable to multiple DERs and quality of life
indicators, we focus on PV siting and sizing to improve the energy burden distribution in
this work. Specifically, an OT-based formulation is used to estimate the capacity of
distributed solar PV to be installed at various locations and to determine the necessary
tariff adjustments.

Since income and electricity consumption vary across loads, the distribution of
energy burden can be used to characterize the community’s capacity to access electricity
service. Assume that the energy burden distribution, denoted as p, is given for a
community. By investing in solar PV generation at various locations in the distribution
system, the power is consumed from the grid.

Pgi can be reduced, thereby reducing the energy burden of the customers by changing
the energy burden distribution p. The objective of this work is to transform the base energy
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burden distribution p to a more equitable/favorable distribution v so that low-income
customers are not overburdened. The overall methodology can be divided into 3 stages:

1. Defining Target Distribution: The target energy burden distribution v is defined
based on the idea of equal distribution equivalent (EDE), which is a measure of
the central location of a distribution, adjusted for inequality based on a social
welfare function.

2. Optimal Transport plan: We use OT theory to obtain the desired energy burden
distribution, v, which ensures the most cost-effective transformation of the initial
distribution, p. The resulting optimal transport plan is then used to determine the
locations and ratings of solar PV installations on the rooftops of households within
the distribution system.

3. Solar PV capacity and Tariff estimation: The size of PV and cost of electricity is
determined using a feasibility problem.

We applied the proposed approach to the Dodge City substation area of the Ford County
distribution system to site the PV locations such that the energy burden of the community
is improved. Figure 22 shows the PV-locations overlay on the county map. Based on
these PV locations, the current and improved energy burden distribution is shown in
Figure 22.

It can be observed from Figure 22 that all the PV sites are concentrated near the
Dodge City area. This can also be observed in the resilience heatmap, i.e., the resilience
improvement can only be observed in the areas near Dodge City. This is because the
populations with high energy burden are concentrated in those areas, and the algorithm
did not consider any network parameters.

Initial Energy Burden Distribution Target Energy Burden Distribution (Shifted Toward Mean with Spread)

=== Mean Energy Burden: 0.0411 === Mean Energy Burden: 0.0276
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Figure 22. Current and improved energy burden distribution from PV locations.

Based on this observation, we improved the PV siting algorithm to a constrained OT
problem by incorporating power flow and network losses. The mathematical formulation
for entropy-regularized constrained OT-based distributed generation planning is as
follows:
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where, YY) is the optimal transport plan; ¢xy is Euclidean cost; (x,y) is transportation
cost; Ais regularization parameter; 6xyis cost proportional to network loss sensitivity factor;
a is weight parameter; 8xis sum of loss sensitivity factors of consumers corresponds to Ex;
Bijis loss coefficient matrix; Ppviis solar PV generation at i location in the network. The
above formulation considers both energy burden and loss sensitivity for PV placement.
We tested the above algorithm on a 559-bus test system, and the results indicate an EB
distribution that is still very close to the target distribution.

i
s ¥

.rfﬂ_‘

Figure 23. 5569-Bus test system
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Table 14 shows the results for locations obtained using multiple methods. For the same
solar PV percentage, the active power losses are the lowest for the improved formulation
integrating EDE and loss sensitivities.

Table 14: Results for locations using multiple methods

Method % Solar PV % Active power losses
Base case 0 5.37
OT-EDE 5.20 4.63
OPF 5.20 3.17
Integrated method 5.20 4.11

The proposed approach can be extended to include other constraints such as other
resilience indicators (E-CAIDI, E-SAIDI), DERs (battery, mobile generators, DGs etc.),
business models (community solar, off-grid solar etc.), and quality of life indicators and
distributions (energy insecurity).

Resilience Metric Quantification for Optimal PV/Battery siting vs Naive siting

This section provides details about the comparison of community resilience index
obtained after optimal siting of PVs and batteries with that obtained after a naive siting
approach. The optimal PV sites were obtained from the study done by KSU, and the
following modifications were made on top of those optimal PV sites: For the naive siting
approach, the same number of optimal sites are assumed to be randomly distributed

Initial Distribution 0.5 = T
0.5 , 4

-- Mean: 1.61
-== Mean: 1.87

0.4

0.31

PMF

0.24

0.1 4

0.0~

14 1.6 18 2.0 2.2 2.4 2.6 2.8 3.0
Energy burden (%)

14 1.6 1.8 2.0 2.2 2.4 2.6 2.8 3.0
Energy burden (%)

Figure 24. Initial and improved energy burden distribution from PV locations for 559 bus test system

across the distribution system. The PV capacities were scaled from 1kW peak to 10kW
peak. A PV irradiance profile was applied to all such PVs. A Battery system is assumed
to be installed at each PV location corresponding to the scenario. Each Battery system is
assumed to be of the rating SkW/50kWh. A load profile was associated with each load. A
time-varying event is simulated to be moving across the distribution system and its
multiple feeders from midnight to noon. This event causes several line/transformer
damage, and their probabilities of outage are calculated based on the techniques
described in previous reports. A control time-step of 1 hour is assumed; therefore, total
simulated time-steps are 12. A naive control algorithm is assumed to be in place, which
essentially aims to utilize as much PV generation as possible, while utilizing the batteries
proportionally as needed to aim to supply as much load as possible.
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The PV shape and the Loadshape used are shown in Figure 25.

Load and PV shape
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Figure 25. Load and PV irradiance shapes.

The optimal PV/Battery locations are shown overlaid on the topology map below:

All Feeders Combined Plot with PV Loc
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Figure 26. Locations of PV/Battery systems. For full image see Appendix 3.
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With these assumptions, a naive control algorithm is assumed to be in place which
essentially aims to utilize as much PV generation as possible while utilizing the batteries
proportionally as needed to aim to supply as much load as possible. The results
comparing the community resilience and overall load served for both scenarios are shown
next. It is noted that each of the lines in the plots below represents the subnetwork (or
cell) that is formed after the event has completely passed through the system and has
damaged multiple lines and transformers.
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Figure 27: Results comparing the community resilience and overall load served for both scenarios. For full image see
Appendix 4.

It can be seen from the above figures that the community resilience index and the load
served for optimal siting scenario is slightly better than the naive siting scenario. An
interesting thing to note here is that even though the PVs are starting to generate more
power during the later time-steps, resilience does not increase much because the
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batteries have been almost fully depleted and all the solar power being generated is going
towards the loads as the total PV installation is much smaller than the load requirement.

Resilience Metric Quantification for Optimal PV/Battery Dispatch vs Naive Dispatch
This section provides a comparison of the community resilience index obtained after
optimal dispatch of PVs and batteries sited using the optimal siting approach from Task
6 with a naive dispatch of PVs and batteries sited using the optimal siting approach. The
control setup is similar to the previous section, except in the optimal dispatch scenario,
where we employ the SomRes algorithm to dispatch PVs and batteries optimally. The
SomRes algorithm tries to continuously adjust the level of storage reserves (battery state-
of-charge in this case) to maximize the predicted resilience in the next time-step. Results
comparing the community resilience, overall load served, and state-of-charge of batteries
for both of these scenarios are shown next.

Naive dispatch approach SomRes dispatch approach

v' Aims to utilize as much PV v' Aims to utilize as much PV
generation as possible generation as possible

v' Utilizes the batteries VS v" Continuously adjusts the SOC
proportional to available SOC level of batteries
as needed v' Aims to maximize load

v" Aims to supply as much load supplied at the current time-
as possible within each step
|§olated cell at the current v Aims to maximize the
time-step predicted resilience in the

next few time-steps

Sached Load Served by Top Perdorming Celis Losd Served Dutributcn Loa Saremd Hustmis (Tos 24 Cafls)
A v 0

Optima;I:
Dispatch

5 Torwy |Faname|
Facked Load Sarved by Top Porforming Cells

Naive
Dispatch
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Figure 28: Results comparing community resilience, overall load served, and state-of-charge of batteries
for both scenarios. For full image see Appendix 5.

First, it can be observed from the above figures that the community resilience index and
the load served for optimal dispatch scenario is better than the naive dispatch scenario,
with the average increase in resilience as 11.01%, and the average increase in
normalized load supplied as 4.69%. These improvements are not only technical but also
reflect survey-informed weighting, as household energy insecurity categories and
willingness-to-pay values were incorporated into the optimization framework. Secondly, it
can be observed that there is a lot more variation in the available battery SOC of the cells.
This is because the SomRes algorithm is continuously charging batteries that are
anticipated to have low resilience in the next step, while discharging those that are not
because of the absence of grid power and a fixed availability of generation.

Impact

The proposed recloser placement approach and locations will be shared with Victory
Electric to support them in their single-phase recloser project to improve the system's
resilience. The overall method can be further used by various utilities to prioritize the
locations based on their budget.

The PV location results will also be shared with utility and community stakeholders
to support decision making on investing in solar PV projects. The utilities can further
integrate their tariff and business models into the optimal transport formulation to make
investment and incentivization decisions.
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Table 15: Task 6 milestones and status

Assessment Tool /
Task # Performance Metric Success Value Method of Measuring | Progress Notes
Success Value

6.1.1 Community energy | Ratio of community | Simulate multiple | 100%
resilience index with the | resilience index with | disaster scenarios to
proposed holistic | optimal PV/BESS | train and optimize
resilience focused | siting/sizing based on | PV/BESS
optimal PV/BESS | performance & non- | siting. Evaluate the
sizing and siting versus | performance-based resilience index for
existing performance- | metrics versus a | optimal versus naive
based metrics | performance-based siting and sizing.
method used by | metrics method
utilities currently used by

utilities >1.1

6.2.1 Community resilience | Ratio of resilience index | Simulate multiple | 100%
index when the | of the system with | disaster scenarios to
proposed optimal | optimal resource | evaluate the resilience
resource allocation and | allocation and dispatch | index with  optimal
dispatch strategy is | versus a naive | resource allocation and
employed on top of | resource dispatch | dispatch and a naive
optimal siting, | strategy >1.1 dispatch.
compared to a scenario
where a naive resource
dispatch  strategy is
employed on top of
optimal siting.

TASK 7.0: RESILIENCE HEATMAP FOR FORD COUNTY
Task Summary
As part of the broader testing and validation efforts in Task 7, this section focuses on
generating a resiliency heatmap for Ford County to visually demonstrate the SAFER
framework's impact on community energy resilience. The heatmaps were developed
using fragility curves for assets and various contingency scenarios (tornadoes and high
winds that are the primary disasters of interest in Ford County), but is general to expand
to other weather events as well. These results can further be mapped with resilience
indices. We compared two key cases: (1) baseline resilience without PV, and (2)
enhanced resilience incorporating optimal siting and sizing of Solar PV and Battery
Energy Storage Systems (BESS) derived from Task 6.

A summary of accomplishments include: (1) Demonstrated the application of HFGs
for visualizing the impact of weather-related outages. (2) Demonstrated the application of
HFGs for comparing resilience enhancement investments.

Task Outcomes

The developed heterofunctional graph models from Task 4, along with fragility curves,
can also be used to compare investment options for their effectiveness in reducing the
impacts of disruptions. Utilities can utilize their network models to simulate various
weather event scenarios and also compare the outage impacts of disruption events for
various investment options. Figures 29 and 30 show the application of HFGs along with
fragility curves to assess weather induced impacts on power systems.
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Figure 29. HFGs for weather impact analysis (Torado  Figure 30. HFGs for weather impact analysis (High
scenario). For full image see Appendix 6. Winds scenario). For full image see Appendix 7.

By introducing PV into these systems, resilience enhancement impacts of PV investments
can be studied. For example, Figure 31 shows the same disruption event for two cases
of solar PV installations. It can be observed that Option B results in lower lost load during
disruptions. They also show the baseline scenario with no PV and how both investment
strategies improve upon the baseline.

Combined Feeders - Colored by Resilience

Comparing Resilience Outcomes of Different Investments

Investment Option A: Outages i
r AR LT R

Investment Option A: Lost Load During Disruption Event Investment Option B: Lost Load During Disruption Event

Baseline ] Baseline
Investment Opt:
1500 Investment Option 1500 Investment Option
¥ %0 £ us
3 3
L 3000
% %
5 H
3 m S me
200 w00
30 250
ot o
o ) P © % 100 ° 0 © @ ) 100

PA— Timastsp X Coodinate

Figure 32: Ford County resilience heatmap. For

Figure 31. Comparison of investment options using the full image see Appendix 9.

HFG framework. For full image see Appendix 8.

Resilience heatmap of Ford County
The resilience heatmap of Ford County is shown in Figure 32 represented by different
colors for individual possible subnetworks.
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Impact

The developed HFG framework can be used to study the progression of outages under
various weather scenarios. This can be achieved by augmenting them with fragility curves
for assets. This also enables the evaluation of various resilience enhancement
investments. Further, unlike computationally intensive simulation-based studies, the
HFG-based approaches provide lightweight alternatives and enable a wider range of
scenarios to be tested within the same time frame as simulation-based studies.

Table 16: Task 7 milestones and status.

Assessment Tool /

Task # | Performance Metric Success Value Method of Measuring | Progress Notes
Success Value
7.0.1 Resilience heatmap for | Resilience index of | Simulate multiple | 100% - Utilized HFGs to
Ford County vulnerable communities | scenarios and test | estimate baseline
with PV/BESS > | cases to determine | distances and times to
Baseline resilience | survivability of | access resources.
index for those | subnetworks within | These results were
communities Ford County grid. used to assess

degradation in access
to resources during
disruptions.

TASK 8.0: TECHNOLOGY TRANSFERABILITY AND OUTREACH

Task Summary

Task 8 focused on utilizing the research outputs from previous tasks to translate findings
into practical tools and resources for communities. The team developed a Community
Energy Resilience Planning Guide, designed to help local governments and partners
identify, assess, and implement resilience initiatives using the SAFER project outcomes.
The guide breaks the planning process into clear, adaptable steps and provides
examples, frameworks, and responsible parties for implementation. The website provides
an overview of the SAFER project and outcomes for stakeholders and communities. The
achievements from this task ensure the project’s research is transferable, accessible, and
actionable for both Ford County and other communities.

A summary of accomplishments include:

e Developed a Community Energy Resilience Planning Guide, outlining a step-by-
step framework for resilience projects.

e Made guide and supporting materials (e.g., survey instruments, summary reports)
accessible to partner and non-partner communities.

e Completed the project webpage and provided open access to source codes for
transparency and replication.

e Disseminated project findings through an outreach-oriented toolkit that integrates
examples and best practices.

e Established a foundation for scaling and refining resilience planning across diverse
communities.
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Task Outcomes

Community Energy Resilience Planning Guide

We developed a planning and assessment guideline tool kit for our partnering community
that is accessible to other communities as well. Our aim in preparing a community energy
resilience planning guide is to help communities identify, assess, and solve issues related
to energy resilience using outcomes from the SAFER research project. The purpose of
the guide is to provide a planning framework that communities can follow and apply when
making decisions about energy challenges they face. Figure 33 shows how the guide is
organized and breaks down the process of developing community energy resilience
projects and initiatives into four components or steps. These steps are listed in the order
we envision the planning process taking place, but the components may overlap and be
done in the order best suited for a community’s planning purposes. Each section of the
guide provides an overview, approach, examples and/or identifies potential responsible
parties for different steps and their components in the planning process. The guide
provides a comprehensive framework for helping communities plan community energy
resilience projects with examples, links and important considerations for the planning
process. A copy of the community energy resilience planning guide accompanies this
report.

Impact

The community planning guide will help to guide community energy resilience project
planning on the ground and be refined as it is used and implemented in the field. The
guide provides one outlet for disseminating and educating communities about the SAFER
project. In addition, it is supplemented with additional documentation, including our survey
and survey summary.

Community Energy Resilience Planning Toolkit

Community a. Identify and invite stakeholders and partners to participate (Who needs to be at the table?.)
b. Define S.M.A.R.T +C Goal(s) and associated objectives.
Goals and c. Resource and asset community mapping.
Objectlves d. Identify funding pathways, resource limits, and community concerns.
a. Ildentify measures and resilience indicators.
Data b. Identify data sources to compute measures and indicators.
Collection (). Infrastructure and energy data (in partnership with utility/power company).
(ii). Primary community data (e.g. surveys, assessments, interviews, focus groups).
(iii). Secondary data (e.g. Census, ACS, energy billing, nonprofit partners, weather).
. L. a. Understanding baseline and investment options.
Holistic b. Technical Assessment.
Resilience c. Community Assessment.
A d. Financial and Resource Assessment.
ssessment e. Benefit and Cost Analysis.
Decision a. Deliberative evaluation about tradeoffs and outcomes
And Other b. Project management and “Go” or “No Go” decision points.
Planning c. Evaluation plan.
Considerations

Figure 33: Community Energy Resilience Planning Toolkit
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Assessment Tool /
Task # Performance Metric Success Value Method of Measuring | Progress Notes
Success Value
8.1.1 Planning and | Completion of toolkit for | Completion and | 100%
Assessment Guideline | dissemination distribution to partners
Tool Kits Available and online.
8.1.2 Participation rate in | 70% of committed | Completion of a| 10% We have
community Resilience | stakeholders community resilience | contacted our StAC
Workshop participated. workshop in Year 2 of | members and partners
the project to help with | to begin to inquire
dissemination and | about potential dates
outreach for holding our final
community  resilience
workshop.
8.2.2 Completed Project | Active project web page | A project webpage for | 100%
Web Page and Open | online and original | dissemination of project
Access to Original | source codes posted to | materials is completed
Source Codes accessible open and | and has been made
secure site. available online.
Original Source codes
will be posted on an
open and secure site
(e.g. GitHub)

SIGNIFICANT ACCOMPLISHMENTS AND CONCLUSIONS

The SAFER project successfully advanced both the science and practice of community
energy resilience by combining stakeholder engagement, community-informed data
collection, technical modeling, and outreach. Together, the project’s eight tasks built a
stepwise foundation where community voices shaped technical approaches, and
technical advances were translated back into actionable tools for communities and
utilities.

We began by establishing strong partnerships through the Stakeholder Advisory
Committee (Task 1), which included utilities, local governments, and community
organizations. These partnerships were essential in shaping project goals, ensuring
access to utility data, and fostering community trust that underpins all subsequent tasks.
Building on that foundation, we collected a robust and representative dataset on
household resilience through surveys, focus groups, and workshops (Task 2). This
dataset provided rare and critical insights into energy burden, energy insecurity, and lived
experiences of rural communities, ensuring that resilience models and metrics were
grounded in real community needs. Using these inputs, we developed new resilience
metrics such as community capital-based resilience capacity, energy burden, energy
insecurity indices, and value of lost load that link household vulnerability to infrastructure
performance. The latter three use primary survey data (Task 3). These metrics/features
integrated through Self-Organizing Map (SOM) modeling established quantifiable
baselines for resilience across Ford County, enabling both community-scale and system-
scale planning.

We then advanced technical modeling through the development of a novel
heterofunctional graph (HFG) framework (Task 4). This framework enabled fine-grained
modeling of interdependent systems including power, water, transportation, and
community assets at an unprecedented scale, with over 322,000 nodes. Importantly, we
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introduced the Access Degradation Factor (ADF), which translates infrastructure
disruptions into tangible community impacts/QoL metrics, such as loss of access to
hospitals or groceries. To prioritize where investments matter most, we applied graph
neural networks (Task 5) to identify critical nodes and functionalities within the HFG
framework. This allowed utilities and planners to pinpoint and protect the most essential
services, maximizing resilience benefits with limited resources.

Task 6 moved from analysis to solutions by developing optimization frameworks
for both recloser placement and PV siting. The recloser optimization framework reduced
outage-related costs and customer losses by nearly 30%, while the community-focused
PV siting approach improved the distribution of energy burden, ensuring that resilience
investments directly benefited low-income and vulnerable households. Task 7 produced
resilience heatmaps for Ford County that visually demonstrate resilience strengths and
vulnerabilities across the county. These heatmaps will provide a powerful decision-
support tool for policymakers and community leaders to target future resilience
investments. Finally, Task 8 ensured that all this work would extend beyond the research
team by producing a Community Energy Resilience Planning Guide, an open-access
project webpage, and openly available source codes. These resources make the project’s
technical and community-based findings accessible and actionable for communities far
beyond Ford County, ensuring lasting impact and scalability.

In summary, the SAFER project’s accomplishments are significant because they:

e Built deep community partnerships to ensure relevance and trust.

e Created the first comprehensive dataset on household energy resilience in rural
Kansas.

e Developed new, quantifiable resilience metrics that connect households to
infrastructure systems.

e Advanced cutting-edge modeling tools that capture interdependencies across
infrastructures.

e |dentified the most critical nodes and assets to guide efficient resilience
investments.

e Produced practical strategies such as recloser optimization and community-centric
PV siting methodologies that utilities can act on immediately.

e Generated transferable tools and guides to empower communities nationwide.

Together, these outcomes position the SAFER project as a model for integrating
community engagement with technical innovation, producing resilience solutions that are
both scientifically rigorous and socially meaningful.

PATH FORWARD

While there are many outstanding challenges to address in the broad area of resilience
science and engineering, we describe a few logical next steps that build off of SAFER
research. First, we want to enhance the holistic community capitals framework based on
initial SAFER research on community-capital-based community and energy resilience
metrics using secondary data at the community and county scale. We want to expand the
development of community capital indices, the interrelationships between different
community capital indices, the effects of natural disasters and shocks on community
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capital stocks, and the influence of community capital indices on community wellbeing,
economic situation, and vulnerability. Secondly, we want to determine how to
operationalize resilience metrics that we have developed with community input. This will
involve discussions with all stakeholders and possible refinement of the metrics and
development of software tools to enable efficient computation by non-experts. The
heterofunctional graph-modeling framework will be expanded to include more FEMA
community lifelines, such as communication and shelters. Leveraging the graph neural
network (GNN)-based critical node identification technique from Task 5, future work will
involve applying transfer learning techniques to use the pre-trained models from Ford
County HFG to new, unseen infrastructure networks with minimal retraining. The idea of
using Optimal Transport to guide community-centric DER planning (Task 6) can be
extended to include EV charger planning as well as more advanced business models to
make PV/BESS investments appealing to all stakeholders. Resilience heatmap
visualization tools will be integrated into interactive web-based dashboards that allow
stakeholders to simulate custom scenarios, such as varying weather intensities or
investment options like additional DER placements. We also would like to develop an Al-
chatbot interface for city administrators and emergency management staff to easily use
the core SAFER modeling and impact analyses tools with minimal technical training.

PRODUCTS
Journals/Conferences
a. Published
1. P. Gautam, A. Sreejith and B. Natarajan, "A Transductive Graph Neural Network learning
for Grid Resilience Analysis," 2023 IEEE International Conference on Communications,
Control, and Computing Technologies for Smart Grids (SmartGridComm), Glasgow,
United Kingdom, 2023, pp. 1-6, doi: 10.1109/SmartGridComm57358.2023.10333912
2. Dhanapala, Prudhviraj, Amulya Sreejith, Balasubramaniam Natarajan, and Anil Pahwa.
"Equity-driven Planning of Distributed Solar PV using Optimal Transport," 2025 IEEE
Power and Energy Society General Meeting (PESGM), Austin, TX, USA, 2025.

b. Planned/In Development/Under Review

1. A. Sreejith, R. Madbhavi, P. Dhanapala, B. Natarajan, A. Pahwa, J. Bergtold,
“Socioeconomic Vulnerability based Resilience Assessment Metric for Power Distribution
Systems” IEEE Access (under review)

2. A.Pradeep, A. Sreejith, B. Natarajan, A. Pahwa, “A Flexible and Scalable Multi-Objective
Optimization Framework for Recloser Placement in Power Distribution Systems” IEEE
Transactions on Reliability

3. Gautam, P., Madbhavi, R., and Natarajan, B. "Scalable Ciriticality Analysis in
Interdependent Infrastructure Systems using Functionality Graphs." Submitted to IEEE
Systems Journal, 2025.

4. P. Gautam; R. Madbhavi; B. Natarajan, “Critical Asset and Functionality Identification in
Interdependent Infrastructure Systems”

5. R. Madbhavi, B. Natarajan, “HFG-TK: A Toolkit for Modeling Critical Interdependent
Infrastructure Systems using Heterofunctional Graphs”

6. E. Osman, J.S. Bergtold, E.J. Sutley, M. Graham, A. Guacin, Y. Ren, R. Sharmin,
“Extreme Weather Events, Community Resilience, and Energy Insecurity in Kansas”

7. J.S. Bergtold, Y. Ren, E. Osman, M. Gharib, M. Graham, E. Sutley, “Households’
Willingness-to-Pay to Avoid Power Outages in Rural Areas”
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Presentations

1. R. Madbhavi, B. Natarajan, “Disruption Propagation in Interdependent Infrastructures: A
Heterofunctional Graph Theoretic Approach,” NHERI Computational Symposium, 2025

2. Gautam, P., Natarajan, B., Munikoti, S., Ferdous, S. M., Halappanavar, M. "GNN-Based
Candidate Node Predictor for Influence Maximization in Temporal Graphs." AAAI
Workshop, 2025.

Other Media
1. Project website: https://www.k-state.edu/safer/
2. Press release: https://www.k-state.edu/news/newsreleases/2023-08/Natarajan-energy-
resilience-grant82823.html

Thesis/Dissertations
1. D. Wesseler, “Community Solar: Resident’'s Willingness-to-Pay and the Role of Values,
Beliefs and Energy Situation,” MS Thesis, Department of Agricultural Economics, Kansas

State University, Manhattan, Kansas, USA, 2024.

PROJECT TEAM AND ROLES

Table 18: Project members, expertise, and roles

Investigator Organization Expertise Roles
1. Bala | Professor, KSU ECE?® Cyber-physical-social-systems modeling, | T1, T2, T3,
Natarajan ML with graphs, resilience analysis of | T4
complex systems. 9.6 months
2. Anil Pahwa | Professor, KSU ECE? Power distribution system analysis, system | T2, T3, T4,
level impacts of integration of renewables | 6 months
3. Jason | Professor, KSU AEP Bio- and renewable energy, sustainable | T1, T2, T3,
Bergtold agriculture, technology adoption, land use | T8
economics. 6 months
4. Marcellus | Professor, KSU | Geographic Information System, | T1, T3,
M. Caldas GGSOIP® geospatial analysis and applications, and | 6 months
economic geography.
6. George | Associate Professor, | Privacy, privacy metrics, cybersecurity, | T1, T2, T4,
Amariucai KSU CS¢ social network modelling and machine | 6 months
learning.
7. Fei Ding Distinguished Member of | Renewable energy grid integration, grid | T2, T3, T4
Research Staff, NREL resilience, cybersecurity. 2 months
8. Utkarsh | Senior Research | System-resilience quantification metrics | T1,T2,T3,2
Kumar Engineer, NREL and strategies, DER integration months
9. Rahul | Postdoctoral Scholar, | Critical interdependent  infrastructure | T4, T5, T7
Madbhavi Kansas State University | systems research: modeling, simulation,
critical assets identification, cascading
failures and resilience analyses.
10. Amulya | Postdoctoral Scholar, | Holistic-resilience quantification metrics, | T2, T3, T6
Sreegjith Kansas State University | Recloser and OT-based DER planning.
11. Adwaitha | GRA, Kansas State | Recloser planning and resilience analysis. | T6
Pradeep University
13. David | GRA, Kansas State | Renewable energy, community solar and | T2, T3
Wesseler University agricultural economics.
14. Niranjana | GRA, Kansas State | HFGT development T5
Unnithan University
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Community/Utility/Industry Partners - Stakeholder advisory council (StAC)
1. Nick Hernandez City Manager, Dodge City | 5. Stacy Barnes | City Administrator, City
of Greensburg

2. JoAnn Knight Dodge City/Ford County | 6. Andrea | Ford County Extension
Development Corp. Burns Office

3. Rex Beemer Ford County Emergency | 7. Robert | Solar Prime LLC
Management Reichenberger

4. Al Tamimi Sunflower Electric 8. Shane Laws | Victory Cooperative
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Figure 27: Results comparing the community resilience served for both scenarios
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Figure 27: Results comparing the overall load served for both scenarios.
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APPENDIX 6

Locations Under Outage
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Figure 29. HFGs for weather impact analysis (Tornado scenario).
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APPENDIX 7
Outage Heatmap Locations Under Outage
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Figure 30. HFGs for weather impact analysis (High Winds scenario).
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APPENDIX 8

Comparing Resilience Outcomes of Different Investments

Investrment Option A: Lost Load During Disruption Event
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Figure 31. Comparison of investment options using the HFG framework.
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Combined Feeders - Colored by Resilience
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Figure 32: Ford County resilience heatmap.
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