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Abstract—Recent increase in the number of natural disasters 
resulting in widespread, long-duration, and costly outages have 
brought the energy system resilience to the forefront. As system 
owners and operators seek to improve the system resilience, they 
often find it challenging to assess the costs and benefits of resilience 
investments. Costs are fairly well understood and measured, but 
benefits are less so. There are many resilience metrics that attempt 
to measure resilience benefit, but the existing methods for calculat-
ing metrics and incorporating value of resilience in energy decisions 
are not easily executed. To address this, we developed a method 
for modeling the value of resilience that is flexible and scalable 
across multiple types of models. This article describes a framework 
for incorporating duration-dependent customer damage functions 
(CDFs) into grid- and campus-scale planning and operations mod-
els. In two case studies, we consider how the duration-dependent 
value of resilience influences the investment and operation deci-
sions. We find that in both cases, knowledge of the value of lost 
load provides opportunities to reduce the lifecycle cost of energy 
through adjusted investment or operational decisions. The primary 
contribution of this research is to integrate the duration-dependent 
value of resilience in energy decisions. This study will be useful to 
grid operators interested in reducing the value of customer losses 
during grid outages, as well as campus or site owners evaluating 
resilience investments. 

Index Terms—Energy planning and operations model, energy 
resilience, resilience metric, value of resilience. 

I. BACKGROUND 

R ECENT increase in the number of natural disasters re-
sulting in widespread, long-duration, and costly outages 

have brought the energy system resilience to the forefront. 
Energy system resilience focuses on preparing for, absorbing, 
adapting to, and recovering from disruptions [1]–[4]. Compared 
to reliability, which typically deals with routine, shorter term 
events, and smaller scale impacts, energy resilience addresses 
low-probability, high-consequence events with large-scale and 
long-duration consequences [5]. While reliability metrics are 
mature and widely adopted [6], resilience metrics are not. 

Utilities and communities seeking to identify and invest in re-
silience solutions must be able to quantify the costs and benefits 
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of these investments. While the cost of a given resilience measure 
is fairly well understood (e.g., the costs of labor and materials 
to underground specific power lines), the resulting benefits are 
more difficult to assess, particularly due to a lack of supporting 
data [7]. Several approaches have been developed to quantify 
resilience, including the resilience analysis process [8] and a 
matrix format for quantifying energy resilience [9]; however, 
while many metrics have been proposed [6], [9], [10], most 
remain immature [10], and, no generally agreed-upon resilience 
metrics are used widely today [5], [8], [10]–[13]. Furthermore, 
it is likely that no one metric can be used to quantify resilience, 
because metrics depend strongly on circumstances, goals, and 
perspectives. 

At the highest level, resilience metrics can be categorized 
as “attribute-based” or “performance-based,” where the former 
refers to more qualitative metrics that describe what makes a 
system resilient (e.g., robust, adaptive, and flexible) [6] and 
the latter refers to the quantitative metrics that are needed to 
inform resilience investment decisions [8], [13]. These include 
metrics such as hours of outage or load not served, percentage of 
customers experiencing an outage, number of critical services 
without power, and time to recovery. 

While quantifying the amount of resilience a system pro-
vides is important, it is not enough. To weigh the cost of a 
resilience investment against the benefit, we must also quan-
tify the corresponding value that is retained or added. In gen-
eral, there are two approaches to valuing resilience, which are 
as follows: 1) bottom-up approaches, which assess the value 
of resilience based on customer preferences or behavior; and 
2) economy-wide approaches, which measure how power inter-
ruptions affect economic performance. Bottom-up approaches 
can be further divided into stated or revealed preference meth-
ods. Stated preference methods use surveys to ask customers 
about their willingness to avoid a power interruption. Revealed 
preference methods use real-world data to estimate a value, such 
as the amount that customers have paid to avoid the conse-
quences of a power interruption (e.g., the cost of purchasing and 
maintaining a backup generator). Economy-wide approaches an-
alyze the effects of power interruptions on regional economics, 
using indicators such as economic output and employment [14]. 

The value of lost load (VoLL) is an example of a bottom-up 
approach based on stated preference, where contingent valuation 
is used to estimate the value of avoided power interruptions. The 
VoLL is a monetary metric that describes the costs associated 
with electric grid outages, and it represents an approximate price 
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that consumers are willing to pay for uninterrupted electricity. 
The VoLL is often defined as a static dollar ($)/kilowatt-hour 
(kW·h) value that does not vary with outage duration or magni-
tude of lost load [15]–[20], such that one could multiply VoLL 
times the integral of the lost load to estimate the total cost 
of a disruption of the electricity supply. The VoLL typically 
ranges from $1 to $300/kW·h, and it varies with the attributes 
and context of an outage (e.g., customer type, timing, duration, 
season, region, and location) [12], [19]. 

The VoLL has traditionally been applied to reliability events, 
but may also be adapted to inform resilience cost-benefit anal-
yses [5], [12], [13], [21], [22]. Some work has been done to 
incorporate the VoLL into resilience decisions by including the 
VoLL in the cost of energy for microgrid investment decisions 
[23] or by developing microgrid system designs that minimize 
both the cost of energy and the cost of not meeting the load 
[24]. Other researchers have demonstrated the effects of valuing 
resilience on optimal system costs and sizes for photovoltaics 
(PV) and storage systems that provide backup power during 
grid outages [14], [25]–[28]; however, in all of these cases, 
researchers have assumed a static or constant VoLL. Analysis 
of the VoLL for outages lasting longer than 12 h is limited, and 
the existing methods (e.g., customer surveys) do not capture 
the indirect spillover effects to the greater economy that are 
associated with longer duration outages. While the specific rela-
tionship with time is not well understood, research suggests that 
costs compound with the duration of a large-scale outage [22], 
[23], resulting in a potentially lower $/kW·h cost to customers, 
but higher total economic costs due to the longer duration outage 
[6], [12]. 

Since resilience is tested during long-duration outages, it 
is important to consider how the VoLL may change over the 
temporal arc of an outage that extends for days or weeks. 
Customer damage functions (CDFs) extend the concept of the 
VoLL by showing how the value changes with duration, sea-
son, time of day, or notice of the outage. CDFs show how 
the magnitude of customer losses (per kilowatt [kW] inter-
rupted) change over an outage period [29]. Some initial efforts 
have been made to include CDFs in planning and investment 
models. Moslehi includes a CDF in a model to optimize a 
microgrid design for an office building [30]. Hanna integrates 
CDFs in a microgrid planning and investment model to find 
the optimal tradeoff between cost and reliability [31]. The use 
of CDFs is not yet widespread, however, beyond these initial 
examples. 

This study builds on the existing literature by considering a 
CDF in two scales of energy decision models, microgrid and 
macrogrid. In the following section, we outline a framework 
for estimating a CDF. We then demonstrate its application in 
two case studies. First, we apply it to a grid-scale operations 
model, and second, to a behind-the-meter planning and opera-
tions model. Our goal is to understand whether the change in the 
VoLL over the duration of the outage (represented by the CDF) 
changes investment and operational decisions. In other words, 
the research question we are seeking to answer in this article is, 
do we need to use the more complex duration-dependent CDF, 
or is the static VoLL sufficient? 

IEEE SYSTEMS JOURNAL 

Fig. 1. CDF for an example manufacturing facility with average load of 
500 kW. Source: [32]. 

II. FRAMEWORK FOR MODELING CDFS FOR POWER OUTAGES 

Current methods of modeling CDFs for power outages typi-
cally rely on average costs ($/event) for lost load with no time 
consideration, static values ($/kW·h) that do not change over 
the outage, or extrapolation of costs from a few specific points 
estimated with survey data. These methods are ineffective at 
capturing the impact of outage duration on customer damage. 
We address some of the gaps by adopting a framework developed 
by [32], which accounts for the effects of outage duration when 
estimating the customer cost of a power outage. 

First, we separate outage costs into categories, depending on 
whether the costs vary with outage duration. Fixed costs are the 
same, regardless of outage duration, while variable costs change 
over time. Variable costs can be further separated by whether 
the cost is dependent on the loss of perishable inventory (stock) 
where applicable. Hence, outage costs are equal to the sum of 
the following three categories. 

1) Fixed costs: Costs that are independent of outage duration, 
e.g., loss of computer data; damage to machinery; and lost 
production during system reboot. 

2) Flow costs: Costs that are a function of outage duration, 
e.g., lost worker and machinery productivity, and loss of 
utility services (e.g., streetlights or water treatment). 

3) Stock Costs: Costs due to the damage or spoilage of a 
perishable stock, e.g., food spoilage, steel cooling, and 
stolen or broken assets from looting and vandalism. 

Then, we combine the terms into a single function that can 
be used to holistically capture how damages occur over time (as 
shown in Fig. 1). The functional forms for each cost category and 
examples of how these are estimated for different building types 
are described in [32]. The ultimate shape, slope, and value will 
depend on customer inputs related to their individual loads and 
costs. Additionally, different resilience solutions may impact 
the avoid different categories of costs. For example, the quick 
response time of an uninterruptible power system can avoid fixed 
costs, while a backup diesel generator may avoid flow and stock 
costs. 

This process can be performed for a single customer or a group 
of customers, depending on the desired scale or granularity 
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of the analysis. A single damage function could be used to 
describe a grid node, neighborhood, or city, using individual 
customer damage categories and number of customers in each 
category. Conversely, it would be possible to create unique 
damage functions for each individual building and optimize 
each of the buildings for resilience independently. In the next 
sections, we demonstrate how these damage functions can be 
used to inform energy investment and operational decisions by 
applying them in two models: a grid-scale operations model and 
a campus-scale planning and operations model. 

III. GRID-SCALE PRODUCTION COST MODEL CASE STUDY 

A. Methodology 

In the first case study, we consider how the CDF could be used 
to guide grid operator decisions during a resilience event. If a grid 
operator has knowledge of the time-varying CDFs for different 
types of customers, can the operator strategically allocate limited 
resources (transmission or generation) to minimize the total 
cost of the outage to its customers? We focus on transmission 
and generation resources; while distribution is also important, 
it is not represented in our model. The model presented here 
is primarily used for planning, though a similar methodology 
could be used to develop a tool for real-time prioritization of 
feeder restoration. 

To understand the ability to adjust system dispatch sched-
ules based on expected customer damages, we implemented 
the CDFs concept in an adapted production cost modeling 
framework called the scalable integrated infrastructure planning 
(SIIP) tool. Production cost models simulate power system op-
erations at daily, hourly, or subhourly scales using detailed load, 
transmission, and generator fleet data. In principal, production 
cost models optimize system scheduling decisions, determining 
the least-cost generation commitment and dispatch schedule to 
meet system demand, subject to the physical and regulatory 
requirements of system operations. 

It is important to distinguish between the two different types 
of costs that have been discussed so far in this article, since 
they represent fundamentally different financial consequences. 
CDFs represent losses experienced by customers, whereas the 
SIIP tool optimizes around system costs associated with the unit 
commitment and dispatch of grid-scale assets. Therefore, an 
apparent misalignment occurs when minimizing system costs 
based on customer damagers, since grid operators are most-
directly motivated to minimize their own system costs. A grid 
operator is not directly responsible for a community’s resilience, 
nor will it receive direct financial compensation for a commu-
nity’s improved resilience. However, electricity supply is a key 
component of community resilience, and in turn, this case study 
can be thought of as an evaluation of optimal grid operations 
from a societal perspective. 

Most production cost models can represent generator and line 
outages, but they treat the VoLL as a constant value that does 
not vary over the duration of the outage (shown as the static cost 
curve in Fig. 2), and lost load is the decision variable. In this 
case study, we model a CDF where the VoLL varies over the 
duration of the outage (shown as the duration-dependent cost 

Fig. 2. Outage cost as a function of duration. 

Fig. 3. Outage cost as a function of lost load. 

curve in Fig. 2) to understand the impact on operator decisions 
and costs. This formulation represents the costs of the outage 
as a function of both outage duration and outage magnitude, 
both of which are decision variables, and leads to a nonlinear 
objective function. To linearize the model, while still varying the 
CDF over the outage duration, we approximate the magnitude 
of the lost load with a fixed value over the entire duration of 
the outage. We can then replace outage duration (the x-axis in 
Fig. 2) with the cumulative amount of lost load at up to that hour 
of the outage. This allows us to express the cost of the outage 
as a function of magnitude of the outage (see Fig. 3), which can 
be incorporated in the linear optimization as a piecewise cost 
function. 

We make two additional simplifications. First, we break the 
load into two distinct types: base and cyclic. We assume the base 
component is constant throughout the day, while the cyclic com-
ponent varies by time of day, with a significant peak. The base 
component aligns with our previous fixed value approximation 
of the magnitude of lost load but introduces significant error 
for the cyclic component. A reasonable approximation of the 
CDF for the cyclic component can be made by transforming the 
duration-dependent curve (see Fig. 2) into a cumulative dropped 
load curve where the incremental lost load in time t is equivalent 
to the average cyclic load for all periods ≤ t at each bus. This 
approximation enables a piecewise linear representation of lost 
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TABLE I 
BASE CDF FOR RTS-GMLC TEST CASE 

load and only introduces inaccuracies when the average of the 
cyclic load values for periods ≤ t does not match the total average 
cyclic load. For example, if the amount of the cyclic load dropped 
in the first hour of the outage is 50 MW and the avg. cyclic load is 
30 MW for a particular bus. The approximated cost of dropping 
the cyclic load would be $1720 (30MW ∗ $30/MW + 20MW ∗ 
$41/MW) versus the correct cost $1500 (of 50MW ∗$30/MW). 
Finally, we assume the model can choose to either serve the 
entire load at a bus or drop the entire bus load at any given 
timestep. Serving only part of the load represented by a CDF is 
not allowed. 

The mathematical formulation is similar to a classic unit com-
mitment formulation, but instead of deciding the commitment 
of power plants, our decision variable is whether to serve power 
to a bus or not. The objective function is to minimize the total 
system cost—including the fixed and duration-dependent outage 
cost along with generation costs. The model can represent CDFs 
of individual loads, or aggregate multiple loads at each bus into 
a single CDF. The example test system results scale the generic 
CDF in Table I by bus load levels to generate a diverse set of 
outage costs. 

This information is used by the model to select the bus and 
type of load to serve at each timestep to minimize the CDF during 
a state when there is not enough energy to serve all loads. The 
CDF is considered in concert with all other system operational 
cost parameters to represent a situation where operators can 
make informed decisions on both the scheduling of generation 
and unserved load to optimize the system operation. 

At each timestep, the resilient dispatch model is presented 
with information about the costs associated with not serving load 
at each bus over the next several timesteps, allowing the model to 
optimize the service of load, considering the cost of not serving 
load now versus sometime in the next several time steps. The 
look-ahead window duration is user defined. For the application 
presented here, the look-ahead window has a duration of 4 h. If 
a load is not served, the CDF remains unchanged, and the next 
timestep encounters a CDF commiserate with not serving load 
for two time periods. This assembly allows for a mixed-integer 
linear-programming representation of CDFs to optimize the 
service of critical loads at critical times in a degraded operational 
state. 

Several assumptions guided our modeling approach and sce-
nario representation. First, the model is intended to help a 
system operator redispatch the system once a resilience event 
has occurred or has been forecasted. Second, we assumed that 
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Fig. 4. RTS-GMLC test system consists of three regions with 70 buses and 
150 generators. 

operators would only enter this mode of operation if the system 
is compromised to an extent where the demand in the system 
cannot be met with the generation and transmission assets on 
the grid for the expected duration of the disruption. Finally, 
we assumed that the disruption was large enough to create a 
generation and/or transmission capacity shortage, but not so 
large as to create a fundamental system stability issue or to 
completely isolate a large portion of the network. 

Under these modeling assumptions, we simulated an outage 
where all natural gas generators were offline for 12 h. This could 
be caused by an event like an earthquake or a fault that passes 
through the energy infrastructure. For simplicity in this scenario, 
we assumed that the generator unit-commitment schedule (the 
ON/OFF status of generators) was predetermined and not subject 
to reoptimization during the event. This assumption is made for 
modeling simplicity and computational tractability; although in 
principal, the approach could be extended to reoptimize unit 
commitment decisions to further optimize operations during 
resilience events. The assumption that unit commitment is fixed 
during an event may be valid during events where the forecast 
window is short, and the event duration is not very long. We 
modeled the Reliability Test System of the Grid Modernization 
Laboratory (RTS-GMLC) (see Fig. 4) consisting of three regions 
with 70 buses and 150 generators. The total power lost was 
1600 MW, or 15% of total capacity. We simulate two scenarios, 
first using constant VoLL across all buses, and second using a 
duration-dependent CDF, which also varies by bus. 

B. Results 

We found the total lost load in megawatt-hour was approxi-
mately the same in both the static VoLL and duration-dependent 
CDF cases; however, small operational differences were ob-
served as the two cases are exposed to different costs and drop 
different buses. The total cost of the outage was 22% lower when 
the grid operator had knowledge of how the CDF varied by time 
and bus. The number of locations affected increased with the 
duration-dependent CDF, but the maximum number of hours of 
outage experienced by any bus on the network was only 6 h, 
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Fig. 5. Region 1 system dispatch with duration-dependent CDFs at each bus. 

Fig. 6. Region 1 system dispatch with static VoLL at each bus. 

TABLE II 
OUTAGE IMPACTS FOR STATIC VOLL VERSUS DURATION-DEPENDENT CDF 

compared to 15 h when assuming a static VoLL. This is because 
after few hours, the cost of not serving a bus becomes very 
high, encouraging the operator to restore power and move the 
outage to a different bus with a lower CDF. The average number 
of outage hours experienced in the network is also lower. The 
static VoLL model results in fewer but longer outages because 
the model does not move the outage around. The CDF model 
behaves like a rolling brownout, affecting more consumers but 
for fewer hours. The results for each scenario are described in 
Table II. 

Figs. 5 and 6 show an example of the difference in opera-
tions between the static VoLL and the duration-dependent CDF 
scenarios in Region 1. As generation assets in all three regions 
are affected by the simulated outage, the duration-dependent 
CDF model chooses to start the outage in Region 1 for the first 
few hours, and then moves the outage to Region 2. When the 
net load in the system starts to rise in the evening, the outages 
are moved to Region 1 for a few periods and then split among 
all the regions on the buses that were not affected earlier. This 

behavior of moving the outage around is consistent in most of 
our simulations with the duration-dependent CDF model. 

A different dispatch is observed when using a static VoLL. 
Outages are primarily clustered around the buses with low 
demand. The outages do sometimes move because bus demand 
is changing, and the model minimizes system cost by serving as 
much load as it can with the available generation assets, while 
being forced to make a binary decision on whether to serve a 
bus. This leads to some end-users suffering longer outages than 
in the duration-dependent CDF scenario (15 h versus 6 h). In 
real-world systems, these longer outages could lead to failure of 
critical resources like communications networks, water and food 
supplies, or emergency services. While the number of locations 
affected is lower in the static VoLL scenario, the cost of outage 
is higher. 

While results will vary by event and CDF, this case study 
shows that knowledge of the duration-dependent CDFs (rather 
than just a static VoLL) at each node could result in different 
dispatch decisions and a lower total outage cost. However, it 
is important to note that the difficulty in balancing active and 
reactive power to maintain voltage and frequency while restoring 
the weakened system may impose practical limitations on the 
order of load restoration that is not accounted for in this model. 

IV. CAMPUS PLANNING AND OPERATION CASE STUDY 

A. Methodology 

In the second case study, we consider how the duration-
dependent CDF can be used to guide resilience investment and 
operation decisions for a campus, base, or building owner. If 
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TABLE III TABLE IV 
SITE CHARACTERISTICS AND UTILITY RATE INFORMATION TECHNICAL AND ECONOMIC REOPT MODELING ASSUMPTIONS ∗ 

aBased on the Department of Energy (DOE) commercial reference building load profile for 
climate zone 1A found at https://www.energy.gov/eere/buildings/commercial-reference-
buildings 
bSee https://www.fpl.com/rates/pdf/electric-tariff-section8.pdf 

the site owner understands the duration-dependent magnitude of 
losses they will incur during an outage (rather than just a static 
VoLL), will they make different investment and operational 
decisions to minimize their lifecycle cost of energy? 

Under prior work in [26], we incorporated a static $/kW·h 
VoLL and sized microgrid components for the maximum eco-
nomic benefit, as measured by the net present value of investing 
in the energy system. Benefits from the electricity bill reduction 
by optimally dispatching PV and storage assets during grid-
connected operation, as well as the benefit of surviving grid 
outages, were considered. However, that analysis focused on 
designing systems to survive expected outages in a typical year 
as represented by the customer average interruption duration 
index (CAIDI). This study presents a new methodology that 
considers the full distribution of outage durations, allowing us 
to analyze less frequently occurring, longer duration outages that 
target resilience in addition to reliability. 

To quantify the impact of having a duration-dependent CDF 
on owner investment and operation decisions, we modeled a 
PV and battery system installed to provide power to a large 
office building in Miami, FL, USA. Key site characteristics and 
modeling assumptions are summarized in Tables III and IV. 

To integrate a duration-dependent CDF into site investment 
decisions, we must consider the full distribution of outages 
over the project lifecycle to accurately capture the duration-
dependent effects. We separate outages into common events 
(e.g., those caused by typical reliability issues, such as light-
ning strikes, equipment failure, and human error) and extreme 
events (e.g., those caused by larger scale, rarer events, such 
as natural disasters and cascading failures on the scale of re-
silience considerations). Common events occur more frequently 
and are generally of shorter duration compared to extreme 
events. 

We assume that both outage types are exponentially dis-
tributed, allowing us to characterize the entire distribution using 
mean outage duration. While the assumption of exponentially 
distributed outages may underestimate the likelihood of very 
long outages, this error will not significantly impact the valuation 
of a PV and battery system, which can only support critical load 
for a relatively short duration. 

∗References for all modeling assumptions can be found at https://reopt.nrel.gov/tool/ 
REopt%20Lite%20Web%20Tool%20User%20Manual.pdf 

TABLE V 
AVERAGE SAIFI AND CAIDI STATISTICS FOR THE SOUTHEASTERN 

UNITED STATES (EIA 2014-2018) 

Data on mean outage durations for common and extreme 
outage events are not publicly available. However, utilities do 
provide data on mean outage durations during major and non-
major event days. By assuming common outage events have a 
mean duration close to outages during nonmajor event days, 
and extreme outage events have an average duration close to 
outages during major event days, we can parameterize an outage 
distribution using publicly available outage data (see Table V). 
Fig. 7 shows the resulting probability distribution of the length 
of outages in the southeastern United States. As outage duration 
increases, the fraction of outages due to extreme events increases 
as well. 

Additionally, we assume outages occur with equal frequency 
across the year and that outage duration is independent of the 
outage start time. We also assume no advanced warning comes 
before an outage event. 

Next, we developed a duration-dependent CDF using the 
framework described in Section II. We used data on outage 
costs for large commercial and industrial customers from [22] to 
estimate the fixed and flow costs experienced by the large office 
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Fig. 7. Probability distribution of different outages types. 

Fig. 8. Total outage cost as a function of outage duration. 

TABLE VI 
COST COMPONENTS IN THE MODELED OUTAGE COST FUNCTIONS 

building (with stock costs assumed to be zero).1 To compare 
the duration-dependent CDF with an equivalent constant VoLL, 
we set the constant VoLL as shown in the following equation, 
so expected outage costs without a backup system for both the 
CDF and constant VoLL scenarios are equal 

Constant VoLL = Flow Cost + (Fixed Costs) /CAIDI. 
(1) 

Fig. 8 shows the two methods of valuing lost load compared 
in this analysis, and cost breakdowns for each method of valuing 
lost load are summarized in Table VI. 

The value of resilience of a backup system is the difference 
in outage costs with and without the system. We assume outage 

1We assume that the systems modeled cannot address momentary inter-
ruptions (e.g., those lasting on the order of a few seconds); therefore, costs 
associated with these momentary interruptions are not included in the outage 
cost estimates and momentary interruptions are not included in the modeled 
outage distributions. 

costs begin once the system fails to meet critical load and assume 
the system cannot be restarted once it fails. A system can prevent 
fixed outage costs if the outage duration is less than the duration 
for which the system can supply energy (denoted as τ (t)). The 
system also reduces flow outage costs by the amount of critical 
load supplied during the outage. Equation (2) displays the system 
value for an outage starting at time t, with a critical load profile 
of L, and a distribution of outage durations f(δ). 

� τ(t) � � min(τ,δ) 
�

V (t) =  f (δ) Cfixed + Cflow L (t + z) dz dδ 
0 0 

(2) 
Total resilience value can be calculated by taking the average 

of (2) across each hour of the year and multiplying by the present 
value of the expected number of outages over the system lifetime. 

Finally, to co-optimize the technology sizing for both grid-
connected benefits and resilience value, we developed an algo-
rithm using a techno-economic optimization model called REopt 
[33]. Formulated as a mixed-integer linear program, REopt 
solves a deterministic optimization problem to determine the 
optimal selection, sizing, and dispatch strategy of technologies 
chosen from a candidate pool, such that electrical and thermal 
loads are met at every timestep at the minimum lifecycle cost. 
In this case, we size the system to maximize grid-connected 
benefits and resilience value but assume the system is dispatched 
solely to maximize grid-connected benefits. This assumption 
captures the fact that a system operator typically does not know 
beforehand when outages will occur or how long an outage will 
last. Because REopt is a mixed-integer linear program, and the 
value of resilience equation, (2), is nonlinear, an iterative process 
was used to converge on the optimal PV and battery sizes. 

REopt solves for the optimal system size S∗ to minimize the 
total cost of electricity over the project lifecycle. Denoting R(S) 
as the revenue generated by the system and C as the unit costs of 
the system components (where S and C are vectors that include 
PV, battery, and inverter costs), then REopt can be described as 
solving the following equation: 

S∗ (C) = arg  min  C ∗ S − R (S) . (3) 
S 

Let v(S) � V(S)/S denote the per-unit value of resilience, 
where V is given by (2). Then, once the value of resilience value 
is included, the true optimal system size becomes 

S∗∗ (C) =  arg  min  C ∗ S − R (S) − v (S) S 
S 

= arg  min  (C − v (S)) ∗ S − R (S)
S 

= S∗ (C − v (S∗∗)) . (4) 

If the per-unit value of resilience of the optimal system is 
known, then the co-optimized system is equal to the REopt 
solution where the per-unit resilience value is subtracted from 
the per-unit system costs. While we obviously do not know 
the resilience value of the optimal system because the optimal 
system is what we are trying to solve for, this framework allows 
for an iterative process to determine the optimal system size. 
At each iteration, we solve REopt using the component costs 
minus the resilience benefits, and then, update the resilience 
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Algorithm 1: Iterative Approach to Determine the Co-
Optimal System Size. 

1. S0 = Sstart 

2. repeat 
3. S1 = arg  mins[C − v(S0)]S − R(S) → Solve 

using REopt 
4. S0 = S1 

5. until|v(S1) − v(S0)| < tolerance → Determined 
from (1) 

6. return S1 

Fig. 9. Average outage survival duration for various critical load factors. 

benefit estimates using the solved system sizes as inputs to the 
value of resilience calculation as given by (2).2 This approach 
is summarized in Algorithm 1. 

Sstart can be set to zero if the system size is nonzero without 
considering resilience benefits. Otherwise, a nonzero initial bat-
tery size may be required to account for the case where a battery 
is not cost effective when the value of resilience is not modeled, 
but the battery is cost effective when the value of resilience is 
incorporated. We further assume that the inverter is sized to meet 
peak critical load and only focus on the resilience benefits of the 
PV and battery storage capacity. 

B. Results 

We solved for optimal technology sizes, co-optimizing for 
both grid-connected benefits and resilience value for a range of 
critical load factors, to compare the effects of incorporating a 
time-varying CDF over having a constant VoLL. Fig. 9 displays 
the average outage survival duration for various critical load 
factors. Due to the relatively high cost of battery storage, the 
systems only provide backup power for relatively short outages. 
However, because a large fraction of outages is of short duration, 

2In this case study, the battery inverter sized is able to meet peak critical load; 
therefore, additional inverter capacity does not add to the value of resilience. We 
also assume the battery serves critical load net of PV generation, and the battery 
receives the full portion of fixed cost reductions. 

TABLE VII 
OPTIMAL SYSTEM SIZING AND COST RESULTS 

the co-optimized systems more than double average survival 
duration in all cases without a value of resilience. Furthermore, 
having a time-varying CDF increases the total system value 
compared to a constant VoLL, particularly for midrange critical 
load factors (e.g., 30%–60%). This is because the systems sized 
for these load levels are best able to prevent the fixed costs 
from short-duration outages but are unable to provide power 
for long-duration outages, so how costs vary over the duration of 
the outage greatly impacts sizing decisions. Because systems are 
able to prevent most outages and survive the full outage duration 
at critical load factors below 30%, and systems are not able to 
prevent or survive most outages at critical load factors above 
60%, differences between how lost load is valued at those critical 
load factors are not as impactful in the overall optimization. 

Table VII displays the numerical results for a system with 
a 50% critical load factor. The “No resilience value” scenario 
assumes the system cannot provide backup power, so full outage 
costs are incurred over the analysis period. Moving from a con-
stant VoLL to a time-varying CDF increases the optimal PV size 
by 13% and optimal battery size by 16%. Even though the system 
can only provide backup power for a relatively short duration, 
it still reduces a significant percentage of outage costs, up to 
32%, with the time-varying CDF approach reducing total outage 
costs by an additional 10% over the constant VoLL scenario. 
This analysis suggests that a PV and battery backup system can 
provide resilience value, even if it can only support load for a 
short duration. Furthermore, not considering the time-dependent 
nature of costs incurred over an outage can cause a site owner 
to underinvest in backup systems and not fully capture the value 
of resilience such systems provide. 

Because short-duration outages occur at the highest fre-
quency, system sizing decisions at sites with high fixed costs 
or flow and stock costs that skew toward the first few hours 
of an outage can be significantly impacted by knowledge of 
how the VoLL varies over time. Assuming a constant VoLL in 
these scenarios can result in undersized systems and suboptimal 
lifecycle economics. Furthermore, as the probability of extreme 
events increases in the future, knowledge of outage distributions 
and duration-dependent costs will become increasingly more 

Pursuant to the DOE Public Access Plan, this document represents the authors' peer-reviewed, accepted manuscript. 
The published version of the article is available from the relevant publisher.



9 

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

ANDERSON ET AL.: INTEGRATING THE VALUE OF ELECTRICITY RESILIENCE IN ENERGY PLANNING 

important. The higher frequency of longer duration outages 
places more value on additional hours survived, so the marginal 
benefit of new systems will not decline as steeply as a function 
of the system size. While the magnitude of the impact on 
investment decisions between assuming a constant VoLL or a 
duration-dependent CDF will vary by location, site characteris-
tics, outage distributions, and other cost assumptions, this case 
study shows how knowledge of a CDF can change investment 
decisions to reduce outage costs. 

V. CONCLUSION AND FUTURE RESEARCH 

As system owners and operators seek to improve system 
resilience, they must be able to weigh the cost of a resilience 
investment against the benefit it provides. While a static VoLL 
is traditionally used for valuing reliability investments targeted 
at shorter term outages, resilience is tested during long-duration 
outages, so it is important to consider how the VoLL changes 
over the temporal arc of an outage. This study showed that 
integrating the duration-dependent CDF, rather than the tradi-
tional static VoLL, into energy decision models can change both 
investment and operational decisions. 

In the grid-scale operations case study, we saw that knowl-
edge of the duration-dependent CDF (rather than just a static 
VoLL) at each node resulted in different dispatch decisions 
and a 22% lower total outage cost for the system evaluated. 
Similarly, in the campus-scale planning case study, the results 
showed that only considering a static VoLL led site owners to 
underinvest, sizing smaller, suboptimal PV and battery systems. 
When the duration-dependent CDF was known, the site was 
able to decrease the total outage costs by 10%. Knowledge 
of duration-dependent CDFs is especially important for sites 
with high fixed costs, or flow and stock costs that skew toward 
the first few hours of an outage. Assuming a constant VoLL in 
these scenarios can result in undersized systems and suboptimal 
lifecycle economics. Furthermore, as the probability of extreme 
events increases in the future, knowledge of outage distributions 
and duration-dependent costs will become increasingly more 
important. The higher frequency of longer duration outages 
places more value on additional hours survived, so the marginal 
benefit of new systems does not decline as steeply as a function 
of the system size. 

While this work represents an important step forward, the 
models and case studies presented here address only a narrow 
part of resilience. Disruptive events include four stages (i.e., pre-
pare, absorb, recover, and adapt), and resilience solutions need 
to address all of these. Our modeling capabilities are currently 
focused on the absorb phase, but these could be expanded to 
address broader resilience solutions. For example, the model 
used for the grid-scale case study could be expanded to inform 
decision making for recovery by adding a real-time component 
with the ability to bring generators and transmission lines back 
online subject to repair cost, as well as optimizing the order 
in which units come back. This model could also be coupled 
with a commitment model to update unit commitment schedules 
and loads to reflect recovery from the event. Ultimately, the 
grid-scale modeling can be expanded to capacity-expansion 

modeling to not just operate systems for greater resilience, but 
design systems for greater resilience. 

In addition to the narrow scope of the models, another limita-
tion is that they are deterministic, mixed-integer linear programs, 
while the characteristics of resilience events are highly uncertain 
and nonlinear. Using a stochastic modeling framework such as 
Monte Carlo analysis to represent uncertainties around outage 
characteristics (type, time, and duration of event), load, and 
CDF values, and a nonlinear model to more accurately cap-
ture resilience values that change over time, may lead to more 
informative results. 

A final important area for future research is resilience val-
uation data. The case studies presented here were based on 
hypothetical CDFs. In reality, data on VoLL and how it varies 
over time is quite limited. Therefore, even if we improve the 
modeling methods, it may still be difficult to get the detailed 
customer valuation data required for this type of assessment 
to produce meaningful results. Further research in this area is 
needed to develop CDFs for a range of buildings and engage 
with utilities to develop CDFs for larger scale analyses (whole 
neighborhoods or cities) that reflect not just utility costs but the 
larger societal costs of resilience events, and how these may 
change in the future with regional growth. Additionally, more 
information is needed to understand the value of supporting only 
a fraction of the critical load. In our model, we assumed we must 
support all of the critical load at a bus to avoid the outage cost, 
but, in reality, there is likely some value to supporting only part 
of the load. 

Beyond the limitations of the specific methods presented 
here, broader questions should be addressed in future work. 
Understanding how VoLL evolves over the temporal arc of a 
resilience event is a useful step forward in valuing resilience 
investments—but this is only one component of resilience value. 
To assign an appropriate value to resilience during a large-
area, long-duration resilience event, we must also understand 
the nature, extent, and evolution of system-wide consequences 
and interactions due to sectoral interdependencies (e.g., water 
and natural gas), then translate the consequences of such an 
event to impacts on societal welfare through health, safety, and 
the economy. This is beyond the scope of the work presented 
here, but important for future efforts aimed at valuing resilience 
investments. 
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