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Abstract—This paper introduces a one-leader, multiple-
follower Stackelberg game framework for designing incentives
to enhance power system resilience through the strategic deploy-
ment of distributed energy resources (DERs) under contingency
events. The framework models a system operator (leader) who
provides incentives to influence community investment decisions
toward achieving societal benefits, while communities (followers)
optimize their individual objectives based on the given incentives
and available resources. The proposed model addresses the crit-
ical challenge of aligning community-level investment decisions
with system-wide resilience objectives. A case study involving a
three-community system is conducted to validate the model. The
results demonstrate that financial incentives effectively stimulate
communities to invest in DERs, mitigating contingency events and
significantly reducing total system load shedding. This framework
provides policymakers and system planners with a practical
tool to design financial incentive programs that simultaneously
optimize system resilience, community investment behavior, and
economic efficiency across multi-community networks.

Index Terms—Stackelberg game theory, bilevel optimization,
power system resilience, distributed energy resources, incentive
design, transmission contingencies

I. INTRODUCTION

The increasing frequency of power system disruptions, ex-
emplified by the 2021 Texas winter storm [1] and California’s
Public Safety Power Shutoffs [2], highlights the critical need
for enhanced grid reliability and resilience. Historical black-
out events showed that restoration times and outage impacts
vary significantly across regions and customer segments [3].
Distributed energy resources (DERs), such as solar panels and
battery storage, offer a promising solution to enhance reliabil-
ity and resilience at community level. By decentralizing energy
generation and storage, DERs reduce reliance on centralized
infrastructure and enable faster recovery during outages, while
providing critical backup power to vulnerable regions.

Despite the potential benefits of DERs, microgrids and com-
munities often face significant barriers to investment, including
limited financial resources and insufficient motivation to prior-
itize resilience enhancements over other essential needs. This
disconnect stems from the fact that individual communities
tend to base their investment decisions on private costs and
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benefits, while the broader social value of resilience,such as
system-wide reliability and reduced losses from outages, is
often overlooked. This misalignment results in a market failure
that necessitates policy intervention to bridge the gap between
private interests and public objectives. While various policies
and regulatory approaches have attempted to address this issue,
many rely on ad-hoc, non-systematic incentive structures that
may not fully account for the nuances of optimizing financial
mechanisms for DER adoption to enhance resilience [4]. To
ensure efficient outcomes, a systematic framework is required
to determine optimized incentive parameters tailored across
different incentive types.

The design of effective incentive mechanisms to promote
DER investments and utilization has been extensively studied
in recent years. For instance, Huang and Soder proposed
a modeling framework to assess how incentive regulations
impact distribution network investments [5]. Wang et al.
developed mechanisms for sharing DERs, aiming to minimize
energy costs for users [6]. Brown and Sappington examined
cost-sharing policies for DER projects, highlighting their sen-
sitivity to specific elements within the implementation envi-
ronment [7], [8]. Similarly, Garcia-Garcia et al. assessed the
financial feasibility of microgrid projects under four distinct
tax incentives [9]. Further discussions on various incentive
policy approaches can be found in works such as [10]-[13].

While these studies provide valuable insights into the
economic feasibility and profitability of incentives for DER
adoption, they often prioritize cost optimization and financial
performance over resilience enhancement. Few of them have
specifically addressed how incentive design can explicitly
align with the goal of improving power system reliability and
resilience. Given the increasing threats to grid stability, a key
challenge lies in understanding how to structure incentives that
optimize both resilience outcomes and economic efficiency.
Filling this research gap is a prerequisite for ensuring that
DER deployments effectively blend economic viability with
vital system-wide resilience and reliability enhancements.

This work tackles the critical challenge of integrating re-
silience enhancement into incentive design by proposing a
comprehensive Stackelberg game framework. It is formulated
as a bilevel optimization model with multiple lower-level
problems to account for the diverse responses of individual
communities. Stackelberg game theory provides a powerful



tool for modeling the hierarchical interaction between strategic
decision-makers, where the leader determines the incentive
structure first, and the followers react accordingly.

In the upper level of the framework, the system operator
optimizes incentive parameters to minimize system-wide load
shedding under contingency scenarios, placing resilience out-
comes at the forefront of decision-making. In the lower level,
the model captures the heterogeneous responses of commu-
nities to the incentives, reflecting varied investment behaviors
influenced by local conditions and resource availability. By
explicitly connecting the overarching resilience objectives of
the system operator with the individual investment decisions of
communities, this bilevel framework ensures a systematic and
cohesive approach to incentive design. It provides a pathway
to align community-level actions with the broader goals of
enhancing grid reliability and resilience in an efficient manner.

The remainder of the paper is organized as follow. Section II
presents our one-leader multiple follower Stackelberg game
model for incentive design. A case study is analyzed in
Section III. Finally, the paper is concluded in Section IV.

II. MODEL FORMULATION

We formulate a one-leader multiple-follower Stackelberg
game where a system operator (leader) provides incentives to
influence community investment decisions toward achieving
societal benefits, while communities (followers) optimize their
individual objectives given these incentives and available re-
sources. The framework is formulated as a bilevel optimization
problem, with the system operator’s decisions modeled in the
upper level and communities’ response represented as distinct
lower-level problems. The incentives include the subsidies for
installing photovoltaic (PV) devices, battery energy storage
systems (BESS), and the credit for holding energy at the BESS
as emergency reserve to be used in contingency events.

A. Lower-Level Problems: Community Optimization

We assume there are N communities in the system. Each
community n € "= {1,2,--- , N}, acting as an independent
follower, responds to the system operator’s incentive and
minimizes its total cost, including net investment costs and
expected operational costs across normal and contingency
scenarios.

: pv ppv batt pbatt _ ypv _ gbatt _ 7E
min CPPMN + C*™P, -1 I,

Yn
ann n n 1
+a E w Cn,tpn,t
teT
E c c ,C shed , shed
+ w (Cn,tpn,t + Cn,t pn,t ) (])
teTe
st (2—18)
— pv batt min 7PV 7batt yE _.n c shed
Where Yn _' (P’n 7Pn aEn 7171 7In aInapfrmpnapn Y
pvr peh pdis: gbatt,) represents all decision variables for

community n.
The first line of (1) calculates the net investment costs
incurred by community n for installing new devices. CP¥ and

979-8-3315-8138-1

CPat represent the unit costs of PV and battery, respectively;
IV, 1P2% and I® denote the total incentives provided for
PV, BESS, and emergency reserve, respectively; PPV, pBatt,
and E;;ﬁn are the size of PV, the size of BESS, and the
amount of emergency reserve held in the battery to be used
in contingency for community n, respectively.

The following constraints are defined for all n € N. To
avoid duplication, we introduce S = {n,c} to represent the
set of normal and contingency scenarios, with n and c being
superscripts to distinguish parameters and decisions variables
associated with different scenarios. The set of time indices is
represented as 7 = {1,2,--- ,T} with T» =T.

The subsidies provided by the system operator for unit size
of PV and battery investments are SP¥ and SP?'*, respectively,
and the credit for holding unit energy at the battery for use
during contingency is C'¥. The upper limit for each type of
subsidy and credit can be received by the communities are
TPV, b2t and TP, respectively. Then we have

IV < SR, IR < I @)
I}L)att S Sbattp”b;ltt’ Isatt S Ibatt, (3)
Iy <CPER™, 1Y < I° )

Contingency event starts at time 7, and all the time steps
are collected as 7°¢ = {f,f—l— 1,---,T} C T. Parameters w"
and w® denote the probability of normal condition and con-
tingency event, respectively; Cy, ;, Cy 4, and Cf}}fd represent
the electricity price under normal condition, electricity price
during contingency, and the cost of unserved load, respectively.
The decision variables pj ;. pg . and p3’s? represent the
amount of power purchased under normal condition, purchased
power during contingency, and the amount of load shedding,
respectively.

PV generation is limited by solar irradiance and installed

capacity under normal condition and contingency scenarios:

0<py®<ri,PX» VseS&, teT?, (5)

n,t

Battery operation should satisfy power and energy limits:

0<ps, plisn < PPt s S, te T, (6)

Eglin < ez?ttt,n < PrllaattDbatt VteT, %
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where D" is battery duration; p,’;*, p,, 7", and e, are

decision variables for BESS charged power, discharged power,
and state of charge (SoC) at time ¢.
The dynamics of the BESS SoC can be modeled as follow
forallse S, teT*:
batt,s ez.atti,i o (ndispgii,s N nChp;:l},l£S> AT, (9)

en,t -

where n°® and 7% are battery charging and discharging
efficiencies, respectively; AT represents time step length. We
assume the battery is half charged at both the beginning and
end of the operational time horizon under normal condition.
The initial SoC in the contingency scenario depends on the
corresponding battery state under normal condition. The SoC



at the final time step in the contingency scenario is left
unrestricted. Such boundary conditions are formulated as:

batt n_ =0. 5PbattDbatt

is_dis,n ch,n
bt (nd Par = 1S ) AT,
(10)
ezatft,c _ e];a{ttql _ (ndlspdm ,C nchpch c) AT, (11)
eZa;t o —0. 5PbattDbatt (12)

Battery cycling limit is imposed by restricting total dis-
charged energy under normal condition:

z : ebatt n < 011mPBattDBatt
teT

13)

where 6™ is the number of cycle limit. The battery operation
in contingency is not restricted because such events typically
have a low probability of occurrence.
Power should be balanced to satisfy demand under normal
and contingency scenarios:
PR P~ P P = Doy

ch,c cont shed

7pnt +pnt +p71f

VteT, (14)
=D, Vte T, (15)

pv,C dlS c

Pn ,t +
where Dn,t represents the load at time ¢.

We assume that each community can only purchase power
under normal condition but is permitted to sell power to other
communities during contingency. While the system has suffi-
cient transmission capacity to meet the load demands of all
communities, limits on power purchases may be imposed by
the system operator during contingency. The related variables
have the following bounds:

phy>0 VEeT, (16)
P <pp,<P,, VteT", (17)
0< Pt <D, VteTS, (18)

where P¢ n,¢ and P .+ are lower and upper limits for power
purchase in contingency scenario, respectively.

B. Upper-Level Problem: System Operator

As the leader in the Stackelberg game, the system
operator selects the optimal incentive parameters x =
(SP",S""‘“,CE,]PV,Iba“,IE,EC,?C) to minimize total load
shedding of all communities during contingency. With the
lower-level community model presented in the previous sec-

tion, the upper-level problem is formulated as follow:

mln Z Z shed (19)
neN teTe

st (21 — 26)
pired ¢ argmin{(1),|(2 — 18),} Vne€N. (20)

The system operator is subject to a budget constraint that

accounts for the total incentives provided:
N(IPY 4 1P 4 TB) < B, 1)

where B denotes the total budget of the system operator.
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Fig. 1: Three-community system with transmission network.
Community 1 is connected to the power market as well as to
the other two communities.

Power flow through transmission lines should be balanced
at each community and within line capacity:

Zplt

Y Bi=r,WmeNsseSteT, (22)

let(n lef(n)
—Plgpl’tgPl, VieL,s€S, teT?, (23)
—liecP < pf, o <liecP, VIEL, teT, (24)

where t(n) and f(n) are the sets of transmission lines going
into and out from community n, respectively; C is the set of
lines disconnected in the contingency event; P; represents the
capacity of line [. Variables p;'; and pj, denote the power
flow through line [ at time ¢ under normal and contingency
conditions, respectively. I;<¢ is an indicator function that takes
1 if | € C and 0 otherwise. 7" is the set of all time indices
during which the lines are disconnected.

The power purchase limits for each community have the
following bounds:

P, <0 VneN,teT",
P,,>0 YneN, teT"

(25)
(26)

III. CASE STUDY
A. Case Setting

We analyze optimal incentive design for a three-community
system illustrated in Fig. 1. Community 1 is connected to the
power market as well as to the other two communities.

A 5% discount rate is applied over a 16-year lifespan of
the equipment. The average electricity price, load profiles
and solar capacity factors for three regions in August 2024
are extracted from CAISO to represent a typical day in the
analysis. Each region corresponds to one community in the
system. The load is scaled to reach a peak demand of 100 MW,
assuming similar load levels across all three communities. The
cost of unserved demand is set to be 10 times the electricity
price. The data are visualized in Fig. 2.

Installation costs for PV and BESS are $1.2 M/MW and
$1.6 M/MW, respectively. The BESS is assumed to have a
4-hour duration. To enhance realism, we discretize incentive
values and PV/BESS sizes using integer variables. The PV and
BESS sizes range from 0 to 100 MW, in increments of 10 MW.
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Fig. 2: Input parameters of the use case, including power price,
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Fig. 3: The contingency event analyzed in the case study.
The transmission line connecting Community 1 to the power
market is disconnected.

Incentives for PV and BESS range from 0 to $0.4 M/MW and
$0.5 M/MW, respectively, with increments of $0.1 M/MW. At
most, half of the BESS energy capacity can be designated
for emergency reserve, with a credit capped between 0 and
$0.4 M/MWh, in increments of $0.1 M/MWh. The total budget
of the system operator for providing incentives ranges from 0
to $300 M.

The contingency event analyzed in the case study is shown
in Fig. 3. The transmission line connecting Community 1 to
the power market is disconnected, causing the entire three-
community system to be isolated from the main grid. The
contingency scenario is assumed to begin at 2 p.m. and last
for 6 hours, with a 5% probability of occurrence.

B. System Load Shedding and Detailed Incentives

Fig. 4 illustrates the load shedding experienced by each
community during the contingency event under various incen-
tive levels. Without any incentives, the total load shedding
across all communities is 423.4 MW. This is significantly
reduced to 210.8 MW when a $50 M incentive is provided.
Further increasing the incentive to $100 M lowers the total
load shedding to 114.9 MW. To bring total load shedding
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Fig. 4: Load shedding of each community under different
incentive budgets.
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Fig. 5: Unit and Total incentives for battery, emergency
reserve, and PV under different incentive budgets.

below 50 MW, an incentive of $200 M is required. With an
incentive budget of $300 M, all loads can be fully satisfied
during the contingency event.

The marginal benefit of total incentives diminishes as the
budget increases. The first $150 M reduces over 80% of the
total load shedding, whereas achieving the remaining 20%
requires an additional $150 M.

The contingency event leads to varying levels of load
shedding across communities, with incentives affecting each
community differently. When comparing the $50 M incentive
budget to the case with no incentive, the load shedding in
community 2 is even higher. This outcome may be attributed
to the fact that the communities prioritize minimizing their
total costs over solely reducing unserved load.

Fig. 5 illustrates the detailed unit and total incentives
allocated to BESS, emergency reserve, and PV under various
incentive budgets. Notably, incentives for PV are only pro-
vided at the highest budget level, suggesting that communities
are more inclined to self-finance PV installations due to their
ability to generate cost-free power once installed.

The unit incentives for BESS and emergency reserves
increase as the total budget grows, particularly when the
budget is low. However, these incentives stabilize once the
budget reaches $100 M. As shown in Fig. 5b, a larger portion
of the incentives is allocated to encourage communities to
maintain emergency reserves, as this energy is crucial for
sustaining operations during contingency events when other
power sources are unavailable.
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Fig. 6: Installed PV, battery and emergency reserve by each
community under different incentive budgets.
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Fig. 7: Investment cost and total cost by each community under
different incentive budgets.

C. Community Investment Response

Fig. 6 illustrates communities’ investment decisions in re-
sponse to system incentives as the incentive budgets increase.
Without any incentives, communities install between 70 MW
and 90 MW of PV devices, which remains at no less than
80 MW once incentives are provided. Although no direct
incentives are allocated for PV installation when the budget
is below $300 M, PV investment decisions are still indirectly
influenced by incentives for other resources. The consistently
high levels of PV installation support our earlier hypothesis
that communities are more inclined to self-finance PV instal-
lations due to their long-term benefits.

Across all incentive budget scenarios, communities con-
sistently allocate half of the battery’s energy capacity as
emergency reserves, which represents the upper limit set by
our model. This high proportion of emergency reserves aligns
with the substantial incentives provided by the system. No-
tably, higher credit for emergency reserves indirectly motivates
communities to install larger BESS. As a result, we observe
that battery sizes increase as the incentive budget grows.

Fig. 7 illustrates each community’s total investment costs
for PV and BESS, as well as their total costs over the 16-
year lifespan of the equipment. Higher incentives clearly en-
courage greater investment in distributed resources. Although
the installation costs for PV and BESS increase with higher
incentives, each community’s total cost decreases overall.
Similar to the system’s load shedding behavior, the marginal
impact of incentives diminishes as the total incentive budget
increases.
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IV. CONCLUSION

This paper develops a generic bilevel optimization model
to design financial incentives that enhance power system
resilience through the strategic deployment of distributed en-
ergy resources (DERs). The proposed methodology effectively
tackles the critical challenge of aligning individual community
investment decisions with system-wide resilience objectives
under normal and contingency events.

A case study involving a three-community system is con-
ducted to validate the proposed model. Incentives are offered
to communities to encourage investment in DERs and the allo-
cation of emergency reserves to mitigate contingency events.
As the incentives increase, the total system load shedding
decreases, community investment in DERs rises, and overall
total costs decline. However, the marginal effectiveness of the
incentives diminishes as the total incentive budget grows.

Future research could expand the framework to account
for multiple contingency scenarios with varying durations
and seasonal conditions. For large-scale problems, developing
advanced solution techniques will be essential to efficiently
solve the optimization model.
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