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Abstract—Extreme weather events, intensified by climate
change, pose increasing threats to power system reliability by
introducing large uncertainties on both supply and demand
sides. However, most existing studies focus on reserve optimiza-
tion under normal operating conditions, where uncertainties
are relatively small, and reserves are typically set using fixed
margins or predefined reliability standards. Such approaches are
insufficient to capture enlarged risks during evolving hazards.
This paper develops a risk-aware reserve optimization framework
that explicitly accounts for uncertainties from demand loss and
generator contingencies. By integrating an Entropic Value-at-
Risk (EVaR)-based demand risk assessment with a scenario-
based generation outage model, the framework enables adaptive
optimization of upward and downward reserves under evolving
hazard conditions. A case study on the Puerto Rico power
grid during Hurricane Fiona shows that traditional fixed-margin
methods substantially underestimate reserve requirements. The
proposed method provides a robust tool for enhancing power and
energy system resilience under extreme events.

Index Terms—reserve optimization, extreme events, uncer-
tainty, power systems, resilience

I. INTRODUCTION

Climate change is intensifying extreme weather events,
such as tropical cyclones, heatwaves, and floodings, that
increasingly disrupt electric power systems. Since the early
21st century, over 80% major U.S. blackouts were caused by
weather events [1]. Hurricanes have caused two system-wide
catastrophic blackouts in Puerto Rico and widespread power
outages along the U.S. Gulf and East coasts [2]. In China,
both the frequency and duration of power outages have risen
during extreme events such as heatwaves [3].

Extreme weather events not only cause physical damage
to power infrastructure but also pose significant challenges
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to system operation, introducing far greater uncertainty than
under normal steady-state conditions [4]. Also, extreme events
such as hurricanes can damage distribution lines and poles,
leading to widespread feeder outages in distribution networks.
During such events, the demand uncertainty increases signif-
icantly [5]. On the other hand, the large-scale integration of
renewable energy sources such as solar and wind has made
power generation more sensitive to environmental conditions
[6]. Hurricanes can damage renewable energy infrastructure
and cause a sharp drop in generation output, due both to
high wind speeds exceeding turbine cut-out thresholds and
to large cloud structures that significantly reduce solar irradi-
ance. These uncertainties from both the supply and demand
sides collectively amplify variability in the power system’s
supply-demand balance, increasing short-term flexibility re-
quirements. In particular, the simultaneous loss of generation
and the surge in demand fluctuations during extreme events
can rapidly exhaust available reserves and ramping capabili-
ties. Therefore, it is critical to quantitatively assess how much
flexible reserve capacity the power system must maintain
under extreme weather conditions to ensure resilient operation.

However, in existing studies on resilient power system
operation under extreme weather conditions, reserve capacity
requirements are often set as a fixed proportion of baseline
demand and imposed as constraints in optimization models [7],
[8], rather than being fully optimized by accounting for system
uncertainties. For example, in a risk-aware unit commitment
(UC) model [8], upward reserve requirements are chosen based
on North American Electric Reliability Corporation (NERC)
guidelines, which specify a reference reserve margin of 15%
[9]. In addition, many existing studies focus on optimizing
system reserves under normal operating conditions, accounting
for relatively small disturbances such as N-1 contingency [10]
and common renewable generation fluctuations [11]. However,
for the resilient operation of power systems during extreme
weather events, reserve capacity optimization requires the
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consideration and management of the enlarged uncertainties
arising from both the supply and demand sides across the grid.

To address these gaps, this paper develops a risk-aware
reserve co-optimization framework for power systems under
extreme weather events. The proposed model jointly captures
supply-demand uncertainties from distribution feeder failures
and generator contingencies. By integrating Entropic Value-
at-Risk(EVaR)-based demand uncertainty assessment with a
scenario-based generation outage model, the framework en-
ables adaptive reserve allocation that dynamically responds
to evolving hazard conditions. We apply the model to Puerto
Rico power grid during Hurricane Fiona, demonstrating how
the framework optimize the upward and downward reserve
requirements. Our results show that traditional fixed reserve
margins can largely underestimate reserve requirements under
extreme weather events, highlighting the importance of more
precise reserve optimization using this framework.

The remainder of this paper is organized as follows. Section
II presents the proposed supply–demand risk assessment and
further develops the risk-aware reserve optimization model.
Section III describes the case study setup and discusses
the simulation results. Section IV concludes the paper and
highlights potential directions for future research.

II. RISK-AWARE RESERVE OPTIMIZATION

During extreme events such as tropical cyclones, distri-
bution feeders are highly susceptible to faults caused by
high winds, flooding, or overheating, potentially leading to
widespread load disconnections. Furthermore, generator out-
ages can significantly increase system uncertainty and op-
erational stress. To ensure reliable system operation under
extreme weather conditions, we extend the reserve assessment
framework to jointly model probabilistic distribution feeder
failures and N-1 generator contingencies.

Let the net demand on distribution feeder i be denoted by
Di, and its failure probability during extreme events by pi.
The expected net demand D̄i on feeder i is then given by
(1− pi)Di, which we adopt as the base-case operating point
for subsequent analysis. During extreme events, the stochastic
nature of distribution feeder outages introduces significant
uncertainty, leading to deviations of the actual net demand
from its expected value. The net demand deviation for feeder
i, denoted by ∆D̃i, is expressed as follows:

∆D̃i =

{
piDi Ĩi = 1

−(1− pi)Di Ĩi = 0
(1)

where Ĩi is a binary random variable indicating the operational
status of the distribution feeder i, and Ĩi = 1 means the feeder
is intact.

To quantify the risks associated with distribution feeder
failures, we adopt the Entropic Value-at-Risk (EVaR) [12]
as the primary risk measure. Compared to traditional meth-
ods based on Conditional Value-at-Risk (CVaR) [13], which
typically rely on the sample average approximation approach
and can become computationally burdensome, EVaR offers

superior tractability in handling large numbers of discrete
random variables and significantly reduces computational
complexity. Therefore, we use EVaR1−α(

∑
i∈D ∆D̃i) and

EVaR1−α(−
∑

i∈D ∆D̃i) to assess the positive and negative
deviations of total net demand relative to its mean value
under feeder failure uncertainty, where 1−α is the predefined
confidence level. These EVaR terms can then be used to quan-
tify the upward and downward reserve requirements induced
by distribution feeder failures. According to the definition of
EVaR, we have:

EVaR1−α(
∑
i∈D

∆D̃i)=min
s+>0

s+
∑
i∈D

ln

(
(1− pi) exp

(piDi

s+

)
+pi exp

(
− (1− pi)Di

s+

))
− s+ lnα

(2a)

EVaR1−α(−
∑
i∈D

∆D̃i)=min
s−>0

s−
∑
i∈D

ln

(
pi exp

( (1− pi)Di

s−

)
+(1− pi) exp

(−piDi

s−

))
− s− lnα

(2b)

where s+, s− are are the reciprocals of the variables appearing
in the moment-generating functions associated with EVaR
terms, D is the set of distribution feeders.

The computation of the EVaR terms in Eq. (2) can be
reformulated as a conic optimization problem by introduc-
ing additional auxiliary variables z+i , z

−
i , v+i , v

−
i , w

+
i , w

−
i , as

shown in Eq. (3):

EVaR1−α(
∑
i∈D

∆D̃i) = min
s+>0,z+

i ,v+
i ,w+

i

∑
i∈D

z+i − s+ lnα

s.t. (v+i , s
+,−(1− pi)Di − z+i ) ∈ Kexp, i ∈ D,

(w+
i , s

+, piDi − z+i ) ∈ Kexp, i ∈ D,

piv
+
i + (1− pi)w

+
i ≤ s+, i ∈ D.

(3a)

EVaR1−α(−
∑
i∈D

∆D̃i) = min
s−>0,z−

i ,v−
i ,w−

i

∑
i∈D

z−i − s− lnα

s.t. (v−i , s
−, (1− pi)Di − z−i ) ∈ Kexp, i ∈ D,

(w−
i , s

−,−piDi − z−i ) ∈ Kexp, i ∈ D,

piv
−
i + (1− pi)w

−
i ≤ s−, i ∈ D.

(3b)

where Kexp =
{
(x, y, z) ∈ R3

∣∣ y > 0, yez/y ≤ x
}

repre-
sents the exponential cone.

To further quantify reserve requirements under generator
contingencies, a scenario-based formulation is adopted to
establish the lower bounds of both upward and downward
reserve capacities. Specifically, let Ru

g and Rd
g denote the

upward and downward reserve capabilities provided by gen-
erator g ∈ G in the base (non-contingency) case. For each
contingency set Cs ∈ C (s ∈ [[|C|]] = {1, 2, · · · , |C|}) where
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Cs contains a subset of generators assumed to be out of
service, the lower bound for the system-wide upward reserve,
denoted as Ru,sys, must ensure sufficient upward flexibility to
compensate for both the worst-case loss of upward reserves
together with the associated generation loss, and the potential
positive deviations in total net demand quantified by the EVaR
term in (2a). The detailed formulation of Ru,sys is provided
in Eq. (4a). Similarly, the lower bound for the system-wide
downward reserve, Rd,sys, must account for both the potential
decreases in net demand and the worst-case loss of downward
reserves together with the associated generation loss under
contingency scenarios. For each generator g ∈ Cs assumed
to be out of service, since the generation loss Pg actually
alleviates the need for downward adjustment. This mitigating
effect is therefore represented by a negative sign preceding
Pg , as shown in Eq. (4b).

Ru,sys = max
s

{
∑
g∈Cs

(Ru
g + Pg)}+ EVaR1−α(

∑
i∈D

∆D̃i) (4a)

Rd,sys = max
s

{
∑
g∈Cs

(Rd
g − Pg)}+ EVaR1−α(−

∑
i∈D

∆D̃i)

(4b)

Following the general contingency analysis discussed above,
this study further investigates the effects of distribution feeder
failures and N-1 generator contingencies on reserve require-
ments in risk-averse power dispatch, as shown in Eq. (5).

min
Ug,Pg,R

u
g ,R

d
g ,R

sys,

p+
s ,p−

s ,rug,s,r
d
g,s

∑
g∈G

Cg

(
Pg

)
+C res Rsys+cM

∑
s∈[[|C|]]

(p+s +p−s )

(5a)

s.t.
∑
g∈G

Pg =
∑
i∈D

D̄i, (5b)

UgP
min
g ≤ Pg ≤ UgP

max
g , g ∈ G, (5c)

Pg +Ru
g ≤ UgP

max
g , g ∈ G, (5d)

Pg −Rd
g ≥ UgP

min
g , g ∈ G, (5e)

Ru
g ≤ UgR

max
g , Rd

g ≤ UgR
max
g , g ∈ G, (5f)∑

g∈G
Ru

g ≤ Rsys,
∑
g∈G

Rd
g ≤ Rsys, (5g)∑

g∈G\Cs

(Pg + rug,s − rdg,s) + p+s − p−s =
∑
i∈D

D̄i, s ∈ [[|C|]],

(5h)

UgP
min
g ≤ Pg + rug,s − rdg,s ≤ UgP

max
g , s ∈ [[|C|]], g ∈ G \ Cs,

(5i)

rug,s ≤ Ru
g , r

d
g,s ≤ Rd

g , s ∈ [[|C|]], g ∈ G \ Cs, (5j)∑
g∈G

Ru
g ≥

∑
g∈Cs

(Ru
g + Pg) + EVaR1−α(

∑
i∈D

∆D̃i), s ∈ [[|C|]],

(5k)∑
g∈G

Rd
g ≥

∑
g∈Cs

(Rd
g − Pg) + EVaR1−α(

∑
i∈D

−∆D̃i), s ∈ [[|C|]],

(5l)

Ug ∈ {0, 1}, Ru
g , R

d
g , R

sys ≥ 0, g ∈ G, (5m)

rug,s, r
d
g,s, p

+
s , p

−
s ≥ 0, g ∈ G, s ∈ [[|C|]]. (5n)

where G,D denote the sets of generators, distribution feeders,
and generator contingencies, respectively; C = {∅}∪{{g}|g ∈
G} denote the set of generator contingencies, including the
base (non-contingency) case and all N-1 generator outage sce-
narios; Ug, Pg, P

min
g , Pmax

g , Cg(·) represent the commitment
status, the active power output, minimum output, maximum
output and cost function of generator g ∈ G, respectively;
D̄i denotes the expected net demand on distribution feeder
i ∈ D; Ru

g , R
d
g are the upward and downward reserve ca-

pacities provided by generator g ∈ G; Rsys is the system-wide
reserve requirement, and C res is the cost coefficient for reserve
procurement, p+s , p

−
s are slack variables representing positive

and negative power imbalances (e.g., load shedding or over-
generation) under the s-th contingency, with cM being the cost
coefficient for such imbalances; rug,s, r

d
g,s are the upward and

downward re-dispatch adjustments of generator g under the
s-th contingency.

The objective in Eq. (5) minimizes the total operational
cost, including generation costs, reserve procurement costs,
and the expected cost of power imbalances. Eq. (5b) enforces
supply–demand balance in the base case. The generation is
constrained by minimum and maximum capacity limits and
unit commitment status, as defined in Eq. (5c). The ramping
capability of generator g is modeled in Eqs. (5d)-(5f). The
total procured system reserve Rsys serves as an upper bound
on the sum of individual unit reserves, as expressed in Eq.
(5g). Under contingency scenarios, power balance must be
maintained through re-dispatch and imbalance correction. This
is enforced by Eq. (5h), which requires that the re-dispatch of
surviving units, along with slack variables p+s and p−s , restores
balance in each generator outage scenario s. Eqs. (5i)-(5j)
ensure that re-dispatch adjustments remain within generator
capacity limits and do not exceed pre-allocated upward and
downward reserves. Eqs. (5k)-(5l) ensure that the total upward
and downward reserves exceed their respective lower bounds
when accounting for distribution failures and N-1 generator
contingencies. Finally, the domain constraints for all decision
variables are specified in Eqs. (5m)-(5n).

III. CASE STUDY

Here, we use the Puerto Rico power grid following the
configuration in Ref. [8], which includes a high-voltage trans-
mission network and a distribution network with nearly 1,000
feeders, as shown in Fig. 1. The system is analyzed during
Hurricane Fiona on September 18th, 2022. Similarly, we apply
the physics-based wind profile model [14] to simulate the
spatiotemporal wind hazard during Hurricane Fiona based
on the recorded hurricane data from the International Best
Track Archive for Climate Stewardship (IBTrACS) [15]. The
failure probability of each distribution feeder under a given
wind hazard intensity is calculated using fragility functions
developed for Puerto Rico [16].

Fig. 2 illustrates the distribution of feeder failure proba-
bilities and corresponding feeder demands across the Puerto
Rico grid at the local time of 12:00 pm. Each dot represents
an individual feeder, where the horizontal axis denotes its
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Fig. 1. Puerto Rico power grid during Hurricane Fiona in September 2022.

failure probability under the simulated wind field of Hurricane
Fiona and the vertical axis indicates its feeder demand. Fig.
2 highlights the significant heterogeneity among distribution
feeders in the power grid, reflecting differences in both spatial
exposure and load levels. This heterogeneity represents a major
contributor to the demand-side uncertainty during the extreme
weather event.

Fig. 2. Heterogeneity of distribution feeders in Puerto Rico showing failure
probability during Hurricane Fiona (2022) and corresponding peak demand
of each feeder.

As shown in Fig. 3, the expected net demand exhibits a
declining trend under the extreme event due to the growing
distribution feeder outages. However, the demand uncertainty
evaluated by EVaR increases as the hazard evolves. Despite
lower overall demand in the later stage, the system experiences
an accumulation of risk. At the 95% confidence level, the
deviation between the upper and lower EVaR bounds exceeds
±100 MW, approximately 20% of the total load, imposing
greater requirements on the system’s flexible reserve capacity.

As illustrated in Fig. 4, the optimized system reserves
demonstrate distinct temporal variations in both upward and
downward directions over the 24-hour horizon during Hurri-
cane Fiona. Compared with the EVaR-evaluated demand-side
uncertainty shown in Fig. 3, the required reserve capacities are
consistently higher because the optimization jointly considers
generator contingencies and distribution feeder failures. These

Fig. 3. Temporal evolution of system demand and uncertainty. (a) Expected
net demand over 24 hours during Hurricane Fiona. (b). Upward and downward
demand uncertainty represented by EVaR at a 95% confidence level.

coupled uncertainties enlarge the overall supply–demand mis-
match risk, prompting the system to maintain greater flexibil-
ity.

We further compare our optimized reserves, which account
for supply-demand uncertainty, with the fixed-margin method
that typically sets the upward and downward reserves as 15%
and 3% of total generation [17], respectively, as shown in Fig.
5. The results show that traditional fixed-margin reserves are
significantly inadequate, particularly during the early stages of
a hurricane when there is a rapid loss of load and high demand
for downward adjustments. The fixed-margin approach under-
estimates the required downward reserve capacity. Moreover,
as the hurricane intensifies, the system increasingly relies
on upward reserves to address uncertainty arising from both
demand fluctuations and generation losses.

These results also highlight that the proposed risk-aware
co-optimization leads to asymmetric reserve allocation: the
upward reserve remains dominant to safeguard against sudden
loss of generation, while the downward reserve adapts dynam-
ically to demand reductions. This finding confirms that the
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Fig. 4. Optimized system upward and downward reserves over 24 hours
during Hurricane Fiona.

Fig. 5. Reserve shortfalls between optimized reserves and fixed-margin
reserves under Hurricane Fiona.

joint supply-demand risk management framework effectively
captures multi-source uncertainty and provides more robust
reserve planning compared with conventional fixed-margin
approaches.

IV. CONCLUSION

This paper has presented a risk-aware reserve optimization
framework for power systems under extreme weather events.
By accounting for joint supply-demand uncertainties through
an EVaR-based demand loss formulation and N-1 generator
contingencies, the proposed approach enables adaptive reserve
allocation for both upward and downward reserve require-
ments under evolving natural hazards. The application to the
Puerto Rico power grid under Hurricane Fiona shows that
the framework effectively captures asymmetric reserve needs
arising from feeder failures and generation losses. Compared
with traditional fixed-margin methods, the proposed approach
ensures higher system flexibility and more robust operation
during extreme events. Planned future work will extend this
framework to include renewable generation uncertainty and
inter-temporal ramping dynamics.
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