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H I G H L I G H T S

• Customer vulnerability quantified via outage-induced overheating risk metric.

• Distribution feeders prioritized for rotating outages based on overheating sensitivity to power outages.

• Outage sequence and duration assigned to meet a utility load reduction target while minimizing potential overheating risk.

• Strategy evaluated using real power distribution data and high-fidelity building energy simulations.

• Proposed approach reduces overheating risk compared to random and uninformed outage schedules.
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A B S T R A C T

Extreme heat events have widespread effects on power systems, reducing available generation capacity, limiting 

transmission capabilities, and causing unusual demand patterns on the consumer side. As these combined effects 

expose bulk transmission systems to potential large-scale blackouts, utilities may be required to schedule and 

apply rotating outages, by temporarily and alternately disconnecting distribution substations to reduce overload. 

However, utilities lack mechanisms to inform these events, exacerbating the negative effects of heat waves on 

affected communities. This paper introduces a novel framework for scheduling rotating outages during heat 

waves while considering impacts on consumers’ safety. Instead of random sequential load shedding, we propose 

a methodology to rotate power outages considering a metric that quantifies the indoor overheating risk of groups 

of consumers during a power outage. The overheating risk is derived from a detailed building simulation using 

CityBES, where the buildings are modeled based on available data—use type, year built, floor area, number of 

stories, location—while presence of air conditioning and occupancy are calibrated from smart meter data. Based 

on the metric, an algorithm to schedule the rotating outages is applied to prioritize feeders for disconnection at 

each hour according to their overheating risk to meet a utility load reduction target. Applied to two substations 

and seven feeders in the Portland General Electric territory, the results show that this approach effectively leads 

to the lowest overheating risk during the resulting outage schedules, with an average 10.1% lower overheating 

compared to uninformed schedules.

1 . Introduction

1.1 . Motivation

The Western United States has been historically impacted by heat-

related events. Particularly, heat waves—defined as an extended periods 

of abnormally high temperatures in a given area—led to 21,518 heat-

related deaths in the US from 1999 to 2003, with the largest record 

of 2323 in 2023 [1]. In addition to the impact on public health and 

the increased risk of heat-related illnesses, excessive heat events also 

negatively influence the operation of both transmission and distribution 

power grids.

Traditionally, electricity is delivered to end-use consumers through 

a structure comprising generation, transmission, and distribution, as 

shown in Fig. 1. At the generation stage, power plants transform en­

ergy from primary energy resources—e.g., water, wind, solar, fossil 

fuels—into electricity. This energy is transported over long distances 

through the high-voltage transmission networks to major load centers. 
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Fig. 1. Power generation, transmission, and distribution process: the role of 

independent system operators and power utilities in rotating outages.

From there, distribution grids deliver this electricity at lower voltages 

to residential, commercial, and industrial consumers.

The reliable operation of this complex infrastructure depends on 

maintaining the balance between electricity supply and demand. In 

many regions, Independent System Operators (ISOs) are responsible for 

coordinating this balance, to avoid instability and potential large-scale 

blackouts. ISOs schedule and dispatch generation resources, monitor 

grid conditions in real time, and communicate operational requirements 

to both power plant operators and power utilities.

The power system operation becomes challenging in a heat wave 

scenario. Customers on the distribution grids increase their electric­

ity consumption from air conditioning (AC) operation to mitigate the 

impact of heat. Excessive heat can also impair the operation of trans­

mission systems by reducing the generation capacity of power plants 

[2], and lowering the transmission system’s ability to transfer power 

from generation sources to the demand locations [3]. If a potential large-

scale blackout risk due to increased demand and reduced generation is 

identified, ISOs encourage power utilities to implement strategies aimed 

at reducing energy consumption among customers in their territory.

For instance, the California Independent System Operator (CAISO) 

issues two levels of Energy Emergency Alerts to initially encourage and 

then urge consumers to conserve energy and help preserve grid reliabil­

ity [4]. If these measures fail to maintain the demand under a certain 

level, a third-level emergency alert is triggered, where ISOs instruct 

utilities to prepare for—and potentially implement—rotating outages to 

reduce load by curtailing electricity to customers. Recently, an extreme 

heat wave affected the Western US in August 2020. As the load during 

this heat wave period was underestimated, CAISO ordered the discon­

nection of two blocks of 500 MW and one block of 500 MW, respectively, 

on August 14th and August 15th. This led to the de-energization of 

491,600 customers on August 14th, and 321,000 customers on August 

15th [5]. The number of emergency alerts and the duration of inter­

ruption per quarter for WECC interconnection is shown in Fig. 2(a) and 

(b), respectively, from 2018 (Q4) to 2022 (Q3). It is worth noting from 

Fig. 2(a) that the number of these emergency alerts spikes during Q3 for 

2020 and 2022, corresponding to years where heat wave events were 

registered. Similarly from Fig. 2(b), the duration of interruptions reaches 

more than 200 minutes during these periods.

During rotating outages, utilities temporarily disconnect groups of 

customers by alternately de-energizing feeders at selected substations to 

meet the ISO requirement. While load curtailment is undesirable, this 

controlled de-energization lowers the risk of widespread blackouts and 

massive customer disconnections. Utilities will normally exclude feed­

ers with critical facilities—such as hospitals—from their rotating outage 

schedules, while the rest of the feeders are prioritized based on pre-

identified customer blocks [7] or alphabetical criteria [8]. Therefore, 

how utilities make these decisions has a critical impact on the affected 

groups of consumers, as consumers under a rotating outage cannot use 

their AC compromising their ability to withstand extreme heat.

1.2 . Literature review

Rotating outages are undesirable in distribution system operation but 

their application has helped to mitigate distribution feeder issues, such 

as the risk of wildfires caused by faults on the grid [9]. However, the 

effect of concurrent heat waves and power outages on communities has 

been identified as a matter of concern in recent literature. The impact 

of the rotating outages during heat waves has been considered as one of 

elements that influence the technological, social, and policy dimensions 

of thermal resilience as discussed in existing literature [10]. Simulations 

of the effect of heat during power outages and passive strategies for its 

mitigation have been studied for different regions, such as Arizona [11], 

and California [12]. An assessment of thermal resilience for facilities 

after power outages during heat waves and cold snaps is presented in 

Fig. 2. Emergency alerts in WECC territory from 2018 (Q4) to 2022 (Q3): (a) number of emergency alerts, and (b) duration in minutes [6].
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[13]. The effect of outages in communities exposed to extreme heat is 

discussed on [12], alongside passive strategies that help reduce the re­

lated indoor overheating risk, such as natural ventilation, interior blinds, 

or roof and ceiling insulation.

However, despite the impacts of the power outages during ex­

treme heat events, existing approaches to enhance distribution system 

resilience through rotating outages have not considered the impact 

of other external variables to guide the decision-making process. A 

framework to assess how automation can improve distribution system 

resilience to extreme temperature events is developed in [14], which 

aims at ensuring customers’ health and safety during extremes, sig­

nificantly reducing exposure to cold by 93% considering ERCOT data 

during Winter Storm Uri. A rotating outage scheme based on Advanced 

Metering Infrastructure (AMI) combined with an outage management 

system is formulated in [15], where customers selected for rotating 

outage are chosen based on undiversified demand from AMI data. An 

optimization-based approach for scheduling fair blackout rotation for 

distribution systems under extreme weather-induced power outages is 

presented in [16]. The model defines the logical operation of switches, 

and optimizes deviations of isolation duration and frequencies between 

sections. Communication and controllability from distribution automa­

tion and grid-edge smart meters to shed loads in a strategic fashion are 

explored in [17]; however, the approach does not consider attributes 

related to the customers’ safety.

Alternatively to rotating outages that cause discomfort to large por­

tions of consumers affected by the disconnection, brownouts offer a way 

to reduce grid demand without fully disrupting the distribution grid op­

eration. Five algorithms are developed in [18] to implement a brownout 

mechanism to distribute loading thresholds among individual consumers 

in a neighborhood. An integer linear programming model for brownout 

is formulated in [19], with a modified power adjustment approach to 

efficiently implement this strategy in real-time. On the other hand, a 

centralized brownout scheme based on price is formulated for micro­

grids in [20], based on consumers’ priorities for uninterrupted power. 

The implementation of brownout schemes, however, can be challenging 

when proper automation at consumers’ locations is limited to ensure 

their proper operation. In addition, vulnerability to extreme weather is 

not considered.

While existing literature does not incorporate heat vulnerability in­

formation into the rotating outage scheduling, some steps include a 

data-driven approach to plan for rotating power outages as formulated 

in [21], which infers thermal characteristics from smart thermostat data, 

and then uses this data to simulate the building thermal resilience dur­

ing a heat wave; a planning framework for DER siting based on a metric 

that determines the sensitivity of distribution sections to a power outage 

is formulated in [22]; and a metric is introduced in [23] to rank nodes 

with higher vulnerability in terms of overheating, and guide utilities to 

take actions towards impact mitigation.

1.3 . Contributions and paper structure

Current rotating outage protocols do not account for the effect of 

indoor overheating risk to prioritize actions when necessary. When heat-

related effects on customers are neglected, utility actions to protect the 

grid stability may inadvertently worsen public health outcomes. For this 

purpose, this paper formulates a methodology to schedule rotating out­

ages based on estimations of indoor overheating risk to be experienced 

in buildings during power outages. The contributions of this paper are:

• We formulate a metric to prioritize feeders for disconnection during 

rotating outages, from safest to most sensitive.

• We define a strategy to inform power utilities on how to deter­

mine the feeders to be switched at every hour to meet a utility 

load reduction target while reducing overheating risk.

• We assess the performance of our method in a realistic setup con­

sidering building modeling and occupancy characterization based 

on AMI data.

• We evaluate the performance of the proposed approach versus ran­

domly generated scenarios to compare our proposed method with 

possible allocations made by power system operators.

The remainder of the paper is organized as follows. Section 2 pro­

vides an overview of the methodology for scheduling rotating outages 

based on overheating risk information. The metric to drive the rotat­

ing outage scheduling is formulated in Section 3, which also includes 

the building simulation procedure for its evaluation. The proposed algo­

rithm for rotating outage scheduling is described in detail in Section 4. 

Section 5 presents the results of the analysis on two Portland General 

Electric (PGE) substations. Finally, Section 6 summarizes the conclusions 

and limitations of the paper, and proposes future work.

2 . Overview of the proposed method

The proposed methodology to schedule rotating outages for dis­

tribution feeders informed by overheating risk data is described in 

this section. In order to meet a utility load reduction target, the pro­

posed method establishes feeder disconnection schedules at a given 

substation, which are informed by the aggregated overheating risk ex­

perienced among households subjected to the power interruptions. The 

methodology proposed in this paper is illustrated in Fig. 3.

To define the schedule, feeders are ranked based on their outage-

induced overheating risk, which is a metric that quantifies the accu­

mulated overheating risk experienced by the feeder for every hour of 

additional disconnection from the power supply. The overheating eval­

uation is achieved via building simulation to estimate the indoor air 

temperature in each building when subjected to the power outage. These 

results, combined with the feeder operational constraints, define the ro­

tating outage strategy. In this case, the operational constraints include 

the minimum time a feeder has to remain connected before a new dis­

connection, and the maximum time a feeder can remain de-energized 

after being disconnected.

The methodology is organized as follows. The proposed metric for 

driving the feeder disconnection rotation is initially introduced. The 

Fig. 3. Methodology for overheating-risk-informed rotating outages scheduling.
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evaluation of the metric depends on precisely capturing the indoor 

air temperature when buildings are exposed to high temperatures dur­

ing extreme heat. Therefore, a simulation-based approach to estimate 

indoor temperature is discussed. Using these estimates—with and with­

out power outages—and considering the non-served energy during the 

rotating outage window, the outage-induced overheating risk is calcu­

lated considering different outage durations. Finally, the algorithm to 

schedule rotating outages based on overheating risk data is formulated.

3 . Metric formulation and evaluation

3.1 . Overheating sensitivity to power outage

The proposed method for scheduling rotating outages is driven 

by a metric that relates the aggregated overheating risk in a group 

of buildings during a power outage to the amount of energy cur­

tailed during such event. More specifically, this metric incorporates the 

outage-induced overheating risk (OIOR), initially defined in [22] for dis­

tribution planning to optimally allocate distributed energy resources, to 

identify and prioritize feeders where the customers’ overheating risk is 

less sensitive to power outages. OIOR refers to the overheating risk com­

ponent that is added due to the power outage, i.e., the component of 

overheating risk that can be avoided through utility action. This action 

is critical as indoor air temperature in buildings with AC can signifi­

cantly increase during a power outage, especially under extreme weather 

conditions such as heatwaves.

To illustrate this formulation for rotating outage scheduling, con­

sider the distribution system of Fig. 4. In this distribution system, a set 

of 𝐵 buildings is supplied by a distribution feeder connected to a power 

substation. The indoor air temperature profiles for some buildings are 

shown as examples to highlight that each building responds differently 

to excessive heat and power outages. In some of these cases, both the 

outage and non-outage induced overheating risks may occur. The sensi­

tivity of overheating risk for a group of customers connected to a feeder 

that is subject to a power outage is obtained as the ratio between the 

aggregated OIOR in each of the buildings and the amount of energy to 

be consumed that—if supplied—would prevent this risk. The OIOR per 

kWh of energy curtailed for feeder 𝑓 , for an outage starting at time 𝑡
with a duration 𝑑, O𝑓,𝑡,𝑑 , is obtained as,

O𝑓,𝑡,𝑑 =

∑

𝑡∈T

∑

𝑏∈B𝑓

max
{

𝜃𝑂𝑏,𝑡 − max
{

𝜃𝑁𝑏,𝑡, 𝜃
𝑇
}

, 0
}

Δ𝑡

∑

𝑡∈T𝑑

∑

𝑏∈B𝑓

𝑝𝑁𝑏,𝑡Δ𝑡
, (1)

Fig. 4. Effect of the feeder power outage on the overheating risk experienced in 

buildings supplied by the affected feeder.

where 𝜃𝑂𝑏,𝑡, 𝜃
𝑁
𝑏,𝑡 are the indoor air temperatures in building 𝑏, at time 𝑡

with and without power outage, respectively, 𝜃𝑇  is the temperature risk 

threshold, 𝑝𝑁𝑏,𝑡 is the power consumed by building 𝑏, at time 𝑡 during 

the no-outage condition, Δ𝑡 is the time step between samples related 

to the time data resolution, T = {𝑡,… , 𝑡 + ℎ} is the set of time steps 

in the overheating risk calculation evaluation window, T𝑑 = {𝑡,… , 𝑡 +
𝑑} is the set of time steps in the outage window, B𝑓  is the subset of 

buildings connected to feeder 𝑓 . Feeders 𝑓 ∈ F  with lower metric values 

are ranked higher and preferred for disconnection during the heatwave 

event, if required.

3.2 . Building simulation

The building simulation is achieved using CityBES, which is a web-

based data and computing platform, focusing on energy modeling and 

analysis of a city’s building stock to support district or city-scale building 

energy efficiency programs [24].

CityBES employs EnergyPlus, a U.S. Department of Energy flag­

ship physics-based building performance modeling engine, to simulate 

building energy demand and thermal performance, e.g., indoor air tem­

perature and humidity, for assessing costs and benefits of building 

retrofits. CityBES integrates open city datasets, e.g., building footprint 

polygons, tax assessor records, among others, to create a dataset of 

building stock with characteristics of individual buildings depending on 

the level of available data. Most buildings have high-level information 

such as use type, year built, floor area, number of stories, and location. 

Detailed building information such as construction materials, HVAC sys­

tem type, lighting and plug loads, as well as operation settings and 

schedules, is inferred from local building energy codes and standards, 

representative local building stock surveys, and construction industry 

practices. The building models can be further calibrated with the AMI 

data provided by the local utility company in a heuristic approach, aim­

ing to improve the load prediction accuracy of the models during the 

extreme heat periods.

To obtain the OIOR, the indoor conditions and electricity use are ini­

tially simulated during the extreme heat period for normal electricity 

supply. For the power outage scenario, all the electricity load is discon­

nected during the extreme heat period and indoor air conditions in this 

scenario are determined. This is done for the purpose of obtaining the 

indoor air temperature of each of the buildings during a power outage, 

and does not intend to represent an actual power system maneuver or 

malfunction. In order to better reflect real-world situations, occupants 

are assumed to use natural ventilation to cool down the room whenever 

possible in both power outage and no outage scenarios.

4 . Rotating outage scheduling algorithm

The rotating outage algorithm determines the sequence of feeder dis­

connections within the rotation window T 𝑑  to satisfy the substation load 

reduction target 𝑟𝑡 while reducing the impact of these disconnections on 

the overheating risk experienced by households. A complete rotation is 

achieved when every feeder has been disconnected exactly once before 

any feeder is disconnected again. This condition is included to avoid fre­

quent disconnections of the feeder with the least overheating risk. The 

binary variable 𝑥𝑓,𝑡 indicates the connection status of feeder 𝑓  at time 

𝑡, e.g., 𝑥𝑓,𝑡 = 1 means connected. Additional constraints include a maxi­

mum outage duration 𝑑𝑓  per feeder and a minimum reconnection time 

𝑐𝑓  before a feeder can be disconnected again. Decisions are taken at in­

tervals of Δ𝑡 based on available data resolution, with outage-induced 

overheating risk O𝑓,𝑡,𝑑  pre-calculated for every outage start time and 

every outage duration in the rotation window T 𝑑 .

4.1 . Initial hour (𝑡 = 𝑡)

The first procedure allows defining the initial batch of feeders to be 

disconnected. Let us define the set F ′ ⊆ F  as the set of feeders that are 
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eligible for disconnection. Initially, all feeders are eligible for disconnec­

tion, and it is assumed that all feeders are connected at the beginning of 

the rotating outage window. Let F𝐶  be the set of connected feeders, F𝐷

be the set of disconnected feeders, and 𝑑𝑓  be the disconnection duration 

of feeder 𝑓 .

1. Initialize counters and sets: 𝑑𝑓 = 0,∀𝑓 ∈ F . F𝐶 ← F , F𝐷 ← ∅, 

F ′ ← F .

2. Estimate overheating risk: Determine the OIOR for each feeder 

for a one-hour disconnection, i.e., O𝑓,𝑑𝑓+1.

3. Identify candidate for disconnection: Identify the connected 

feeder 𝑓 ∈ F ′ with the lowest OIOR,

𝑓 = arg min
𝑓∈F ′

O𝑓,𝑑𝑓+1, (2)

4. Disconnect candidate feeder: Schedule disconnection of feeder 

𝑓  for time 𝑡. For this, set the connection status for feeder 𝑓  for 

time 𝑡 and increase the disconnection time for feeder 𝑓 (3), and 

remove the feeder 𝑓  from the set F ′ (4). In addition, update the 

sets of connected and disconnected feeders,

𝑥𝑓,𝑡 = 0, 𝑑𝑓 ← 𝑑𝑓 + 1, (3)

F ′ ← F ′ ⧵ {𝑓}. (4)

5. Calculate the substation load after disconnection 𝑃 𝑠𝑠
𝑡 (5), where 

𝑃𝑓,𝑡 is the power consumed by feeder 𝑓  at time 𝑡,

𝑃 𝑠𝑠
𝑡 =

∑

𝑓∈F𝐶

𝑃𝑓,𝑡, (5)

6. Verify utility load reduction target: Check if the substation load 

𝑃 𝑠𝑠
𝑡  is below the utility disconnection requirement, i.e.,

𝑃 𝑠𝑠
𝑡 ≤

(

1 − 𝑟𝑡∕100
)
∑

𝑓∈F
𝑃𝑓,𝑡. (6)

If the condition is met, terminate the procedure; the scheduling 

for hour 1 is concluded. Otherwise, go to Step 3.

4.2 . Subsequent hours (𝑡 > 𝑡)

The evaluation for each subsequent hour considers the OIOR for an 

additional hour of disconnection, i.e., 𝑑𝑓 + 1. For this process, the set 

of locked feeders F𝐿 is introduced to represent the reconnected feeders 

that cannot be candidates for new disconnections until their minimum 

connected time is met.

Preamble: Consider 𝑡 = 𝑡, and disconnected time 𝑑𝑓 , F𝐶 , F𝐷, and 

F ′ as obtained from process formulated in Section 4.1. Initialize 

𝑐𝑓 ← 0,∀𝑓 ∈ F ; F𝐿 ← ∅; F𝑅 ← ∅.

7. Advance time: 𝑡 ← 𝑡 + 1. If 𝑡 > 𝑡 + 𝑑, stop; otherwise, evaluate 

O𝑓,𝑑𝑓+1 for each feeder and continue.

8. Identify feeders to reconnect (F𝑅): A feeder is in F𝑅 if the 

feeder has been disconnected for more than its maximum off time 

𝑑𝑓 , or, if the feeder overheating risk after one hour of additional 

disconnection exceeds that of any other eligible connected feeder.

9. Reconnect candidate feeders: Feeders in F𝑅 are reconnected 

for hour 𝑡, i.e., 𝑥𝑓,𝑡 = 1, ∀𝑓 ∈ F𝑅. The disconnection duration is 

set to zero, 𝑑𝑓 = 0, ∀𝑓 ∈ F𝑅.

10. Update eligibility to re-disconnect: For all reconnected feed­

ers, increase their reconnected time 𝑐𝑓  by one hour. Remove the 

feeders where 𝑐𝑓 = 𝑐𝑓  from the set of locked feeders F𝐿. At this 

point, include the recently reconnected feeders in the set of locked 

feeders.

11. Check load target: Based on the current connected and discon­

nected feeders, calculate the substation load (5). If the current 

load meets the load reduction target (6), let 𝑥𝑓,𝑡 = 1 for all 

connected feeders and go to Step 7. Otherwise, continue.

12. Select feeder for disconnection: If F ′ ≠ ∅, identify the eligible 

connected feeder with the lowest OIOR (2), then, do (3)–(4) and 

go to Step 11. If F ′ = ∅, feeders that were reconnected previously 

(except those reconnected during time 𝑡, F𝑅) become available 

for reconnection. In that case, update the set of eligible feeders 

for disconnection F ′ ← F ⧵ F𝐿 and go to Step 11.

5 . Results and discussion

5.1 . Data and building calibration results

The methodology is applied to data provided by PGE considering two 

substations and a total of seven feeders. Due to the sensitive nature of 

the data, the original names of substations and feeders are removed, and 

replaced by Substation A with 4 feeders and Substation B with 3 feeders. 

Fig. 5 visualizes the buildings served by each feeder and their distribu­

tion in the territory. For the simulation, a total number of 8512 buildings 

are modeled in CityBES, where their distribution across substations and 

feeders is summarized in Table 1.

A dataset for buildings covered by each substation was curated 

with residential buildings dominating the neighborhood. The build­

ing characteristics were mainly extracted from PortlandMaps Open 

Data [25], including building footprint, building type, number of sto­

ries, building height, and year built. Assumptions on HVAC were 

adopted from the 2022 Northwest Energy Efficiency Alliance (NEEA) 

Residential Building Stock Assessment [26], with 75% of the neigh­

borhood buildings equipped with air conditioning systems. AMI data 

for the two substations was provided by PGE for the years 2021 and 

2023. Local weather data for 2021 was obtained from NASA Prediction 

Of Worldwide Energy Resources (POWER) for the Portland neighbor­

hood [27]. The highest outdoor temperature occurred on June 28, so 

Fig. 5. Buildings and feeders within each substation and feeder selected for 

study.
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Table 1 

Building distribution across feeders and substations.

Substation Feeder Number of occupied 

buildings

Number of 

buildings with AC

Curtailed energy 

during outage (kWh)

A A1 821 655 154,360

A2 538 415 184,045

A3 661 531 169,905

A4 832 629 221,869

B B1 930 721 232,560

B2 1037 779 188,959

B3 744 542 136,321

the outage was set to occur at 10:00 am on that day when the outdoor 

temperature started to climb up, and last until the end of June 29. It was 

assumed that occupants in 80% of the buildings would open windows 

for free cooling when outdoor conditions were favorable, more specifi­

cally, when the outdoor air temperature was at least 2 ◦C lower than the 

indoor temperature. On the other hand, to prevent overcooling, natural 

ventilation was disabled when the outdoor temperature dropped below 

20 ◦C. The remaining 20% of buildings were assumed not to utilize nat­

ural ventilation, due to various factors such as living habits, occupant 

unavailability, window operability issues, or air quality concerns.

The building models were calibrated against the 2021 AMI data to 

reduce the discrepancy in electricity load prediction, and validated with 

the 2023 AMI data. Specifically, the occupancy schedules were inferred 

from the AMI data by identifying consecutive days of low consump­

tion, suggesting non-occupied periods for each home and improving the 

model accuracy [28]. The model calibration was achieved through the 

adjustment of key parameters such as internal loads, occupancy sched­

ules, natural ventilation, and cooling use behavior. The results at the 

substation level show that the peak load estimation during the summer 

period achieves a coefficient of variation of root-mean-square error of 

19.7% at the hourly resolution. In addition, the daily peak load predic­

tion during the four-day heatwave exhibited an average error of 2.6%, 

with the maximum load being underestimated by 0.3%. The normal­

ized mean bias error is within 5% [29]. For the heatwave in 2023, 

the validation results show that the peak load has a maximum load 

underestimation of 1.3% and a daily peak prediction MAPE of 2.0%. 

Buildings without air conditioners or those not occupied during the out­

age window were not included in the analysis, as power outages in 

these situations would not lead to increased heat exposure for occupants 

during a heatwave.

5.2 . Scenarios under study and data assumptions

The results are organized as follows. Initially, an outage-induced 

overheating risk assessment is presented for a 34-hour-long power out­

age, considering different levels of aggregation for the evaluation of the 

metric introduced in Section 3.1. Data from Portland reported 2 hour 

power outages during the heat wave event in June 2021 [30], while 

outages during Public Safety Power Shutoffs ranged from 33 to 66 hours 

[31]. The choice of a 34-hour-long power outage represents a low proba­

bility event [32], selected with the sole purpose of evaluating the metric 

over the heat wave duration and allowing an overheating sensitivity 

comparison across feeders. Then, the application of the method proposed 

in Section 4 for scheduling rotating outages for the feeders of Substation 

A is presented. Finally, the comparison between the performance of the 

proposed method versus random outage rotations that can be applied by 

utilities is discussed. The considered cases are listed below:

• Case 1: the outage-induced overheating risk is evaluated by aggre­

gating data at substation level. In this case, the overheating risk is 

evaluated by combining all the consumers connected to the substa­

tion feeders. This aggregation allows prioritization of substations 

for rotating outage selection.

• Case 2: the outage-induced overheating risk is evaluated by aggre­

gating data at feeder level. In this case, the metric is evaluated by 

aggregating consumers of each of the substation feeders to identify 

feeders with higher heat resilience, which are better candidates to 

be prioritized for the rotating outage scheduling.

• Case 3: a static scenario for rotating outage scheduling where the 

utility is required to reduce the substation load by at least 20% 

throughout the rotation window.

• Case 4: a static scenario where the utility is required to reduce the 

substation load by at least 40% throughout the rotation window.

• Case 5: a time-variant scenario where the utility is required to re­

duce 20% of the load during the first four hours, then 40% of the 

total load during the following four hours.

• Case 6: the performance of the proposed method is evaluated 

by comparing the resulting overheating risk and curtailed energy 

against randomly generated scenarios that represent uninformed 

utility action.

The rotation in cases 3–6 is evaluated over an 8-hour interval, with 

switching actions to be taken every hour. The outage-induced overheat­

ing risk curves that relate outage-induced overheating risk and outage 

duration for an outage starting at hour 10 are shown in Fig. 6. In addi­

tion, the maximum disconnection time for each feeder 𝑑𝑓  of two hours 

and a minimum connected time 𝑐𝑓  before disconnection of one hour are 

considered for the rotating outage scheduling.

It is worth pointing out that these curves show a growing trend that 

saturates after 8 hours have elapsed. This is due to this power outage 

starts at 10 am, and then after 8 hours, the outdoor air temperature 

starts reducing also lowering the overheating risk. The threshold for the 

metric calculation is assumed to be 90 ◦F (32.2 ◦C).

5.3 . Case 1: Substation results for a long duration power outage

The metric’s ability to identify the most sensitive substations to 

outage-induced overheating risk is evaluated considering an extreme 

condition of a 34-hour power outage. The study is applied to substations 

A and B, which have 4 and 3 feeders, respectively. The outage-induced 

overheating risk of each of the substations is summarized in Table 2. The 

metric is evaluated considering the accumulated overheating and energy 

curtailed for the complete set of buildings supplied by the substation.

Fig. 6. Outage-induced overheating risk as a function of the outage duration for 

substation a feeders for an outage starting at 10 am.

Table 2 

Aggregated Outage-Induced overheating risk at 

each substation.

Substation Outage-Induced Overheating Risk

(◦C − h∕kWh)

A 1.063

B 1.142
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Fig. 7. Building indoor air temperature trajectories and averages during the 34-

hour power outage: (a) substation A, and (b) substation B. Trajectories in gray 

correspond to indoor air temperature during outage only. Outdoor temperature 

is shown for reference.

Fig. 8. Outage-induced overheating risk aggregated at each feeder head for all 

feeders in substations A and B.

When compared at a substation level, Substation B is slightly more 

sensitive to the power disconnection compared to substation A, as shown 

in Table 2. Substation B supplies a smaller set of buildings with AC 

compared to Substation A (2,230 buildings in substation A vs. 2,042 

in substation B); hence, a lower energy consumption during the outage 

window compared to substation B leads to a higher sensitivity to the 

power outage. A comparison of temperature trajectories and average 

temperatures between buildings in Substation A and B is presented in 

Fig. 7. From Fig. 7, the average trajectories show the divergence of tem­

perature values during the outage window, compared to the scenario 

with no outage. Comparing the average values across both feeders, the 

maximum average temperature is 41.6 ◦C (106.9 ◦F) for substation A 

while this value reaches 40.6 ◦C (105.1 ◦F) for substation B. Despite 

the higher peak in the hourly average temperature across buildings in 

Substation A, the intensity of overheating risk per kWh of energy cur­

tailed leads to a greater impact on a smaller group of buildings. On 

identifying candidate substations, the application of the metric helps rec­

ognize substations with better capacity to withstand the negative effect 

of the power outage.

5.4 . Case 2: feeder-level results for a long duration power outage

The results of the metric when buildings are aggregated at a feeder 

level are shown in Fig. 8, calculated considering the overheating risk 

and energy curtailed per feeder. This evaluates the direct impact of a 

feeder disconnection by the utility at the substation on the overheating 

risk experienced by consumers in the feeder. As for Substation A, Feeder 

A2 is the feeder with the lowest sensitivity to the power outage com­

pared to the other feeders, followed by Feeder A4 and Feeder A3, with 

Feeder A1 being the most sensitive. In a rotating outage scenario, Feeder 

A2 is the most suitable candidate to start a rotation, while the discon­

nection of Feeder A1 may lead to the highest overheating risk across all 

feeders. Similarly for Substation B, Feeder B3 corresponds to the feeder 

with the largest sensitivity to the power outage, making it a better candi­

date to remain connected for longer periods during the rotating outage 

calculation.

5.5 . Case 3: single-feeder rotating outage scheduling for substation A

The rotating outage scheduling is evaluated in Substation A for the 

cases introduced in Section 5.2. The rotating outage schedule for Case 3 

is shown in Fig. 9(a). At all times, the disconnection of a single feeder 

is enough to meet the load reduction target. In this case, Feeder A2 is 

prioritized for disconnection during hour 10 as it corresponds to the 

feeder with the least sensitivity to the power outage. The disconnection 

of Feeder A2 during hour 1 reduces the load to meet the utility target, 

as shown in Fig. 9(d). For hour 11, it is more favorable to have Feeder 

A2 disconnected for one more hour than attempting to disconnect any 

of the other feeders, as shown by the metric evolution in Fig. 9(g). As 

Feeder A2 has reached its maximum time out, the feeder is reconnected, 

enforcing an outages in Feeder A3 for hour 12 and subsequently Feeder 

A4 during hour 13. Feeder A1 is considered as the final choice for the 

rotation due to its highest OIOR to the power outage in hour 14. Feeder 

A1 is reconnected in hour 15. At this hour, a complete rotation is ob­

tained, leading Feeder A2 to become available for a new rotation and 

the rotation pattern from the initial hours is repeated starting hour 15.

5.6 . Case 4: double-feeder rotating outage scheduling for substation A

The rotating outage schedule for Case 4 is shown in Fig. 9(b). To meet 

the load reduction target throughout the rotation, at least two feeders 

need to be disconnected each hour. Feeders A2 and A3 are prioritized 

for disconnection during hour 10. Similar to Case 1, Feeder A2 can be 

disconnected in two-hour intervals. Feeder A3 can only be disconnected 

for one hour before the overheating increases, switching with Feeder A4 

during hour 11. In hour 12, Feeder A2 is reconnected after meeting the 

maximum disconnection time, and Feeder A4 is reconnected due to it is 

more favorable to disconnect Feeder A1 than to extend the disconnec­

tion time of Feeder A4. At this time, Feeders 2 to 4 are unavailable for 

disconnection. Since disconnection of Feeder 1 is not enough to meet 

the load reduction target, and no other candidate is available, Feeder 

A3 is removed from the locked list to be disconnected and meet the load 

reduction target, as seen in Fig. 9(e). This does not apply to Feeders A2 

and A4 which must remain reconnected during hour 12, as the mini­

mum on-time after reconnection has not been met. Feeder A2 can be 

disconnected again after meeting the minimum on-time after reconnec­

tion and can be disconnected for the next two hours, with Feeders A4 

and A3 alternating during hours 13 and 14, with a reset at hour 14. The 

rotation pattern is repeated starting at hour 16.

5.7 . Case 5: rotating outage scheduling for substation A under time-variable 

load reduction

The rotation for Case 5 is shown in Fig. 9(c). The scheduling repli­

cates the rotation of Case 3 during the first four hours, where the 

required load reduction by the utility can be met by disconnecting a 

single feeder per hour. Starting hour 14, two feeder disconnections are 

required to meet the load reduction target. Feeder 4 is not available as 

Applied Energy 416 (2026) 127983 

7 



L. Rodriguez-Garcia, M. Heleno, W. Zhang et al.

Fig. 9. Rotating outage schedules, energy curtailment, and outage-induced overheating risk metric for the considered cases. First row includes the rotating outage 

schedules. Second row includes the energy consumed by each feeder and load reduction target. Third row includes the value of the outage-induced overheating risk 

metric. Each column corresponds respectively to Case 3, Case 4, and Case 5.

a reconnection is enforced for hour 14, and Feeders A2 and A3 are in 

the locked feeder list. Then, a reset of the candidate feeders for discon­

nection is required removing Feeders A2 and A3 from the locked feeder 

list. With Feeder A2 as the available feeder with the lowest sensitivity, 

its disconnection combined with Feeder A1 allows meeting the load re­

duction target for the substation. For hour 15, feeder A1—which has the 

largest sensitivity—is reconnected and switched with feeder A3. A new 

reset is applied at hour 16 to enable feeder A1 and then the process is 

finalized with the disconnection of Feeders A2 and A3.

To assess the effect of variable outage conditions, a comparison of 

the cumulative overheating risk and energy curtailed for case 3 (one 

disconnection per hour), case 4 (two disconnections per hour), and case 

5 over the rotating outage window is shown in Fig. 10. During the first 

four hours of the rotating outage, cases 3 and 5 follow the same over­

heating risk and curtailed energy trajectories, as both require a single 

feeder disconnection per hour. As the utility is required to curtail more 

load starting in hour 5, which implies disconnecting two feeders, both 

overheating risk and curtailed energy exhibit a steeper increase. From 

this hour onward, case 5 increases at nearly the same rate as Case 4, 

showing how tightened operational constraints reduce scheduling flexi­

bility, leading to higher aggregated thermal stress for buildings supplied 

by Substation A.

5.8 . Comparison against random strategies

To evaluate the quality of the obtained solution, 2,000 random 

rotating-outage schedules with two feeder disconnections per hour are 

generated, consistent with the load reduction requirement of Case 4. 

These scenarios emulate random actions at the substation to meet the 

load reduction target. For each of these Case-4 schedules, two additional 

schedules are derived from the same realization to represent Case 3 

(one-feeder disconnection per hour) and Case 5 (mixed disconnection 

pattern). The combination of these three cases constitutes a triad of 

related schedules, which are required to satisfy the rotating outage 

constraints.

Out of 2,000 random realizations, 169 feasible triads are obtained. 

For each triad, the total outage-induced overheating risk is calculated 

as the sum of the overheating across all disconnection cases and then 

averaged across the three schedules. The average curtailed energy is 

also obtained. This aggregation provides a consistent performance com­

parison across operating conditions. The resulting objective space plot 

is shown in Fig. 11, which shows that, while the method is not con­

ceived to be Pareto-optimal, the solution leads to the lowest average 

outage-induced overheating risk while maintaining moderate energy

curtailment.

It is worth mentioning that sampling-based searches can become 

more complex when a large number of feeders or hours are con­

sidered, and the probability of drawing near-optimal solutions de­

creases with the problem size. In addition, emergency operations 

require fast response from distribution system operators. Sampling 

produces a set of Pareto optimal alternatives, increasing the deci­

sion load as operators must evaluate tradeoffs across multiple fea­

sible solutions. By contrast, our method provides a single, high-

quality schedule, reducing the decision-making burden during the

emergency. 
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Fig. 10. Performance comparison between cases 3 to 5 over the rotating outage 

window: (a) cumulative overheating risk, and (b) cumulative energy curtailed.

Fig. 11. Objective space plot for the random solution and the solution obtained 

using the proposed method.

6 . Conclusion

6.1 . Concluding remarks

This paper presents a framework for scheduling rotating outages 

based on indoor overheating risk, particularly during extreme heat 

events. Our approach introduces a quantitative metric that captures the 

additional overheating risk associated with power outages, enabling util­

ities to prioritize outage rotations that reduce the adverse effects of 

heat exposure on communities. By simulating the indoor air tempera­

ture during extreme heat events, combined with the electricity curtailed 

during the power outage, utilities can effectively identify the feeders in 

their territory that would experience the highest outage-related thermal 

stress.

The proposed methodology provides an efficient mechanism for 

power utilities to make rapid and informed decisions when rotating 

power outages are required, guided by community resilience to extreme 

heat events. The method provides flexibility by considering evolving 

conditions during the rotating outage window, such as changing load 

shedding requirements, and maximum disconnection periods for critical 

feeders. This represents an advantage as feeders with higher outage-

induced overheating risk can be disconnected less frequently, reducing 

the heat exposure of more sensitive consumers.

From a utility regulatory and policy perspective, these results high­

light the importance of incorporating heat vulnerability into rotating 

outage practices, moving from decisions based on load only to risk-

informed strategies. In contrast to random and uninformed disconnec­

tions, which can unintentionally aggravate the effects of the heat wave 

on a community, the proposed method provides a mechanism that can 

be integrated into operations planning or regulatory guidance for outage 

management during extreme weather. Thus, power utilities can meet 

the power system reliability requirements while taking steps towards 

more resilient outage management strategies in times of increasing heat 

events.

6.2 . Limitations and future work

The overheating risk calculation is based solely on indoor tem­

peratures exceeding predefined thresholds, without accounting for the 

specific vulnerability of the building occupants. Certain groups, such as 

children, older adults, and people with pre-existing health conditions 

can be more sensitive to heat-related illness. In addition, we assume 

that customers do not take precautionary actions before the power out­

age, such as pre-cooling their homes. These limitations pave the way 

for future work. Further research should assess the impact of customer 

preparation on the scheduling of rotating outages. For instance, utili­

ties could notify customers of potential power outages and incentivize 

pre-cooling strategies to reduce the risk of overheating. The informa­

tion provided by this framework allows the identification of feeders 

where customers exhibit a lower thermal resilience after power outages, 

enabling power utilities to prioritize strategies towards risk mitigation 

in vulnerable communities, such as integrating distributed energy re­

sources for additional power supply, or establishing resilience hubs to 

provide cooling during outages. Future work may also consider the po­

tential of disconnecting sections of a feeder instead of a complete feeder 

disconnection. In this scenario, available reclosers throughout a feeder 

can add granularity to avoid disconnection of neighborhoods with larger 

overheating risks.
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