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Abstract: Changes in weather conditions directly impact the output of wind power, photovoltaic
systems, and other forms of uncontrollable power generation. During extreme weather events, the
output from wind and photovoltaic sources is typically reduced. In light of this, this paper proposes
a two-stage operational strategy for energy storage, under scenarios of extreme-heat-with-low-wind-
speed, in power systems. Firstly, historical data on wind and solar power, along with weather
characteristics, are collected to analyze the power output during multi-day periods of extreme heat
and low wind speed. Then, Monte Carlo simulations are employed to generate multi-day load curves
with inherent uncertainties, based on regional load characteristics of the power system. Finally, a
two-stage operation strategy for energy storage charging and discharging is established. In the first
stage, normal operations are conducted to identify periods of power shortage across various types of
loads. In the second stage, based on the identified moments of power shortage from the first stage,
charging and discharging constraints are applied to the energy storage systems. The feasibility and
effectiveness of this two-stage operational strategy are then validated through simulations, using
historical data to generate scenarios of multi-day extreme-heat-and-low-wind-speed conditions.

Keywords: extreme weather; extreme heat with low wind speed; two-stage operation; energy storage;
Monte Carlo method

1. Introduction

As power systems undergo fundamental structural changes to their generation portfo-
lios, the proportion of installed renewable energy sources like wind and solar is gradually
increasing. There are concerted efforts underway to improve the utilization rates of these
clean but intermittent generation technologies that have reached high levels of technolog-
ical maturity [1–3]. Specifically for China, it is projected that by 2025, non-fossil energy
sources will account for about 20% of total energy consumption and approximately 39% of
electricity production [4,5].

However, the inherent variability and uncertainty associated with renewable gener-
ator outputs like photovoltaic and wind power present significant operational risks and
challenges to grid operators [6]. Since weather conditions directly influence the power
output from these uncontrollable renewable sources, with lower production levels during
extreme weather events, proactive measures must be taken from a total system perspective
to maintain the requisite supply–demand balance [7,8]. During such scenarios, actions like
rational load shedding, optimal coordination of conventional generator schedules, and
effective utilization of energy storage capabilities become paramount for ensuring reliable
and economical grid operations.
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The inherent intermittency and stochastic behavior of renewable generation sources
give rise to significant fluctuations and imbalances between the available supply and con-
sumer demand, necessitating active management strategies [9,10]. A failure to proactively
address these supply–demand imbalances can precipitate severe consequences for power
system operation, including deviations from the nominal grid frequency, overloading of
transmission lines beyond their rated capacities, violations of mandated voltage limits,
and, in the most extreme scenarios, the potential for widespread blackouts across the entire
system [11,12]. Consequently, enhancing operational flexibility emerges as a paramount
imperative, crucially enabling power systems to effectively compensate for the variability
and uncertainty introduced by the increasing integration of renewable energy resources.

Previous research efforts have explored various methodologies to address load shed-
ding and optimal dispatch problems. Reference [13] proposes a state enumeration method
based on Lagrange multipliers, which directly obtains the optimal load shedding strategy
for contingency states through a function derived from Lagrange multipliers. Both the
referenced literature and this paper recognize the issue of load shedding. The referenced
literature primarily addresses load shedding through state estimation in emergency situa-
tions, whereas this paper focuses on scheduling energy storage devices to reduce critical
load shedding under extreme weather scenarios. Alternatively, Reference [14] introduces a
data-driven multi-agent framework leveraging deep reinforcement learning algorithms
to overcome computational challenges and scalability issues associated with accurate sys-
tem models. Both the referenced literature and this paper recognize the issue of power
system security. The referenced literature primarily addresses voltage issues caused by line
outages during extreme weather, whereas this paper focuses on energy storage strategies
in response to abnormal wind and solar power output scenarios under extreme weather
conditions with a high penetration of renewable energy. In the realm of stochastic optimiza-
tion, Reference [15] presents a data-driven agent model based on sparse polynomial chaotic
expansions for a stochastic economic dispatch problem, accounting for uncertainties in
wind power generation. Both the referenced literature and this paper recognize the issue of
uncertainty in power systems. However, this paper primarily employs uncertainty scenario
generation and reduction to achieve the expansion of typical scenarios. Reference [16]
proposes a novel opportunity-constrained economic dispatch model that synergistically
optimizes the generation of conventional units and the curtailment strategy for renewable
energy sources, aiming to minimize total operating costs while limiting operational risk.
Both the referenced literature and this paper recognize the issues related to renewable
energy generation. The referenced literature focuses on curtailment of renewable energy un-
der safety considerations, whereas this paper primarily address the issue of low renewable
energy output under extreme weather scenarios. Despite these contributions, there is still a
research gap in coordinating energy storage systems with load management strategies. The
main work of the relevant literature focuses on solving the first-stage problem addressed in
this paper [17]. Addressing this gap is crucial for achieving a seamless integration of storage
resources and effective load prioritization, particularly in the context of power systems
with high penetrations of renewable energy sources that are susceptible to variability and
intermittency during extreme weather conditions.

Based on the related problems, this paper proposes the study of a two-phase operation
strategy of energy storage in extreme-heat-with-low-wind-speed scenarios of a power
system. Firstly, wind history curves and weather characteristics are collected to analyze
the multi-day wind output characteristics of extreme heat and low wind speed. Then,
the load characteristics based on the power system area are obtained, and a Monte Carlo
simulation is used to generate the multi-day load curve with uncertainty. Finally, the load
management strategy and the two-stage operation strategy of energy storage charging and
discharging are established in this scenario. The feasibility and effectiveness of the model
are verified through data simulation. Our contributions are as follows:

(1) We have demonstrated the wind and solar output curves under extreme high tem-
perature and low wind speed scenarios, addressing the uncertainty and scenario
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adaptability of typical load curves using Monte Carlo simulation and the K-means
clustering algorithm;

(2) Unlike current research that focuses on reducing overall load shedding in a single
stage, we have established an energy storage model to reduce the shedding of criti-
cal loads;

(3) We have developed a two-stage energy storage operation strategy under extreme high
temperature and low wind speed scenarios, and quantitatively analyzed the impact
of the two-stage energy storage model, showing that although total load shedding
increased, the shedding of more critical loads decreased.

The remainder of this paper is organized as follows. Section 2 introduces wind power
generation, photovoltaic power generation schemes, and load scenarios. Section 3 presents
a two-stage energy storage operation strategy under extreme high temperature and low
wind speed conditions. Section 4 validates the proposed method with relevant case studies.
Finally, Section 5 provides the conclusion.

2. Wind Power, PV Scenarios, and Load Scenarios

Some studies and related phenomena show that there is a significant correlation between
weather conditions and the power output of wind and photovoltaic generators [18,19].
Extreme weather events often exhibit unique weather patterns and characteristics, directly
manifesting as abnormal renewable energy production curves in power systems [20–22].
By analyzing historical weather and corresponding wind farm data, the required extreme
scenarios for research can be systematically identified and extracted. This paper focuses on
the impact of extreme heat scenarios accompanied by low wind speeds on renewable energy
output [23–25].

For the specific case of concurrent extreme-heat-and-low-wind-speed events, a multi-
criteria screening approach can be employed. First, a maximum temperature threshold is
set (e.g., 35 ◦C) to flag periods of extreme ambient heat, as defined by existing practices [26].
This temperature filter is combined with a second criterion that captures periods where
average daily wind power output falls below a specified level, such as 20% of rated capacity.
Applying these compound filters to historical meteorological and wind power production
data allows representative extreme-heat-with-low-wind-speed scenarios to be isolated and
studied further.

When analyzing net load curves during extreme events, it is crucial to account for
the heterogeneity that exists across different customer classes and load types. Loads are
typically stratified into distinct classes (e.g., Class I, II, III) based on factors like the load
reduction methods that can be employed and the associated costs of curtailment [27].

Pload
t = PI−L

t + PI I−L
t + PI I I−L

t (1)

where Pload
t denotes all the loads in the region at time t, and PI−L

t , PI I−L
t , PI I I−L

t denote one,
two, and three classes of loads at time t, respectively.

Class I loads generally represent critical services and infrastructure for which any
involuntary disconnection must be avoided due to public safety or economic consequences.
Class III loads, on the other hand, are more amenable to load shedding as a last resort for
balancing supply and demand. Class II loads fall somewhere in between in terms of their
curtailment priority. Given these distinctions, an effective load characterization framework
is to first disaggregate and classify the system’s aggregate load profile into the typical Class
I, II, and III categories. This segregated representation allows for more judicious operational
decisions during scarcity events by exploring load shedding alternatives primarily across
the less-critical Class III and II loads before ever having to contemplate curtailments of the
highest-priority Class I services.
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Similarly, there are variations in typical scenario loads, and Monte Carlo methods are
used to simulate scenarios with large uncertainties in generating loads.

Pload
t = Pload,pred

t + α∆Pload,pred
t (2)

where Pload,pred
t represents the load power prediction at the time t, and ∆Pload,pred

t represents
the load power prediction error at the time t. This paper takes α = 10% to obey the standard
normal distribution N(0, 1).

The K-means algorithm is utilized to cut down the required number of scenes which
need to be analyzed for the Euclidean distance of each Monte Carlo generation scenario,
which in turn is clustered by setting the number of k. The scene Euclidean distance
calculation is as follows:

d(i, j) =
√
[(xi1 − xj1)

2 + (xi2 − xj2)
2 + · · ·+ (xin − xjn)

2] (3)

where xi1 and xj1 are the i-th generated scenario and j-th generated scenario, and d(i, j) is
the Euclidean distance between the two scenarios.

In this form, the scenarios of wind power output under extreme heat with low wind
speed in the region were screened, and the load scenarios were simulated and generated.

3. A Two-Stage Operation Strategy for Energy Storage in Extreme-Heat-with-Low-Wind-
Speed Scenarios
3.1. First Stage: Power Balancing of Energy Storage by Minimum Load Reduction

Power balance constraints for the power system are necessary, which take into account
wind turbines, photovoltaics, DC feed-in and thermal power units:

Pt = PWP
t + PPV

t + PDC
t + PTP

t (4)

where Pt, PWP
t , PPV

t , PDC
t , PTP

t denote the total power supply power, wind turbine power,
photovoltaic power, DC feed-in power, and thermal power units output at time t, respec-
tively.

In this case, thermal power has upper and lower bound constraints with upward and
downward creeping constraints:

PTP,min
t ≤ PTP

t ≤ PTP,max
t (5)

PTP
t+1 − PTP

t ≤ PTP,up
t (6)

PTP
t − PTP

t+1 ≤ PTP,down
t (7)

where PTP,min
t , PTP,max

t , PTP,up
t , PTP,down

t are the minimum value of thermal power output,
maximum value of output, upward creepage limit, and downward creepage limit.

Load reduction is inevitable in the event of severe weather extremes. Therefore,
the charging and discharging of the total power supply plus energy storage needs to be
balanced against the load after load reduction:

Pt + Pess,t = Pload
t − Pload,LR

t (8)

where Pess,t is the charging and discharging power of energy storage, and Pload,LR
t is the

load reduction power.
Energy storage also needs to be modeled, and since it cannot be charged and dis-

charged simultaneously, it is constrained using binary variables.

Pess.min ≤ Pess,t ≤ Pess.max (9)

Sess.min ≤ S(t) ≤ Sess.max (10)



Energies 2024, 17, 3178 5 of 16

S(t) = S(t − ∆t) + µess_c ·
Pess−c · ∆t · ηess

Eess
− µess_d

Pess−d · ∆t
Eess · ηess

(11)

Pess(t) = Pess(t − ∆t) + µess_c · ηessPess−c∆t − µess_d
Pess−d∆t

ηess
(12)

µess_c + µess_d ≤ 1 (13)

where Pess,t denotes the charging and discharging power of the energy storage, S(t) de-
notes the charging state SOC of the energy storage, and µess_c, µess_d are the charging and
discharging state coefficients, which are 0/1 variable.

The overall objective function of the model is to minimize load reduction:

min LR =
T

∑
t=1

Pt + Pess,t = Pload
t −Pload,LR

t (14)

where LR is the total power of the load reduction.

3.2. Second Stage: Power Balancing with Orderly Operation Strategies for Energy Storage

Given that energy storage systems are operated with the objective of minimizing
curtailed load, there exists a potential risk of overlooking the relative importance of different
load types in pursuit of this singular goal. To address this concern, this section outlines
an enhanced energy storage operation strategy that prioritizes supplying power to critical
Class I and Class II loads during extreme weather events characterized by extreme-heat-
and-low-wind-speed conditions.

This improved strategy necessitates a two-stage analytical process. The first stage
involves a predictive assessment to identify the specific times at which curtailment of Class
I and Class II loads may occur under the constrained scenario. Crucially, the overarching
objective function and other model constraints remain unchanged from the original formu-
lation. However, to enact the prioritization of critical loads, additional storage constraints
are incorporated into the model:

Sneed
ess,t = Sess.min +

(PI−L
t + PI I−L

t − Pt)

ηess
× ∆t, PI−L

t + PI I−L
t − Pt ≥ 0 (15)

{
S(t − ∆t) ≥ Sneed

ess,t Sneed
ess,t < 1

S(t − ∆t) = 1 Sneed
ess,t ≥ 1

(16)

where t denotes the time when power shortage occurs due to extreme heat and low wind
speed, ∆t denotes the determined time period when it occurs, Sneed

ess,t denotes the capacity
demand of energy storage at time t, and Pt denotes the total power supply power at time t.

This constraint facilitates the minimization of load reduction for high-priority, critical
loads by proactively curtailing lower-importance loads when the energy storage system’s
predictive analysis foresees an impending scenario where shedding of essential loads would
otherwise be necessary. Specifically, it ensures that the energy storage reserves are preserved
and not prematurely discharged in situations where load reduction is anticipated to impact
the vital Class I and Class II loads. By judiciously rationing the stored energy reserves, this
strategy realizes the overarching goal of minimizing the curtailment experienced by the
most essential consumer segments during supply shortfalls.

We created a load shedding diagram for different cases of Equation (16), as shown in
Figure 1. Each block represents the amount of load shedding, with III-1 indicating the load
shedding for three types of loads in period 1, and so on. The method of maintaining energy
storage is used to transfer more critical load shedding. Equation (15) calculates the energy
storage required to be maintained, and Equation (16) adjusts the energy storage. If the
“Sneed

ess,t < 1” condition of Equation (16) is met, it is implemented directly. If the “Sneed
ess,t ≥ 1”

condition of Equation (16) is met, it indicates a situation where more critical load shedding
must occur, requiring the energy storage to be fully charged.
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Equ. (15)

III-1
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Energy storage can't 
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important loads

Δt
Δt

Δt
Δt

Figure 1. Schematic diagram of two-stage load shedding with storage regulation.

Ultimately, the flowchart of the two-stage operation strategy of energy storage for
extreme-heat-with-low-wind-speed scenarios in the power system is shown in Figure 2.
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Figure 2. A two-stage operation strategy for energy storage in extreme-heat-with-low-wind-speed
scenarios of power system.

4. Case Analysis

The historical typical load curve shown in Figure 3 is used as the base dataset in
this paper. The load has characteristics of historical data that include typical scenarios,
representing a typical load curve for a specific region in China [28].
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Figure 3. Typical load power curve.

Subsequently, a Monte Carlo method is utilized to generate a vast array of synthetic
load scenarios, visually represented in Figure 4. Following this scenario generation phase,
a determination is made to select three representative days’ worth of load scenarios for
further analysis. This selection process involves an iterative procedure that identifies
the centroids of three distinct scenario classes in a manner that minimizes the average
Euclidean distance between each scenario and its respective class centroid. The K-means
clustering algorithm is then applied to identify the scenarios closest to these optimized
class centers, thereby facilitating an effective scenario reduction technique, as illustrated
in Figure 5. Ultimately, this method yields a compact yet representative subset of load
scenarios that can be seamlessly integrated into subsequent analyses and modeling efforts.

Energies 2024, 17, 3178 8 of 16 
 

 

 

Figure 3. Typical load power curve. 

Subsequently, a Monte Carlo method is utilized to generate a vast array of synthetic 

load scenarios, visually represented in Figure 4. Following this scenario generation phase, 

a determination is made to select three representative days’ worth of load scenarios for 

further analysis. This selection process involves an iterative procedure that identifies the 

centroids of three distinct scenario classes in a manner that minimizes the average Euclid-

ean distance between each scenario and its respective class centroid. The K-means clus-

tering algorithm is then applied to identify the scenarios closest to these optimized class 

centers, thereby facilitating an effective scenario reduction technique, as illustrated in Fig-

ure 5. Ultimately, this method yields a compact yet representative subset of load scenarios 

that can be seamlessly integrated into subsequent analyses and modeling efforts. 

 

Figure 4. Monte Carlo method to generate two hundred load scenarios. 

00 04 08 12 16 20 24
400

600

800

1000

T
y

p
ic

al
 l

o
ad

 p
o

w
er

/M
W

Time

00:00 04:00 08:00 12:00 16:00 20:00 00:00
0

400

800

1200

20

40

60

80

100

120

140

160

180

200

L
o
ad

 P
o
w

er
/M

W

Scenarios

Time

Figure 4. Monte Carlo method to generate two hundred load scenarios.



Energies 2024, 17, 3178 9 of 16
Energies 2024, 17, 3178 9 of 16 
 

 

 

Figure 5. Original load curve and load reduction curves. 

To conduct a comprehensive analysis of the relative proportions of the three distinct 

load classes present within the regional power system, the formulation expressed in Equa-

tion (1) is employed. This equation facilitates the segregation of the overall load curve into 

three distinct classes, with Class I (C-I) explicitly delineated as a standalone class, while 

the remaining load components are collectively grouped into the other two classes. The 

resulting three classes of load power curves, each representing a unique curve of demand 

patterns, are visually depicted in Figure 6. This demonstrates the extension of the typical 

load curve under error constraints, aiding in the further analysis and assessment of the 

power system operation under scenarios of extreme heat accompanied by low wind speed 

[29]. This provides example curves for the operation of energy storage systems discussed 

in this paper. 

 

Figure 6. Three classes of load power curves. 

In the computational example presented in this paper, a crucial step involves analyz-

ing the output characteristics of wind and solar power under extreme-heat-and-low-

wind-speed conditions. This necessitates screening and identifying the specific wind and 

solar power output curves that correspond to such severe meteorological scenarios. No-

tably, the wind power output exhibits a distinctly low level during periods of extreme 

heat coupled with minimal wind availability. In contrast, the photovoltaic (PV) output 

00 04 08 12 16 20 24
0

200

400

600

800

1000

1200

P
o

w
er

/M
W

Time

 Original Load Curve  Load Reduction Curve I

 Load Reduction Curve II  Load Reduction Curve III

08 16 00 08 16 00 08 16 00
200

400

600

800

1000

L
o

ad
 P

o
w

er
/M

W

Time

C-I

C-II

C-III

Figure 5. Original load curve and load reduction curves.

To conduct a comprehensive analysis of the relative proportions of the three distinct
load classes present within the regional power system, the formulation expressed in Equa-
tion (1) is employed. This equation facilitates the segregation of the overall load curve
into three distinct classes, with Class I (C-I) explicitly delineated as a standalone class,
while the remaining load components are collectively grouped into the other two classes.
The resulting three classes of load power curves, each representing a unique curve of
demand patterns, are visually depicted in Figure 6. This demonstrates the extension of the
typical load curve under error constraints, aiding in the further analysis and assessment of
the power system operation under scenarios of extreme heat accompanied by low wind
speed [29]. This provides example curves for the operation of energy storage systems
discussed in this paper.
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Figure 6. Three classes of load power curves.

In the computational example presented in this paper, a crucial step involves analyzing
the output characteristics of wind and solar power under extreme-heat-and-low-wind-
speed conditions. This necessitates screening and identifying the specific wind and solar
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power output curves that correspond to such severe meteorological scenarios. Notably,
the wind power output exhibits a distinctly low level during periods of extreme heat
coupled with minimal wind availability. In contrast, the photovoltaic (PV) output remains
relatively less affected by these extreme conditions. For the selected study area, the installed
capacity comprises 100 MW of PV, 230 MW of wind power, 250 MW of DC-fed power, and
400 MW of thermal power generation, collectively representing a power system with a high
penetration of renewable energy sources.

Under the extreme-heat-and-low-wind-speed meteorological conditions investigated,
the renewable energy contribution in the form of wind power output is substantially
diminished, generally falling below 20% of the installed capacity. To accurately capture
the system behavior during such events, this paper selects representative wind power,
PV, and load curves spanning two consecutive days of extreme-heat-and-low-wind-speed-
conditions, as well as the preceding day. These three days’ worth of scenario data, as
illustrated in Figure 7, serve as essential inputs for the subsequent analyses and modeling
efforts undertaken in this study.
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Figure 7. Extreme-heat-with-low-wind-speed scenario.

Additionally, the analysis incorporates the assumption that the installed thermal
power capacity is subject to a gradual ramp-up rate of 2.5% per minute, reflecting the
operational constraints and response characteristics of conventional thermal generators.
Furthermore, the study considers an energy storage system with a capacity equivalent
to 20% of the total installed wind power capacity, representing a substantial grid-scale
storage resource.

By employing the proposed two-stage operation strategy for energy storage man-
agement during the extreme-heat-with-low-wind-speed scenario, the paper presents a
comprehensive evaluation of the resulting system performance. Figure 8 illustrates the
extent of load reduction experienced by Class III loads (lowest priority), providing insights
into the curtailment of non-essential demand under these severe conditions. Meanwhile,
Figure 9 depicts the load reduction imposed on Class II loads, revealing the impact on this
higher-priority category of consumers. Finally, Figure 10 showcases the temporal evolution
of the energy storage system’s charging and discharging behavior, visually representing
the strategic deployment of the storage resource to mitigate load shedding and maintain
grid reliability during this challenging operational scenario.
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Figure 8. Load reduction power for Class III loads under two stages.
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Figure 9. Load reduction power for Class II loads under two stages.
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The green boxes in Figure 10 indicate different operational strategies for energy storage.
As can be seen from the figures, using the proposed two-stage operation strategy for energy
storage in extreme-heat-with-low-wind-speed scenarios of the power system can effectively
reduce the management power of Class II loads, and by utilizing the logical energy storage
strategy for charging and discharging management and optimizing the load management
for the target, it can be seen that the energy storage still does not discharge and performs
energy preservation in some moments, especially at noon of the second day and at noon of
the third day, when the Class III loads require a large amount of management to meet the
power demand of Class II loads. Regarding discharge and energy conservation to meet the
power demand of Class II loads, for the proposed method, this only occurred at 16:00 on
the second day of the Class II load shedding, while for the conventional method, based on
the lack of load and power supply economy, this occurred in a large number of load-cutting
cases. Therefore, it can be seen that the proposed method can effectively address the
important load preservation of a power system under extreme-heat-with-low-wind-speed
scenarios, and provide an effective solution for the operation of a power system with a
high proportion of renewable energy under extreme-heat-with-low-wind-speed scenarios.

Based on the information provided in Table 1, where the load reduction quantities
are expressed in megawatts (MW), a noteworthy observation can be made. Although the
total curtailed load experiences an increase in the second stage of the proposed strategy, the
more critical Class II loads undergo a substantial reduction in the extent of load reduction.
This favorable outcome can be attributed to the sequential discharge constraints imposed
on the energy storage system.

Table 1. Two classes of load reduction and total loads reduction (unit: MW).

Stage Load Reduction for
Class III of Loads

Load Reduction for
Class II of Loads

Total Reduction
Loads

First Stage 4163.7266 388.0179 4551.7445
Second Stage 4652.0177 5.5480 4657.5657

In order to show the feasibility of the method, different 3-day loads are used with
the results obtained through the method of this paper, as shown in Figure 11 and Table 2.
Where the Figure 11a represent the adopted loads and the Figure 11b represent the output
load reduction results. The adopted loads include the typical loads used in Figure 5 with the
uncertainty loads. Table 2 demonstrates the load reduction for Class II loads for different
load forms. This proves that the method is not limited by means of loads and effectively
reduces the reduction of more important loads.

Specifically, the augmented load reduction affecting the lower-priority Class III loads
serves to preserve the energy storage’s discharge capability, thereby mitigating the cur-
tailment of the higher-priority Class II loads. This strategic trade-off, facilitated by the
staged deployment of storage resources, ensures that the energy storage remains sufficiently
charged and capable of supplying the essential Class II loads in the event of an impending
shortage. Furthermore, the proposed approach allows for multiple instances of load reduc-
tion within the Class III category, leveraging the flexibility to curtail non-essential demand
as necessary. This strategic load management approach, coupled with the judicious dis-
charge of energy storage, effectively safeguards the continuity of supply for the critical Class
II loads, a paramount objective under the challenging extreme-heat-with-low-wind-speed
operational scenario.
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Figure 11. Five types of load curves and load shedding.
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Table 2. Two classes of load reduction of load curves (unit: MW).

Stage First Stage Second Stage

Load curve 1 5.5480 388.0179
Load curve 2 0 0
Load curve 3 0 81.4082
Load curve 4 8.3479 183.7411
Load curve 5 0 355.3054

5. Conclusions

In conclusion, this paper has presented a novel two-stage operation strategy for energy
storage systems within power grids under extreme-heat-with-low-wind-speed scenarios.
The proposed approach optimally schedules the charging and discharging of storage assets
to ensure a reliable and prioritized power supply for critical loads during these challenging
conditions. A comprehensive multi-timescale optimal scheduling model was developed,
accounting for the operational constraints of energy storage devices and classifying loads
into three distinct categories based on power supply reliability requirements.

A key contribution of this work is the formulation of a two-stage charging/discharging
optimization method underpinned by a logical energy storage strategy. This intelligent
management of storage resources has been shown through simulations to substantially
reduce curtailment of high-priority Class II loads, with only minor instances of load
reduction occurring during a few hours of the analyzed period. Significantly, the storage
system prioritizes the supply to these essential Class II loads during peak demand intervals,
outperforming traditional methodologies.

The proposed strategy effectively mitigates supply–demand imbalances that power
systems face under extreme weather events, thereby enhancing the reliability of power
delivery to vital loads. As a result, it provides a robust foundation for the economic and
reliable operation of power grids with high penetrations of renewable energy sources, which
are particularly vulnerable to variability and intermittency during severe meteorological
conditions. This innovative approach paves the way for improved grid resilience and a
more sustainable energy future.
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