
JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 13, NO. 1, January 2025

Stochastic Optimization of Medium- and Short-
term Reserve Arrangement for Preventive and 
Emergency Control Under Typhoon Disaster

Yunchu Wang, Student Member, IEEE, Yusheng Xue, Fellow, IEEE, Dongliang Xie, Yuge Chen, 
Changming Chen, and Zhenzhi Lin, Senior Member, IEEE

Abstract——With the increase in the permeability of renewable 
energy and the frequency of extreme weather, the power system 
requires a large amount of flexible power regulation capacity. 
In order to realize the multi-day cooperation of reserve resourc‐
es, the stochastic optimization of medium- and short-term re‐
serve arrangement considering the typhoon uncertainty is stud‐
ied in this paper. Firstly, the extreme scenario generation and 
reduction method considering the typhoon path − intensity pre‐
diction uncertainty is constructed. Then, considering the com‐
bined cost of preventive and emergency control for adequacy in 
multiple scenarios, the reserve arrangement optimization model 
in extreme weather is built. In this model, the pre-dispatching 
strategies for multiple types of reserve resources are proposed 
to maintain the medium- and short-term coordination. Finally, 
case studies on a simplified 24-node power system of Zhejiang 
province, China are presented based on the data of the typhoon 
Fireworks in July 2021, and the result shows that the proposed 
reserve arrangement optimization model can reduce the total 
cost of power systems and the risk of operation under the ty‐
phoon disaster.

Index Terms——Reserve arrangement, typhoon uncertainty, pre‐
ventive control for adequacy, emergency control for adequacy, 
stochastic optimization, risk-based coordination.

I. INTRODUCTION 

IN recent years, the penetration rate of renewable energy 
in power systems has been increasing, and the impact of 

extreme weather on the security and stability of power sys‐
tems has risen, requiring stronger flexible power regulation 
capabilities [1], [2]. At present, the power system reserve is 
mainly provided by thermal units, but the thermal units are 

slow to start and have many constraints on ramping up/
down, as well as the minimum technical output limitations. 
Therefore, the coordination of the thermal units and the rap‐
idly adjustable reserve resources such as energy storages and 
demand-side resources is the key to balancing the security, 
economy, and low-carbon operation requirements of the re‐
newable energy generation dominated power system [3], [4].

The probability and frequency of low-probability high-loss 
events rise during extreme weather, and the shortage of re‐
serve resources leads to insufficient adequacy of the power 
system, thus threatening the security of the power system. 
Meanwhile, before the predictable extreme weather, the pow‐
er system operator has enough time to schedule the flexible 
resource reserves and emergency plans over a long timescale 
[5], [6]. Typhoon, as common extreme weather in coastal ar‐
eas, has the characteristics of a long impact period, high un‐
certainty, and violent changes before and after transit. There 
is often a deviation between the predicted and actual moving 
paths. Meanwhile, the pre-stages, mid-stages, and late stages 
of typhoon weather have different impacts on the power sys‐
tem. For example, high uncertainty and low power loads in 
the pre-stages and mid-stages of typhoon extreme weather re‐
quire simultaneous improvement of power system up-regula‐
tion and down-regulation capacities, while rapid load recov‐
ery after typhoons requires high power system up-regulation 
capacity. Therefore, advanced control of power system re‐
serve resources and multi-day coordinated scheduling is re‐
quired, and the short-term (day-ahead and real-time) power 
system scheduling may lead to insufficient power system ad‐
equacy during extreme weather. In [7] - [9], to deal with the 
generation operation adequacy problem in the renewable en‐
ergy generation dominated power system, the power system 
adequacy control is divided into three periods according to 
the control timing, which are the preventive control for ade‐
quacy (PCfA) before the occurrence of the adequacy event, 
the emergency control for adequacy (ECfA) at the beginning 
of the event, and the correction control shared with the secu‐
rity and stability control. In [10], considering the uncertainty 
of the possibility of high-risk events with a small probability 
such as extreme weather, a self-dispatching model of power 
generation enterprises based on the conditional value at risk 
is proposed to improve the expected profit of power genera‐
tion enterprises. In [11], a sequentially proactive operational 
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strategy is proposed to enhance the resilience against ex‐
treme-weather-triggered cascading failures, and typhoons are 
utilized as typical weather disaster scenarios to study resil‐
ience decisions during extreme weather. In [12], a three-
stage day-ahead resilient unit commitment model that consid‐
ers uncertain typhoon paths and line outages is proposed to 
improve the power system resilience against typhoon events. 
In [13], a resilience method against typhoon for integrated 
electricity and natural gas distribution systems is proposed, 
where the multi-stage stochastic model based on a scenario 
tree is utilized to address the uncertain moving paths of the 
typhoon. The above work has studied the power system resil‐
ience under typhoon disasters. However, the reserve arrange‐
ment of power systems is taken as the fixed value in the up‐
per and lower limit constraints, lacking the assessment and 
collaborative optimization of the medium- and short-term re‐
serve under typhoon disasters, and consideration of the im‐
pact of typhoon prediction uncertainty on sources and load.

In recent years, three main reserve arrangement optimiza‐
tion models have been proposed considering the output un‐
certainty of renewable energy sources. Firstly, the determinis‐
tic model mostly uses a certain proportion of capacity of a 
unit or a certain proportion of load as the reserve, which is 
widely used in power systems [14], [15]. However, it cannot 
meet the reserve requirements when various operating condi‐
tions of the renewable energy generation dominated power 
system change. In the probabilistic model based on probabili‐
ty density [16], the renewable energy source, demand-side 
load, thermal unit outage, and other uncertain factors are 
modeled using probability distribution function, and the re‐
serve arrangement is obtained by combining the loss of load 
probability and the value of lost load (VOLL) [17]. The com‐
putational load associated with probabilistic methods based 
on probability density is relatively low, but it has difficulties 
coping with high-risk events with low probability such as ex‐
treme weather [18]. Furthermore, the probabilistic model 
based on the scenario method usually uses Monte Carlo sim‐
ulation and other scenario generation methods to obtain un‐
certain scenarios of renewable energy source and load, and 
an reserve arrangement optimization model is built with the 
goal of minimizing the expected cost of multiple scenarios. 
In [19], an assessment of flexibility reserves in stochastic 
modeling at day-ahead and real-time timescales is presented. 
In [20], a stochastic bi-level program to compute reserve re‐
quirements in sequential markets is proposed, which implicit‐
ly improves the inter-temporal coordination of energy and re‐
serve markets. In [21], [22], a methodology for probabilistic 
zonal reserve arrangement is proposed to address wind pow‐
er prediction uncertainties. The impacts of generation and re‐
serve on carbon emissions are analyzed in [23], [24], and a 
multi-period optimization model for coordinating the genera‐
tion, carbon capture, and reserves is proposed considering 
the cost of carbon emissions. In [25], a multi-stage strategy 
integrating multi-level decentralized reserve is proposed for 
resilience enhancement in electricity-gas integrated energy 
systems. The thermal units, energy storages, and demand-
side reserve (DSR) resources are taken as the primary, sec‐
ondary, and tertiary reserves, respectively. The reserve ar‐

rangement optimization models considering the impacts of 
economic, carbon emissions, and risks of power systems are 
built in the above research, but the timescales of these mod‐
els are day-ahead or real-time without considering the long-
term coordination of reserve resources on a weekly or 
monthly basis.

Given this background, a medium- and short-term reserve 
arrangement optimization model for multiple types of re‐
serve resources considering the typhoon uncertainty is pro‐
posed in this paper. The major contributions of this paper 
can be summarized as follows.

1) The stochastic optimization model of medium- and 
short-term reserve arrangement under typhoon disasters is 
proposed. In the model, the impact of typhoon uncertainty 
on factors (in generation, load, and grid sides) related to re‐
serve arrangement is fully considered, which can coordinate 
the arrangement of different reserve resources under extreme 
weather to obtain a lower combined cost of PCfA and ECfA 
than other models.

2) The reserve arrangement optimization models consider‐
ing the pre-dispatching of fuel consumption, initial state of 
charge (SOC), and interruption times are constructed for mul‐
tiple types of reserve resources, respectively, to realize the 
spatio-temporal coordination of the electricity reserve and ca‐
pacity reserve of each resource on a longer time scale.

3) Considering the typhoon path − intensity prediction un‐
certainty, the extreme scenario generation and reduction 
method based on the double probability circle model is pro‐
posed, which describes the uncertainty of renewable energy 
sources and electricity load under the typhoon disaster, and 
reduces the risk of power systems during extreme weather.

II. SCENARIO GENERATION CONSIDERING TYPHOON 
UNCERTAINTY 

The power system reserve arrangement should ensure the 
adequacy for both general and extreme operating scenarios, 
and the medium- and short-term scenarios should be generat‐
ed in the context of the multi-day typhoon. Therefore, medi‐
um- and short-term typical scenarios and extreme scenarios 
are generated and reduced considering source and load fluc‐
tuations under typhoon disaster in this section.

A. Typhoon Path−Intensity Uncertainty Set Based on Double 
Probability Circle Model

The strong nonlinear characteristics in the development 
and evolution of typhoons such as atmospheric movement 
lead to errors that cannot be ignored in the path and intensi‐
ty prediction of typhoons. The National Meteorological Cen‐
ter of China Meteorological Administration, the Joint Ty‐
phoon Warning Center, the Japan Meteorological Agency, 
and other meteorological prediction centers all use the en‐
semble prediction model to generate the probability predic‐
tion map of typhoon path. It is expected that about 60%-70% 
of the whole tropical cyclone path can be included in the 
probability range [26], [27]. In this paper, the uncertainty set 
of the typhoon path is generated based on the double proba‐
bility circle model, which can more comprehensively cover 
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the possible scenarios, and the set samples are highly repre‐
sentative [28]. Four extreme typhoon paths are distributed 
on each probability circle, which are fast-paced, slow-paced, 
leftward-biased, and rightward-biased, as shown in Fig. 1. At 
the same time, each path corresponds to three scenarios of 
the maximum, weaker, and moderate wind speeds of ty‐
phoon, and corresponds to the error values of 90%, 50%, 
and 10% of the cumulative probability curve of the maxi‐
mum wind speed error, respectively. There are a total of 27 
typhoon uncertainty scenarios in the typhoon path − intensity 
uncertainty set.

The center position of each typhoon path can be calculat‐
ed by the predicted center P RO

Ot  and the radius of the probabil‐
ity circle rmt (m = 12). The maximum wind speed of the ty‐
phoon can be calculated based on the maximum wind speed 
of the prediction center V max

Ot  and the correction factor βV
n  (n =

12). m and n are the probability circle location and typhoon 
intensity of the typhoon path, respectively. For the rightward-
biased and stronger typhoon located in the outer probability 
circle, the typhoon center position P RO

R21t
 (xRO

R21t
yRO

R21t
) and the 

maximum wind speed V max
R21t

 can be expressed as:

ì

í

î
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ïï
ï

ï
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ï
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DRO
Ot =RE arccos(sin(yRO

Ot )sin(yRO
Ot - 1 )+

cos(yRO
Ot )cos(yRO

Ot - 1 )cos(xRO
Ot - xRO

Ot - 1 )) (2)

where DRO
Ot is the moving distance of the predicted typhoon 

center at time t; RE is the average radius of the earth (gener‐
ally 6371 km); and (xRO

Ot y
RO
Ot ) and (xRO

R21t
yRO

R21t
) are the longi‐

tude and latitude coordinates of the predicted typhoon center 
of the typhoon path at time t, respectively.

In the double probability circle model, each path on the 
same probability circle has the same probability of occur‐
rence. The probabilities of each path on the inner probability 
circle and the outer probability circle are pr

1 and pr
2, respec‐

tively, and the probability of the central prediction path is 
pr

0. The probabilities of the typhoon with the moderate, weak‐
er, and stronger intensities are pf

0, pf
1, and pf

2, respectively. 
Therefore, the typhoon path − intensity uncertainty set based 
on the double probability circle model can be expressed as:

Ty ={(P RO
ϖt V

max
ϖt )|pϖ = pr

m pf
n } (3)

∑pϖ = 1    ϖÎ{O0nRmnLmnFmnBmn } (4)

where Ty is the typhoon path − intensity uncertainty set, in‐
cluding the coordinates of the path center P RO

ϖt  and the maxi‐
mum wind speed V max

ϖt  of typhoon ϖ; pϖ is the probability of 
typhoon ϖ; and O0n Rmn Lmn Fmn and Bmn are the cen‐
tral path, the rightward-biased typhoon path, the leftward-bi‐
ased typhoon path, the fast-paced typhoon path, and the 
slow-paced typhoon path, respectively.

In the typhoon environment, the wind speed of each posi‐
tion on the map depends on the spatio-temporal distribution 
model of typhoon, i. e., the probability circle model of ty‐
phoons [29]. The wind speed of position Pi (xPi

yPi
) can be 

expressed as the vector sum of the moving wind speed com‐
ponent and the circulating wind speed component, i.e.,

V̇ϖPit
= V̇ d

ϖPit
+ V̇ r

ϖPit (5)

where V̇ϖPit
 is the initial wind speed at position Pi in ty‐

phoon ϖ at time t; and V̇ d
ϖPit

 and V̇ r
ϖPit

 are the moving wind 

speed and circulating wind speed at position Pi, respectively. 
There is an internal deflection angle between the circulation 
wind speed direction and the counterclockwise tangential di‐
rection of the circular symmetric wind field, generally taking 
an approximate value of 20°.

According to Masayuki Miyazaki-Rankine model [30], the 
moving wind speed and circulating wind speed are ex‐
pressed as:

V d
ϖPit

=V RO
ϖt exp ( - πrϖPit

10Rmax
ϖt ) (6)

V r
ϖPit

=
ì
í
î
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ïï
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ϖt rϖPit
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ϖt     rϖPit

Î[0Rmax
ϖt ]

V max
ϖt Rmax

ϖt /rϖPit
    rϖPit

Î(Rmax
ϖt ¥)

(7)

where V RO
ϖt  is the moving wind speed of the typhoon center; 

rϖPit
 is the distance between the typhoon center (xRO

ϖt, yRO
ϖt) 

and position Pi; and Rmax
ϖt  is the maximum wind speed radius.

B. Scenario Generation and Reduction Under Typhoon Path−
Intensity Uncertainty Set

In order to simulate the renewable energy source output 
and load fluctuation scenarios during the typhoon, it is neces‐
sary to simulate the wind speed, solar intensity, precipitation, 
etc., and judge the generation and load status at different 
geographical locations.
1)　Wind Power Output Model

The typhoon has a large impact on the wind speed at the 
wind farm. When the wind speed exceeds the rated value, 
the wind turbine maintains its rated power through pitch con‐
trol. When the wind speed surpasses the cut-out speed, the 
power of the turbine is reduced to 0 to avoid mechanical 
damage to the aerogenerator during the typhoon. According 
to the wind power output characteristics, the relationship be‐
tween the output of the wind turbine and the wind speed can 
be expressed as:

RO
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Fig. 1.　Typhoon path based on double probability circle model.
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where PϖWit
 is the power of wind turbine Wi in typhoon ϖ 

at time t; vϖPit
 is the wind speed at position Pi in typhoon ϖ 

at time t; vN
Wi

, vin
Wi

, and vout
Wi

 are the rated wind speed, cut-in 

wind speed, and cut-out wind speed of wind turbine Wi, re‐
spectively; and P N

Wi
 is the rated power of wind turbine Wi. 

The uncertainty of wind speed can be described as the 
Weibull distribution [31], and its probability density function 
can be expressed as:

f (vϖPit
)=

pϖkw

V kw

ϖPit

vkw - 1
ϖPit

exp ( )- ( )vϖPit

VϖPit

kw

(9)

where kw is the shape parameter of wind speed fluctuation.
2)　Load Correction Based on Typhoon Mode Judgment

Affected by the suspension of some industries under the 
typhoon disaster, the electricity load in this area decreases 
slightly when the typhoon passes through and then increases 
after that. Therefore, it is necessary to judge the typhoon 
mode of each node of electricity load in scenarios with dif‐
ferent typhoon paths and intensities. The typhoon mode at 
the electricity node is determined according to the wind 
speed at that position. When the maximum wind speed of 
the node on day d is higher than the threshold value vmax

ty  
(generally set to be 17.2 m/s), the electricity load can be con‐
sidered in typhoon mode. Then, the typhoon mode of that 
electricity load ends when the wind speed falls below the 
threshold vmax

ty . Since the moving speed of the typhoon deter‐
mines the number of days that affect the node of electricity 
load, it is assumed that the duration of the mode before and 
after the typhoon transit is consistent with the duration of 
the typhoon mode. Therefore, load Li at position Pi can be 
expressed as:

P ty
ϖLit

= kϖPid
P pre

Lit (10)

where P pre
Lit

 and P ty
ϖLit

 are the predicted power and corrected 

power of load Li in typhoon ϖ at time t, respectively; and 
kϖPid

 is the correction coefficient of the load at position Pi 

on day d. At the same time, it is generally believed that the 
power load meets the Gaussian distribution [32], and its 
probability density function can be expressed as:

f (PϖLit
)=

pϖ

2π σLi

exp ( )-
(PϖLit

-P ty
ϖLit

)2

2σ 2
Li

(11)

where σLi
 is the variance of the Gaussian distribution of 

load Li.
3)　Extreme Scenario Generation and Reduction Based on 
Clustering of Needed Controllable Power (NCP)

Firstly, the scenario set of the NCP can be obtained by 
sampling the power of wind turbines and electricity load at 
each node under each typhoon path based on the Latin hy‐
percube sampling [33], which can be expressed as:

ì
í
î

S0 ={PNs|s = 12...S0 }

PNs ={PNts|t = 12...T}
(12)

PNts =∑
i = 1

NL

PLits
-∑

i = 1

NW

PWits
(13)

where S0 is the scenario set of the NCP, where the NCP in 
scenario s is expressed as PNs; S0 is the total number of sce‐
narios of NCP; T is the total number of time periods; PNts is 
the regulated power at time t in scenario s, which can be cal‐
culated by the electricity load PLits

 and power of wind tur‐

bine PWits
; and NL and NW are the total numbers of loads 

and wind turbines, respectively.
Then, the K-medoids clustering algorithm is used to di‐

vide scenarios into K categories, and the cluster center of 
each category can be seen as typical scenarios [34]. In this 
model, the number of typical scenarios is determined under 
the condition that the intra-class similarity is higher than the 
upper limit of clustering convergence decision error [35]. 
The typical scenario set of reserve arrangement optimization 
can be expressed as:

SA ={PA
Nsk

|k = 12...K} (14)

where SA is the typical scenario set of the NCP; and PA
Nsk

 is 

the typical scenario in the category k of the NCP. The proba‐
bility of each typical scenario is (Nk - 1)/S0, and Nk is the 
number of scenarios in the category k.

Since the operation of reserve resources in the power sys‐
tems should focus on extreme scenarios with the largest fluc‐
tuation, the edge points of clustering are utilized as extreme 
scenarios for reserve arrangement optimization. The scenario 
with the largest Euclidean distance from each cluster center 
in the category k of the NCP can be selected as the extreme 
scenario. The extreme scenario set for reserve arrangement 
optimization can be expressed as:

SE ={PE
Nsk

|d(PE
Nsk

PA
Nsk

)=max d(PNsk
PA

Nsk
)} (15)

where SE is the extreme scenario set of the NCP; PE
Nsk

 is the 

extreme scenario in the category k; and d(×) is the Euclidean 
distance. The probability of each extreme scenario is 1/S0.

To sum up, the NCP scenario set SN considering typhoon 
path−intensity prediction uncertainty is composed of the typi‐
cal scenario set and the extreme scenario set, and can be ex‐
pressed as:

SN = SA SE (16)

∑
s = 1

Ns

ps = 1 (17)

where Ns is the number of scenarios; and ps is the probabili‐
ty of scenario s in the typhoon path−intensity uncertainty set.
4)　N - x Failure Uncertainty Set of Transmission Lines

A transmission line comprises a set of line segments and 
towers, which are generally more likely to be subject to the 
damages of typhoons. In this paper, a long transmission line 
is equivalent to a series of line segments that are connected 
via two adjacent transmission towers. Consequently, the 
equivalent failure probability of a transmission line can be 
modeled as a series system with several line segments and 
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towers.
The failure rate and the failure probability of the ith tower 

of transmission line km at time t can be expressed as:

ϑϖHikmt
=

ì

í

î

ï
ïï
ï

ï
ïï
ï

0                         vϖHikmt
£ vd

Hikm

e
γ(vϖHikmt

- 2vd
Hikm

)
    vd

Hikm
< vϖHikmt

£ 2vd
Hikm

1                         vϖHikmt
> 2vd

Hikm

(18)

pϖHikmt
= 1 - e

-ϑϖHkmt
/(1- ϑϖHikmt

)
(19)

where ϑϖHikmt
 and pϖHikmt

 are the failure rate and the failure 

probability of the ith tower of transmission line km at time t 
in typhoon ϖ, respectively; vϖHikmt

 is the wind speed of the 

ith tower of transmission line km at time t in typhoon ϖ; γ is 
the model coefficient, which is considered to be 0.2 in this 
paper; and vd

Hikm
 is the designed wind speed of each tower, 

which is considered to be 35 m/s in this paper [36].
The failure rate ϑϖLjkmt

 and the failure probability pϖLjkmt
 

of the jth line segment of transmission line km at time t can 
be expressed as:

ϑϖLjkmt
= lLjkm

e
κvϖLjkmt

/vd
Ljkm

- β
(20)

pϖLjkmt
= 1 - e

-ϑϖLjkmt (21)

where vϖLjkmt
 is the wind speed of the jth line segment of 

transmission line km at time t in typhoon ϖ; vd
Ljkm

 is the de‐

signed wind speed of the jth line segment; lLjkm
 is the length 

of the jth line segment of transmission line km; and κ and β 
are the model coefficients, which are considered to be 11.0 
and 18.0 in this paper, respectively [36].

The equivalent failure probability of transmission line km 
is assumed to be equal to the aggregated failure probability 
of all towers and all line segments, which can be obtained 
by:

pTR
ϖkmt = 1 - ∏

j = 1

NLkm∏
i = 1

NHkm

(1 - pϖLjkmt
)(1 - pϖHikmt

) (22)

where pTR
ϖkmt is the failure probability of transmission line km 

at time t in typhoon ϖ; and NLkm and NHkm are the numbers 
of line segments and towers of transmission line km, respec‐
tively.

Considering the differences of failure probability of the 
transmission line, the N - x failure uncertainty set of trans‐
mission lines is modeled as:

RTR =
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||
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|
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NTR

(pTR
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1 - λTR
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λTR
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ý
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ïï

(23)

λTR
kmtsÎ{01} (24)

where RTR is the uncertainty set of transmission lines; λTR
kmts 

is the on/off state of transmission line km at time t in scenar‐
ios s; NTR is the total number of transmission lines; and ¶TR 
is the uncertainty budget of the maximum line outage [37].

To estimate the worst impact, the transmission line outage 
model with the objective of maximizing the sum of line fail‐
ure probability is formulated as:
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î
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max ∑
km = 1

NTR

(1 - λTR
kmts )pTR

ϖkmt

s.t. ∑
km = 1

NTR

λTR
kmts [lg(1 - pTR

ϖkmt )- lg pTR
ϖkmt ] ³ lg ¶TR - ∑

km = 1

NTR

lg pTR
ϖkmt

(25)

Then, during the time periods with transmission line out‐
age, the power flow constraints can be constructed based on 
a piecewise linear AC power flow model [38], which can be 
found in Supplementary Material A. The DC power flow 
constraints [39] are applied during time periods without 
transmission line outage in any scenario.

III. MEDIUM- AND SHORT-TERM RESERVE ARRANGEMENT 
OPTIMIZATION CONSIDERING PCFA AND ECFA

Under the extreme weather, the increase in source and load 
uncertainty will require increased long-term reserve of the sys‐
tem, especially the down-reserve requirement [40]. It is neces‐
sary to consider the time complementarity of various resources 
in different stages of extreme weather. Therefore, a reserve ar‐
rangement optimization model considering the PCfA and EC‐
fA of multiple flexible resources is proposed, and the control 
strategies of PCfA and ECfA in typical and extreme scenarios 
are shown in Fig. 2, where ρ is the adequacy.

In Fig. 2, the black curve is the initial adequacy of the 
power system. In the PCfA, the pre-dispatching strategies of 
multiple types of reserve resources including the fuel con‐
sumption pre-dispatching for thermal units, initial SOC pre-
dispatching for energy storage system (ESS), and the pre-dis‐
patching of interruption times for DSR resources, are pro‐
posed for coordinating different reserve resources before the 
extreme weather prediction, to adjust the adequacy in a lon‐
ger time scale (i.e., the green curve in Fig. 2). Then, the re‐
serve capacity in all stages of the multi-day typhoon can be 
optimized considering the reserve operation in multiple sce‐
narios, to promote the adequacy of power systems (i.e., the 
red curve). To ensure the security of power systems after 
events (i. e., the blue curve), the reserve resources could be 
optimally operated for ECfA. In this paper, the medium- and 
short-term reserve arrangement optimization model is 
built with the optimization objective function of reducing 
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Fig. 2.　Control strategies of PCfA and ECfA in typical and extreme scenari‐
os.
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the comprehensive cost of PCfA, ECfA, and risks in mul‐
tiple scenarios.

A. Multi-scenario Stochastic Optimization Model of Reserve 
Arrangement

Based on the generated typical scenario set and the ex‐
treme scenario set considering the typhoon path − intensity 
prediction uncertainty, the multi-scenario stochastic optimiza‐
tion model of reserve arrangement can be built. In this mod‐
el, the reserve capacity of multiple types of reserve resourc‐
es during each time period under extreme weather is taken 
as the decision variable, to minimize the comprehensive cost 
of PCfA, ECfA, and risks. The objective function of the opti‐
mization model can be expressed as:

min
ì
í
î

ü
ý
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∑
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s = 1

Ns

ps∑
t = 1

T

(CEts +CKts ) (26)

CPt =CRCt +CTCt +CCt (27)

CEts =CREts +CTEts (28)

where CPt is the PCfA cost at time t including the capacity 
cost of reserve CRCt, the cost of additional fuel purchasing 
and start-up/shut-down of thermal units CTCt, and the carbon 
emission cost CCt; CEts is the ECfA cost at time t in scenar‐
io s including the electricity cost of reserve CREts and the 
power system operation cost CTEts; and CKts is the risk cost 
at time t in scenario s. Each type of cost in the objective 
function can be expressed as follows.
1)　PCfA Cost

The PCfA cost includes CRCt, CTCt, and CCt, which can 
be expressed as:
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where ρu
RTi

 and ρd
RTi

 are the unit capacity costs of up and 

down reserves of thermal unit T i, respectively; ρu
RSi

 and ρd
RSi

 

are the unit capacity costs of up and down reserves of ESS 
Si, respectively; ρDit

 is the unit capacity cost of DSR re‐

source Di at time t; Ru
Tit

 and Rd
Tit

 are the up and down re‐

serve capacities of thermal unit T i at time t, respectively; 
Ru

Sit
 and Rd

Sit
 are the up and down reserve capacities of ESS 

Si at time t, respectively; RDit
 is the reserve capacity of DSR 

resource Di at time t; CBTi
 is the additional fuel purchasing 

cost of thermal unit T i; CFTi
 is the fuel purchasing cost in 

long-term market of thermal unit T i; QB
Ti
 is the additional 

purchased fuel of thermal unit T i; CSUSDTi
 is the start-up/shut‐

down cost of thermal unit T i; vTit
 is the start-up state of ther‐

mal unit T i; zTit
 is the shut-down state of thermal unit T i; 

Erts is the carbon emissions of the total thermal units at 
time t in scenario s; Eft is the regional carbon quota divided 
into time t; KC is the carbon emission price in carbon emis‐
sion credit market; FCTi

 is the carbon emission coefficient of 

thermal unit T i; QTit
 is the fuel consumption of thermal unit 

T i in scenario s; PLit
 is the electricity load of load i at time 

t; and η is the carbon quota coefficient.
2)　ECfA Cost

The ECfA cost includes CREts and CTEts, which can be ex‐
pressed as:
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where ρu
ETit

 and ρd
ETit

 are the unit electricity costs of up and 

down reserves of thermal unit T i at time t, respectively; 
ρu

ESit
 and ρd

ESit
 are the unit electricity costs of up and down 

reserves of ESS Si at time t, respectively; ρEDit
 is unit elec‐

tricity cost of DSR resource Di at time t; P u
Tits

 and P d
Tits

 are 

the outputs of up and down reserves of thermal units T i at 
time t in scenario s, respectively; P u

Sits
 and P d

Sits
 are the out‐

puts of up and down reserves of ESS Si at time t in scenario 
s, respectively; PDits

 is the reduced power of DSR resource 

Di at time t in scenario s; and QTits
 is the fuel consumption 

of thermal unit T i at time t in scenario s.
3)　Power System Risk Cost

The power system risk cost includes the expected cost of 
load loss and the expected cost of renewable energy curtail‐
ment, which can be expressed as:

CKts =EEENStsCVOLL +EEECtsCVOC (34)

where EEENSts is the expected energy not supplied (EENS) at 
time t in scenario s, EEENSts ³ 0; CVOLL is the VOLL; EEECts 
is the expected energy curtailment (EEC) at time t in scenar‐
io s, EEECts ³ 0; and CVOC is the unit value of renewable ener‐
gy curtailment.

The constraints of the multi-scenario stochastic optimiza‐
tion model of reserve arrangement include power balance 
constraints, which can be found in Supplementary Material 
A Section A.

B. Reserve Pre-dispatching Model During Extreme Weather

1)　Pre-dispatching of Fuel Consumption of Thermal Unit Re‐
serve Resources

In power systems with a high proportion of renewable en‐
ergy sources, the thermal unit fuel stocks could be reduced, 
and the thermal units may not be started up for reducing the 
carbon emissions. In order to ensure the electricity reserve 
during extreme weather, the fuel stock of thermal units at 
the pre- , mid-, and late stages of typhoon could be pre-dis‐
patched in this model. At the same time, affected by extreme 
weather, thermal units may not be able to replenish fuel 
stocks in a short time. Therefore, in order to prepare enough 
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fuel for power generation and reserve, additional fuel can be 
purchased before the extreme weather. The fuel consumption 
pre-dispatching strategy can be expressed as:
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where QR
Tits

 is the remaining fuel of thermal unit T i at time t 

in scenario s; t0d is the initial time period of day d; QR
Tidmin 

is the minimum remaining fuel of thermal unit T i pre-dis‐
patched on day d; TE is the set of time periods that the fuel 
supply is interrupted by extreme weather; QTiTE

 is the fuel 

stock of thermal unit T i before time periods that the fuel sup‐
ply is interrupted by extreme weather; PTits

 is the power of 

thermal unit T i at time t in scenario s; and aTi
, bTi

, and cTi
 

are the coefficients of the quadratic, primary, and constant 
terms of the quadratic function of fuel consumption, respec‐
tively. The quadratic function of fuel consumption can be lin‐
earized by piecewise linear fitting.

In the reserve arrangement optimization model, the re‐
serve arrangements of thermal units at time t are decision 
variables, and the operation constraints of thermal unit re‐
serve resources can be expressed as:
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where PTit
 is the fixed power of thermal unit T i at time t; 

PTimax and PTimin are the upper and lower generation limits 

of thermal unit T i, respectively; and uTit
 is the commitment 

state of thermal unit T i at time t. In addition, the other con‐
straints of thermal units are the ramping up/down limits, up/
down time limits, and N - 1 operating constraints, which can 
be seen in Supplementary Material A.
2)　Pre-dispatching of Initial SOC of Energy Storage Reserve 
Resources

The ESS has fast and accurate response, which can reduce 
the required reserve capacity and the carbon emissions of 
thermal units. In the day-ahead dispatching model, the SOC 
of energy storage during the initial and end time periods of 
a day should be the same. In order to ensure the reserve of 
electricity during extreme weather, the energy storage device 
does not need to meet the SOC consistency constraint within 
a day in the initial SOC pre-dispatching model. According to 
the extreme weather prediction information, different lower 
limits of SOC are set on the day before, during, and after 
the typhoon, and the SOCs of ESS during the initial and the 
end time periods of the week are set to be equal. Therefore, 
the initial SOC pre-dispatching model can be expressed as:
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where SSist0d
 is the SOC of ESS Si on day d; and SSidmax 

and SSidmin are the upper and lower limits, respectively.

In the reserve arrangement optimization model, the re‐
serve arrangements of ESS at each time are decision vari‐
ables, and the operation constraints of ESS reserve resources 
can be expressed as:
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where P cha
Sits

 and P dis
Sits

 are the charging power and discharg‐

ing power of ESS Si at time t in scenario s, respectively; ESi
 

is the capacity of ESS Si; η
cha
Si

 and ηdis
Si

 are the charging and 

discharging efficiencies of ESS Si, respectively; and SSits
 is 

the SOC of ESS Si at time t in scenario s. In addition, the 
other constraints of ESS are the charging and discharging 
constraints and SOC constraints, which can be found in Sup‐
plementary Material A.
3)　DSR Resource Model Considering Pre-dispatching of In‐
terruption Times and Reserve Reliability

With the promotion of load acquisition and control sys‐
tems, DSR resources (interruptible loads, adjustable loads, 
translatable loads, and transferable loads) can cope with the 
requirements of the power system for resource diversifica‐
tion and cleaning, as well as dispatching intelligence and 
flexibility. The DSR resource model in this part is construct‐
ed taking interruptible loads as an example. In order to en‐
sure the comfort of electricity users on the demand side, 
there is an upper limit to the number of interruptions of 
loads within a week. Therefore, the interruption times of 
loads on a single day in different stages of the typhoon 
could be pre-dispatched to achieve the coordination of DSR 
resources within a week. Therefore, the pre-dispatching of in‐
terruption times of DSR resources can be expressed as:
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where vDits
 is the interruption state of DSR resource Di at 

time t of scenario s; U w
Dimax and U d

Dimax are the upper limits 

of interruption times in the weekly time-scale and daily time-
scale of DSR resource Di, respectively; and U d

Didmax is the 

pre-dispatched maximum interruption times on day d of 
DSR resource Di.

In the reserve arrangement optimization model, the re‐
serve arrangements of DSR resources at each moment are de‐
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cision variables, and the operation constraints of DSR re‐
sources can be expressed as:

uDits
PDimin £PDits

£ uDits
PDimax (48)

RDit
³PDits

³ 0 (49)

where uDits
 is the commitment state of DSR resource Di at 

time t in scenario s; and PDimin and PDimax are the minimum 

and maximum interruptible capacities of DSR resource Di at 
time t in scenario s PDits

, respectively. In addition, the other 

constraints of the DSR resource include interruption interval 
time limits and interruption duration limits, which can be 
found in Supplementary Material A.

The reliability of DSR resources is different from the ther‐
mal units and ESS, since there are some uncertainties in the 
user execution instructions and other processes of reserve op‐
eration. Therefore, considering the reliability difference of 
DSR resources, the N - x failure uncertainty set of DSR re‐
sources is constructed as:
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where ¶IL is the total limit of the failure reliability; and λDi
 is 

the reliability of DSR resource Di. Since the N - x failure un‐
certainty model of DSR resources is nonlinear, the uncertainty 
set and power balance constraints can be linearized based on 
logarithm and robust dual transformation [41] as:
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where yts and zits are the dual variables of the robust dual 
transformation, and yts ³ 0, zits ³ 0.

Based on the linearization, an equivalent MILP model can 
be formulated and solved effectively through commercial 
tools. Overall, the flowchart of the risk-based coordination of 
medium- and short-term reserve arrangement is given in Fig. 3.

IV. CASE STUDIES

In this section, a simplified 24-node power system of Zhe‐
jiang province, China and the real typhoon data are utilized 
to verify the effectiveness of the proposed model. The topol‐
ogy of the simplified 24-node power system is shown in 
Supplementary Material B Fig. B1. The basic parameters, to‐
pological locations, and geographical locations of resources 
are shown in Tables BI-BIV. The data of typhoon Fireworks 
from July 24 to July 30 in 2021 based on the National Meteo‐
rological Center of China Meteorological Administration are 
used for the extreme scenario generation, and the predicted 
path, actual path, and extreme path based on the proposed 
model are shown in Supplementary Material B Fig. B2.

The wind power and load data during normal weather are 
simulated based on the actual operation data of Zhejiang 
province, China. The optimization process is carried out on 
a PC with 16 GB of RAM and 3.60 GHz AMD Ryzen5 pro‐
cessor using Gurobi 9.5.0 solver and MATLAB 2019b, and 
the computation time is 25374 s.

A. Optimization Results

In this case, the optimal cost of the power system in multi‐
ple scenarios is expected to be $301027, including $199217 
for PCfA cost, $91911 for ECfA cost, and $9899 for risk 
cost. The optimal operation results and reserve arrangement 
results of the different resources in the power system within 
a week (from July 24, 2021 to July 30, 2021) are shown in 
Supplementary Material C Fig. C1. Taking the periods dur‐
ing the typhoon (the 2nd day) and after the typhoon (the 7th 
day) as examples, the optimal results are shown in Fig. 4(a) 
and Fig. 4(b), respectively.

It can be observed from the typical and extreme NCP sce‐
narios in Fig. 4 that both the variability between different 
typical scenarios and the fluctuations in extreme scenarios 
are amplified under typhoon disaster. The optimization re‐
sults of the reserve arrangement indicate that the up-reserve 
requirement stays at a high level in both Fig. 4(a) and (b), 

Import data of typhoon prediction and the power system

Initiate the parameters

Optimization model

Typhoon uncertainty

Start

End

Obtain the typhoon path−intensity uncertainty set

based on probability circle model

Obtain the wind speed of different geographical
locations based on typhoon model by (5)-(7)

Obtain the wind power output and the load of
different buses by (8)-(11) 

Obtain the failure probability of transmission
lines by (18)-(22)

Obtain the typical scenario set and the extreme
scenario set by (12)-(17) 

Generate the N�x failure uncertainty set of
transmission lines by (23)-(25)

Set the multiple scenarios of the medium- and short-term
power system reserve arrangement optimization model

Model the pre-dispatching of thermal units, ESS, and
 DSR resources by (37)-(54)

Solve the MILP model with the optimization objective function

(28)-(36), constraints (26), (27), (37)-(54), and constraints

(A1)-(A26) in Supplementary Material A

Obtain the optimal reserve arrangement of different
resources and the dispatching results in multiple scenarios

Fig. 3.　Flowchart of risk-based coordination of medium- and short-term re‐
serve arrangement.
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accounting for 12.6%-38.1% of the total load of the power 
system, which ensures the emergency reserve for N - 1 fault 
of the unit. Whereas the down-reserve requirement has sig‐
nificantly increased during the period greatly affected by the 
typhoon, from 8.4% to 21.45% on average. This is because 
the uncertainty of wind power output and load fluctuation in‐
creases when the typhoon lands and the reserve should be in‐
creased to reduce the operation risk. It can be observed from 
the actual typhoon scenario that the reserve arrangement opti‐
mization results can improve the operation adequacy in the 
actual typhoon scenario, without power load loss during all 
time periods. In addition, to further analyze the coordination 
strategy of different resources, the average reserve capacities 
of thermal units, ESS, and DSR resources during the peak 
load period (i.e., 00:00-08:00) and off-peak load period (i.e., 
09:00-18:00) are shown in Fig. 5.

It can be observed from Fig. 5 that the reserve arrange‐
ment during the period less affected by the typhoon is main‐
ly provided by the power generation resources, with the re‐
serve capacity of thermal units, ESS, and DSR resources ac‐
counting for 91.7%, 7.8%, and 0.5% on average, respective‐
ly. On the other hand, the reserve arrangement of DSR re‐
sources and ESS significantly increases during the typhoon, 
with the reserve arrangement on the 2nd-4th days rising to 
40.2%. Under typhoon disaster, the load of power systems is 
lower than that under normal conditions. Due to the mini‐
mum output constraints of thermal units, 72.7% of units are 
operational during the typhoon, compared with 85.2% under 

normal conditions, resulting in reduced reserve capacity 
from thermal units. Concurrently, with increased fluctuation 
and higher failure probabilities of devices, the total reserve 
requirement of the power system has escalated. This has led 
to an increase in the reserve capacity provided by rapidly ad‐
justable ESS and DSR resources. Specifically, the down-re‐
serve capacity of ESS increases to 70.3% of the total down-
reserve capacity on the 2nd day. To ensure the down-reserve 
capacity, the discharging electricity of ESS is 74.9 MWh on 
the 1st day, which pre-dispatches the SOC of ESS at the be‐
ginning of extreme weather to 0.1-0.2. Then, the reserve ca‐
pacity on the 4th day is the highest due to a rebound in the 
power system load after typhoon, necessitating the pre-dis‐
patching of DSR resources to ensure the availability of ade‐
quate reserve capacity, which is 40 MW during peak load pe‐
riod and 10 MW during off-peak load period, respectively.

To sum up, the proposed reserve arrangement optimization 
model can realize the spatio-temporal coordination of differ‐
ent resources in medium- and short-term, and improve the 
operation adequacy under the actual typhoon disaster.

B. Impact of Typhoon Prediction Uncertainty on Reserve Ar‐
rangement Optimization

To verify the impact of considering the typhoon path− in‐
tensity prediction uncertainty on reserve arrangement optimi‐
zation, the proposed model is compared with the scenario 
generation model that only considers the typhoon prediction 
center [10], and the actual typhoon scenario is utilized to 
verify the optimization results of different models. The sce‐
nario generation results of different models are shown in 
Supplementary Material C Fig. C2, and the costs of the pow‐
er system under the actual typhoon disaster are shown in Ta‐
ble I.
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TABLE I
COSTS OF POWER SYSTEM UNDER ACTUAL TYPHOON DISASTER

Scenario genera‐
tion model

Proposed model

Without prediction 
uncertainty [10]

Cost ($104)

PCfA

19.87

9.67

ECfA

10.16

9.90

Risk

54.93

88.15

Total

84.96

106.85

Proportion of 
reserve (%)

Down

16.72

6.11

Up

23.67

13.31

EENS 
(MWh)

0

811.89
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It can be observed from Fig. C2 that the NCP of multi-
scenario generated in the proposed model fluctuates more 
widely during the time period of 48-96 hours, which can 
cover the actual scenario. The total cost of the power system 
under the actual typhoon disaster is reduced by 20.4% com‐
pared with that without considering the typhoon path−intensi‐
ty prediction uncertainty. Since the actual path of the ty‐
phoon is on the right side of the typhoon prediction center 
(as shown in Fig. B2), the deviation of renewable energy 
and load prediction increases. For example, the impact on 
the wind generation W2 in Table BI delay from the expected 
time, and the intensity of the typhoon is larger than that in 
the prediction. It can be observed from Table I that the opti‐
mal reserve arrangement increases in the model considering 
the typhoon prediction uncertainty, and the up- and down-re‐
serve capacities increase by 10.5%. As a result, the PCfA 
cost increases from $96700 to $19870, while the risk cost 
decreases from $881500 to $549300. To sum up, the adequa‐
cy of the power system could be improved and the loss of 
load under a typhoon disaster could be reduced when the ty‐
phoon prediction uncertainty is fully considered.

C. Comparison with Other Reserve Arrangement Optimiza‐
tion Models

To illustrate its advantages, the proposed model (M-SMT) 
is compared with the short-term reserve arrangement optimi‐
zation model (M-ST)[23], the reserve requirement determina‐
tion model based on the N - 1 event of the power system (M-
N - 1) [14] and N - 2 events (M-N - 2), and the polytopic-
based reserve arrangement optimization model (M-PB) [42]. 
The total optimal costs of the power system in M-ST, M-N -
1, M-N - 2, and M-PB are $698466, $367569, $365912, and 
$374691, respectively, and that in the proposed model is 
$301027. Therefore, compared with the M-ST, M-N - 1, M-
N - 2, and M-PB, the total optimal cost of the power system 
in multiple scenarios of the proposed medel can be reduced 
by 56.9%, 18.1%, 17.7%, and 19.7%, respectively. The opti‐
mization results and the optimal cost in multiple scenarios of 
each model are shown in Fig. 6.
1)　Effect of Medium- and Short-term Reserve Coordination

It can be observed from Fig. 6 that compared with the M-
ST, which does not consider the pre-scheduling of different 
resources, the proposed model can guarantee the power sys‐
tem security and reduce ECfA cost through the lightly in‐
crease of PCfA cost. The total PCfA cost in the proposed 
model is $199217, which is 11.9% higher than that in the M-
ST, while the ECfA cost and risk cost are significantly re‐
duced from $641958 to $91911 and from $23630 to $9899, 
respectively. In particular, it is difficult to maintain a reason‐
able level of system reserve on the 4th day of the week in 
the M-ST, which leads to an increase in the risk of load loss 
and risk of renewable energy curtailment on that day, result‐
ing in a significant increase in the total cost of the power 
system. The interruption times of DSR resources D1-D8 and 
fuel stocks of thermal units T1-T8 from the 2nd to the 4th days 
in the M-ST and the proposed model are shown in Fig. 7 
and Fig. 8, respectively.

It can be observed in Fig. 7 that the arrangement of DSR 
resources is concentrated during extreme weather periods in 
the proposed model, and there is also pre-dispatching of 
some interruption times during the period of load rising after 
typhoon. In the M-ST, the arrangement of DSR resources is 
concentrated on the first two days of the week, and the up‐
per limit of interruption times of each DSR resource is 
reached at hour 63, so there is a lack of DSR resources in 
the late stage of extreme weather. Therefore, a more reason‐
able scheduling result of interruption times can be obtained 
in the proposed model compared with that in the M-ST. It 
can be observed from Fig. 8(a) that it is more reasonable to 
optimize the combination of thermal units through the pro‐
posed model. For example, thermal unit T2 is shut down on 
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the 1st day of extreme weather, whereas thermal unit T1 is 
shut down on the 2nd day of extreme weather so that the fuel 
stocks on the 3rd day can guarantee the power generation and 
reserve requirements. However, it can be observed from Fig. 
8(b) that most of the thermal units start up on the first two 
days of extreme weather. Although the reserve resources in 
the initial stage of extreme weather are sufficient, there is a 
shortage of electricity reserve resources in the late stage of 
extreme weather, which increases the risk of load loss and 
renewable energy curtailment. The medium- and short-term 
reserve arrangement optimization can reduce the risk of the 
shortage of fuel supply to the power generation and the in‐
sufficient interruption times of DSR resources.

2)　Effect of Multi-scenario Stochastic Optimization
It can be observed from Fig. 6 that compared with the M-

N - 1, M-N - 2, and M-PB, the proposed model can coordi‐
nate PCfA and ECfA costs in different stages of extreme 
weather, reducing the cost and risk during extreme weather. 
The PCfA and ECfA costs of the proposed model ($199217 
and $91911) are approximately the same as those of the M-
N - 1 ($192300 and $99827), while the risk cost is signifi‐
cantly reduced from $75442 to $9899. This is because the re‐
serve arrangement on the 5th-7th days and in the off-peak 
load period is decreased to reduce the cost of prevention con‐
trol, while the reserve arrangement on the 1st-4th days and in 
the peak load period is increased to ensure power system se‐
curity. In the M-N - 2 and M-PB, the power system security 
can also be promoted without risks, but the PCfA costs in 
the optimization result are $249366 and $268543, respective‐
ly, which are 20.1% and 25.8% greater than that in the pro‐
posed model. Therefore, the multi-scenario stochastic optimi‐
zation of the medium- and short-term reserve arrangement 
during extreme weather can reduce the prevention control 
cost on the premise of ensuring power system security.

V. CONCLUSION

In this paper, the medium- and short-term reserve arrange‐
ment optimization for multiple types of reserve resources 
considering typhoon uncertainty is studied. Considering the 
typhoon path−intensity prediction uncertainty and reserve ar‐

rangement adequacy control, a reserve arrangement optimiza‐
tion model is constructed with the goal of minimizing the to‐
tal cost of power system reserve and operation in multiple 
scenarios. Case studies are performed on an actual power 
system with real typhoon data, and the following conclusion 
can be obtained by the simulation and comparison.

1) The typhoon path−intensity prediction uncertainty is ful‐
ly considered in the proposed extreme scenario generation 
and reduction method based on the typhoon double probabili‐
ty circle model. The adequacy of the power system could be 
improved by 10.5% and the loss of load under the typhoon 
disaster could be reduced (from 811.89 MWh to 0 in the ac‐
tual typhoon scenario) compared with the scenario genera‐
tion model that only considers the typhoon center prediction.

2) The medium- and short-term reserve arrangement opti‐
mization model can reduce the risk of the shortage of fuel 
supply on the power generation and the insufficient interrup‐
tion times of DSR resources during predictable extreme 
weather. The risk cost of the proposed model is significantly 
reduced from $23630 to $9899 compared with that of the M-
ST.

3) The reserve arrangement optimization model consider‐
ing typhoon uncertainty coordinates PCfA and ECfA costs 
during extreme weather. Compared with the M-N - 1, M-N -
2, and M-PB, the proposed model can reduce the prevention 
control cost on the premise of ensuring power system securi‐
ty, and the combined cost can be reduced by an average of 
18.5%.
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