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As the penetration level of renewable energy is continuously growing, it is
essential for transmission and distribution system operators to collaborate on
optimizing the siting and sizing of distributed energy storage to enhance the
operational flexibility and economic efficiency. Given the frequent occurrence
of extreme weather in recent years, the planning should also account for
such factors. Hence, a planning method of distributed energy storage with
the coordination of transmission and distribution systems considering extreme
weather is proposed. Firstly, a Gaussian mixture model-based chance constraint
is established to describe the uncertainty of wind and solar power, ensuring high
confidence that the bus voltage of the distribution system is within a safe range.
Secondly, aiming to maximize the social welfare, a bi-level planning model for
distributed energy storage is developed. The upper-level addresses the siting and
sizing issues of distributed energy storage, while the lower-level characterizes
the day-ahead clearing problem of power market. By leveraging Karush-Kuhn-
Tucker (KKT) conditions and linearization techniques, the bi-level model is
transformed into a single-level mixed integer linear programming model that is
easier to solve. Finally, numerical analysis is conducted on a modified IEEE 24-
node system combined with two IEEE 33-node systems. The case study verifies
the effectiveness of the proposed model.

KEYWORDS

transmission and distribution coordination, bi-level optimization, energy storage sizing
and siting, market clearing, uncertainty, extreme weather

1 Introduction

Global climate change and the rapid development of new energy technologies
have introduced significant challenges to the safe and stable operation of power grids.
Energy storage, as a flexible resource, plays a crucial role in ensuring the stability
of power systems. In recent years, the trend toward clean power generation has
gained prominence (Li, H. et al., 2021). With the increasing integration of distributed
wind and photovoltaic power, the configuration of an appropriate amount of energy
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storage on the distribution network side has emerged as a critical
issue. To enhance the operational flexibility and economic efficiency
of the power system, while also leveraging the benefits of energy
storage on the distribution network side, it is essential for the
transmission system operator (TSO) and the distribution system
operator (DSO) to collaborate closely in optimizing the siting and
sizing of distributed energy storage.

The key to promoting renewable energy consumption through
energy storage lies in optimizing the location and scale of energy
storage systems. Work in (Tang et al., 2022) developed a location
and capacity model for energy storage aimed at minimizing bus
voltage fluctuations, energy storage investment costs and load
fluctuation; Works (Fernández-Blanco et al., 2016; Pandžić et al.,
2014) employed lossless DC power flow to approximate the
transmission network while disregarding distribution network
constraints. However, energy storage resources are typically
situated within the distribution system and provide services to
both transmission and distribution systems; Work in (Yao et al.,
2022) introduced a joint planning method for transmission and
storage that takes into account the complementarity of wind and
solar energy, thereby enhancing the consumption levels of these
renewable sources; Work in (Hua et al., 2020) proposed a control
strategy for battery energy storage that considers the feasible
domain of wind power acceptance to improve both the transmission
and consumption; Work in (Zhao et al., 2022) established an
optimization planning model for distributed energy storage in
active distribution networks, utilizing an error scenario simulation
method to mitigate the impact of photovoltaic output randomness
on energy storage configuration planning. Notably, these studies
have not established a unified framework for coordinating
transmission and distribution to optimize energy storage
investment planning.

Numerous studies have addressed the dual-sided uncertainties
associated with renewable energy generation and load. Work in
(Peker et al., 2018) introduced a two-stage stochastic programming
model aimed at jointly optimizing transmission line and energy
storage investment; Work in (Li et al., 2024) proposed a bi-
level optimization model for the siting and sizing of distributed
electrochemical energy storage, utilizing typical day scenarios
while accounting for the uncertainties in to renewable energy
output; Work in (Qian et al., 2020) considered the impact
of wind power and photovoltaic output uncertainties on new
energy bases' power transmission, modeling the operational
characteristics of these bases, DC channels and receiving power
grids separately, and suggested a stochastic planning method
for DC transmission of new energy bases based on scenario
analysis. Work in (Li et al., 2019) developed a multi-objective
optimization cooperative planning model for renewable energy and
energy storage, taking into consideration reliability and renewable
energy penetration. Work in (Wang et al., 2024) introduced a
novel interval power flow (NIPF) method based on a hybrid
uncertain set, which effectively addresses input data uncertainties,
including active power generation from renewable sources (such
as wind and photovoltaic) and load demand. Some studies have
insufficient descriptions of the predicted output of renewable
energy, which makes it difficult to fully reflect the output range of
renewable energy, or are often too conservative in order to cover the
output range.

In the context of power grid planning influenced by extreme
weather, work in (Li et al., 2023) proposed a multi-level planning
method for energy storage power stations within distribution
networks, which accounts for the spatiotemporal correlation
of compound natural disasters; Work in (Ma et al., 2020)
introduced a power grid resilience evaluation index and developed
a bi-level planning model for the location and capacity of
flexible resources during typhoon disasters, with the objective
of optimizing both the index and economic outcomes.; Work
in (Yuan et al., 2016) presented a novel flexible distribution
system planning model based on two-stage robust optimization
aimed at minimizing the total load reduction during natural
disasters; Work in (Wang et al., 2023) proposed a new method
for the location and capacity planning of energy storage systems
based on extreme scenarios. Some studies focus solely on power
grid planning under extreme scenarios, neglecting a comprehensive
consideration of the impacts of both conventional and
extreme scenarios.

Despite the extensive research on the planning and operation
models of distributed energy storage in conjunction with renewable
energy, several research gaps remain: 1) The investment planning
of distributed energy storage is seldom addressed within a unified
TSO-DSO framework. 2) The uncertainty associated with the
forecast error of renewable energy generation on a typical day
is often overlooked. 3) Many of these planning models fail to
comprehensively consider the effects of conventional scenarios
and extreme weather events. To address these deficiencies, this
paper introduces a bi-level planning model for distributed energy
storage that incorporates the influence of extreme weather on
transmission and distribution coordination. The upper model
aims to minimize the investment and operational costs for the
DSO, while the lower model seeks to maximize social welfare,
thereby modeling the electricity market clearing at the transmission
network level. This model effectively leverages distributed energy
resources and flexibility at both the distribution and transmission
network levels.

The main contributions of this paper are as follows.

1) Unlike traditional methods for configuring energy storage
in distribution networks, this study establishes a storage
investment planning decision model for distributed
renewable energy across multiple distribution networks,
incorporating the collaborative participation of DSO and TSO
in the market.

2) The planning model fully accounts for the uncertainty
associated with renewable energy, modeling the forecast error
of daily renewable energy generation using a Gaussianmixture
model in conjunction with a chance constraint method.

3) In contrast to conventional planning methods that rely
on typical days, this research considers the impact
of extreme weather on planning; extreme weather
scenarios are extracted based on a robustness framework
that incorporates both maximum and minimum
model parameters.

The organization of this paper is as follows: Section 2 introduces
the bi-level programming model for distributed energy storage
under the coordination of transmission and distribution. Section 3
presents a solution to the bi-level optimization problem. Case
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studies are discussed in Section 4, followed by conclusions
in Section 5.

2 Model structure and problem
formulation

2.1 Stochastic bi-level investment model

Theproposed bi-level optimizationmodel for distributed energy
storage planning is illustrated in Figure 1. The upper level addresses
the location and scale of energy storage within the distribution
network, aiming to minimize the total investment and operational
costs. The lower level focuses on the day-ahead power market
clearing problem, which seeks to maximize social welfare, defined
as the load benefit minus the generator costs, while adhering
to the constraints of the transmission network. Furthermore, the
upper-level problem establishes the operational framework for
the distribution network and the power transactions with the
upstream power grid, with the power transaction decisions serving
as input parameters for the lower-level problem. The lower-level
problem subsequently provides feedback on market clearing results,
including dispatch and pricing, which are utilized in the upper-
level problem to compute the expected market income for all users
associated with the distribution network.

To account for the effects of extreme weather, particularly the
prevalence of typhoons, this study emphasizes scenario robustness.
Historical data has been employed to categorize a year into four
conventional scenarios and one extreme weather scenario, based on
adjustments to the wind and solar output sequences during typhoon
conditions.The corresponding outputs for wind and solar energy are
specified, with their uncertainties characterized through prediction
error and modeled using the chance constraint method. Investment
planning is conducted for a single target year following the static
investment analysis method (Liu et al., 2017), while operational
decisions are optimized for each representative day.

2.2 Upper-level problem: Siting and sizing
of distributed energy storage

The upper problem minimizes the total cost of the distribution
network over the course of the year, which includes both the
annual energy storage investment cost (Cinv,a) and the annual
distribution network operation cost, as demonstrated in (1).
The latter encompasses the electricity cost (∑ω∈ΩC

DN
ω ) associated

with the distribution network’s transactions with the upstream
transmission network and the operating costs (∑ω∈ΩC

oper
ω ) of

distributed energy resources (DERs):

minXU ∑
ω∈Ω
(CDN

ω +C
oper
ω ) +Cinv,a (1)

In this context, Equation 2 details the calculation of the
distribution network in conjunction with the upstream grid, while
Equations 3, 4 outline the operating costs of DERs and the
annualized investment cost of energy storage, respectively.

CDN
ω = πω ⋅ ∑

i∈Nm
∑
t∈H
(λitω ⋅ (p

+
itω − p

−
itω)) (2)

FIGURE 1
A bi-level planning model for distributed energy storage in
transmission and distribution coordination.

Coper
ω = πω ⋅ ∑

i∈Nm
(∑

t∈H
(∑

i∈Bes
i

ces ⋅ (disintω + chintω) + ∑
i∈Bw

i

cw

⋅ ̃gwintω + ∑
i∈Bpv

i

cpv ⋅ ̃gpvintω)) (3)

Cinv,a = ∑
i∈Nm
( ∑

n∈Bes
i

(Ce,a ⋅Ke
in +C

p,a ⋅Kp
in)) (4)

Where: πω represents the number of typical days; Nm represents
the set of transmission network nodes connected to the distribution
network; H represents the scheduling time range; Bw

i and Bpv
i

respectively represent the bus set of wind power and photovoltaic
power generation devices installed on the distribution network.
Due to geographical restrictions, Bes

i represents the bus set eligible
for installing energy storage devices in the distribution network i
(Bw

i ,B
pv
i ,B

es
i ⊆ Bi,∀i ∈ Nm); Ω represents a group of typical days; λitω

represents the node marginal price of the transmission network bus
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connected to the root node of the distribution network; chintω/disintω
represent the charging/discharging power of energy storage; ̃gwintω
and ̃gpvintω respectively represent the output power of wind power and
photovoltaic units; p−itw represents the amount of electricity injected
from DSO to TSO, and p+itw vice versa; Ke

in and Kp
in respectively

represent the energy and power capacity of energy storage; cw, cpv

and ces respectively represent the operating costs of wind power,
photovoltaic and energy storage devices.

Equation 2 represents the electricity transaction cost associated
with the distribution network’s participation in the day-ahead
electricity market. Equation 3 outlines the operating cost of DERs
on a typical day ω, while the annualized investment cost of energy
storage is detailed in (4). Notably, the parameters Ce,a and Cp,a are
the annualized costs using the net present value method, calculated
as follows (Pandžić et al., 2014):

Ca = C ⋅
Γ ⋅ (1+ Γ)Λ

(1+ Γ)Λ − 1
(5)

Where: Γ is the annual discount rate; Λ is the equipment life.
Investment decisions (Ke

in,K
p
in) are constrained by geography

and technology, with certain capacity constraints and available
investment budget constraints:

0 ≤ Ke
in ≤ K

e
in,∀i ∈ N

m,n ∈ Bes
i (6)

0 ≤ Kp
in ≤ K

p
in,∀i ∈ N

m,n ∈ Bes
i (7)

ρ ⋅Kp
in = K

e
in,∀i ∈ N

m,n ∈ Bes
i (8)

Cinv ≤ Cinv (9)

Where: Ke
in and Kp

in represent the energy and power capacity
of the maximum energy storage device that can be installed,
respectively; ρ represents the energy-to-power ratio of the energy
storage device; Cinv represents the energy storage investment cost,
and Cinv represents the energy storage investment budget.

Equations 6, 7 delineate the energy and power limitations for
the areas (nodes) within the distribution network eligible for energy
storage installation, while Equation 8 restricts the energy-to-power
ratio of the energy storage device. Equation 9 indicates that the total
investment cost must not exceed the allocated investment budget.

In addition, due to the operational characteristics of energy
storage, its dispatch operation is subject to specific constraints on
a typical day ω.

0 ≤ disintω,chintω ≤ K
p
in,∀i ∈ N

m,n ∈ Bes
i , t ∈H,ω ∈Ω (10)

disintω ≤Φ ⋅wintω,∀i ∈ Nm,n ∈ Bes
i , t ∈H,ω ∈Ω (11)

chintω ≤Φ ⋅ (1−wintω),∀i ∈ Nm,n ∈ Bes
i , t ∈H,ω ∈Ω (12)

wintω ∈ {0,1},∀i ∈ Nm,n ∈ Bes
i , t ∈H,ω ∈Ω (13)

SOEintω = SOEin0ω −
t

∑
τ=1
(disinτω/ηd − chinτω ⋅ ηc),

∀i ∈ Nm,n ∈ Bes
i , t ∈H,ω ∈Ω (14)

0 ≤ SOEintw ≤ K
e
in,∀i ∈ N

m,n ∈ Bes
i , t ∈H,ω ∈Ω (15)

SOEinTω ≥ β ⋅ SOEin0ω,∀i ∈ Nm,n ∈ Bes
i ,ω ∈Ω (16)

Where: SOEintω represents the energy state of the energy storage
device; Φ is a large constant.

Equations 10–13 delineate the charge and discharge state of
the energy storage device. The binary variable wintω represents the
operating state of the energy storage device, taking a value of one
during discharge and 0 during charging. Equation 16 indicates that
the energy state of the energy storage device at the end of the
scheduling period must be no less than β times of its energy at the
beginning.

The output from distributed power sources, such as
photovoltaics and wind power, is significantly influenced by
climatic conditions. This influence is particularly pronounced
during extreme weather events, where the output from wind
and solar sources can become markedly abnormal and irregular.
Consequently, the output from these sources exhibits increased
volatility and uncertainty. To capture these effects, this article
presents predicted outputs for wind and solar power under both
normal and extreme scenarios, derived from historical data. It is
important to note that the likelihood of extreme scenarios occurring
is considerably lower. The chance constraint method is employed
to strike a balance between conservatism and optimism, with the
uncertainty in wind and solar power output characterized by the
variability of prediction errors. Therefore, the outputs from wind
power and photovoltaics should satisfy the following sufficiency
conditions:

̃gwintω = g
w
intω +Δ ̃g

w
intω,∀n ∈ B

w
i ,∀i ∈ N

m, t ∈H,ω ∈H (17)

gwintω =Witω ⋅K
w
in,∀n ∈ B

w
i ,∀i ∈ N

m, t ∈H,ω ∈H (18)

Pr(Δgw−intω ≤ Δ ̃g
w
intω ≤ Δg

w+
intω) ≥ ℏ

w,∀n ∈ Bw
i ,∀i ∈ N

m, t ∈H,ω ∈H
(19)

̃gpvintω = g
pv
intω +Δ ̃g

pv
intω,∀n ∈ B

pv
i ,∀i ∈ N

m, t ∈H,ω ∈H (20)

gpvintω = η
pv ⋅ Iitω ⋅K

pv
in ,∀n ∈ B

pv
i ,∀i ∈ N

m, t ∈H,ω ∈H (21)

Pr(Δgpv−intω ≤ Δ ̃g
pv
intω ≤ Δg

pv+
intω) ≥ ℏ

pv,∀n ∈ Bpv
i ,∀i ∈ N

m, t ∈H,ω ∈H
(22)

Where: Kw
in and K

pv
in are the installed capacity of wind power and

photovoltaic power generation respectively.
Equation 17 indicates that the output of wind power ( ̃gwintω)

consists of the predicted value (gwintω) and the predicted error (Δ ̃g
w
intω).

Equation 18 determines the size of the predictedwind power output,
where Witω is the wind intensity coefficient (Baringo and Conejo,
2011).The size of the wind power output prediction error is limited,
and its probability in the interval [Δgw−intω; Δg

w+
intω] must be greater

than the given confidence level (ℏ), as shown in Equation 19.
Equations 20, 21 describe the photovoltaic output, which is similar
to wind power, where the predicted value of photovoltaic output is
calculated based on the photovoltaic energy output coefficient (Iitω)
and the photovoltaic panel output efficiency (ηpv) (Xu et al., 2020),
and ℏpv is the confidence level.
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Thepower flow of the distribution network adopts the linearized
Distflow model, which is widely used in distribution systems. The
complete model is shown in Equations 23–29.

∑
k∈Ωi

d(n)

fpi(nk)tω = ∑
k∈Ωi

p(n)

fpi(jk)tω −Dintω + ̃g
w
intω + ̃g

pv
intω + disintω − chintω,

∀i ∈ Nm,n ∈ Bi, t ∈H,ω ∈Ω
(23)

∑
k∈Ωi

d(n)

fqi(nk)tω = ∑
k∈Ωi

p(n)

fqi(jk)tω − δ
d
in ⋅Dintω + δ

w
in ⋅ ̃g

w
intω + δ

pv
in ⋅ ̃g

pv
intω,

∀i ∈ Nm,n ∈ Bi, t ∈H,ω ∈Ω
(24)

Ṽintω = Ṽijtω − 2 ⋅ (ri(jn) ⋅ f
p
i(jn)tω + xi(jn) ⋅ f

q
i(jn)tω),∀i ∈ N

m,n ∈ Bi, t ∈H,ω ∈Ω (25)

∑
k∈Ωi

d(n0)

fpi(n0k)tω = p
+
itω − p

−
itω,∀i ∈ N

m,n ∈ Bi, t ∈H,ω ∈Ω (26)

( fpi(nk)tω)
2
+ ( fqi(nk)tω)

2
≤ ( fSi(nk))

2
,∀i ∈ Nm, (nk) ∈ LDi , t ∈H,ω ∈Ω (27)

Ṽin0tw = V0,∀i ∈ Nm, t ∈H,ω ∈Ω (28)

Pr(V0 −ΔV ≤ Ṽintw ≤ V0 +ΔV) ≥ ƛ,∀i ∈ Nm,n ∈ Bi/n0, t ∈H,ω ∈Ω (29)

Where: fpi(nk)tω and fqi(nk)tω represent the active and reactive
power flowing through the branch nk of the distribution network i in
a typical day ω, respectively; Ωi

d/p(n) represents the set of rear/front
nodes connected to the distributionnetwork noden;Vintω represents
the square value of the voltage amplitude of the distribution network
nodes; Dintω represents the load of each node in the distribution
network; δd/w/pv are the parameters for converting active power into
reactive power.

The branch power flow equations are presented in (23)–(25).
The voltage difference between the buses at both ends of the node
branch is related to the active and reactive power flows of the
branch, as shown in Equation 25. The active power balance in the
transmission line connected to the root node of the distribution
network (i.e., the node linked to the transmission network) is n0
shown in Equation 26. Equation 27 sets the apparent power capacity
of the line ( fSi(nk)), which is a quadratic inequality constraint and
can be linearized by polygonal interior approximation (Akbari
and Bina, 2014). The bus voltage limit is shown in Equations 28,
29. It should be noted that V0 is the reference voltage. If the
bus is the root bus, the bus voltage is set to the reference
voltage, as shown in Equation 28. Otherwise, the bus voltage should
be within the given interval specified in Equation 29, and the
chance constraint ensures the system voltage safety with a high
probability (ƛ).

Equations 30, 31 impose limits on the amount of electricity
that the distribution network can trade with the upstream grid, in
accordance with the capacity of the substations that connect the
transmission grid and the distribution grid. The binary variable hitω
ensures that the distribution network can either supply power to or
draw power from the transmission grid during specific time periods
within a typical day ω, as shown in Equation 32.

0 ≤ oitω ≤ hitω ⋅ pi,∀i ∈ N
m, t ∈H,ω ∈Ω (30)

0 ≤ bitω ≤ (1− hitω) ⋅ pi,∀i ∈ N
m, t ∈H,ω ∈Ω (31)

hitω ∈ {0,1},∀i ∈ Nm, t ∈H,ω ∈Ω (32)

Where: oitω/bitω represents the quantity provided/bid by the
distribution network to the power market; pi represents the capacity
of the substations connecting the distribution network to the
upstream transmission network.

Finally, the decision variable set (XU) of the upper-
level problem includes the investment variables and the
distribution network scenario-related operation phase variable
set, namely, XU = {Ke

in, ̃g
w
intω, ̃g

pv
intω,oitω,bitω,disintω,chintω,wintω,

SOEintω, f
p
i(nk)tω, f

q
i(nk)tω,Vintω}.

2.3 Lower-level problem: Day-ahead
electricity market clearing problem

The underlying problem is the day-ahead electricity market
clearing problem at the transmission network level, which is
performed on each typical day with the goal of maximizing social
welfare, as shown in Equations 33–41.

minXL
ω∑
t∈H
(∑
i∈Ng

cgit ⋅ p
g
itω − ∑

i∈Nd

cdit ⋅ p
d
itω + ∑

i∈Nm
(c−it ⋅ p
−
itω − c
+
it ⋅ p
+
itω)),∀ω ∈Ω

(33)

−pgitω + p
d
itω − p
−
itω + p
+
itω +∑

j≠i
yij ⋅ (θitω − θjtω) = 0; (λitω),∀i ∈ N

g, t ∈H,ω ∈Ω

(34)

0 ≤ pgitω ≤ p
g
i ;(ϕ

g
itω,ϕ

g
itω),∀i ∈ N

g, t ∈H,ω ∈Ω (35)

RDi ≤ p
g
itω − p

g
i(t−1)ω ≤ RUi; (ϕ

grd
itω ,ϕ

gru
itω),∀i ∈ N

g, t > 1,ω ∈Ω (36)

RDi ≤ p
g
itω − p

g
i0ω ≤ RUi; (ϕ

grd
itω ,ϕ

gru
itω),∀i ∈ N

g, t = 1,ω ∈Ω (37)

0 ≤ pditω ≤ p
d
i ;(ϕ

d
itω,ϕ

d
itω),∀i ∈ N

d, t ∈H,ω ∈Ω (38)

0 ≤ p−itω ≤ oitω;(ϕ
p−
itω,ϕ

p−
itω),∀i ∈ N

m, t ∈H,ω ∈Ω (39)

0 ≤ p+itω ≤ bitω;(ϕ
p+
itω,ϕ

p+
itω),∀i ∈ N

m, t ∈H,ω ∈Ω (40)

−Tij ≤ yij ⋅ (θitω − θjtω) ≤ Tij;(ϕ
l
(ij)tω,ϕ

l
(ij)tω),∀(ij) ∈ L

T, i < j, t ∈H,ω ∈Ω

(41)

Where: XL
ω = {p

g
itω,p

d
itω,p
−
itω,p
+
itω,θitω} is the set of decision

variables for the lower-level problem, mainly the scenario-related
operation phase variables of the transmission network; Nd and
Ng respectively represent the set of transmission network nodes
connecting load aggregators and conventional generators; LT

represents the set of branches of the transmission network; c↓it and c
↑
it

are the supply and demand quotations of the distribution network,
respectively, cgit is the quotation of the generator, cdit is the quotation
of the load aggregator; pgitω represents the active output power of the
conventional generator; pgitω represents the active power required by
the load aggregator.
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TSO clears the day-ahead electricity market for each typical
day by minimizing social costs, as shown in Equation 33. The
power flow of the transmission network adopts the DC power flow
model. Equation 34 represents the power balance of the distribution
network node. Equation 35 imposes a limit on the maximum
output active power of conventional generators, while Equation 38
restricts themaximum active power required by the load aggregator.
Equations 36, 37 detail the ramping capabilities of conventional
generators. The power trading volume between the transmission
and distribution networks is constrained to a specific range, as
indicated in Equations 39, 40. Equation 41 establishes a limit on the
active power flow within the transmission line. Additionally, the
dual variables associated with each constraint are presented after
the semicolon, with the voltage phase angle of the reference bus
set to zero.

In summary, the upper model transfers the power trading
decision between the transmission and distribution networks to the
lower model, which in turn provides feedback on the node prices
for each time period of the day. Based on these node prices at the
boundary of the transmission and distribution networks, energy
storage systems optimize their charging and discharging strategies
by purchasing electricity (charging) during low-price periods and
selling electricity (discharging) during high-price periods. This
approach enhances economic benefits and regulates the system,
ultimately leading to a reduction in the operational costs of the
distribution network.

2.4 Typical day scene generation of wind
and solar output

2.4.1 Conventional typical day scene generation
The selection of scenarios in this paper is based on actual annual

intra-day output data for wind and solar power, resulting in a total
of 365 scenarios. The large number of scenarios can significantly
increase computational load, leading to lower solution efficiency and
reduced flexibility. Therefore, it is essential to reduce the original
scenarios to obtain typical output scenario data for wind and
solar, ensuring both the diversity of scenarios and the efficiency of
model solving.This study employs theK-means clustering algorithm
to achieve this reduction and obtain typical output scenarios for
wind and solar.

The scenario reduction process based on the K-means clustering
algorithm is as follows.

1) Select K initial cluster centers from all samples;
2) Assign data points: Calculate the distances from the

remaining data points to each cluster center and
assign each data point to the cluster center with the
closest distance;

3) Update the cluster center: Recalculate the cluster center point
based on the assigned data points, establishing it as the new
center of the cluster;

4) Iteration: Repeat the above steps until the cluster center no
longer changes.

2.4.2 Generation of typical daily scenarios for
extreme weather considering robustness

Conventional scenarios may not adequately capture the impact
of extreme weather on wind and solar output. Given the significant
influence of typhoons on renewable energy generation and to reduce
model complexity, it is necessary to establish a separate typical day
scenario for typhoon extreme weather. Additionally, a single wind
field model (Batts model) is used, without considering the coupling
effects of typhoons with associated disasters, such as the coupling of
typhoons with rainstorm events (Zhang et al., 2024).

Batts model is a relatively mature wind field model. This paper
uses the Batts model to estimate the real-timemaximumwind speed
in the typhoon-affected area. The parameters of the initial pressure
difference, typhoon moving speed and typhoon moving direction
probability distribution in themodel are estimated empirically in the
literature (Liu et al., 2020). The typhoon center pressure difference
and typhoon moving speed should obey the log-normal probability
distribution, and the typhoon moving direction should obey the
binormal distribution, as shown in Equations 42–44.

f(ΔH) = 1
ΔHσ1√2π

exp(−
(ln ΔH− μ1)

2

2σ21
) (42)

f(vT) =
1

vTσ2√2π
exp(−
(ln vT − μ2)

2

2σ22
) (43)

f(θ) = α
σ3√2π

exp[−
(θ− μ3)

2

2σ23
]+ 1− α

σ4√2π
exp[−
(θ− μ4)

2

2σ24
] (44)

Where:ΔH is the initial pressure difference between the typhoon
center and the periphery; vT is the typhoon translation speed; θ is the
typhoon translation direction angle; in this paper, set μ1 = 2.9001, σ1
= 0.627, μ2 = 2.6680, σ2 = 0.5185, μ3 = 73.3392; μ4 = 7.2084, σ3 =
22.5891, σ4 = 70.3532, and α = 0.503.

The wind and solar output rules under typhoon weather are
set as follows: when a typhoon occurs, the photovoltaic output
level at each moment is randomly reduced to half or less than
that in normal weather. The specific proportional coefficient (RT

t )
is obtained by sampling according to the uniform distribution, as
shown in Equations 45, 46; the wind power output level at each
moment is related to the real-timemaximumwind speed in the area
affected by the typhoon. When the maximum wind speed exceeds
the set wind turbine cut-out wind speed, the wind power output
is reduced to 0, as shown in Equation 47. If it does not exceed the
cut-out wind speed, it will not be affected.

RT
t ∼ U(0,0.5) (45)

̃Ppv,Tt = P
pv
t ×R

T
t (46)

̃Pw,Tt = 0 (47)

The calculation formula for the real-time maximum wind speed
is shown in Equation 48. The derivation process can be found in
(Liu et al., 2020) and will not be repeated here. After sampling the
initial pressure difference ΔH, typhoon translation speed vT and
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typhoon movement direction from Equations 42–44, the maximum
wind speed at each moment can be calculated by substituting the
coastline angle of the typhoon-affected area φ into (48).

νrmax
(t) = 6.029√0.75ΔH− 0.508[1+ sin(φ− θ)t] + 0.5νT (48)

The wind and solar power output sequence correction method
under typhoon weather described in Equations 45–47, the actual
annualwindandsolarpoweroutputdata is corrected, and365possible
wind and solar power output sequence data under typhoon weather
canbeobtained. Inorder to reflect the robustnessof extremescenarios,
this paper takes the amountof electricitypurchasedby thedistribution
network to the transmission network as an indicator to find the worst
scenario as a typical daily scenario of typhoon extreme weather.

The extreme scenario set is formed by a series of wind and
solar output scenarios corrected by the wind and solar output
sequence under typhoon weather, which is recorded as E. Auxiliary
variables are introduced ξ to represent the power purchased by the
distribution network under the worst scenario, and the auxiliary
problem is solved to obtain the worst scenario of wind and solar
output under typhoon weather, which is as follows:

min ξω = ∑
i∈Nm
∑
t∈H
(bitω − oitω),∀ω ∈ E (49)

ξ =max ξω,∀ω ∈ E (50)

Where: ξω is the auxiliary variable introduced for the auxiliary
problem, which represents the minimum power purchase required
for the normal operation of the distribution network based on
the existing wind and solar installed capacity under the extreme
scenario ω.

The auxiliary problem is framed as a bi-level optimization
problem in the form of max-min. The constraints governing this
problem are the real-time operational constraints of the distribution
network, specifically outlined in Equations 17–32, with Equation 23
requiring substitution with the following

∑
k∈Ωi

d(n)

fpi(nk)tω = ∑
k∈Ωi

p(n)

fpi(jk)tω −Dintω + ̃g
w
intω + ̃g

pv
intω (51)

In addition, it should be noted that the auxiliary problem
constraints are a set of extreme scenarios ω ∈ E.

To summarize, the steps to ascertain the worst-case scenario for
wind and solar power output during typhoonweather are as follows.

1) The actual annual data is processed using the wind and
solar power output sequence correction method tailored for
typhoonweather, resulting in an initial set of extreme scenarios
for wind and solar power output.

2) By substituting this set of extreme scenarios into the auxiliary
problem, we can derive the auxiliary variable corresponding
to these extreme scenarios and subsequently identify the worst
scenario associated with the auxiliary variable.

2.5 Overall model structure

In summary, the proposed complete model is as follows:

min
XU∪XL
∑
ω∈Ω
(CDN

ω +C
oper
ω ) +Cinv,a (52a)

s.t.(6) − (41) (52b)

Where: XU = {Ke
in, ̃g

w
intω, ̃g

pv
intω,oitω,bitω,disintω,chintω,wintω,

SOEintω, f
p
i(nk)tω, f

q
i(nk)tω,Vintω} represents the set of decision variables

of the upper optimizationmodel, including investment variables and
distribution network scenario-related operation phase variables;
XL = {pgitω,p

d
itω,p
−
itω,p
+
itω,θitω,∀ω} represents the decision variables

of the lower optimization model, which are the scenario-related
operation phase variables of the transmission network.

The upper optimization goal is to minimize the total investment
and operation cost of the distribution network, and the participating
entity is the distribution network; the lower optimization goal is to
maximize social welfare, and the participating entities are power
generators, load aggregators and distribution networks. The power
transactions and capital transactions between the upper and lower
participating entities are shown in Figure 2:

Obviously, the proposed model represents a bi-level
optimization problem that cannot be solved directly. Additionally,
the chance constraint poses significant challenges. Consequently,
the subsequent section will demonstrate how to convert the
chance constraint and the objective function into a tractable
mixed-integer linear programming (MILP) formulation. This
transformation will allow the bi-level optimization problem
to be reformulated as a single-level optimization problem,
effectively handling its nonlinear terms and yielding a directly
solvable MILP problem.

3 Solutions

The original problem cannot be addressed directly. This
section will outline the methodology for transforming the bi-level
optimization problem into a MILP problem. First, a Gaussian
mixture model will be employed to express the opportunity
constraints associated with renewable energy as deterministic
constraints. Second, voltage will be articulated as a function of
random power injection, with the inherent uncertainty in voltage
being characterized by the output of renewable energy. This
approach will convert the voltage-related opportunity constraints
into deterministic constraints. Finally, the KKToptimality condition
will be utilized to reformulate the bi-level optimization problem into
a single-level problem. Subsequently, the complementary relaxation
conditions and the remaining bilinear terms will be linearized into
linear termsusing theBigMmethod andduality relations, ultimately
resulting in the transformation of themodel into a single-layerMILP
framework.

3.1 Chance-constrained deterministic
representation

3.1.1 Opportunity-constrained conversion of
renewable energy output based on GMM
3.1.1.1 Forecasted output distribution of renewable
energy

As mentioned above, the uncertainty of wind and solar power
output can be characterized by the uncertainty of prediction
error. Affected by the central limit theorem, the prediction
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FIGURE 2
Electricity trading and capital trading chart.

FIGURE 3
Schematic diagram of the dual IEEE 33-node power distribution test system (yellow indicates photovoltaic resources and blue indicates wind power
resources).

TABLE 1 Nodes suitable for energy storage installation.

Suitable distribution
network nodes

Distribution network 1 5 8 16 21 22 28

Distribution network 2 1 2 8 15 25 30

error is described by Gauss Mixed Model (GMM). The random
vector X = [X1,t,X2,t,⋯,Xk,t]

Τ is used to represent the output
power prediction error of k renewable energy sources at time t.

Then the probability density function (PDF) of X can be
expressed by GMM (Wang et al., 2016):

fX(x) =
M

∑
m=1

πmNm(x|μm,σm) (53)

M

∑
m=1

πm = 1,πm > 0 (54)

Nm(x|μm,σm) =
exp{−1/2(x − μm)

Τσ−1m (x − μm)}

(2π)K/2|σm|
1/2

(55)

Where: ∑ = {πm,μm,σm|m = 1,2,…,M} represents the
parameter set of the Gaussian mixture model, where the Gaussian
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TABLE 2 Distribution overview of renewable energy (MW).

Distribution network 1 Distribution network 2

Wind power
node 11 16 18 19 21 6 25 27 29 31

capacity 10.5 0 0 0 10 20 20 0 0 4

Photovoltaic power
node 16 22 24 26 30 1 2 7 17 25

capacity 0 2 8 20 8 10 10 4 10 4

FIGURE 4
Weighted average of load, predicted wind power and PV intensity under conventional scenarios.

FIGURE 5
Changes of maximum wind speed in typhoon-affected areas.

mixture model is composed of Gaussian components; πm represents
the weight of each Gaussian distribution; Nm(x|μm,σm) represents
themthmultivariate Gaussian component, whose mean vector is μm
and the covariance matrix is σm.

By adjusting the parameter set∑, GMMcan characterize different
types of non-Gaussian correlated random variables.Therefore, GMM
is suitable for modeling the uncertainty in the output distribution
of renewable energy. Specifically, based on the historical data of the
prediction error of the active output of wind power and photovoltaic
power, the parameter set ∑ can be obtained, and then the Gaussian
mixture distribution of the prediction error can be obtained.

3.1.1.2 Opportunity-constrained conversion of wind and
solar output

Assume that the random variable Y = ax = [a1,…,ar,…ak]X,
if a = [0,…,1,…0] (ar = 1), then Y = Yr represents the output
power of the rth renewable energy source. Generally speaking, the
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FIGURE 6
Predicted wind and solar power output power and its confidence interval under nor-mal circumstances.

FIGURE 7
Predicted wind and solar output power along with their confidence intervals under extreme weather conditions.

linear combination of multivariate Gaussian distribution variables
also obeys Gaussian distribution. Therefore, the probability density
function of the random variable Y is:

fY(y) =
M

∑
m=1

πmNm(y|aμm,aσma
Τ) (56)

The cumulative distribution function (CDF) of the Gaussian
distribution can be calculated as follows:

CDFY(y) = ∫
ζ≤y

fY(ζ)dζ =
M

∑
m=1

ωm ⋅ norm.cd f( fm(y)) (57)

CDF(·) in the interval [−∞, ∞], so it can be calculated using
the binary search method CDF−1(·). On this basis, the equivalent
transformation of the chance constraints Equations 19, 22 is given:

CDF−1Δgwintω  (
1− ℏw

2
) ≤ Δ ̃gwintω ≤ CDF

−1
Δgwintω
 (1+ ℏ

w

2
),

∀i ∈ Nm,n ∈ Bw
i , t ∈H,ω ∈Ω (58)

CDF−1
Δgpvintω
 (1− ℏ

pv

2
) ≤ Δ ̃gpvintω ≤ CDF

−1
Δgpvintω
 (1+ ℏ

pv

2
),

∀i ∈ Nm,n ∈ Bpv
i , t ∈H,ω ∈Ω (59)

Therefore, the opportunity constraints related to renewable
energy output are transformed into deterministic constraints
through the Gaussian mixture model.

3.1.2 Opportunity-constrained conversion of
voltage
3.1.2.1 Node injection power represents node voltage

Equation 29 implicitly relies on uncertainty. In order to interpret
(29) in a straightforward way, the voltage should be reformulated as
an expression related to the random injected power. Existing studies
have shown that in the LinDistFlow model, the node voltage of the
radial distribution system is linearly related to the injected power
of all nodes.

The amount of active/reactive power (pinintω/q
in
intω) injected into

each node of the distribution network is equal to the total output
power of local renewable energy minus the load, and the injected
active (or reactive) power is equal to the power outflow of the node.
For this purpose, Equations 23, 24, 26 are restated as shown in
Equations 60–64:

pinin0tω = p
+
itω − p

−
itω + ̃g

w
in0tω
+ ̃gpvin0tω + disin0tω − chin0tω

−Din0tω,∀i ∈ N
m, t ∈H,ω ∈Ω (60)
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TABLE 3 Technical parameters and cost parameters of conventional units.

Generator
number

Transmission
network node

Maximum
output (MW)

Maximum
up/down ramp

(MW/h)

Initial output
(MW)

Price (€/MWh)

G1 1 152 120 76 43.488

G2 2 152 120 76 43.488

G3 7 350 350 0 51.93

G4 13 591 240 0 71.037

G5 15 60 60 0 54.099

G6 15 155 155 0 9.468

G7 16 155 155 124 9.468

G8 18 400 280 240 4.923

G9 21 400 280 240 4,923

G10 22 300 300 240 0.9

G11 23 310 180 248 9,468

G12 23 350 240 280 26,901

FIGURE 8
Sitting and sizing of energy storage.

pinintω = ̃g
w
intω + ̃g

pv
intω + disintω − chintω −Dintω,∀i ∈ Nm,

n ∈ Bi/n0, t ∈H,ω ∈Ω (61)

qinintω = δ
w
in ⋅ ̃g

w
intω + δ

pv
in ⋅ ̃g

pv
intω − δ

d
in ⋅Dintω,∀i ∈ Nm,

n ∈ Bi, t ∈H,ω ∈Ω (62)

pinintω = ∑
k∈Ωi

p(n)

fpi(jk)tω − ∑
k∈Ωi

d(n)

fpi(nk)tω,∀i ∈ N
m,n ∈ Bi, t ∈H,ω ∈Ω

(63)

qinintω = ∑
k∈Ωi

p(n)

fqi(jk)tω − ∑
k∈Ωi

d(n)

fqi(nk)tω,∀i ∈ N
m,n ∈ Bi, t ∈H,ω ∈Ω

(64)

The injected power of the distribution network also
considers the root node (n0). Therefore, the voltage can be
restated as an expression related to the random injected power,
as shown in Equation 65.

Ṽintω −V0 =∑j∈Besi
(zesjintω ⋅ (disijtω − chijtω)) +∑j∈Bwi

(zwjintω ⋅ ̃g
w
ijtω + z

′w
jintω ⋅ δ

w
ijtω ⋅ ̃g

w
ijtω)

+∑
j∈B

pv
i
(zpvjintω ⋅ ̃g

pv
ijtω + z

′pv
jintω ⋅ δ

pv
ijtω ⋅ ̃g

pv
ijtω) −∑j∈Bi

(zdjintω ⋅Dijtω) ,

∀i ∈ Nm,n ∈ Bi, t ∈H,ω ∈Ω
(65)
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TABLE 4 Specific configuration of energy storage.

Distribution network 1 Distribution network 2

Node Energy storage
capacity (MWh)

Node Energy storage
capacity (MWh)

5 10 1 0

8 0 2 0

1 6 0 8 20

21 0 15 20

22 0 25 20

28 0 30 17.65

Where: zwjintω, z
pv
jintω and zdjintω are distribution coefficients related

to the distribution network structure and power flow.
Therefore, the voltage safety constraint directly related to

uncertainty is expressed as shown in Equation 66.

Pr
{
{
{

−ΔV ≤∑
j∈Besi
(zesjintω ⋅ (disijtω − chijtω)) +∑j∈Bwi

(zwjintω ⋅ ̃g
w
ijtω + z

′w
jintω ⋅ δ

w
ijtω ⋅ ̃g

w
ijtω)

∑
j∈B

pv
i
(zpvjintω ⋅ ̃g

pv
ijtω + z

′pv
jintω ⋅ δ

pv
ijtω ⋅ ̃g

pv
ijtω) −∑j∈Bi

(zdjintω ⋅Dijtω) ≤ ΔV
}
}
}

≥ ƛ,∀i ∈ Nm,n ∈ Bi, t ∈H,ω ∈Ω
(66)

3.1.2.2 Voltage opportunity constrained conversion
As shown in Equation 66, voltage can be expressed by node

injection power. Equations 58, 59 show that the opportunity
constraints related to renewable energy output can be transformed
into deterministic constraints, and the uncertainty implicit in
node injection power comes from the output of renewable energy.
Therefore, in order to ensure that the probability of the voltage
amplitude within the safety interval is greater than the given
confidence level (ƛ), it is only necessary to ensure that the output
of renewable energy meets the requirements of the confidence level,
and Equation 66 can be restated as Equation 67.

−ΔV ≤

{{{{{{
{{{{{{
{

∑j∈Besi
(zesjintω ⋅ (disijtω − chijtω)) −∑j∈Bi

(zdjintω ⋅Dijtω)+

∑j∈Bpvi
((zpvjintω + z

′pv
jintω ⋅ δ

pv
ijtω) ⋅ (g

pv
ijtω +CDF

−1
Δgpvintω
(1− ƛ1/2)))+

∑j∈Bwi
((zwjintω + z

′w
jintω ⋅ δ

w
ijtω) ⋅ (g

w
ijtω +CDF

−1
Δgwintω
(1− ƛ1/2)))

}}}}}}
}}}}}}
}

≤ −ΔV,∀i ∈ Nm,n ∈ Bi, t ∈H,ω ∈Ω
(67)

Therefore, the chance constraint Equation 29 is transformed into
a deterministic constraint.

3.2 KKT optimality condition

KKT conditions are widely used to solve nonlinear models.
The lower-level market clearing problem is a linear programming

problem, in which the stationary condition is obtained by taking the
first order derivative of the lower-level decision variables based on
the Lagrangian function of the lower-level problem. For example,
(pditω):

−cdit + λitω −ϕ
d
itω +ϕ

d
itω = 0,∀i ∈ N

d, t ∈H,ω ∈Ω (68)

The same is true for the remaining variables, with Equation 68
representing all stationary conditions. Similarly, the feasibility
condition and complementary slack condition are obtained by
taking constraint Equation 38 as an example:

0 ≤ ϕditω⊥p
d
itω ≥ 0,∀i ∈ N

d, t ∈H,ω ∈Ω (69a)

0 ≤ ϕditω⊥− p
d
itω + p

d
itω ≥ 0,∀i ∈ N

d, t ∈H,ω ∈Ω (69b)

The symbol ⊥ represents complementarity. The same is true
for the other constraints. Equation 69 refers to all complementary
relaxation conditions.

The nonlinearity caused by the complementary relaxation
condition is linearized using the largeMmethod (Wang et al., 2011).
Taking Equations 69a, 69b as an example, they can be restated as the
following constraints:

0 ≤ ϕditω ≤M ⋅ b
d,1
itω,∀i ∈ N

d, t ∈H,ω ∈Ω (70a)

0 ≤ pditω ≤M ⋅ (1− b
d,1
itω),∀i ∈ N

d, t ∈H,ω ∈Ω (70b)

0 ≤ ϕditω ≤M ⋅ b
d,2
itω,∀i ∈ N

d, t ∈H,ω ∈Ω (70c)

0 ≤ −pditω + p
d
itω ≤M ⋅ (1− b

d,2
itω),∀i ∈ N

d, t ∈H,ω ∈Ω (70d)

Where: bd,1itω and bd,2itω are binary variables;M is a large constant.
For simplicity, Equation 70 is used to refer to the constraints

after all feasibility conditions and complementary slack conditions
are processed by the big M method.

In order to deal with the nonlinearity in the objective
function related to the expression of (2), the linear programming
duality theorem can be used to obtain the following expression,
as shown in (71):

CDN
ω = πω ⋅ ∑

t∈H
(∑
i∈Ng
(cgit ⋅ p

g
itω +ϕ

g
itω ⋅ P

g
i

+ϕgrditω ⋅RDi +ϕ
gru
itω ⋅RUi) + ∑

i∈Nd

−(cdit ⋅ p
d
itω +ϕ

d
itω ⋅ P

d
itω)+ ∑

i<j,(i,j)∈L
(Tij ⋅ϕ

l
(ij)tω

+Tij ⋅ϕ
l
(ij)tω)) (71)

The final model is as follows:

min
XU∪XL
∑
ω∈Ω
(CDN

ω +C
oper
ω ) +Cinv,a (72a)

s.t.(6) − (18), (20) − (21), (23) − (28),

(30) − (32), (34), (58) − (59), (67) − (68), (70)
(72b)
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FIGURE 9
Power balance of distribution networks under a typical day.

FIGURE 10
Power balance of distribution network under extreme weather conditions.

4 Case study

4.1 Example setup

The modified IEEE 24 node transmission network was
combined with two IEEE 33 node distribution networks for testing.
The root nodes of the two distribution networks were connected
to nodes 4 and 9 of the transmission network respectively. The
distribution system is shown in Figure 3. The energy storage
investment occurs in the two distribution networks, and renewable
energy is also distributed on the distribution networks.

Table 1 lists the distribution network nodes suitable for energy
storage investment. The distribution profile of renewable energy is
shown in Table 2. The load and renewable energy generation profile
is based on the actual annual data of a certain place. Wind power
and photovoltaic are located in two different locations of the place.
Based on the K-means clustering algorithm, the annual wind and
solar power output data are processed to obtain 4 typical days of
conventional scenarios. Figure 4 describes the weighted average of
the conventional scenario of load, wind power and photovoltaic

output. Let themaximumwind speed of the wind turbine be 30 m/s.
Based on the typhoon model, the maximum wind speed change
in the typhoon-affected area is obtained, as shown in Figure 5.
It can be seen that the wind turbine was in a shutdown state in
the first 14 h. Then, based on the wind and solar power output
sequence correction method under typhoon weather, the worst
scenario under typhoon weather is obtained with the maximum
power purchase of the distribution network as the indicator, as
shown by the solid line in Figure 7.

The prediction output error is simulated based on the Gaussian
mixture model, and 1,000 samples are analyzed for each prediction
value. The predicted wind power and photovoltaic output power
and their confidence intervals under a conventional scenario and
an extreme scenario are shown in Figures 6, 7, respectively. In the
case studied, the confidence level ℏ and ƛ are set to 90%. The safety
interval of the square of the voltage amplitude is [0.81, 1.21].

Assume that the investment cost of energy storage is Ce =
20€/kW and Cp = 500€/kW, the operating costs of wind power,
photovoltaic power and energy storage are = 3.5€/MW, = 2.5€/MW,
= 0.5€/MW respectively, cw the service cpv life of energy ces storage
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FIGURE 11
Transmission network load intensity and average electricity price.

FIGURE 12
Comparison of energy storage planning with and without considering
extreme weather scenarios.

FIGURE 13
Comparison of energy storage planning with and without extreme
weather scenarios.

FIGURE 14
Voltage fluctuations at nodes (distribution network 1) throughout a
typical day.

is 15 years, and the annual discount rate is 5% (Λ = 15, Γ =
0.05). For each distribution network node eligible for energy storage
installation, themaximum installed capacity is set toKe

in = 20 MW h.
The charging and discharging efficiency of the energy storage device
is ηc = ηd = 0.93. The initial charging state of the energy storage
device is assumed to be 50%, and at the end of the day, the charging
state is at least 10% (β = 0.1). The technical parameters and cost
parameters of the conventional unit are shown in Table 3.The power
factor of wind power and photovoltaic power generation is assumed
to be 0.95, and the efficiency of photovoltaic panel output is. ηpv =
0.95 The maximum power that can pass through the connection
point pi (substation) between the transmission network and the
distribution network is = 46 MW. The purchase price of renewable
energy on the distribution networkwhen participating in themarket
is c+it = 450 €/MW, otherwise c−it = 0 €/MW to ensure that it can
always be cleared in the day-ahead electricity market. Finally, the
total budget for energy storage investment is set to Cinυ = 20 ⋅ 106 €,
and the locational marginal price (LMP) is calculated by the market
clearing model.

4.2 Siting and sizing decisions

The planning results of energy storage site selection and scale
are shown in Figure 8, and the specific configuration is shown
in Table 4. It can be seen that the energy storage investment
on distribution network 2 is higher than that on distribution
network 1. This is mainly because distribution network 2 has
better wind resources (see Figure 4) and has larger wind power
and photovoltaic installed capacity. Therefore, its renewable energy
generation is much larger than that of distribution network 1, and
the corresponding energy storage investment will also be larger.

The energy storage investment on distribution network one is
only distributed in node 5, because node 5 is the intersection of
the branches where nodes 11, 26 and 40 are located, and it is also
the only branch flowing to the root node. Installing energy storage
here can effectively alleviate the congestion of the line. The energy
storage investment in Distribution Network 2 is solely distributed
at nodes 8, 15, 25, and 30, with no energy storage investment at
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nodes one and 2. This planning combination is mainly determined
by the distribution of renewable energy generation, load distribution
and grid structure. Node 25 has the largest wind power installed
capacity and a lot of photovoltaic capacity, which determines that
the energy storage investment of node 25 should be large.The nodes
near nodes 8 and 15 are equipped with large-capacity wind power
or photovoltaic units, and node 31 adjacent to node 30 has a large
load. Therefore, it is reasonable to invest a lot of energy storage
in these three nodes, which can effectively alleviate the congestion
of adjacent nodes and lines. Nodes one and 2 are adjacent to the
root node of the distribution network, which are mainly responsible
for receiving or sending the transaction electricity between the
distribution network and the upstream power grid, so there is no
urgent need for energy storage.

The investment cost of the energy storage decision is 90.57 ⋅ 105

€, the annualized investment and operating cost of the distribution
network is 32.57 ⋅ 105 €, and the annualized generation cost of the
thermal power units is 154.0 ⋅ 106 €. TSO benefit from renewable
energy because expensive transmission-level electricity production
is replaced by low-cost renewable energy units in the generation
mix.More specifically, the annualized generation cost of the thermal
power units (the generation cost without renewable energy is
158.31 ⋅ 106 €) has decreased by 2.72%, while it has decreased
by 0.042% relative to the case without energy storage, because
the capacity of energy storage is small relative to the load of
the transmission network, so the degree of reduction is not very
significant.

4.3 Overview of clearing electricity prices
and system operation

The power balance of the distribution network in a normal
scenario and extreme weather is shown in Figures 9, 10 respectively.
Compared with the normal scenario, the output of photovoltaic
and wind power is partially limited by extreme weather, and the
distribution network needs to purchase more electricity to meet
energy demand.

The load demand intensity and average electricity price in the
region on a typical day are shown in Figure 11. For the electricity
market, at the clearing price level, the amount of electricity that
users are willing and able to purchase is exactly equal to the amount
of electricity that the power generation side is willing and able to
supply. Generally speaking, the power generation costs of various
thermal power units are different, and the bids participating in the
bidding are also different.

Therefore, when the user side demand is certain, the bids are
usually won in order from small to large. When the load demand is
small, the average electricity price in the area is also relatively small.

4.4 Impact of extreme weather scenarios
on energy storage planning

In order to demonstrate the impact of extremeweather scenarios
on energy storage planning, the following two scenarios are set up
for analysis.

1) Scenario 1: Extreme weather scenarios are not considered in
energy storage planning;

2) Scenario 2: Consider extreme weather scenarios in energy
storage planning.

As shown in Figure 12, the energy storage planning under
the two scenarios is shown. It can be seen from the figure
that although the energy storage planning of the distribution
network under the two scenarios is generally similar, in scenario
2, the energy storage capacity of node 30 in distribution network
2 is increased by 3.09 MW compared with scenario 1, that
is, the total energy storage capacity of scenario 2 is greater
than that of scenario 1. This is because considering the greater
uncertainty and growth in electricity demand brought about by
extreme weather scenarios, increasing energy storage capacity helps
maintain power balance. However, due to the low probability of
extreme weather scenarios, the increase in energy storage capacity
is relatively small relative to the change in the overall energy
storage plan.

In addition, the investment cost of energy storage planning in
scenario one is 87.37 ⋅ 105 €, and scenario 2 increases by 3.66%
compared to scenario 1. Therefore, in energy storage planning, if
decisionmakers pay attention to the impact of extreme weather, this
may lead to higher costs, but the increase in energy storage capacity
will improve flexible adjustment capabilities, thereby ensuring
power reliability.

4.5 Impact of transmission and distribution
coordination on energy storage planning

In order to demonstrate the impact of transmission and
distribution coordination on energy storage planning, the following
two scenarios are set up for analysis.

1) Scenario 1: The transmission and distribution grid conducts
electricity trading at a fixed price;

2) Scenario 2: Determine the transaction price of
transmission and distribution network based on the
proposed model.

By comparing scenarios with fixed transmission and
distribution network transaction prices, it demonstrates the
role of transmission-distribution coordination mechanisms in
dynamically changing transaction prices, thereby affecting the
investment planning for energy storage. Figure 13 compares
the energy storage planning under the two scenarios. The
results show that the energy storage scale increases by 3.47 MW
when the distribution network participates in the market
bidding mechanism under the transmission and distribution
coordination compared with the fixed transaction electricity
price. This is mainly because under the transmission and
distribution coordination mechanism, the electricity price will
change dynamically according to market demand and supply
conditions. This potential economic return encourages more
energy storage investment, resulting in an increase in the scale
of energy storage.

For example, under a fixed electricity price, the total
investment and operating cost of the distribution network
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is 32.70 ⋅ 105 €, which is 0.40% higher than that under
the transmission and distribution coordination condition. It
is precisely because under a fixed electricity price, energy
storage cannot use electricity price fluctuations to optimize
charging and discharging strategies, resulting in a slight
increase in overall operating costs. On the contrary, under
the transmission and distribution coordination mechanism,
energy storage can dynamically adjust according to market
demand and supply conditions to achieve higher economic
benefits, thereby reducing the total operating cost of the
distribution network.

4.6 Fluctuation of voltage at distribution
network nodes

Figure 14 shows the variation of the square of the
voltage amplitude at all nodes of distribution network one
during a day.

The square of the minimum and maximum voltage amplitudes
during the day is 0.8744p.u. and 1.0691p.u. Since all voltages are
within the safety range, network security is guaranteed. Therefore,
in the case studied, the voltage security constraint has little effect on
the planning and operation results.

5 Conclusion

Based on the TSO-DSO coordination framework, this paper
establishes a distributed energy storage investment problem model
considering extreme weather. Distributed energy storage power
stations are installed in multiple distribution networks to obtain
greater social welfare and renewable energy utilization. A stochastic
bi-level investment planning model is established. The KKT
condition, strong duality theory and linearization technology are
used to transform the bi-level model into a single-level MILP
model that is easy to solve. A chance constraint method based
on a Gaussian mixture model is proposed to deal with the
uncertainty of renewable energy power. This method can strike
a balance between conservatism and optimism. A case study
based on the transmission and distribution network system is
carried out to verify the proposed model and method. The
results show that the model considers the impact of extreme
weather scenarios and optimizes the energy storage planning
of the distribution network. Compared with not considering
extreme weather, although the energy storage investment cost
increases by 3.66%, it helps to improve the system’s flexible
adjustment ability; considering the transmission and distribution
collaborative conditions, the total investment and operation cost of
the distribution network is reduced by 0.40%. In future research
work, it is possible to consider adding system reliability indicators
to improve the model, and consider studying more efficient solution
methods to deal with the situation where the model is complex
and difficult to solve due to the increase in extreme weather
scenarios.
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