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Abstract: This paper proposes a two-stage, three-layer stochastic robust model and its solution
method for a multi-energy access system (MEAS) considering different weather scenarios which
are described through scenario probabilities and output uncertainties. In the first stage, based on
the principle of the master–slave game, the master–slave relationship between the grid dispatch
department (GDD) and the MEAS is constructed and the master–slave game transaction mechanism
is analyzed. The GDD establishes a stochastic pricing model that takes into account the uncertainty
of wind power scenario probabilities. In the second stage, considering the impacts of wind power
and photovoltaic scenario probability uncertainties and output uncertainties, a max–max–min three-
layer structured stochastic robust model for the MEAS is established and its cooperation model
is constructed based on the Nash bargaining principle. A variable alternating iteration algorithm
combining Karush–Kuhn–Tucker conditions (KKT) is proposed to solve the stochastic robust model of
the MEAS. The alternating direction method of multipliers (ADMM) is used to solve the cooperation
model of the MEAS and a particle swarm algorithm (PSO) is employed to solve the non-convex
two-stage model. Finally, the effectiveness of the proposed model and method is verified through
case studies.

Keywords: weather scenarios; hybrid game; stochastic robust; variable alternating iteration; particle
swarm algorithm

1. Introduction

With the proposal of carbon neutrality targets, the distribution grid will integrate a
large amount of renewable energy in the future, thereby reducing the use of fossil fuels.
In order to fully integrate renewable energy, multi-energy access systems (MEASs) have
emerged [1]. MEASs are capable of optimizing their internal operational status under
specified electricity price backgrounds, achieving a dynamic balance with the distribution
grid’s energy interaction [2]. However, intermittent renewable energy poses challenges to
the energy planning of MEASs [3]. Additionally, there will be more distributed MEASs
connecting to the distribution grid in the future, which increases the difficulty of unified
management for MEASs [4]. Therefore, addressing how to manage MEASs with uncertainty
in energy and how to unify the management of multiple distributed MEASs are urgent
challenges that need to be solved.

In recent years, scholars both domestically and internationally have conducted exten-
sive research on the unified management of microgrids (MEASs). The general approach
involves appointing a unified energy manager at the higher level of the MEAS, such as a
grid dispatch department (GDD) [5]. The GDD is primarily responsible for coordinating

Processes 2024, 12, 2656. https://doi.org/10.3390/pr12122656 https://www.mdpi.com/journal/processes

https://doi.org/10.3390/pr12122656
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/processes
https://www.mdpi.com
https://orcid.org/0009-0008-2546-2750
https://doi.org/10.3390/pr12122656
https://www.mdpi.com/journal/processes
https://www.mdpi.com/article/10.3390/pr12122656?type=check_update&version=2


Processes 2024, 12, 2656 2 of 26

energy interactions between the distribution grid and the MEAS, while also establishing
optimal electricity prices for the MEAS to achieve overall optimal benefits for both the
GDD and the MEAS. From the perspective of game theory, the relationship between the
GDD and MEAS can be understood as a leader–follower game where the GDD acts as the
upper-level leader, setting electricity prices for the MEAS, while the MEAS can be seen as
the lower-level follower, planning energy usage based on these prices. The GDD–MEAS
relationship can achieve game equilibrium solutions [6]. For example, [6] deals with en-
ergy trading among MEASs through leader–follower games and establishes a multi-agent
optimization scheduling model with multiple microgrid systems as leaders and load aggre-
gators as followers. Another study [7] builds upon leader–follower games to establish an
optimization configuration model for multi-microgrid systems with multiple microgrid
operators as leaders and distribution grids as followers.

With the advancement of market trading mechanisms, some MEASs that are geograph-
ically proximate or have similar energy forms will, under the guidance of decision-making
information, form cooperative alliances through point-to-point transactions among MEASs.
This is referred to as the cooperative operation mode. In this cooperative operation, the
GDD permits MEASs to flexibly select transactions with other MEASs to enhance their own
benefits. Meanwhile, compared to MEASs’ individual participation in market transactions,
the formation of cooperative alliances also boosts the market competitiveness of MEASs [8].
One study [9] established a multi-MEAS cooperative optimization model by minimizing
the electricity transaction costs between MEASs and market operators to optimize the
centralized trading process and minimizing the electricity transaction costs among MEASs
to optimize the decentralized trading process. Eventually, the Nash bargaining method
was adopted to distribute the cooperative surplus value among multiple MEASs. From
the perspective of game theory, this GDD–MEAS operation mode is actually a leader–
follower–cooperative game model and the game model has expanded from a two-layer to
a three-layer structure, with the intermediate layer being the follower cooperation layer.
Another study [10] established a three-layer optimization model for the distribution net-
work and multiple MEASs based on the leader–follower–cooperative game; studies [11,12]
constructed a three-layer leader–follower–cooperative game model with the GDD as the
leader and the collaborative operation of cold, heat, and electricity multi-energy coupled
shared energy storage–prosumer.

At present, the main solution idea for the leader–follower–cooperative game model is
the two-stage solution method; that is, the leader–follower problem is solved in the first
stage and the cooperative problem in the second stage. Currently, methods for solving
leader–follower game equilibrium solutions mainly include numerical methods based on
Karush–Kuhn–Tucker (KKT) conditions [13–15], column constraint generation (C&CG)
methods [16], heuristic intelligent algorithms [17–19], and the alternating direction method
of multipliers (ADMM) [20]. Due to its decoupling characteristics and stable convergence,
the ADMM commonly uses the second-stage distributed solving cooperative model [21].
The KKT numerical method is applicable to the scene where the second-stage problem is a
two-level model, and can transform a two-level model into a single-level model, but this
method is only applicable to the scene where the underlying model is a convex problem, so
the underlying non-convex model needs to be simulated/convex in advance [22]. C&CG
combined with KKT can solve the scenario where the second-stage problem is a three-level
model. Generally, KKT is first used to convert the lowest two levels into a single level, so
that the original problem can be simplified to a classical two-level problem, provided that
the two-level model is convex [23]. Heuristic intelligent algorithms can overlook the non-
convexity of the lower-level problem and are thus widely applied in solving leader–follower
game models [24].

However, the above models of the master–slave game are mostly deterministic models,
while there often exist uncertainty factors in MEASs, such as the uncertainty of output
from renewable energy sources like wind turbines (WTs) and photovoltaics (PVs). The
uncertainty factors in MEASs will affect the management of GDDs for MEASs [25]. For ex-
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ample, the paper [26] studies the cooperative Stackelberg game energy management scheme
considering price discrimination and risk assessment. The upper layer uses a stochastic
programming method with a conditional risk value to establish a retailer stochastic pricing
model, while the lower layer is based on a Nash bargaining game follower–cooperation
model. The experiment shows that the stochastic pricing information will affect the di-
rect trading price and trading volume of the followers at the same time. To solve this
problem, scholars have proposed uncertainty handling methods such as stochastic pro-
gramming [27,28] and robust optimization [29–31]. Stochastic optimization uses historical
experience to generate random probability scenarios and then seeks the scheduling scheme
with the lowest cost expectation. For example, reference [27] used stochastic optimization
to study the impact of WT output uncertainty on MEAS energy planning. Reference [28]
modeled the randomness of WTs based on probability distribution functions to optimize
the operation of distribution networks. Robust optimization describes uncertain variables
using various uncertainty sets to find the optimal solution under the worst-case scenario.
Reference [29] described WT output fluctuations using box uncertainty sets and constructed
a two-stage robust optimization scheduling model. Reference [30] described the uncertainty
of user participation using box uncertainty sets. However, both of these methods have a
certain one-sidedness and limitations: scenario-based stochastic optimization is suitable for
situations where probability distribution functions are relatively easy to obtain, but it may
lead to a huge computational burden, while robust optimization is suitable for situations
where the distribution of uncertain parameters is difficult to determine or there is little
historical data, and it has good robustness, but it has conservatism issues [31,32].

To address the conservatism issue, researchers have proposed some improved models
based on stochastic and robust methods. For example, to consider the probability uncer-
tainty of multiple uncertain parameters, the idea of stochastic optimization is incorporated
into robust optimization to propose a four-level stochastic robust model with predictive
probabilities [33,34]. Reference [35] used stochastic optimization and robust handling of
uncertainty to establish a max–max–max–min microgrid robust model, and the results
showed that the conservatism of this model is moderate. Reference [36] studied the hy-
brid game optimization model of a micro-energy network and consumer, considering the
uncertainty of WTs and consumer response, and adopted robust optimization, the chance
constraint method, KKT condition, McCormick envelope method, and ADMM method to
solve the model, which effectively coordinated the scheduling of the micro-energy network
and consumer and ensured the fairness of the consumer cooperation alliance. However,
these models also have some problems, as stochastic optimization still needs to simulate
its probability function based on a large amount of historical data. In addition, the maxi-
mization in the second and third layers of the four-level model is coupled, making it more
difficult to solve the model. Therefore, it is necessary to develop robust models adapted to
uncertain factors and study corresponding solution algorithms.

In summary, this paper establishes a two-stage, three-level stochastic robust model
considering the probability and output uncertainty of WT and PV scenarios. The model is
for a two-stage problem based on mixed games, where the first stage is a stochastic pricing
model for the GDD and the second stage is a three-level structured MEAS stochastic robust
cooperative model. Considering the difficulty of decoupling in the three-level stochastic
robust model, a variable alternating iteration algorithm (AIV–KKT) combined with KKT
is proposed. Considering the nonlinearity and non-convexity of the two-stage model, a
particle swarm algorithm is used for solving.

2. Transaction Mechanism Analysis

Figure 1 depicts the GDD–MEAS transaction framework. In this framework, the
MEAS consists of electric chillers (EC), absorption chillers (AC), combined heat and power
systems (CHP), gas boilers (GB), heat storage (HS), and electricity storage (ES), forming a
multi-energy supply system for cooling, heating, and electricity. In the first stage, the GDD
acts as the leader and personalized electricity pricing is formulated based on the electricity
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demand information from the MEASs, aiming to manage the MEASs effectively. The
specific process is as follows: firstly, the GDD aggregates the electricity demand information
from various MEASs, which is robust information considering both scenario and output
uncertainties, thus resulting in a conservative estimate. Based on this information, the
GDD sets a conservative pricing for electricity transactions. Subsequently, when an MEAS
needs to purchase electricity, the GDD procures an equivalent amount from the electricity
market at the grid price and resells it to the MEAS at the corresponding purchasing price;
conversely, when an MEAS needs to sell electricity, the GDD purchases it from the MEAS
at the corresponding selling price and resells it to the electricity market at the grid price.
The GDD determines the purchasing and selling prices for each MEAS by maximizing the
price difference.

Processes 2024, 12, x FOR PEER REVIEW 4 of 27 
 

 

multi-energy supply system for cooling, heating, and electricity. In the first stage, the GDD 
acts as the leader and personalized electricity pricing is formulated based on the electricity 
demand information from the MEASs, aiming to manage the MEASs effectively. The spe-
cific process is as follows: firstly, the GDD aggregates the electricity demand information 
from various MEASs, which is robust information considering both scenario and output 
uncertainties, thus resulting in a conservative estimate. Based on this information, the 
GDD sets a conservative pricing for electricity transactions. Subsequently, when an MEAS 
needs to purchase electricity, the GDD procures an equivalent amount from the electricity 
market at the grid price and resells it to the MEAS at the corresponding purchasing price; 
conversely, when an MEAS needs to sell electricity, the GDD purchases it from the MEAS 
at the corresponding selling price and resells it to the electricity market at the grid price. 
The GDD determines the purchasing and selling prices for each MEAS by maximizing the 
price difference. 

In the second stage, each MEAS acts as a follower, formulating electricity purchase 
and sales plans based on the feedback from the GDD and arranging internal energy dis-
tribution reasonably. Typically, the selling price of electricity to the GDD is lower than the 
purchasing price from the GDD. Therefore, multiple MEASs can form cooperative alli-
ances to reduce the overall electricity purchase from the GDD through internal electricity 
sharing, thereby saving electricity costs and improving economic benefits. Under the 
guidance of purchasing and selling prices, MEASs prioritize cooperation, which involves 
decentralized direct transactions. After completing direct transactions, MEASs report sur-
plus or deficit electricity information to the GDD, which then determines the centralized 
trading electricity for each MEAS. After centralized trading, the GDD organizes Nash ne-
gotiations based on the basic information of each MEAS and allocates the cooperative sur-
plus among multiple MEASs uniformly. In the proposed MEAS model, stochastic optimi-
zation and robust methods are utilized to handle uncertainties in WT and PV scenario 
probabilities and outputs. The uncertainty space of scenario probabilities is discretized 
based on a small amount of historical data to generate a typical scenario probability dis-
tribution, while the uncertainty space of WT output adopts a box-set form. 

WT PV EC

CHP

ACHSGas Source

ES

GB

MEAS2

GDD

Electricity
Natural gas

Heat
Cooling

MEAS1

Electric load
Cooling load
Thermal load

ME
AS

electric 
grid

sell electricity

electricity purchase

 
Figure 1. A master–slave framework for trading. 

  

Figure 1. A master–slave framework for trading.

In the second stage, each MEAS acts as a follower, formulating electricity purchase
and sales plans based on the feedback from the GDD and arranging internal energy
distribution reasonably. Typically, the selling price of electricity to the GDD is lower than the
purchasing price from the GDD. Therefore, multiple MEASs can form cooperative alliances
to reduce the overall electricity purchase from the GDD through internal electricity sharing,
thereby saving electricity costs and improving economic benefits. Under the guidance of
purchasing and selling prices, MEASs prioritize cooperation, which involves decentralized
direct transactions. After completing direct transactions, MEASs report surplus or deficit
electricity information to the GDD, which then determines the centralized trading electricity
for each MEAS. After centralized trading, the GDD organizes Nash negotiations based on
the basic information of each MEAS and allocates the cooperative surplus among multiple
MEASs uniformly. In the proposed MEAS model, stochastic optimization and robust
methods are utilized to handle uncertainties in WT and PV scenario probabilities and
outputs. The uncertainty space of scenario probabilities is discretized based on a small
amount of historical data to generate a typical scenario probability distribution, while the
uncertainty space of WT output adopts a box-set form.

3. Two-Stage Stochastic Model

The objective of the two-stage stochastic model based on mixed games is to maximize
operational profits.

U = UDSO +
N

∑
j=1

Um,hz
j (1)
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where U represents the objective function of the model; UDSO represents the operational
profit of GDD; and Um,hz

j represents the operational profit under MEAS j. The maximizing

model UDSO is referred to as the stochastic pricing model for GDD, while the maximizing
model Um,hz

j is referred to as the MEAS cooperation model.

3.1. GDD’s Stochastic Pricing Model
3.1.1. Utility Function

As the leader, the GDD is obligated to manage the MEASs. The GDD determines the
transaction prices between the GDD and each MEAS based on the spot electricity price and
the grid electricity price. Generally, each MEAS’s selling price is lower than its buying price
to encourage each MEAS to arrange internal energy, further reducing external dependence.
Meanwhile, the GDD aims to maximize price difference benefits. Therefore, the GDD’s
stochastic pricing model is

UDSO = max
x

M

∑
s=1

T

∑
t=1

N

∑
j=1

σj,s

(
βf

tP
m,S
j,t,s − βc

t Pm,B
j,t,s +

βm,B
j,t,s Pm,B

j,t,s − βm,S
j,t,sPm,S

j,t,s

)
(2)

where x =
(

βm,B
j,t,s , βm,S

j,t,s , σj,s

)
represents the set of decision variables. Among them, βm,B

j,t,s

and βm,S
j,t,s denote the prices at which the j-th MEAS buys electricity from the GDD and sells

electricity to the GDD at time t; namely, the purchase price and the selling price set by the
GDD for the MEAS; Pm,B

j,t,s and Pm,S
j,t,s represent the amount of electricity purchased and sold

by the j-th MEAS to the GDD at time t under scenario s, respectively; σj,s represents the
probability distribution of scenario s for the j-th MEAS; βf

t and βc
t represent the on-grid

electricity price and off-grid electricity price at time t, respectively; M denotes the number
of scenarios; N denotes the total number of MEASs; and T denotes the scheduling period.

3.1.2. Strategy Space

βf
t ≤ βm,S

j,t,s ≤ βm,B
j,t,s ≤ βc

t (3)

Equation (2) represents the strategy space ΩD of the GDD’s random pricing model. It
constrains the pricing space of the GDD, where the purchasing price βm,B

j,t,s set by the GDD

is not greater than the off-grid electricity price βc
t , and the selling price βm,S

j,t,s is not less

than the on-grid electricity price βf
t. In order to maximize its own interests, the MEAS will

choose to trade with the GDD.

3.2. Multi-MEAS Random-Robust Cooperation Model
3.2.1. Utility Function

The objective function of the MEAS is to minimize its costs, which is in the form of a
max–max–min three-level random model. The first level involves finding the worst-case
probability distribution of the WTs, the second level is to determine the worst-case output
of the WTs, and the third level is to devise the optimal operating strategy for the MEAS to
minimize its operational costs, including energy storage operational costs Ccn

j , purchasing

and selling electricity costs Cm
j , and cooperation costs Chz

ji .



Um,hz
j = max

σs
max
P{.}

j,t,s

min
yj

(
Ccn

j + Cm
j + Chz

ji

)

yj =


Phz

ji,t,s, βhz
ji,t,s, Pm,S

j,t,s , Pm,B
j,t,s , Pesc

j,t,s, Pesdc
j,t,s ,

Phsc
j,t,s, Phsdc

j,t,s , gchp
j,t,s , Pec

j,t,s, ggb
j,t,s, hac

j,t,s,
besc

j,t,s, besdc
j,t,s , bhsc

j,t,s, bhsdc
j,t,s

 (4)
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where σs represents the probability distribution of the s-th class; P{.}
j,t,s represents

the WT and PV power of the j-th MEAS at time t under scenario s;

yj =

(
Phz

ji,t,s, βhz
ji,t,s, Pm,S

j,t,s , Pm,B
j,t,s , Pesc

j,t,s, Pesdc
j,t,s , Phsc

j,t,s, Phsdc
j,t,s ,

gchp
j,t,s , Pec

j,t,s, ggb
j,t,s, hac

j,t,s, besc
j,t,s, besdc

j,t,s , bhsc
j,t,s, bhsdc

j,t,s

)
is the set of operational decision

variables for the j-th MEAS, where Phz
ji,t,s represents the direct trading electric power between

the j-th MEAS and the i-th MEAS at time t in scenario s; βhz
ji,t,s is the direct trading price

between the j-th and i-th MEASs at time t; Pesc
j,t,s and Pesdc

j,t,s respectively represent the charging

and discharging power of the j-th MEAS’s ES in scenario s at time t; besc
j,t,s and besdc

j,t,s represent
the state variables of the ES of the j-th MEAS at time t under scenario s, and besc

j,t,s = 1

indicates that the ES is charging, while besdc
j,t,s = 1 indicates that the ES is discharging. Phsc

j,t,s

and Phsdc
j,t,s represent the charging and discharging power of the j-th MEAS’s HS at time t in

scenario s; bhsc
j,t,s and bhsdc

j,t,s respectively represent the state variables of the j-th MEAS’s HS in

scenario s at time t, and bhsc
j,t,s = 1 indicates that the HS is currently charging, while bhsdc

j,t,s = 1

indicates that the HS is discharging. gchp
j,t,s represents the gas power of the CHP of the j-th

MEAS at time t in scenario s; Pec
j,t,s represents the EC of the j-th MEAS at time t in scenario s;

ggb
j,t,s represents the gas power generation of the j-th MEAS in scenario s at time t; and hac

j,t,s
represents the heating power of the j-th MEAS’s AC in scenario s at time t.

Ccn
j = βe

j

T
∑

t=1

S
∑

s=1
σs

(
Pesc

j,t,s + Pesdc
j,t,s

)
+

βh
j

T
∑

t=1

S
∑

s=1
σs

(
Phsc

j,t,s + Phsdc
j,t,s

) (5)

Cm
j =

T

∑
t=1

S

∑
s=1

σs

(
βm,B

j,t,s Pm,B
j,t,s − βm,S

j,t,sPm,S
j,t,s

)
(6)

Chz
ji =

N

∑
i=1,j ̸=i

T

∑
t=1

S

∑
s=1

σsβhz
ji,t,sPhz

ji,t,s (7)

where σs represents the probability distribution of scenario s; βe
j represents the unit price of

charging and discharging power for the j-th ES of the MEAS.

3.2.2. Strategy Space

(1) Uncertainty space of WT and PV scenario probabilities
The probability values of scenarios, denoted as σs, theoretically can be within any

range. However, to ensure the economic and feasible nature of scheduling schemes, it is
necessary to constrain the probabilities of the most adverse WT and PV output scenarios
within reasonable bounds to ensure their fluctuations are within acceptable limits. In the
group MC of WT or PV output scenarios, the scenario reduction method is employed to
select a subset S as the basis scenario, and the probability values of this subset, denoted as M,
are taken as the initial scenario probabilities σ0

s . The probability values in actual scenarios
cannot be consistent with the initial scenario probabilities, and uncertainty still exists. In
order to solve for the worst-case scenario and probability distribution, a comprehensive
norm constraint is applied to the probabilities of each scenario, with the initial scenario
probability values as the center:

Ωσ =

{
σs

∣∣∣∣∣σs ≥ 0,
M

∑
s=1

σs = 1,
M

∑
s=1

∣∣∣σs − σ0
s

∣∣∣ ≤ θ1, max
1≤s≤M

∣∣∣σs − σ0
s

∣∣∣ ≤ θ∞

}
(8)

where Ωσ represents the probability uncertainty space for WT and PV classes; θ1 and
θ∞ are the allowable deviation values for actual scenario probabilities under the 1-norm
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condition and ∞-norm condition, respectively. According to reference [31], the following
can be derived: {

θ1 = M
2MC

ln 2M
1−α1

θ∞ = 1
2MC

ln 2M
1−α∞

(9)

where α1 and α∞ represent the confidence levels of the 1-norm condition and the ∞-norm
condition, respectively. Equation (8) indicates that as the historical data volume SC increases,
the allowable deviation values θ1 and θ∞ of the actual scenario probabilities under the
1-norm condition and the ∞-norm condition become smaller. The probability distributions
of each scenario also tend to converge towards the true situation. Consequently, the
uncertainty of WT and PV output considered in the scheduling scheme decreases, and its
conservatism is also lower.

(2) Uncertainty sets of WT and PV output
The uncertainty sets of WT and PV output are represented as

Dj =


P{.}

j ∈ RT×S : (P{.}
j,t,s − P{.},f

j,t,s )/∆{.}
j,t,s = ξ

{.}
j,t,s,

T
∑

t=1
ξ
{.}
j,t,s ≤ Γ

{.}
j,s , 0 ≤ ξ

{.}
j,t,s ≤ 1,

P{.},f
j,t,s − ∆{.}

j,t,s ≤ P{.}
j,t,s ≤ P{.},f

j,t,s + ∆{.}
j,t,s,

{.} = {ES, HS}

 (10)

where Dj represents the uncertain space of WT and PV; P{.}
j is in the vector form of variable

P{.}
j,t,s; P{.},f

j,t,s represents the predicted power of WT and PV of the j-th MEAS at time t; ∆{.}
j,t,s

represents the maximum fluctuation amplitude of the WT and PV of the j-th MEAS at time
t; ξ

{.}
j,t,s represents the fluctuation ratio of WT and PV of the j-th microgrid at time t; and Γ

{.}
j,s

represents the uncertainty margin of WT and PV of the j-th microgrid, used to adjust the
conservatism of the uncertainty set.

(3) Electricity trading constraints

0 ≤ Pm,S
j,t,s ≤ Pm

j,max (11)

0 ≤ Pm,B
j,t,s ≤ Pm

j,max (12)

Pm
j,t,s = Pm,S

j,t,s − Pm,B
j,t,s (13)

0 ≤ Phz
ji,t,s ≤ Phz

j,max (14)

where Pm
j,max represents the maximum electricity trading volume between the j-th MEAS

and GDD; Pm
j,t,s represents the total electricity trading volume between the j-th MEAS and

GDD at time t under scenarios; and Phz
j,max represents the maximum electricity trading

volume between the j-th MEAS and other MEASs.
(4) Power balance constraints
Power balance constraints primarily involve the balance of electrical power exchange

between MEASs and the balance of supply and demand within each MEAS:

Phz
ij,t,s = Phz

ji,t,s (15)

Pm,B
j,t,s + Phz

ji,t,s + Pw
j,t,s + Ppv

j,t,s + α
chp
e gchp

j,t,s + Pesdc
j,t,s = PL

j,t + Pesc
j,t,s + Pm,S

j,t,s + Pec
j,t,s (16)

α
chp
h gchp

j,t,s + α
gb
h ggb

j,t,s + hhsdc
j,t,s = hL

j,t + hac
j,t,s + hhsc

j,t,s (17)

αec
c Pec

j,t,s + αac
c hac

j,t,s = cL
j,t (18)

gchp
j,t,s + ggb

j,t,s = gbuy
j,t,s (19)
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where, Phz
ij,t,s represents the direct trading electric power between the i-th and j-th MEAS at

time t under scenario s; α
chp
e , α

chp
h , α

gb
h , αec

c , αac
c represent the energy conversion efficiency

of CHP, GB, EC, AC; PL
j,t, hL

j,t, cL
j,t represent the fixed loads of the j-th MEAS at time t; gbuy

j,t,s
represents the gas source power of the j-th MEAS at time t under scenario s.

(5) Price constraints
Due to the purchase price of electricity set by GDD for MEASs being greater than

the selling price, assuming multiple MEASs form cooperation at the lower level, the
participating MEASs will engage in electricity power exchange at a lower price among
themselves. This is to facilitate energy sharing among the MEASs.

βm,S
j,t ≤ βhz

ji,t,s ≤ βm,B
j,t (20)

βhz
ji,t = βhz

ij,t (21)

(6) Equipment models and constraints.
Constraints for GB, CHP, ES, HS, EC, AC, and GS are detailed in Appendix A (A1)–(A7).
The above Equations (8)–(21) and Equations (A1)–(A7) collectively form the strategy

space Ωm,hz A of the MEAS stochastic model.

3.3. Dual-Layer Model

Building upon Sections 3.1 and 3.2, we establish a dual-layer model for GDD and
multiple MEASs based on the master–slave game, as follows:

(
β̃m,S

i,t,s , β̃m,B
i,t,s , β̃m,S

j,t,s , β̃m,B
j,t,s

)
= arg

{
UDSO

(
P̃m,S

i,t,s , P̃m,B
i,t,s , σ̃i,s, P̃m,S

j,t,s ,

P̃m,B
j,t,s , σ̃j,s

)
s.t.
(

β̃m,S
i,t,s , β̃m,B

i,t,s , β̃m,S
j,t,s , β̃m,B

j,t,s

)
∈ ΩD(

P̃m,S
i,t,s , P̃m,B

i,t,s , σ̃i,s, P̃hz
ij,t,s, β̃hz

ij,t,s

)
= arg

{
Um,hz

i

(
β̃m,S

i,t,s , β̃m,B
i,t,s ,

P̃hz
ji,t,s, β̃hz

ji,t,s

)
s.t.
(

P̃m,S
i,t,s , P̃m,B

i,t,s , P̃hz
ij,t,s, β̃hz

ij,t,s

)
∈ Ωm,hz

i
, . . . ,(

P̃m,S
j,t,s , P̃m,B

j,t,s , σ̃j,s, P̃hz
ji,t,s, β̃hz

ji,t,s

)
= arg

{
Um,hz

j

(
β̃m,S

j,t,s , β̃m,B
j,t,s ,

P̃hz
ij,t,s, β̃hz

ij,t,s

)
s.t.
(

P̃m,S
j,t,s , P̃m,B

j,t,s , P̃hz
ji,t,s, β̃hz

ji,t,s

)
∈ Ωm,hz

j

(22)

where P̃m,S
i,t,s , P̃m,B

i,t,s , P̃m,S
j,t,s , P̃m,B

j,t,s represents the power vectors transmitted by consumers i and j
to the GDD, respectively, σ̃i,s, σ̃j,s represents the probability distribution values transmitted
by consumers i and j to GDD, and β̃m,S

i,t,s , β̃m,B
i,t,s , β̃m,S

j,t,s , β̃m,B
j,t,s represents the price variables trans-

mitted by the GDD to consumers i and j. These variables can be classified as master–slave
variables; P̃hz

ij,t,s and P̃hz
ji,t,s is a pair of power coupling variable vectors between producer–

consumer i and producer–consumer j, while β̃hz
ij,t,s and β̃hz

ji,t,s are a pair of price coupling
variable vectors between producer–consumer i and producer–consumer j, classified as
cooperative coupling vectors. The proposed model is a max–max–max–min two-stage,
four-layer structure. The first stage is the first-layer max, which is the dynamic pric-
ing model of the GDD, determining the purchase–sale electricity prices for the second
stage. The second stage consists of the last three layers of max–max–min, representing a
stochastic–robust model of the MEAS under producer–consumer cooperation. It relies on
the purchase–sale electricity prices determined in the first stage to determine the optimal
energy allocation and cooperative prices for producer–consumers. When ignoring the
probability uncertainty of WTs, the model can be simplified into a max–max–min two-stage,
three-layer robust model; when ignoring the output uncertainty of WTs, the model can
be simplified into a max–max–min two-stage, three-layer stochastic model; and when
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simultaneously ignoring the probability-output uncertainty of the WT, the model can be
simplified into a max–min two-stage two-layer deterministic model.

In Equation (22), the GDD and MEAS formulate strategies with the objectives of
maximizing revenue and minimizing operational costs, respectively. The GDD’s revenue is
dependent on the set electricity prices and the trading volume of the MEAS: a larger price
differential between buying and selling electricity results in a higher trading volume for the
MEAS, thereby increasing the GDD’s revenue. However, the MEAS’s response to electricity
prices also affects the GDD’s revenue: higher buying prices lead to a lower purchasing
volume for the MEAS, while lower selling prices lead to a reduced selling volume, resulting
in a decrease in the trading volume between the MEAS and GDD. Thus, there exists a game
of interests between the GDD and MEAS. To maximize its own revenue, the GDD needs
to consider the MEAS’s response to prices and seek a Nash equilibrium solution through
game theory as the optimal pricing strategy.

Considering the equilibrium solution and its proof in principal–agent games, when
there exists an equilibrium solution in principal–agent two-tier models, the following
conditions must be satisfied [37]: (1) The strategy sets ΩD, Ωm,hz

i , and Ωm,hz
j are all non-

empty bounded subsets of their respective Euclidean spaces; (2) Um,hz
i and Um,hz

j concern

quasi-concave functions with respect to the variables Ωm,hz
i and Ωm,hz

j ; and (3) UDSO is a

continuous function concerning ΩD, Ωm,hz
i , and Ωm,hz

j .
From Equation (2), it is clear that condition 3 is satisfied. Considering Equations (3),

(8), (10)–(21), and (A1)–(A7), we can conclude that strategy sets ΩD, Ωm,hz
i , and Ωm,hz

j are
all non-empty quasiconvex sets, thus satisfying condition 1. Furthermore, Equations (5)–(7)
indicate that the cost indicators of the MEAS stochastic–robust model are all linear functions,
implying that Um,hz

i and Um,hz
j are quasiconcave functions, fulfilling condition 2. Therefore,

in Equation (22), assuming A =
(

β̃m,S
i,t,s , β̃m,B

i,t,s , β̃m,S
j,t,s , β̃m,B

j,t,s , P̃m,S
i,t,s , P̃m,B

i,t,s , P̃m,S
j,t,s , P̃m,B

j,t,s , σ̃i,s, σ̃j,s

)
is a

strategy set for the principal–agent game’s two-layer model, then according to the definition
of the equilibrium solution in principal–agent games, it is considered an equilibrium
solution when it satisfies the following conditions:

UD(A) ≥ UD

(
βm,S

i,t,s , βm,B
i,t,s , βm,S

j,t,s , βm,B
j,t,s ,

P̃m,S
i,t,s , P̃m,B

i,t,s , P̃m,S
j,t,s , P̃m,B

j,t,s , σ̃i,s, σ̃j,s

)
Um

i

(
β̃m,S

i,t,s , β̃m,B
i,t,s , P̃m,S

i,t,s , P̃m,B
i,t,s , P̃hz

ij,t,s, σ̃i,s

)
≤

Um
i

(
β̃m,S

i,t,s , β̃m,B
i,t,s , Pm,S

i,t,s , Pm,B
i,t,s , P̃hz

ji,t,s, σi,s

)
Um

j

(
β̃m,S

j,t,s , β̃m,B
j,t,s , P̃m,S

j,t,s , P̃m,B
j,t,s , P̃hz

ji,t,s, σ̃j,s

)
≤

Um
j

(
β̃m,S

j,t,s , β̃m,B
j,t,s , Pm,S

j,t,s , Pm,B
j,t,s , P̃hz

ij,t,s, σj,s

)
(23)

4. Model Solving
4.1. Solution of Two-Layer Model

The two-layer model based on the principal–agent game is solved using the Particle
Swarm Optimization (PSO) algorithm [38,39]. The schematic diagram of variable exchange
in the model is shown in Figure 2. The specific steps are as follows:

(1) Initialize system parameters, including the on-grid electricity price, off-grid electricity
price, MEAS parameters, and relevant parameters of the PSO algorithm;

(2) Generate initial sample points βm,S
j,t,s,q and βm,B

j,t,s,q based on Latin Hypercube Sampling
(LHS), with a total of Q samples;

(3) The MEAS calculates its collaborative model based on βm,S
j,t,s,q(k) and βm,B

j,t,s,q(k) (where
k is the iteration count), obtaining the optimal purchase and sale electricity plans
Pm,S

j,t,s,q(k) and Pm,B
j,t,s,q(k), and provides feedback to the GDD;
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(4) Solve the GDD stochastic pricing model based on Equation (1), and compute the
objective function UD

q (k);
(5) Update individual historical best prices βm,S∗

j,t,s,q(k) and βm,B∗
j,t,s,q(k), as well as individual

historical best profits UD∗;
(6) Perform a selection operation: if the condition UD

q (k) > UD∗ is met, designate βm,S
j,t,s,q(k)

and βm,B
j,t,s,q(k) as the group’s historical best prices and select them as the internal

electricity prices for the next iteration. Otherwise, designate βm,S∗
j,t,s,q(k) and βm,B∗

j,t,s,q(k) as
the internal electricity prices for the next iteration and update the group’s historical
best revenue to UD∗;

(7) Let k = k + 1. If k ≤ K (where K is the maximum number of iterations), return to step 2).
Otherwise, output the optimal result.
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4.2. Solving the Cooperation Model of Multiple MEAS

In the two-tier model, the second stage involves solving the cooperation prices and
power exchange between the MEASs. The cooperation coupling vectors in Equation (22)
cancel each other out, making direct solution difficult. Therefore, the MEAS cooperation
model can be characterized as a Nash bargaining model and transformed into two sub-
problems: maximizing cooperation benefits (P1) and distributing cooperation profits (P2), to
avoid the non-convex problem of the Nash bargaining model. The detailed transformation
process is described in Appendix B.

A Nash bargaining model is adopted to construct the producer–consumer cooperation
model.

Um,hz = max
N
∏
j=1

(
Um,hz

j − Um,0
j

)
Um,hz

j = max
σs

max
P{.}

j,s,t

min
yj

(
Ccn

j + Cm
j + Chz

ji

)
s.t. Um,hz

j ≥ Um,0
j , Ωm,hz

j

(24)

where Um,0
j represents the profit obtained by the j-th MEAS that did not participate in

the cooperation.
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P1:

Up1 = max
N
∑

j=1
[max

σs
max
P{.}

j,t,s

min
βhz

ji,t /∈yj ,
(Cen

j + Cm
j )]

︸ ︷︷ ︸
Wm,hz

j

s.t. Ωm,hz
j /∈ {(7), (20)− (21)}

(25)

where Wm,hz
j represents the cost under cooperation, excluding P2P revenue. Since the

transaction electricity price, total sold electricity power, and total purchased electricity

power are all the same between producers and consumers, the transaction costs
N
∑

i=1,j ̸=i
Chz

ji +

N
∑

j=1,i ̸=j
Chz

ij = 0 related to electricity power within producers and consumers can be omitted

in Equations (7), (20), and (21). The transaction electricity price in Equations (20) and (21)
will be solved in P2.

P2:

Up2 = min
βhz

ji,t,s

N
∑

j=1
ln
(

Wm,hz∗
j + Chz∗

ji − Um,0
j

)
Chz∗

ji =
N
∑

i=1,j ̸=i

T
∑

t=1

S
∑

s=1
σsβhz

ji,t,sPhz∗
ji,t,s

s.t. Wm,hz∗
j + Chz∗

ji ≥ Um,0
j

(7), (20)− (21)

(26)

where variables with superscript * denote the optimal solution for P1.
The distributed solving of P1 and P2 is achieved using ADMM, the solving principle

of which is detailed in Appendix C. Consensus variables need to be introduced to decouple
Equations (15) and (21), so that only information about cooperative plans needs to be
provided without specific network topologies and operational modes, in order to protect
their privacy, as shown in Equation (27):

σ
p1
ij,t,s = Phz

ij,t,s, σ
p1
ji,t,s = Phz

ji,t,s

σ
p2
ij,t,s = βhz

ij,t,s, σ
p2
ji,t,s = βhz

ji,t,s
(27)

4.3. Solving the MEAS Random–Robust Model

Equation (25) is solved through ADMM in a distributed manner, decomposed into
j three-layered MEAS random–robust models, ensuring the optimality of the external
electrical energy allocation for MEAS under the most adverse renewable energy scenarios
and worst output conditions. Due to the problem’s nonlinear coupling nature, it cannot
be directly solved. Therefore, the AIV algorithm is introduced to perform variable alter-
nating iterative solving. Firstly, independent optimization variables are identified, then by
fixing different independent optimization variables, the original optimization problem is
decoupled into multiple simplified sub-problems, and finally, multiple sub-problems are
alternately solved.

The random–robust model of the MEAS can be abbreviated as

max
σ∈Ωσ

max
P{.}

j ∈Dj

min
Ym

j ∈Ωm,hz
j (x*,σ,P{.}

j )

aTYm
j

s.t. AYm
j ≤ B, CYm

j ≤ f (P{.}
j ),

Eσ ≤ h, IP{.}
j ≤ J,

(28)

where σ represents the vector form of σs; Ym
j represents the vector form of variables in

βhz
ji,t /∈ yj; x* denotes the optimum value of the upper-level GDD; f denotes a function

related to uncertainty; and a, A, B, C, E, h, I, and J are matrices with constant coefficients.
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The first set of constraints includes Equations (11)–(15), (17)–(19), and (A1)–(A7). The
second set of constraints is represented by Equation (16). The third set of constraints is
represented by Equation (8). The fourth set of constraints is represented by Equation (10).

In Equation (28), σ and P{.}
j are two sets of independent optimization variables,

while Ym
j belongs to Ωm,hz

j

(
σ, P{.}

j

)
and is a non-independent variable. Fixing σ and P{.}

j
separately decouples the original problem into two sub-problems: one with σ fixed and
the other with P{.}

j fixed.
(a) σ Fixed Problem

max
P{.}

j ∈Dj

min
Ym

j ∈Ωm,hz
j (x*,σ∗ ,P{.}

j )

aTYm
j

s.t. AYm
j ≤ B, CYm

j ≤ f (P{.}
j ),

Eσ∗ ≤ h, IP{.}
j ≤ J,

(29)

where σ∗ is a constant obtained after fixing σ.
By utilizing KKT conditions [38], the fixed problem σ is consolidated into a single-

level model:
max

P{.}
j ,Ym

j ,λ
aTYm

j

s.t. AYm
j ≤ B, CYm

j ≤ f (P{.}
j ), IP{.}

j ≤ J,

λT
1 A + aT = 0, λT

2 C + f ′(P{.}
j ) + aT = 0, λT

3 I = 0,

λT
1

[
AYm

j − B
]
= 0, λT

2

[
CYm

j − f (P{.}
j )
]
= 0,

λT
3

[
IP{.}

j − J
]
= 0, λ1 ≥ 0, λ2 ≥ 0, λ3 ≥ 0

(30)

Note that the complementary slackness constraints of Equation (30) can be linearized
using the BIG-M method [39]: {

λT
1 ≤ M(1 − ϑ)

AYm
j − B ≥ −Mϑ

(31)

where M is a large positive number and ϑ is a binary variable.
Then, the optimal solution P{.}∗

j and the objective function value U1 are obtained by
solving Equation (30).

(b) P{.}
j Fixed problem

max
σ∈Ωσ

min
Ym

j ∈Ωm,hz
j (x*,σ,P{.}∗

j )

aTYm
j

s.t. AYm
j ≤ B, CYm

j ≤ f (P{.}∗
j ), Eσ ≤ h

(32)

Although the objective function includes nonlinear terms composed of σ and Ym
j

(as in Equations (8) and (A1)), the fixed problem P{.}
j can be decomposed into two in-

dependent steps without the need for strong duality/KKT transformations like those
used in fixed problem σ, because there are no direct coupling constraints between σ and
Ym

j . Therefore, the fixed problem P{.}
j can be decoupled into the following S + 1 linear

programming models:
First, the S linear programming models are solved:

y∗s = min
Ym

j ∈Ωm,hz
j (x*,σs ,P{.}∗

j )

aTYm
j , s = 1, . . . , S

s.t. AYm
j ≤ B, CYm

j ≤ f (P{.}∗
j )

(33)
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where y∗s is the optimal value for each s. Then, y∗s is substituted into the following model to
obtain the optimal value σs and the objective function value U2.

max
σ∈Ωσ

y∗
s (34)

Convergence can be achieved when the objective function values of the two fixed
problems satisfy a small error ξRO: ∣∣∣U1 − L2

∣∣∣ ≤ ξ (35)

In conclusion, the solution process diagram of the proposed double-layer, four-stage
stochastic–robust optimization model is shown in Appendix D Figure A1.

5. Case Study Simulation
5.1. Case Description

The double-layer model is tested with one GDD and three MEASs as subjects. The
MEAS model is derived from a comprehensive energy service demonstration project
in Dongguan, which currently has 6 PVs, 6 energy storage units, 2 charging stations
(20 charging piles), 3 flexible loads, and 2 MEASs formed by any combination of the above
elements, along with one intelligent distribution room. It also has management capabilities
for energy routers and combined cooling, heating, and power units, achieving full coverage
of the main elements on the demand side. By setting different renewable energy output
scenarios, we can expand this project into more MEASs. In this paper, we expand this
project into 3 MEASs of equal size, with MEAS1 adding WT, MEAS2 replacing PV with WT,
and MEAS3 remaining unchanged. Their parameters are listed in Appendix D, Table A1.
The grid electricity price and the grid tariff are listed in Appendix D, Figure A2. The load
curve of MEASs is shown in Figure 3.
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Using the Monte Carlo simulation method, 365 WT scenes are randomly generated.
Considering the trade-off between computational efficiency and accuracy, scene reduc-
tion techniques are employed to obtain 10 representative initial scenes, as detailed in
Appendix D, Figure A3.

The underlying model utilizes MATLAB 2017 (Natick, Massachusetts, USA) calling the
Cplex solver, solving on a personal computer with a 3.7GHz 6-core CPU. The convergence
accuracy of AIV is set to 0.01. The original residuals of P1 and P2 are both 0.1, with
maximum iteration counts of 50 and 100, respectively, and a penalty factor of 0.01. The
uncertainty margins for WT and PV are set to 24 and 12, respectively. The scheduling
interval is 1 h, with a maximum scheduling period of 24 h. With the initial settings of α1
and α∞ as 0.9, according to Equation (9), we can determine that θ1 and θ∞ are 0.073 and
0.0073, respectively.

5.2. The Impact of Uncertainty in Scenario Probability

Using WT analysis, the uncertainty in the spatial parameters of scenario probability
includes confidence levels α1 and α∞ for the 1-norm and ∞-norm conditions, which jointly
affect the permissible deviation values θ1 and θ∞ of scenario probability, thus influencing
the scheduling of the MEASs and the purchase and sale electricity prices of the GDD.

5.2.1. Analysis of the Impact of Confidence Levels on MEAS Scheduling Situation

Setting α1 and α∞ to 0.8, 0.9, and 0.98, according to the calculation in Equation (9),
the allowable deviation values θ1 and θ∞ for the probabilities of actual scenarios under
the 1-norm condition and ∞-norm condition are shown in Table 1. It can be observed
that as the confidence level increases, the probabilities of θ1 and θ∞ increase from 0.063
and 0.0063 to 0.094 and 0.0094, respectively, indicating a growing tolerance for deviations
from the actual scenario probabilities. Combining this with the decrease in Pw

j from
19.47 MW to 19.37 MW, it is evident that as the confidence level increases, the output of
WT becomes increasingly conservative. The root cause is as follows: it can be inferred
that as the confidence level increases, the allowable deviation of scenario probabilities
also increases, leading to a more adverse and extreme scenario probability distribution
for the WTs. Specifically, scenarios with high outputs receive lower probability values,
while scenarios with low outputs receive even lower probability values, resulting in lower
WT outputs and greater scheduling conservatism for Monte Carlo simulation. Therefore,
considering the uncertainty of scenario probability distributions can provide a wider range
of scheduling options for the Monte Carlo simulation, which aligns with the scheduling
requirements of real-world engineering.

Table 1. Allowable deviation values for actual scenario probabilities.

Variable θ1 θ∞ Pw
j

Fixed scenario
probability - - 19.47

α1 = α∞ = 0.8 0.063 0.0063 19.42
α1 = α∞ = 0.9 0.073 0.0073 19.4
α1 = α∞ = 0.98 0.094 0.0094 19.37

5.2.2. Analysis of the Impact of Confidence Level on Purchase and Sale Electricity

Figure 4 compares the effects on purchase and sale electricity prices of deterministic
WT scenarios with a probability of 0.1 and uncertain WT scenarios with confidence levels
of 0.8, 0.9, and 0.98 respectively. Positive values represent sale electricity prices, while
negative values indicate purchase electricity prices. In pursuit of its own interests, the
GDD tends to offer higher purchase prices and lower sale prices to MEASs. Comparing the
purchase and sale electricity prices of each MEAS, it can be observed that as the confidence
level increases, the GDD tends to set higher purchase prices and lower sale prices. However,
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as the confidence level increases towards saturation, the differentiation in pricing becomes
smaller, such as the purchase and sale electricity prices at confidence levels of 0.9 and 0.98
showing no significant difference. This is because, as the confidence level increases, more
adverse WT output scenarios occur, leading to a more conservative dispatch strategy by
the MEASs. With the dual drive of maximizing its own interests and increasing MEAS
conservatism, the GDD therefore raises purchase prices and lowers sale prices.
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Figure 5 presents a comparison of the purchased and sold electricity volumes at
different confidence levels. Positive values indicate the electricity sold by the MEAS to the
GDD, while negative values indicate the electricity purchased by the MEAS from the GDD.
With Table 2, it can be observed that compared to uncertain scenarios, in deterministic
scenarios, the MEAS sells more electricity to the GDD, at 7.37 MW, and buys more electricity
from the GDD, at 16.85 MW. Moreover, as the confidence level increases, the amount of
electricity bought and sold by the MEAS to the GDD decreases, while the difference between
the bought and sold amounts increases. This is attributed to the following: (1) the GDD
raising the purchase price and lowering the selling price, driving a continuous reduction in
the purchased and sold electricity volumes; (2) the uncertainty in scenarios increasing the
uncertainty that the MEAS needs to consider regarding WT, leading to the MEAS needing
to buy more electricity and sell less electricity to address the worst-case scenario probability
distribution, hence the continuous increase in the buy–sell difference. However, as the
confidence level saturates, the differences in purchased and sold electricity volumes at
different confidence levels become smaller.
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Table 2. Total electricity purchases and sales at different confidence levels.

Scenario Electricity Sales
(MW)

Electricity Purchased
(MW)

Purchase–Sale Gap
(MW)

Fixed scenario
probability 7.37 16.85 9.48

α1 = α∞ = 0.8 6.83 16.42 9.59
α1 = α∞ = 0.9 6.77 16.41 9.64
α1 = α∞ = 0.98 6.70 16.36 9.66

5.3. Dispatch Results Analysis

Table 3 provides a detailed breakdown of the dispatch results at different confidence
levels, including various costs for the MEAS, costs and revenues for the GDD, and the total
cost for the GDD–MEAS, where negative values indicate revenue. It can be observed that
with increasing confidence levels, the MEAS’s revenue from selling electricity decreases,
while the cost of purchasing electricity increases, as a result of the dual driving forces of
purchase and selling prices and transaction volumes. Additionally, the operational costs of
MEAS’s energy storage also increase continuously, indicating that the MEAS has increased
the scheduling intensity of energy storage under continuously adverse WT scenarios and
outputs. However, the operational costs of the MEAS decrease continuously, indicating
that the number of transitions between the trading status between the GDD–MEAS and the
charging and discharging states of energy storage is decreasing.
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Table 3. Detailed dispatch cost statistics.

Confidence
Level

Cost
Item/JPY MEAS1 MEAS2 MEAS3

Total Cost of
Each of the
MEAS/JPY

GDD
Costs/JPY

GDD’s Net
Gain/JPY

Fixed
scenario

probability

O&M costs 71.36 61.72 73.29 206.36 -

215.90

Cooperation
costs −395.98 −313.26 −709.24 0.00 -

Purchased–
sold power

costs
−107.49 −1040.21 11,321.17 10,173.47 −10,173.47

GDD–electric
grid turnover - - - - 9957.57

0.80

O&M costs 67.50 69.43 73.29 210.22 -

243.43

Cooperation
costs −393.30 −323.31 −716.61 0.00 -

Purchased–
sold power

costs
−83.78 −1034.43 11,396.35 10,278.15 −10,278.15

GDD–electric
grid turnover - - - - 10,034.72

0.90

O&M costs 63.65 69.43 69.43 202.51 -

253.18

Cooperation
costs −405.66 −319.11 −724.77 1859.45 -

Purchased–
sold power

costs
−48.19 −1004.34 11,728.08 10,675.55 −10,675.55

GDD–electric
grid turnover - - - - 10,422.37

0.98

O&M costs 65.57 61.72 69.43 196.72 -

260.58

Cooperation
costs −404.22 −322.88 −727.11 0.00 -

Purchased–
sold power

costs
−55.95 −1042.24 11,883.36 10,785.17 −10,785.17

GDD–electric
grid turnover - - - - 10,524.59

Comparing the various cost items of the GDD at different confidence levels, the
cooperation cost is the product of the cooperation volume (Figure A4) and the cooperation
price (Figure A5). From the perspective of the GDD, the amount of money exchanged in
the MEAS–GDD transactions represents the revenue for the GDD, while the amount of
money exchanged in the GDD–grid transactions represents the cost for the GDD. It can be
observed that with increasing confidence levels, both the costs and revenues of the GDD
increase continuously, indicating that the amount of electricity traded between the GDD
and the grid is continuously increasing. Additionally, combining with Table 3, it can be
inferred that the sum of the GDD’s costs and revenues continuously increases, indicating
that the growth rate of the GDD’s revenue is higher than its cost growth rate. This further
suggests that the GDD has set higher purchase prices and lower selling prices to expand
its revenue.

5.4. Model and Algorithm Comparative Analysis

Table 4 compares the effects of four models on the cost and solving time of the GDD–
MEAS, namely the stochastic optimization model (with deterministic scenario probabilities,
ignoring output uncertainty), the three-layer stochastic model considering scenario proba-
bility uncertainty (Model 1), the three-layer robust model considering output uncertainty
(Model 2), and the three-layer stochastic robust model considering both scenario probability
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and output uncertainty (Model 3). Among these models, the cost of stochastic optimization
is JPY 11,628.18, demonstrating good economic efficiency. However, the stochastic opti-
mization algorithm requires precise probability distribution functions, and many scenarios
lead to long solving times of 64.91 s, limiting its applicability. Compared to Model 3, the
cost of this model increases by JPY 856.15. This is mainly because the stochastic robust
model sacrifices some economic efficiency to achieve conservatism by overcoming scenario
probability and output uncertainty.

Table 4. Comparison of different uncertainty treatments.

Uncertainty
Optimization

Solution
Duration/s Costs/JPY Iterations/k Iterations/r

stochastic
optimization 64.91 11,628.18 23 12

Model 1 42.86 12,232.79 22 3
Model 2 43.62 13,038.99 22 3
Model 3 53.85 12,484.33 22 5

Meanwhile, Model 3 balances economic efficiency and conservatism compared to
Models 1 and 2. For instance, Model 3 exhibits better economic efficiency than Model 2. This
is because the inclusion of scenario probability uncertainty in Model 3 directly influences
the GDD, which formulates purchase and sale electricity prices and quantities under the
worst-case scenario. Under dual stimuli, the GDD’s revenue growth rate exceeds its cost
growth rate, resulting in a more economical total cost for the GDD–MEAS. However,
Model 3 is more conservative than Model 1, as the “output uncertainty” in Model 3 does
not directly influence the GDD but indirectly affects the impact of WT output uncertainty
through the electricity trading volume between the GDD and MEAS. As a result, the GDD’s
revenue growth rate cannot cover its cost growth rate, resulting in a larger total cost for the
GDD–MEAS, reflecting the conservatism of this approach.

However, Model 3 has a longer solving time, but it is still suitable for solving practical
engineering problems. The difference in iteration times among models mainly lies in
the solving of stochastic optimization, with the sub-problem iteration times of stochastic
optimization being the highest at 12 times, while the iteration times of each robust model
are relatively lower. Ultimately, this is because the stochastic optimization algorithm needs
to select the economically optimal scenarios from many deterministic scenarios, while
robust models only need to optimize in the uncertain space.

6. Conclusions

This paper establishes a two-stage, three-layer stochastic–robust optimization model
for the MEAS–GDD relationship considering the probabilities of WT and PV scenarios and
output uncertainty. A stochastic pricing model for the GDD considering the uncertainties of
WT and PV scenario probabilities is developed, along with a three-layer stochastic-robust
model for the MEASs considering the probabilities of WT and PV scenarios and output
uncertainty. Additionally, an AIV–KKT algorithm is proposed based on KKT to solve the
three-layer MEAS stochastic–robust model. The Simulation results indicate the following:

The confidence level and historical data volume both affect the economic efficiency
and conservatism of the optimization results. A higher confidence level leads to higher
conservatism and poorer economic efficiency of the model. The confidence level affects the
trading situation of the GDD–MEAS. With a higher confidence level, the MEAS purchases
more electricity and sells less. Both the GDD’s revenue and MEAS’s costs increase. There-
fore, in practical engineering, the MEAS should carefully select confidence level parameters
to ensure both the MEAS and GDD’s economic efficiency while meeting the conservatism
requirements of their actual needs. Compared to traditional stochastic optimization and
three-layer robust models, the proposed two-stage, three-layer stochastic-robust model
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avoids overly conservative scenarios while also considering economic feasibility to a
certain extent.
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0 ≤ gbuy
j,t ≤ gbuy

j,max (A7)

In the equation, Se
j,t,s represents the stored electric charge of ES for the j-th MEAS

at time t under scenario s; ηesc
e and ηesdc

e are the charging and discharging coefficients
for the ES; Se

j,min and Se
j,max represent the state of charge constraints for the ES of the j-th

MEAS; Se
j,1,s and Se

j,T,s denote the initial and final state of charge for the ES of the j-th MEAS;

Pesc
j,max and Pesdc

j,max represent the charge–discharge power limits of ES for the j-th MEAS; uesc
j,t,s

and uesdc
j,t,s respectively represent the state variables of the ES for the j-th MEAS at time t

under scenario s, uesc
j,t,s = 1 indicates that the ES is charging, while uesdc

j,t,s = 1 indicates that
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the ES is discharging; and Se,ini
j and Se,exp

j represent the initial and final state of charge

limits for the j-th ES unit of the MEAS. α
chp
e represents the electric efficiency of the CHP

system; α
chp
h represents the thermal efficiency; and Pchp

j,max and Hchp
j,max represent the electric

and thermal power constraints of the j-th MEAS. α
gb
h represents the GB thermal efficiency;

hgb
j,max represents the thermal power limit of the j-th MEAS. αec

c represents the EC cooling
efficiency; Cec

j,max represents the cooling power limit of the j-th MEAS. αac
c represents the

AC cooling efficiency; Cac
j,max represents the AC cooling power limit of the j-th MEAS. Sh

j,t,s

represents the state of charge of the HS of the j-th MEAS at time t under scenario s; ηhsc
h

and ηhsdc
h represent the charging and discharging coefficients of the HS. Sh

j,min and Sh
j,max

represent the charge limits for the j-th MEAS’s HS; Sh
j,1,s and Sh

j,T,s represent the initial

and final charge levels for the j-th MEAS’s HS; hhsc
j,max and hhsdc

j,max represent the limits on

charging and discharging power for the j-th MEAS’s HS; uhsc
j,t,s and uhsdc

j,t,s represent the HS

state variables of the j-th MEAS at time t under scenario s, where uhsc
j,t,s = 1 indicates that HS

is charging and uhsdc
j,t,s = 1 indicates that HS is discharging; and Sh,ini

j and Sh,exp
j represent the

initial and final state-of-charge limits of the j-th MEAS’s HS. Here, gbuy
j,max is the purchased

gas power limit of the j-th MEAS.

Appendix B

Equivalence Transformation of Equation (24) into P1 and P2 Problems
According to reference [40], Equation (24) can be equivalently transformed into
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Since the interaction benefits Chz
ji =

N
∑

i=1,j ̸=i

T
∑

t=1
σsβhz

ji,tP
hz
ji,t,s between each MEAS can

cancel each other out when accumulated, eliminating the variable βhz
ji,t and its constraints,

we obtain 
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j

(A9)

In Equation (A9), Um,0
j represents the optimal cost without cooperation, which can

be considered a fixed value, thus eliminating the constraints involving Um,0
j . Therefore,

solving Equation (A9) is equivalent to solving Equation (A10):
Um,hz = max

N
∑

j=1

max
σs

max
P{.}

j,s,t

min
βhz

ji,t /∈yj ,

(
Cen

j + Cm
j

)
s.t. {(7), (20)− (21)} /∈ Ωm,hz

j

(A10)

Equation (A10) represents the subproblem (P1) aimed at maximizing cooperative
benefits, which consists of j producer–consumer RO models. Distributed solving using
ADMM can be employed for this problem, with each producer–consumer RO model solved
using the methods described in Section 3.3. Subsequently, solving P1 yields values Cen∗

j ,
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Cm∗
j , and Phz∗

ji,t,s, which are substituted into Equation (A8). The constraints involving the
solution to P1 are automatically eliminated, resulting in

Um,hz = max
N
∏
j=1

(
Wm,hz∗

j + Chz∗
ji − Um,0

j

)
Chz∗

ji =
N
∑

i=1,j ̸=i

T
∑

t=1
σsβhz

ji,tP
hz∗
ji,t,s

s.t. Wm,hz∗
j + Chz∗

ji ≥ Um,0
j

(7), (20)− (21)

(A11)

In the equation, Wm,hz∗
j = Cen∗

j + Cm∗
j represents the cost under cooperation, exclud-

ing P2P revenue.
Equation (A11) can be further equivalently transformed into the following equation.

Up2 = min −
N
∑

j=1
ln
(

Wm,hz∗
j + Chz∗

ji − Um,0
j

)
Chz∗

ji =
N
∑

i=1,j ̸=i

T
∑

t=1
σsβhz

ji,tP
hz∗
ji,t,s

s.t. Wm,hz∗
j + Chz∗

ji ≥ Um,0
j

(7), (20)− (21)

(A12)

Equation (A12) represents the sub-problem P2 of cooperative revenue distribution,
which can be decomposed into j sub-problems and solved using ADMM in a distributed
manner. After substituting the results of solving sub-problem P1, the cooperative price
βhz

ji,t,s corresponding to the producer–consumer relationship can be obtained. Therefore,
Equation (24) can be decomposed into two sub-problems, namely maximizing coopera-
tive benefits P1 and cooperative revenue distribution P2, and solved successively, thus
concluding the proof.

Appendix C

The process of solving P1 using ADMM can be iterated based on Equation (A13).

Phz
j,s,r+1 = max

σs
max
P{.}

j,s,t

min
βhz

ji,t /∈yj ,

[(
Cen

j + Cm
j

)
+ λ

p1
j,s,r

(
Phz

j,s,r+1 − σ
p1
j,s,r

)T
+

T
∑

t=1

(
ρ
∥∥∥Phz

j,s,r+1 − σ
p1
j,s,r

∥∥∥2

2

)]
σ

p1
j,s,r =

1
N − 1

N−1
∑

j=1

(
Phz

j,s,r+1

)
λ

p1
j,s,r+1 = λ

p1
j,s,r + ρ

(
Phz

j,s,r+1 − σ
p1
j,s,r+1

)
max

T
∑

t=1

∥∥∥Phz
j,s,r+1 − σ

p1
j,s,r+1

∥∥∥2

2
≤ ε

p1
pri, max

T
∑

t=1

∥∥∥σ
p1
j,s,r+1 − σ

p1
j,s,r

∥∥∥2

2
≤ ε

p1
dul

(A13)

In the equation, λ
p1
j,s,r =

[
λ

p1
j1,s,k, λ

p1
j2,s,k, . . . , λ

p1
ji,s,k, . . . , λ

p1
jN,s,k

]
represents the dual vector

for the j-th iteration of the k-th step of the MEAS, with λ
p1
ji,s,r =

[
λ

p1
ji,1,s,r, λ

p1
ji,2,s,r, . . . , λ

p1
ji,T,s,r

]T
;

Phz
j,s,r =

[
Phz

j1,s,r, Phz
j2,s,r, . . . , Phz

ji,s,r, . . . , Phz
jN,s,r

]
is the coupling variable vector for the j-th MEAS

iteration at the k-th iteration, Phz
ji,s,r =

[
Phz

ji,1,s,r, Phz
ji,2,s,r, . . . , Phz

ji,T,s,r

]T
; σ

p1
j,s,r = [σ

p1
j1,s,r, σ

p1
j2,s,r, . . . ,

σ
p1
ji,s,r, . . . , σ

p1
jN,s,r] is the consensus variable vector for the j-th MEAS at the k-th iteration,

where σ
p1
ji,s,r =

[
σ

p1
ji,1,s,r, σ

p1
ji,2,s,r, . . . , σ

p1
ji,T,s,r

]T
; and ρ represents the penalty coefficient.

The process of solving P2 with ADMM involves iterative loops based on Equation (A14):
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

βhz
j,s,r+1 = min

βhz
ji,t

[
− ln

((
Wm,hz∗

j + Chz∗
ji − Um,0

j

)
+ λ

p2
j,s,r

(
βhz

j,s,r+1 − σ
p2
j,s,r

)T
+

T
∑

t=1
ρ
∥∥∥βhz

j,s,r+1 − σ
p2
j,s,r

∥∥∥2

2

)]
σ

p2
j,s,r =

1
N − 1

N−1
∑

j=1

(
βhz

j,s,r+1

)
λ

p2
j,s,r+1 = λ

p2
j,s,r + ρ

(
βhz

j,s,r+1 − σ
p2
j,s,r

)
max

T
∑

t=1

∥∥∥βhz
j,s,r+1 − σ

p2
j,s,r

∥∥∥2

2
≤ ε

p2
pri, max

T
∑

t=1

∥∥∥σ
p2
j,s,r+1 − σ

p2
j,s,r

∥∥∥2

2
≤ ε

p2
dul

(A14)

In the equation, λ
p2
j,s,r =

[
λ

p2
j1,s,r, λ

p2
j2,s,r, . . . , λ

p2
ji,s,r, . . . , λ

p2
jN,s,r

]
represents the dual vector

for the k-th iteration of consumer j, where λ
p2
ji,s,r =

[
λ

p2
ji,1,s,r, λ

p2
ji,2,s,r, . . . , λ

p2
ji,T,s,r

]T
; βhz

j,s,r =[
βhz

j1,s,r, βhz
j2,s,r, . . . , βhz

ji,s,r, . . . , βhz
jN,s,r

]
is the coupling variable vector for consumer-producer j

in the k-th iteration, βhz
ji,s,r =

[
βhz

ji,1,s,r, βhz
ji,2,s.r, . . . , βhz

ji,T,s,r

]T
; σ

p2
j,s,r = [σ

p2
j1,s,r, σ

p2
j2,s,r, . . . , σ

p2
ji,s,r, . . . ,

σ
p2
jN,s,r] is the consensus variable vector for consumer-producer j in the k-th iteration, where

σ
p2
ji,s,r =

[
σ

p2
ji,1,s,r, σ

p2
ji,2,s,r, . . . , σ

p2
ji,T,s,r

]T
; and ρ represents the penalty coefficient.
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Figure A1. Solution procedure of the bilayer robust model. 

  

Figure A1. Solution procedure of the bilayer robust model.
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Table A1. System Parameters.

Parameters Parameter Values Parameters Parameter Values

ebuy
j,max, gbuy

j,max
2500,4000 α

chp
e , α

chp
h

0.33,0.47

echp
j,max, hchp

j,max
1000,1400 α

gb
h

0.9

hgb
j,max

1000 αec
c 3.5

cec
n,max, cac

n,max 1750,1000 αac
c 1.2

eesc
n,max, eesdc

n,max 250 λe, αes
e 0.2,0.98

Se
n,min, Se

n,max 100,900 ηesc
e , ηesdc

e 0.96
hhsc

n,max, hhsdc
n,max 200 λh, αhs

h 0.6,0.96
Sh

n,min, Sh
n,max 100,800 ηhsc

h , ηhsdc
h 0.95

pg,buy
t , abuy

e 0.31,0.04 achp
h , achp

e 0.013,0.02
bec

e , bac
h 0.01,0.016 bchp

g , bgb
g 0.025,0.012

bpv
e , bwt

e 0.024,0.02 bes
e , bhs

h 0.002
eex

n,min, eex
n,max 800,800 agb

h , bbuy 0.013
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Abstract: The prevalence of extreme weather events gives rise to a significant degree of prediction
bias in the forecasting of photovoltaic (PV) power. In order to enhance the precision of forecasting
outcomes, this study examines the interrelationships between China’s 24 conventional solar terms
and extreme meteorological events. Additionally, it proposes a methodology for estimating the
short-term generation of PV power based on the division of solar term time series. Firstly, given that
the meteorological data from the same festival is more representative of the climate state at the current
prediction moment, the sample data are grouped according to the 24 festival time nodes. Secondly, a
convolutional neural network–long short-term memory (CNN-LSTM) PV power prediction model
based on an Attention mechanism is proposed. This model extracts temporal change information
from nonlinear sample data through LSTM, and a CNN link is added at the front end of LSTM to
address the issue of LSTM being unable to obtain the spatial linkage of multiple features. Additionally,
an Attention mechanism is incorporated at the back end of the CNN to obtain the feature information
of crucial time steps, further reducing the multi-step prediction error. Concurrently, a PV power error
prediction model is constructed to rectify the outcomes of the aforementioned prediction model. The
examination of the measured data from PV power stations and the comparison and analysis with
other prediction models demonstrate that the model presented in this paper can effectively enhance
the accuracy of PV power predictions.

Keywords: forecasting; solar PV power; extreme weather; attention mechanism; CNN (convolutional
neural network); LSTM (long short-term memory)

1. Introduction

Solar photovoltaic (PV) power represents a promising form of clean energy with
diverse potential applications, and it has emerged as a prominent area of focus in the
field of energy transformation, undergoing rapid development. As evidenced by the
annual report released by the International Energy Agency, the global installed capacity
of PV power generation exhibited an average annual growth rate of 28% from 2019 to
2023. Notably, the global installed capacity of PV power generation in the previous year
surpassed that of hydropower. In most countries, solar energy has become the most cost-
effective energy source. Over the next decade, the solar PV industry will continue to
experience high growth rates.

In contrast to conventional thermal power generation, the efficacy of PV power gener-
ation is inherently constrained by environmental variables such as meteorological fluctua-
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tions and seasonal variations. In recent years, global climate change has manifested in a
number of ways, including extreme temperatures, persistent high and low temperatures,
dust, typhoons, heavy rain, haze, and other meteorological disasters. These phenomena
have caused the destruction of PV facilities and resulted in short-term, high-frequency
fluctuations in the power grid. These fluctuations have posed significant challenges to
the operation, scheduling, planning, and design of the power grid, as well as to disaster
prevention and mitigation efforts. For example, in February 2021, a cold weather event
swept through Texas in the United States, resulting in a 68% decline in PV power gener-
ation [1]. In 2019, typhoons and heavy rains in southern China resulted in operational
challenges for some PV power plants. During April and May in 2021, China experienced a
widespread occurrence of sand-dust storm in the provinces of Hebei and Inner Mongolia.
This resulted in a notable decline in the efficiency of PV power generation, with a reduction
of 20% to 60% in output [2]. In light of the inherent unpredictability of natural phenomena,
it is imperative to enhance the precision of PV output forecasting in order to guarantee
the security and reliability of optimization scheduling and control decisions for PV power
systems with high penetration rates.

Although solar PV power prediction solutions have reached a mature stage of devel-
opment, challenges remain, particularly in the context of transient weather conditions [3].
The primary challenges can be attributed to three fundamental factors: the inherent inaccu-
racies inherent in numerical weather forecasting (NWP) models, the anomalous nature of
operational data, and the suboptimal performance of prediction models. The majority of
existing studies concentrate on the input, model, and output aspects. Techniques such as
principal component analysis (PCA) and wavelet decomposition effectively extract data
features [4–7]; however, they often underperform in extreme weather due to their linear
nature, which fails to capture significant nonlinear changes. Hybrid models and machine
learning methodologies have demonstrated enhanced prediction accuracy under typical
conditions. However, they have been less successful in addressing the challenges posed
by extreme weather variability. For example, while combination forecasting methodolo-
gies may enhance accuracy, they may not adequately account for sensitive meteorological
factors during severe weather, which could result in prediction errors. Moreover, error cor-
rection modules and optimization algorithms [8–10], including particle swarm and genetic
algorithms, have demonstrated potential in refining model parameters. However, these
techniques also exhibit limitations in adapting to rapidly changing conditions. Furthermore,
the partitioning of solar PV power prediction into discrete subsystems based on weather
types has been demonstrated to enhance accuracy. However, this approach may become
ineffectual when key characteristic variables, such as total, direct, and scattered radiation,
undergo significant shifts during inclement weather [11]. As PV capacity continues to grow,
it is becoming increasingly important to address the implications of transitional weather
patterns on grid-connected operations.

Extreme weather events are classified as low-probability occurrences, leading to chal-
lenges related to sample scarcity, which have been tackled in various studies. These studies
have successfully employed small sample learning approaches by integrating transfer
learning methods with interval prediction, thereby addressing the issue of insufficient
sample data for power generation predictions in new PV plants. Although a variety of data
sampling strategies have been employed to address category imbalance [12], these methods
frequently prove ineffective in fully alleviating the impact of sample scarcity on model
performance. Generative adversarial networks (GANs), in particular, offer significant
advantages in data generation, effectively reducing the cost of power measurement, and
have been successfully applied in power system modeling [13]. In [14], a solution for sparse
PV power data on days with precipitation is proposed. This solution employs a Wasserstein
generative adversarial network (GAN) with gradient penalty to enhance the quality of
data collected during such conditions. These methodologies offer promising avenues for
addressing the challenges posed by limited sample sizes. Nevertheless, the predominant
utilization of small sample techniques in PV power forecasting frequently disregards the
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time-varying characteristics of the data, which represents a substantial limitation. Given
the significant impact of weather conditions on PV generation, temporal dynamics play a
pivotal role in accurate prediction models.

The aforementioned study demonstrates that the current methodology for predicting
PV power encounters two significant challenges. Primarily, the model is not tailored to the
specific characteristics of PV data. Instead, it employs methodologies from other fields, with
inadequate consideration of the nonlinear and nonsmooth attributes inherent to PV series.
Secondly, there is a dearth of research on multidimensional and high-precision PV prediction.
These approaches rely solely on historical power data, failing to leverage the full spectrum of
influencing factors, including meteorological conditions and geographic variables.

In order to address the issues mentioned above, it is necessary to consider the intrinsic
correlation between seasonal and climate changes and their impact on PV power gener-
ation. This research aims to develop a novel PV power prediction model that integrates
convolutional neural networks (CNNs), long short-term memory (LSTM) networks, and
Attention mechanisms. This model not only leverages the benefits of small sample learning
but also incorporates time-varying characteristics, thereby enhancing prediction accuracy
under extreme weather conditions. To address the intrinsic correlation between seasonal
and climate changes and their impact on PV generation, this study proposes a methodology
based on the time division of China’s 24 solar terms [15]. Initially, the relationship between
PV prediction results and extreme weather processes is analyzed using operational data
from a PV power plant in Guazhou City, western China. This analysis identifies prediction
error characteristics and their sensitive meteorological factors. Subsequently, sample data
are grouped according to the solar term time nodes, utilizing meteorological data within
the same term to represent the prevailing climate state. This approach effectively mitigates
the challenges posed by limited meteorological data and reduces the impact of climate
change on predictive accuracy. The proposed CNN-LSTM model employs LSTM to extract
temporal variation from nonlinear sample data, while a CNN component at the LSTM’s
input captures multi-feature correlations. An Attention mechanism is integrated at the
output stage to enhance the influence of critical time steps and minimize multi-step predic-
tion errors. Additionally, an error correction step is incorporated, constructing a PV power
prediction error model based on historical operational and solar term data. This correction
aims to refine the final prediction outputs, providing valuable insights for improving PV
power forecasting. The methodologies developed in this research can also be adapted for
wind power prediction, demonstrating their broader applicability and significance in the
renewable energy sector.

2. Correlation Analysis of Sample Characteristics

Spearman’s correlation coefficient, a linear correlation index commonly utilized in
statistical analysis, ranges from −1 to 1, with 1 signifying a perfect positive correlation, −1
indicating a perfect negative correlation, and 0 representing no correlation, and the larger
the absolute value, the more robust the correlation [16]. The value in question is calculated
from Equation (1).

ρs = 1 −
6∑ d2

i
n(n2 − 1)

(1)

where ρs is the correlation coefficient, di is the ith difference between the ranks of the data
pairs, and n is the total sample size.

In accordance with the disparate prediction timescales, PV power prediction can be
classified into the following categories: ultra-short-term prediction, short-term prediction,
medium-term prediction, and long-term prediction [17]. For the sake of argument, let
us suppose that meteorological factors exert no influence on fluctuations in PV power
and that only the direct method is employed to extrapolate power. In the context of
ultra-short-term prediction, the aforementioned approach is indeed acceptable. However,
when considering the realm of short-, medium-, and long-term prediction, the results
exhibit a considerable degree of deviation. Consequently, there is a notable absence of
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practical engineering applications in the domains of power system control, dispatching,
and planning. It is thus imperative to consider the impact of meteorological variables on
PV power generation in a comprehensive manner. In NWP, the selection of appropriate
predictor variables is of paramount importance. The incorporation of an excessive number
of variables will result in the generation of a model that is overly redundant. In the event
that the accuracy of the predictor variables is insufficient, the capacity of the predictor to
accurately predict the PV power will be compromised. Accordingly, this study employs
the Spearman correlation coefficient to identify the initial four meteorological variables
with the highest correlation with PV power, which are then utilized as the meteorological
parameters of the PV prediction model.

The sample data for correlation analysis were selected from the data of NWP weather
factors and corresponding PV power of a PV power station in Guazhou City, Northwest
China, in 2022. The data were employed to calculate the Spearman correlation coefficients
between the sequences of each weather factor and the sequences of PV power, with the
objective of obtaining the column graphs depicted in Figure 1. The weather factors that
have a significant impact on PV power and are positively correlated are total radiation,
direct radiation, scattered radiation, and temperature. The correlation coefficient values for
these factors are 96.44%, 95.45%, 62.18%, and 47%, respectively. Among the factors affecting
PV prediction results, total radiation is the most sensitive meteorological feature. If extreme
weather causes data bias, it will have an unfavorable impact on the prediction results.
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Figure 1. Input feature correlation histogram. 

  

Figure 1. Input feature correlation histogram.

3. Grouping of Sample Data Based on 24 Solar Terms
3.1. Overview of 24 Sections

The 24 solar terms represent an integral component of the traditional Chinese calendar,
reflecting the cyclical patterns of seasonal and climatic change observed in nature. In
November 2016, the UNESCO Representative List of the Intangible Cultural Heritage of
Humanity was expanded to include this traditional Chinese practice. The nomenclature
of each solar term is directly reflective of the shifts in seasonal patterns, meteorological
phenomena, and associated climatic changes. To illustrate, the initial spring equinox marks
the Beginning of Spring, the Summer Solstice represents the midpoint of summer, and the
Winter Solstice signifies the culmination of winter. The 24 solar terms, an early system
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of knowledge based on the cyclical rotation of the seven stars of the Big Dipper and the
annual movement of the sun, reflects the position of the Earth in its orbit and the correlation
between the seasons and the climate. These are closely related to the seasons, climate, and
physical phenomena of a year, and are universal. The current 24 solar terms are determined
according to the position of the sun on the ecliptic; that is, the sun’s apparent path on
the celestial sphere during the year is divided into 24 equal parts of 15◦ each. Each part
constitutes a node, resulting in 24 nodes, as illustrated in Figure 2. The existence of the
angle of intersection of the yellow and red angles causes annual changes in the movement
of the sun’s point of direct sunlight back and forth between the earth’s Tropic of Capricorn
and Tropic of Cancer, which in turn causes changes in the height of the sun at noon and
changes in the length of the day and night [18]. For example, the Summer Solstice marks
the point where the sun crosses the Tropic of Cancer directly, resulting in the longest days
of the year. The height of the sun and the length of the day exert a direct influence on PV
power generation. As the duration of daylight increases, the hours of sunlight and the
amount of radiation received by the PV panels also rise.
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3.2. Data Grouping

Firstly, the data pertaining to the twenty-four solar terms for the year 2022, in addition
to the operational data of the PV plant, are selected, and the date of the solar termination
node is extracted. The empirical results indicate that meteorological conditions are more
similar near the nodes, with notable examples including the longest day on the Summer
Solstice, which also has the longest sunshine time. Indeed, the sunshine situation is nearly
identical to that of the Summer Solstice in the time intervals of 2–3 days before and 2–3 days
after the Summer Solstice. In accordance with the theory of similar days, the meteorological
characteristics and PV operation data for the entire year are divided into 24 groups based
on the seasons, with the time nodes of the aforementioned twenty-four seasons serving as
the basis for this division. The training and test sets are divided in a crossover manner to
enhance the prediction accuracy. Table 1 illustrates the grouping of the data training and
test samples for some seasons.
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Table 1. Grouping of sample data for selected festivals.

Solar Terms Period Training Samples Test Samples

Slight cold 1.5 23:04:39–1.20 16:29:19
1.12 0:00–1.17 23:45 1.2 0:00–1.7 23:45 1.8 0:00–1.11 23:45

Spring begins 2.4 04:50:36–2.19 00:42:49
2.12 0:00–2.16 23:45 2.2 0:00–2.7 23:45 2.8 0:00–2.11 23:45

Vernal Equinox 3.20 23:33:15–4.5 03:20:02
3.28 0:00–4.2 23:45 3.18 0:00–3.23 23:45 3.24 0:00–3.27 23:45

Grain rain 4.20 10:24:07–5.5 20:25:45
4.28 0:00–5.2 23:45 4.18 0:00–4.23 23:45 4.24 0:00–4.27 23:45

Grain buds 5.21 09:22:25–6.6 00:25:36
5.29 0:00–6.3 23:45 5.19 0:00–5.24 23:45 5.25 0:00–5.28 23:45

Summer solstice 6.21 17:13:40–7.7 10:37:49
6.29 0:00–7.4 23:45 6.19 0:00–6.24 23:45 6.25 0:00–6.28 23:45

Slight heat 7.7 10:37:49–7.23 04:06:49
7.15 0:00–7.20 23:45 7.5 0:00–7.10 23:45 7.11 0:00–7.14 23:45

Stopping the heat 8.7 20:28:57–8.23 11:15:58
8.15 0:00–8.20 23:45 8.5 0:00–8.10 23:45 8.11 0:00–8.14 23:45

White dews 9.7 23:32:07–9.23 09:03:30
9.15 0:00–9.20 23:45 9.5 0:00–9.10 23:45 9.11 0:00–9.14 23:45

Cold dews 10.8 15:22:16–10.23 18:35:30
10.16 0:00–10.20 23:45 10.6 0:00–10.11 23:45 10.12 0:00–10.15 23:45

Winter begins 11.7 18:45:18–11.22 16:20:17
10.15 0:00–10.20 23:45 11.5 0:00–10.10 23:45 11.11 0:00–11.14 23:45

Heavy snow 12.7 11:46:04–12.22 05:47:00
12.15 0:00–12.20 23:45 12.5 0:00–12.10 23:45 12.11 0:00–12.14 23:45

3.3. Data Processing

Initially, the missing values and outliers are addressed. The missing values are then
processed using the forward-filling method. The outliers are evaluated using the standard
deviation method, after which they are subjected to processing via the substitution method.
In order to prevent the information contained within the test set from being inadvertently
transferred to the model, the data set is divided and placed before the normalized data.
Subsequently, the maximum–minimum normalization method is employed for data pro-
cessing to accelerate the model training process. Following normalization, each data point
is scaled to the [0, 1] interval, as illustrated in Equation (2).

x′ =
x − xmin

xmax − xmin
(2)

where x is the variable that needs to be normalized, x′ is the normalized data, and xmax
and xmin are the maximum and minimum values of the input variables, respectively.

4. Impact of Extreme Weather on Forecast Results

While the present NWP system is highly accurate, it is prone to significant forecast biases
in extreme or transient weather processes [19]. For instance, the forecast information for solar
irradiance, air temperature, precipitation, sand and dust, and other variables in the forecast grid
area exhibits a considerable degree of fallout range, with forecast timing of key meteorological
elements being either premature or delayed and with amplitudes of the elements being either
high or low. It can be reasonably deduced that these forecast biases will result in a corresponding
bias in the PV power series, specifically in timing and amplitude.

The PV power plant under consideration in this study is situated in an area that
receives more than 3260 h of sunshine per year, with an average of 73% of the sky being
illuminated and the total radiation exceeding 6350 MJ/m2. This region is classified as a
land area with an abundance of solar energy resources [20]. The region displays three
discrete geomorphological patterns of mountainous terrain, namely the Gobi, corridor
flood plains, and sparse vegetation. These patterns are distinguished by a high prevalence
of desertification, drought, scarce precipitation, and a pronounced temperature contrast
between diurnal and nocturnal periods. The aforementioned climatic context gives rise to
the frequent occurrence of meteorological disasters, including sand and dust storms and
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cold waves. As grid-connected PV capacity continues to expand, it is imperative to consider
the impact of extreme weather on the accuracy of PV power predictions. As illustrated in
the correlation analysis presented at the outset, the correlation between the total radiation
factor and the PV power is the most significant. This is followed by an examination of
the change rule of the total radiation and its relationship with the deviation of the power
prediction under conditions of extreme cold and sandy weather. This analysis provides a
foundation for the development of an exact PV power prediction model. A high-precision
PV power prediction model will be employed to establish a foundation for further analysis.

4.1. Cold Weather

A cold wave is defined as a wide range of cold solid air activity processes characterized
by significant cooling and windiness. Additionally, these events are often accompanied by
rain, snow, or frost precipitation. A cold wave is defined as a meteorological event charac-
terized by a daily minimum temperature drop exceeding 8 ◦C and a lowest temperature
below 5 ◦C, persisting for a minimum of 48 h [21]. It can be observed that an increase in
temperature results in a corresponding decrease in the impact of the cold snap on PV. In a
sustained low-temperature environment, PV modules are susceptible to icing, which can
impair power generation efficiency. The scale of PV off-grid deployment can significantly
impact regional or even provincial voltage and frequency regulation.

Typically, the lowest temperatures are observed in January during the Lesser Cold
period. In January 2021, the average temperature at PV power plants was −9.7 ◦C, with
the lowest temperature reaching −20.9 ◦C. In January 2022, the average temperature was
−5.9 ◦C, with a minimum temperature of −16.8 ◦C. As illustrated in Figure 3, the total
radiation observed in 2021 and 2022 reached approximately 60% of the yearly maximum,
reflecting the overall low temperature during the Lesser Cold period, particularly in 2021.
This was due to a series of freezing weather events, which resulted in ice accumulation on
the PV panels, thereby reducing the total radiation to a level that was considerably below
the average for the entire year.
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4.2. Dusty Conditions

Dusty weather is defined as a meteorological phenomenon in which strong winds
transport considerable quantities of dust and sand from the ground, resulting in the
turbidity of the atmosphere and a notable reduction in horizontal visibility. The presence
of dust in the atmosphere, particularly in high-humidity conditions, has a dual impact
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on the efficiency of PV power generation. Firstly, it reduces the transmittance of solar
radiation, leading to a more excellent diffuse reflection of solar radiation irradiated onto
the surface of PV modules. Secondly, the presence of dust increases the likelihood of
surface contamination, reducing the efficiency of PV power generation by approximately
30% [22]. The mineral composition of dust includes a significant proportion of calcium and
magnesium oxides, which can facilitate the formation of calcium and magnesium scale on
the surface of PV modules. PV cells have been observed to exhibit elevated temperatures
and other problematic behaviors.

Due to the gradual increase in temperature within the PV power station area, the
ground can only undergo warming before and after the Lesser Fullness of Grain. The
abnormally dry and sparse surface conditions result in low resistance to wind erosion,
facilitating the formation of dust and sand storms. This region experiences a significant
sand and dust weather increase during May, coinciding with the Lesser Fullness of Grain.
As illustrated in Figure 4, while the mean value of total radiation is more excellent during
the Lesser Fullness of Grain period than during the Lesser Cold period, several intense
dust weather events in 2022 resulted in a rapid decline in total radiation.
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4.3. Analysis of Forecast Deviations

Based on the classical CNN prediction model, the following comparison is made
between the predicted and actual measured values of PV power generation and its relation-
ship with the change in total solar radiance under cold wave and dusty weather conditions
in 2021 and 2022, respectively. To simplify the analysis, the Mean Absolute Percentage
Error (MAPE) is chosen here as the assessment index [23]:

MAPE =
1
n

n

∑
t=1

∣∣∣∣ At − Ft

At

∣∣∣∣× 100% (3)

where At is the actual measurement at time point t, Ft is the predicted value at time point t,
and n is the total number of sampling points.

The selected cold weather occurred on 9 January 2021 and 11 January 2022, during the
Lesser Cold period; as seen in Figure 5a,b, respectively, the total irradiance is positively
proportional to the measured PV power, and the predicted power shows a positive devia-
tion from the measured power. Among them, as shown in Figure 5a, on 9 January 2021, the
weather was cloudy and cold, the total solar irradiance was less than 20%, the prediction
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results showed a significant deviation, and the MAPE reached 45.49%. In Figure 5a, the
peak of total solar radiance on 11 January 2022 is less than 50% and changes frequently,
leading to a significant deviation in the prediction results, with an MAPE of 27.14%.
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Figure 5. Comparisons of total radiation, short-term prediction, and measured power under cold
wave weather conditions: (a) comparison results on 9 January 2021; (b) comparison results on
11 January 2022.

For the analysis of the prediction deviation of sandy weather, 29 May 2021 and
26 May 2022, which occurred during the Lesser Fullness of Grain period, were selected,
and the short-term predicted power, actual power, and total radiation comparison curves
are shown in Figure 6a,b. In Figure 6a, the total solar radiation fluctuates in the morning
and evening hours of 29 May 2021, due to sandy weather, and the predicted MAPE value
is 24.67%. In Figure 6b, there is a dust storm on 26 May 2022, which leads to a sudden
drop in the total solar radiance and the MAPE value even reaches 95.12%, and there is
a huge deviation in the prediction results; therefore, the output of PV power plants will
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drop rapidly, and it will have a significant impact on the voltage of the local area and the
frequency adjustment of the whole province.
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Figure 6. Comparison of total radiation, short-term prediction, and measured power under sandstorm
weather conditions: (a) comparison results on 29 May 2021; (b) comparison results on 26 May 2022.

In the following, the absolute deviation rates of the overall PV power in 2021 and 2022
are compared with those of the overall PV power in the Lesser Cold and Lesser Fullness
of Grain periods, respectively. As shown in Table 2, during the Lesser Cold period, the
forecast deviation rate decreases slightly from January 1 to 6, increases significantly from
January 7 to 12, and decreases from January 13 to 18, 2022, but there is still a trend of
increasing forecast deviation. During the Lesser Fullness of Grain period, as shown in
Table 3, the forecast deviation decreased slightly from May 19 to 24, increased sharply
from May 25 to 30, and remained basically stable from May 31 to June 5, 2022, relative to
the previous year. Due to the more frequent turnaround weather at the end of May 2022,
although it lasted for a shorter period of time, the strong dusty weather made the forecast
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sample data jump a lot, increasing the prediction bias, which corresponded exactly to the
time of the dust storm.

Table 2. MAPE comparison in Lesser Cold period.

MAPE 1–6 January 7–12 January 13–18 January

2021 10.03% 16.47% 15.19%
2022 8.56% 21.34% 16.50%

Table 3. MAPE comparison in Lesser Fullness of Grain period.

MAPE 19–24 May 25–30 May 31 May–5 June

2021 24.72% 27.46% 27.67%
2022 18.59% 41.18% 27.43%

The following is a comparison of the MAPE of the PV short-term power forecasts for
a single day and time period. As shown in Figure 7, the sample data are selected from
the PV short-term predicted power versus measured power values from 9:00 to 18:00 on
11 January 2021 and 2022. It can be seen that the MAPE value of the power prediction for
the year 2022 significantly decreases in comparison with the previous year at 9–12:00 and
15–16:00, and there is a significant increase at 13–14:00 and 17–18:00, which corresponds
perfectly with the occurrence of the extreme cold turnaround weather on that day that
caused the temperature drop. The timing of icing corresponds precisely.
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Figure 7. Comparison of daily PV power prediction MAPE by time period.

The above example of total radiance analyzes the fact that the representative weather
extremes occurring in different seasons greatly impact the PV power prediction bias.
Although the NWP has high accuracy with the past few example days, the NWP often
suffers from prediction bias under extreme or even transient weather conditions, which is
mainly manifested in the forecasts of crucial weather elements of the NWP, such as radiance,
precipitation, temperature, and so on. This bias is mainly manifested in the forecasts of
key meteorological elements of NWP, such as radiance, precipitation, air temperature, etc.
In the forecast grid area, there are cases in which the fallout range of the information is
too large or too small, the forecast time sequence of key meteorological elements is over or
lagging, and the amplitude of the elements is too high or too low.
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5. CNN-LSTM-Attention PV Power Prediction Models
5.1. Forecasting Process

Based on analyzing the relationship between historical PV output data and meteoro-
logical factors, a short-term PV power prediction–correction prediction model driven by
PV output data is established, and the specific prediction process is shown in Figure 8.
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Step 1: Collect the NWP data of the region where the PV plant is located, the twenty-
four solar terms information of the selected year, and the operation data of the PV plant, and
carry out data cleaning and normalization, including inspection and screening, elimination
of erroneous data, interpolation and correction, etc., to extract the nodal dates of the solar
terms of the specified year.

Step 2: According to the time nodes of the twenty-four solar terms, the preprocessed
NWP data of PV power plants and the measured output power data of PV power plants
are divided to establish 24 sets of data samples corresponding to the solar terms; the same
set of training samples is derived from the data of the same solar term, and the selected
data are only related to the solar terms but not to the year, which can be derived from the
same solar terms in the same year as well as from the same solar terms in different years.

Step 3: Based on the 24 sets of training samples corresponding to the 24 solar terms,
the CNN-LSTM-Attention prediction model is built for the 24 corresponding solar terms.
The prediction model and parameters are determined according to the solar term of the
desired prediction time point or the solar term corresponding to the input NWP data, and
the PV power prediction results are obtained.

Step 4: To further improve the prediction accuracy, the PV power error correction link
is also introduced to correct the prediction results of the above sections. Specifically based
on the previous year’s annual sample data, the CNN-LSTM-Attention model is utilized to
obtain the initial prediction results of PV power and then subtracted from the measured
PV power data to obtain the prediction deviation information of Formula (4), which is
combined with the meteorological data of the corresponding festival weather to update
the parameters of the prediction model in time, to make the final prediction model of the
various festivals able to adapt to the variable operating points in the operation area of
PV units.

powererror = power − power f orcast (4)

Step 5: The initial prediction of PV power and the error prediction are summed
correspondingly to obtain the final wind speed prediction.
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5.2. Predictive Modeling

Based on the Attention mechanism and neural network, the CNN-LSTM-Attention
prediction model is constructed, which employs a convolutional neural network to capture
the local patterns and features of the sample data and efficiently extracts the critical infor-
mation in the time series; the LSTM network is introduced to process the data and capture
the long-term dependency relationships, which improves the accuracy of the prediction;
and, finally, the Attention mechanism provides the model with the ability to focus on
crucial information, further improving the prediction accuracy. The overall structure is
shown in Figure 9.
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The first layer is the input layer, which defines the data dimensions, including time
step, feature dimension, and batch size. The time step is defined as r, the number of features
is n, and the batch size defaults to 1. A sample is r × n of the real matrices.

The second layer is a convolutional neural network layer. It applies the convolutional
layer to the input time series to extract features, capturing the local patterns in the input data
while preserving these patterns’ spatial invariance. This reduces computational complexity
and better utilizes local information. In this model, 2D convolutions are employed. The
sample data are first converted into a 2D matrix required by the convolutional operation,
followed by convolution and pooling. The numbers of convolutional kernels in the first
and second layers are 8 and 16, respectively. The size of the convolutional kernels are all
3 × 3 and the pooling operation size is 2. xi:i−t+1 represents the real matrix at the ith time
step up to the (i − t + 1)th time step, which is a r × n matrix. Wi is the weight matrix, which
is an s × n real matrix, and bi is a bias term. f is the activation function. After processing s
time steps, a feature oi is obtained by performing a one-dimensional feature extraction. The
formula is as follows:

oi = f (Wi × xi:i+s−1 + bi) (5)

The feature map is unfolded in reverse and dimensionally reduced into a real-valued
vector that preserves the spatial relationships between different feature values and input
into the LSTM layer.

The third layer is the LSTM layer, designed to process the time-series data of nonlinear
PV power generation. The number of hidden units is 20. The LSTM unit consists of a forget
gate, an input gate, and an output gate. The forget gate primarily controls the information
from the previous internal state that needs to be discarded, the input gate determines the
information that should be retained at the current time step, and the output gate selects the
information that needs to be transmitted externally at the current time step. The memory
structure of the LSTM helps to mitigate issues such as the excessive influence of weights
during training and the vanishing gradient problem.

The fourth layer is the SE (Squeeze-and-Excitation) Attention mechanism layer, which
applies an Attention mechanism to the output of the LSTM. This mechanism allocates
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Attention weights to each time step, enhancing the influence of essential time steps within
the LSTM and further improving prediction accuracy. The output of the LSTM is used as
the input to the Attention mechanism layer, where each output vector is assigned a weight.
The calculation formula is as follows:

Si = tanh(Wi Hi + bi) (6)

where Si is the score for each output and Hi is the output of the LSTM network.
The fifth layer is the fully connected layer. The number of nodes in the fully connected

layer is 50. The prediction results are transformed into probability distributions by a
function, and then the weighted average sum of the output vectors is obtained using the
weights obtained from the training. The calculation formula is as follows:

ai = so f tmax(Si) (7)

Ci =
k

∑
i=1

ai Hi (8)

where ai is the weight coefficient, Ci is the result of the weighted sum of the vectors, and
softmax is the activation function.

The sixth layer is the output layer, which defines the prediction time steps and outputs
the final prediction results.

In this paper, the Adam optimizer trains the model on the neural network. The model
is trained with 200 iterations, the initial learning rate is 0.001, and the learning rate decreases
by 0.5 each time.

5.3. Evaluation Indicators

In prediction tasks, evaluating the predictive performance of the model is crucial. In
addition to the previously mentioned MAPE, standard error evaluation metrics such as Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), Mean Bias Error (MBE), and the
correlation coefficient R2 are used to analyze the model’s predictive effectiveness quantitatively.

RMSE =

√
1
n

n

∑
t=1

(At − Ft)
2 (9)

MAE =
1
n

n

∑
i=1

|At − Ft | (10)

R2 =
∑n

t=1
[(

At − A
)(

Ft − F
)]√

∑n
t=1

(
Ft − F )2∑n

t=1
(

Ft − F)2
(11)

where At is the measured data at the tth time point; Ft is the predicted data at the tth time
point; A is the average of the measured results; F is the average of the predicted results; n
is the total number of sampling points.

6. Case Studies
6.1. Data Preparation

The original data used a two-year data set from 1 January 2021 to 30 January 2022,
with a sampling interval of 15 min and data characterization that included total, direct, and
scattered radiation, temperatures, and their corresponding measured PV outputs.

According to the twenty-four solar term time series, the NWP data of PV power plants
and the measured output power data of PV power plants are divided. In order to make
each group of meteorological changes and solar irradiation time closer, 24 groups of data
corresponding to them are established in accordance with the division of the festival time
point two days in advance. The training set and the test set are divided by a crossover
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approach to improve the prediction accuracy further. Table 3 shows examples of data
training samples and test samples for some of the solar terms. To prevent the information
of the test set from leaking to the model, the division of the data set is placed before
the normalized data. In order to speed up the model training, the maximum–minimum
normalization method is used to process the data set.

6.2. Comparative Analysis

In order to verify the superiority of the CNN-LSTM-Attention model proposed in this
paper, it is used to predict the PV power generation in 2022 during the Lesser Cold period as
an example, and it is used to compare the experiments with the support vector classification
(SVC) and artificial neural network (ANN) models and perform the ablation experiments
with the LSTM, CNN-LSTM, and LSTM-Attention. As shown in Figure 10, the CNN-LSTM-
Attention model exhibits suboptimal performance when applied to non-stationary time
series, particularly in the context of PV power time series prediction. The incorporation of a
power error correction link enables the extraction of historical error characteristics through
error prediction, facilitating the updating of prediction model parameters to enhance the
precision of the prediction link. Figure 11 shows the predictions for the comparison and
ablation experiments compared to the empirical performance data. The RMSE, MAE, and
R2 values of multi-step prediction results for each model are shown in Tables 4 and 5.
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Table 4. Comparison results of model error indicators in competitive analysis.

Prediction Model MAE RMSE MAPE R2

SVM 0.5015 0.8447 45.19% 0.7184
TCN 0.2618 0.4716 16.33% 0.9310
RNN 0.3033 0.4356 23.70% 0.9249

Transformer 0.1540 0.2458 13.06% 0.9761
CNN-LSTM-Attention 0.1012 0.1938 7.18% 0.9853
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(a) comparison of predicted results from contrasting experiments; (b) comparison of predicted results
from ablation experiments.

Table 5. Comparison results of model error indicators in ablation analysis.

Prediction Model MAE RMSE MAPE R2

LSTM 0.2326 0.3612 23.52% 0.9484
CNN-LSTM 0.1684 0.2712 12.86% 0.9709

LSTM-Attention 0.1661 0.2539 11.40% 0.9745
CNN-LSTM-Attention 0.1012 0.1938 7.18% 0.9853
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(1) Comparative experimental analysis

As seen in Table 4, the CNN-LSTM-Attention model demonstrates the lowest predic-
tion error, achieving significant reductions in metrics compared to other models. Specifically,
it exhibits a decrease in MAE, RMSE, and MAPE by 79.8%, 77.1%, and 84.1% relative to
SVM, respectively. When compared to RNN, these metrics are reduced by 66.6%, 55.5%,
and 69.7%. Similarly, the CNN-LSTM-Attention model shows reductions of 61.3%, 58.9%,
and 56.0% compared to temporal convolutional network (TCN), and 34.3%, 21.2%, and
45.0% in relation to the Transformer model.

(2) Analysis of ablation experiments

As demonstrated in Table 5, the CNN-LSTM-Attention model exhibits superior pre-
dictive performance, as evidenced by lower MAE, RMSE, and MAPE values compared to
LSTM, CNN-LSTM, and LSTM-Attention models. The MAE and RMSE of the CNN-LSTM
model are reduced by 27.6% and 24.9%, respectively, compared to the single LSTM model.
This suggests that employing CNN as a front end to the LSTM unit to extract multiple
feature spatial linkages reduces the prediction error. The MAE and RMSE of the LSTM-
Attention model are reduced by 28.6% and 29.7%, respectively, compared with the single
LSTM, indicating that introducing the Attention mechanism can also reduce the prediction
error. The CNN-LSTM-Attention model combines the advantages of CNN-LSTM and
LSTM-Attention, and its MAE and RMSE are reduced compared to the single LSTM by
56.5% and 46.3%, a reduction from CNN-LSTM of 39.9% and 28.5% and a reduction from
LSTM-Attention of 39.1% and 23.7%. Meanwhile, the CNN-LSTM-Attention model predicts
the results with the highest R2 value, which indicates that the CNN-LSTM-Attention model
that introduces the CNN and Attention structures simultaneously can further reduce the
prediction error and be more robust.

7. Conclusions

The intermittent, fluctuating, and stochastic nature of extreme weather phenomena
presents a significant challenge to predicting the PV power generation work rate, rendering
it more complex than load prediction. This paper employs an actual PV power plant in the
western region of China as a case study to examine data grouping, the prediction process,
and bias correction. The CNN-LSTM short-term PV output prediction and correction model,
which employs an Attention mechanism, has been developed to address the shortcomings
of existing prediction methods. The proposed model offers several advantages when
compared to other existing approaches:

(1) The correlation between the changes in the 24 traditional Chinese solar terms and
extreme weather, as indicated by meteorological data within the same solar term, is a
reliable indicator of the prevailing climate at the present moment. Furthermore, the
fine grouping of sample data according to the time nodes of the 24 solar terms will
enhance the predictive accuracy of the model.

(2) The proposal of a CNN-LSTM PV power prediction–correction algorithm based on the
Attention mechanism addresses the limitations of traditional time-series prediction
methods, which are unable to adapt to nonlinear data and cannot consider temporal
aspects of data. Furthermore, this approach effectively reduces the PV power multi-
step prediction error.

This paper presents a study of two representative scenarios, which, while illustrative,
cannot be considered exhaustive in their coverage of all potential weather impacts on
PV output. Consequently, the next step will be to examine the classification of weather
scenarios according to the type of error to develop a more rigorous and detailed delineation
method. Due to the constraints of the temporal resolution of PV output data acquisition,
the prediction–correction model presented in this paper has been designed offline. The
predictive performance at the boundaries between different types of festivals remains
suboptimal, which will be the focus of subsequent research.
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Reactive power dispatch method for wind 
farms based on dynamic weight adjustment 
of electrical distance and reactive power 
capacity
Guodong Wu1,2, Xiaohu Li2, Ruixiao Zhang2, Guangqing Bao3 and Hongtao Tan3* 

Abstract 

To meet the requirements of real-time reactive power dispatch in wind farms, the method based on equal ratio 
of reactive power capacity is widely used, because it does not need power flow modeling and iterative solution. 
However, this method may cause the wind turbines (WT) with a long electrical distance to allocate too much reactive 
power, resulting in the terminal voltage exceeding the limit. Therefore, this paper proposes a reactive power alloca-
tion method based on dynamic weight adjustment of inverter capacity and electrical distance. First, the impact 
of WT power output on the voltage of each node in the system at different electrical distances was analyzed. Then, 
establish a reactive power dispatch model that takes the remaining capacity of the converter and electrical distance 
factors into account, and the weight coefficient between the two is dynamically adjusted based on voltage devia-
tion by combining the idea of disturbance observation, achieve rapid distribution of reactive power commands 
without relying on detailed power flow modeling of the system. Finally, a 5 MW*25 wind farm case is used to verify 
the proposed method. The results show that the proposed method can effectively reduce the voltage deviation 
by more than 30% under the same reactive power scheduling instruction, and can improve the reactive power utiliza-
tion of the wind farm.

Keywords  Wind farm, Reactive power dispatch, Electrical distance, Converter capacity

Introduction
Driven by the goal of ‘peak carbon emissions and car-
bon neutrality’, China’s wind power industry has devel-
oped rapidly. As of now, the cumulative installed capacity 
of wind power in China has reached 460 million kW. 
However, due to the randomness and volatility of wind 

power output, the voltage stability of the power system 
is threatened, and the demand for reactive power in the 
power grid is urgent (Liu & Cheng, 2021; Shabbir et al., 
2022; Tan et al., 2023). Therefore, from the perspective of 
power grid operation, while injecting active power into 
the power system, wind farms also need to accept reac-
tive power dispatch and participate in system reactive 
power voltage control (Asadollah et al., 2020; Dong et al., 
2021; Tan et al., 2022).

Wind turbines (WTs) are connected to the power grid 
through inverters and have reactive power regulation 
capabilities, utilizing the reactive power capacity of the 
WT itself to achieve on-site reactive power compensa-
tion or accept reactive power dispatch has high economic 
efficiency (Peng et al., 2024; Tan et al., 2021; Wang et al., 
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2022). However, due to the different operating states and 
electrical distances of the WTs in the wind farm, the 
impact trend of the output of different WTs on the sys-
tem node voltage is different. Therefore, it is difficult to 
allocate the superior dispatch instructions to each WT 
(Guo et al., 2018a).

To achieve the allocation of reactive power dispatch 
instructions for wind farms, Ref. (Chondrogiannis et al., 
2007; Sakamuri et al., 2016) adopt PI control of reactive 
power exchange values at point of common coupling 
(PCC), and allocate reactive power demand proportion-
ally to each WT. In Ref. (Zhang et al., 2016), the reactive 
power output characteristics of doubly fed induction 
generator were considered, and the allocation of reac-
tive power was achieved by prioritizing stator reactive 
power output and supplementing it with grid side invert-
ers when insufficient. Ref. (Moursi et  al., 2008) consid-
ers the active output of the WT, calculates the remaining 
reactive capacity of the inverter, and then issues reactive 
power instructions based on the proportional alloca-
tion of reactive capacity. In ref. (Guo et al., 2018b; Hung 
et  al., 2019), a wind farm power flow model was estab-
lished to optimize the distribution of WT reactive power 
command values with the goal of satisfying scheduling 
instructions and minimizing system active power loss 
and voltage deviation. Ref. (Zhao et al., 2016) takes both 
node voltage and system loss as optimization objectives, 
prioritizes the utilization of reactive power capacity of 
the WT, and uses reactive power compensation equip-
ment to supplement when insufficient.

In summary, the reactive power dispatch methods of 
wind farms are mainly divided into two categories.

(1) Fixed rules, such as proportional distribution of 
reactive power capacity, which does not need com-
plicated calculation process and has low dependence 
on system parameters.
(2) Based on power flow optimization, which needs 
detailed system parameter modeling and iterative 
solution, and has poor real-time performance, which 
is difficult to meet the demand of ms level power 
scheduling.

To meet the real-time reactive power scheduling 
requirements of the system, the first method is widely 
used in the current wind farm energy management plat-
form. However, it does not take the differences in elec-
trical distance (Lagonotte et al., 1989) between the WTs 
into account, resulting in some WTs exceeding their volt-
age limits when participating in reactive power dispatch. 
Therefore, a reactive power allocation method based 
on dynamic weight adjustment of electrical distance 
and reactive power capacity is proposed in this paper. 

By reducing the reactive power output of WTs with a 
long electrical distance, the voltage limit of WTs can be 
avoided due to the increase of output reactive power, 
and has no complex logical operations, making it easy to 
implement.

The remainder of this paper is structured as follows. 
“Wind farm grid connected system and analysis of wind 
farm voltage characteristics” introduces the wind farm 
system and the voltage distribution characteristics of the 
wind farm. The optimization dispatch method is intro-
duced in “Improved reactive power scheduling method”. 
“Case study” validated the proposed method through 
simulation models; “Conclusion” concludes this paper.

Wind farm grid connected system and analysis 
of wind farm voltage characteristics
Wind farm grid connection system
This paper takes a 5 MW*25 wind farm as an example for 
research and explanation. The wind farm adopts a typical 
radial structure, and the spacing between WTs on each 
feeder line is 1 km, as shown in Fig. 1.

Among them, a 5  MW permanent magnet synchro-
nous generator is used, which is connected to the grid 
through a full power converter with a terminal voltage of 
690  V. Reactive power is injected into the grid through 
a grid side converter. The grid side converter is boosted 
to 35 kV through the WT box transformer, connected to 
the main boosting transformer of the wind farm through 
the collection line, and then sent to the grid after being 
boosted to 220  kV. The key parameters are shown in 
Table 1.

The reactive capacity of the grid side converter is con-
strained by the apparent power, current limit, and termi-
nal voltage, as described below:

where S, P, and Q, respectively, represent the apparent 
power, active power, and reactive power of the grid con-
nected inverter. Id, Iq, and Imax, respectively, represent the 
d-axis current, q-axis current, and current limit value of 
the inverter.

Voltage distribution characteristics within wind farms
Taking the wind farm shown in Fig.  1 as an example, 
the voltage distribution characteristics in the wind farm 
are further analyzed. Figure 2 shows the power–voltage 
(P–V) curves of different feeder distance WTs when 
the output power of the wind farm increases from 0 to 
1pu, where Vij represents the jth WT on the ith feeder 
line, and V11 and V55 are taken for comparative analy-
sis, representing the WTs with the closest and farthest 

(1)
{

−
√
S2 − P2 ≤ Qmax ≤

√
S2 − P2

I2d + I2q ≤ I2max
,
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electrical distances (the electrical distance calcula-
tion is derived in detail in Appendix A), respectively. 
It can be seen that as the output power increases, the 

node voltage generally shows a slight increase followed 
by a decrease. Therefore, there is a risk of exceeding 
the upper and lower limits of the wind farm. There-
fore, there is a risk of voltage exceeding both the upper 
and lower limits of the wind farm. Especially the volt-
age of the rear WT is more affected by fluctuations in 
the output power, and the voltage drop rate at the end 
increases faster with the increase of power, posing a 
greater risk of exceeding the limit.

Figure  3 shows the impact trend of reactive power 
output on voltage at different positions of the WT. 
It can be seen that the impact trend on voltage varies 
under different positions and reactive power direction 
settings. As shown in Fig. 3a, setting the output reactive 
power to + 0.3 pu, when the reactive power output of 
the WT on the fifth feeder line is prioritized (where QL5 
represents the reactive power command of the WT on 
fifth feeder), its terminal voltage has already exceeded 
the upper limit. When the output reactive power is 
−  0.3 pu, prioritizing the use of fifth feeder WT reac-
tive power will result in a lower limit risk (Fig.  3b), 
while prioritizing the use of first feeder WT will result 
in a lower limit risk. Based on the above analysis, the 
reactive power output of WTs at different electrical 
distances has different risks of voltage exceeding the 
system limit. Therefore, the conventional proportional 
allocation method may result in allocating more reac-
tive power output to the rear WTs, leading to frequent 
voltage exceeding and disconnection accidents for WTs 
with longer electrical distances.

Fig. 1  Wind farm structure diagram

Table 1  Equipment parameter table in wind farm

Equipment Parameter

35kv/220 kV transformer R = 0.005 pu, X = 0.12 pu

35 kV cable R = 0.0754 Ω/km, 
L = 0.3365 mH/km, 
C = 0.1805 μf/km

Distance of collection line (35 kV) Line1 = 1 km; 
Line2 = 5 km;
Line3 = 7 km; 
Line4 = 9 km; 
Line5 = 20 km

Fig. 2  P–V curves of WTs at different positions
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Improved reactive power scheduling method
After receiving the reactive power dispatch instruction 
from the power grid, the wind farm energy management 
platform distributes the reactive power dispatch instruc-
tion to each WT according to certain rules, as shown in 
the following equation:

where QWref and Qi, ref represent the reactive power 
dispatch command of the wind farm and the ith WT, 
respectively. N is the number of WTs in the wind farm, 
ai is the reactive power allocation coefficient for the ith 
WT.

When allocating according to the proportion of reac-
tive power capacity of the WT, the setting method of ai is 
as follows:

where Qi,max are the reactive power output limits of the 
ith WT. However, as mentioned earlier, using this alloca-
tion method may result in excessive output power of the 
rear WTs (with a long electrical distance), leading to volt-
age exceeding the limit at the WT terminals. Therefore, 
this section further introduces the factor of electrical dis-
tance to form a new reactive power allocation method, 
which is described as follows:

(2)











QWref =
n

�

i=1

Qi,ref

Qi,ref = Qdp ∗ αi

,

(3)
αi =

Qi,max
n
∑

i=1

Qi,max

,

(4)
αi = �1

Qi,max
n
∑

i=1

Qi,max

+ �2
di
n
∑

i=1

di

,

where di represents the electrical distance of the ith WT 
(detailed derivation is shown in Appendix A). In this 
paper, the wind farm adopts a typical radial structure, so 
the length of the line from the 35 kV feeder of the WT 
to the low voltage side of the 35 kV/220 kV transformer 
is directly used as the calculation method for electri-
cal distance. λ1 and λ2 are the weight coefficients of the 
remaining reactive capacity of the inverter and electrical 
distance of the WT, respectively. By adjusting the weight 
coefficients, the reactive power output of WTs with 
longer electrical distances can be reduced to ensure that 
the terminal voltage does not exceed the limit.

The following rules should be satisfied for λ1 and λ2:
Constraint:

(1)	 λ1 > 1, λ2 < 1, which means reducing the reactive 
power output of WTs that are far away from the 
electrical distance;

(2)	 λ1 + λ2 = 1, which means that all reactive power 
commands issued by the wind farm must be allo-
cated to each WT.

Using conventional perturbation observation or moun-
tain climbing methods to optimize the value of λ2, the 
optimization process is shown in Fig. 4.

In Fig.  4, λ2_Init, λ2_Max, λ2_Min, and Δλ2 are the initial, 
maximum, minimum, and optimization step values of 
λ2, respectively, with values of 0, 0, − 2, and 0.01. ΔU is 
the node voltage deviation, considering the difference 
in node voltage between WTs at different electrical dis-
tances, the calculation method for ΔU here is |V55–V11|.
Using this method can not only effectively reduce the 
voltage deviation of rear WTs, but also achieve a uniform 
distribution of node voltage within the wind farm. ΔU(t) 
and ΔU(t − 1) represent the voltage deviation at the cur-
rent time and the previous time, respectively.

Weight optimization process:

(a) (b)

Fig. 3  P–V curves of reactive power output from WTs at different positions. a Each WT on feeder lines 1 and 5 outputs reactive power of 0.3pu, 
respectively. b Each WT on feeder lines 1 and 5 outputs reactive power of − 0.3 pu, respectively
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The optimization process is as follows: when the 
wind farm receives a reactive power dispatch com-
mand, it starts initializing parameters and collect-
ing node voltage to calculate the current time ΔU(t). 
Then, the disturbance direction of λ2 is determined by 
judging the magnitude of ΔU(t) and the previous time 
ΔU(t − 1), if ΔU(t) > ΔU(t − 1), then λ2 = λ2 − Δλ2, and 
vice versa. Finally, the perturbed value of λ2 is sub-
stituted into Eqs.  (2) and (4) to calculate the reactive 
power command of each WT, achieving the allocation 
of reactive power dispatch command from the wind 
farm to each WT. To sum up, the optimization process 
only has simple addition and subtraction operations, 
without complex iterative calculation process, so its 
single calculation time can be ignored.

It should be noted that this paper only deals with the 
problem of reactive power distribution under steady 
operation conditions of wind farms. When the system 
has a fault or large disturbance, it needs to switch from 
steady state operation to transient fault crossing or 
additional damping control (Kumar et al., 2020, 2021, 
2022; Verma et al., 2023).

Case study
Based on the Matlab/Simulink simulation platform, a 
wind farm model as shown in Fig.  1 is established. The 
effectiveness of the proposed method is verified by set-
ting different wind speeds (corresponding to different 
power outputs of the WTs), different reactive power dis-
patch command operating conditions, and the following 
methods are used for comparative analysis:

(1)	 Traditional method. Currently the most widely used 
method based on equal proportional allocation of 
reactive power capacity.

(2)	 Proposed method. Dispatch method Based on 
dynamic weight adjustment of electrical distance 
and reactive power capacity.

Set the output of WTs on feeders 1 and 2–4 MW, and 
the output of units on feeders 3, 4, and 5–3  MW. The 
reactive power dispatch instructions are shown in Fig. 5.

The trend of node voltage changes under different con-
trol strategies is shown in Fig. 6, when no reactive power 

Fig. 4  Optimization process of λ2 based on perturbation observation 
method

Fig. 5  Wind farm reactive power dispatch instruction

Fig. 6  Trend of node voltage changes under different strategies
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command is received, the terminal voltage of the WT is 
within the range of [1.02, 1.03] pu. After 3 s, the reactive 
power dispatch command of 12MVar is received. Under 
the traditional proportional reactive power allocation 
method, the voltage deviation of nodes has significantly 
increased, especially for the rear WT (V55), where the 
deviation has reached around 0.075 pu, the voltage stabil-
ity margin is limited. When the reactive power dispatch 
command increased to 24MVar at 6  s, V55 reached 1.12 
pu, exceeding the upper limit constraint of the terminal 
voltage. At 9  s and 12  s, the reactive power output was 
set to −  12MVar and −  24MVar, and the terminal volt-
age (V55) of the rear WT decreased to 0.963  pu and 
0.895 pu, indicating that the terminal voltage of the rear 
WT had exceeded the lower limit. The main reason is 
that according to the proportional distribution, the out-
put active power of the rear WTs is smaller than that of 
the front WTs, resulting in a larger reactive power com-
mand allocated to the rear WTs, causing a greater voltage 
deviation.

After adopting the method proposed in this paper, the 
disturbance of weight λ2 was observed and optimized 
to reduce the proportion of reactive power output of 
the rear WTs. When the output reactive power was set 
to ± 24MVar, the terminal voltages were 1.074 pu and 
0.932 pu, respectively. Compared with the conventional 
control method, the WT terminal voltage remained 
within the upper and lower limit constraints, and effec-
tively improving the dispatch ability of the wind farm’s 
reactive power. The deviation of the WT terminal volt-
age was significantly reduced, with a decrease of 38% 
and 35%. At the same time, V11 and V55 were closer, and 
|V55  −  V11| decreased from the maximum 0.05pu to 
around 0pu, making the node voltage in the wind farm 
more balanced. Based on the above analysis, the simula-
tion results are consistent with the theoretical analysis 
and expected design of the allocation method mentioned 
earlier, which verifies the effectiveness of the proposed 
method.

The variation curve of weight λ2 is shown in Fig. 7. It 
can be seen that when receiving the reactive power com-
mand from the wind farm, λ2 begins to perturb and opti-
mize, and when the reactive power instruction changes 
abruptly, the optimization response speed of λ2 is in ms 
level, which meets the real-time requirement. When the 
reactive power command from the wind farm is 12 and 
24 MVar, the values of λ 2 are − 1.11 and − 0.89, respec-
tively. The corresponding reactive power commands 
for the WTs (shown in Fig.  8) are 0.78 (Q11,ref), −  0.137 
(Q55,ref), 1.4 (Q11,ref), and −  0.03 (Q55,ref), respectively, in 
MVar. It can be seen that when the output reactive power 
direction is + , the selection of λ2 effectively reduces 
the forward reactive power of the rear WT, achieving 

a reduction in voltage deviation. When the reactive 
power commands are −  12 and −  24 MVar, the values 
of λ2 are − 0.36 and − 0.51, respectively, and the corre-
sponding reactive power commands for the units are 
−  0.52 (Q11,ref) and −  0.314 (Q55,ref), −  1.14 (Q11,ref) and 
4.45 (Q55,ref), respectively, in MVar. This also reduces the 
reactive power output of the rear WTs to reduce voltage 
deviation.

To further validate the effectiveness of the proposed 
method, the output power of WF is set, as shown in 
Fig. 9. It can be seen that the power output range of the 
wind farm is within the range of [0.1, 0.9] pu, which can 
simulate the actual power fluctuations of wind farms.

The reactive power dispatch value for the wind farm 
is set to be the same as Fig. 5, and the switching time is 
changed to 0, 20, 30, and 40 s. Figure 10 shows the volt-
age variation trend of the WT nodes under different con-
trol strategies, and representative front WT (W11) and 
rear WT (W55) terminal voltages were still selected for 

Fig. 7  Variation curve of weight λ2

Fig. 8  Comparison of reactive power allocation results 
under different methods strategies
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comparative analysis. It can be seen that the node voltage 
fluctuates with wind speed, and the voltage of the rear 
WT (W55) is higher than that of the front WT (W11), 
with a voltage variation range between [0.985, 1.03] 
(W11) and [0.99, 1.04] (W55). When receiving reactive 
power instructions and using the conventional propor-
tional method, the voltage deviation at the rear is signifi-
cantly increased due to the influence of reactive power 
output. The voltage variation range is within the range 
of [0.96, 1.05] (W11) and [0.937, 1.13] (W55), it is obvi-
ous that conventional allocation method has caused the 
voltage to exceed the limit, and the maximum difference 
in terminal voltage between WTs has reached 0.05 pu. 
When using the proposed method, the voltage variation 
range is within the range of [0.96, 1.08], which reduces 
the maximum voltage deviation by 38% compared to the 
conventional method, and there is no situation of the 
WT voltage exceeding the limit. Prove that the proposed 

method can effectively reduce voltage deviation, improve 
system voltage stability and reactive power utilization.

The variation curves of reactive power output and λ2 
are shown in Figs. 11 and 12. It can be seen that as the 
wind speed and reactive power dispatch change, λ2 can 
quickly and dynamically optimize to adjust the allocation 
of reactive power commands, and the response speed can 
meet the requirements of online applications. Compared 
with the conventional distribution method, the reactive 
power command of the front row is higher than that of 
the rear row, so as to reduce the risk of the rear row volt-
age exceeding the limit.

Through the above analysis, the effectiveness of the 
proposed method has been confirmed. It only adjusts the 
weight between electrical distance and reactive power 
capacity without the need for complex mathematical 
operations, such as power flow modeling. It not only 

Fig. 9  Wind farm output active power waveform

Fig. 10  Trend of node voltage changes under different strategies

Fig. 11  Voltage variation trend of different control strategies 
under wind speed fluctuations

Fig. 12  Change curve of weight λ2 under the simultaneous change 
of active and reactive power references
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effectively reduces voltage deviation but also has the 
advantage of simple implementation.

Conclusion
Based on the study of voltage distribution characteristics 
in wind farms, this paper proposes a reactive power allo-
cation method for wind farms that considers electrical 
distance and residual reactive capacity. Through theoreti-
cal analysis and experimental verification, the main con-
clusions are as follows:

(1)	 Due to the influence of line impedance, when reac-
tive power is output by units located at a longer 
electrical distance, it is easy to cause the terminal 
voltage to exceed the limit. When allocating reac-
tive power proportionally based on the reactive 
capacity of the converter, it may result in WTs with 
longer electrical distances being assigned larger 
reactive power commands, causing the terminal 
voltage of the WTs to exceed the limit;

(2)	 By adjusting the weight of electrical distance and 
reactive capacity based on real-time voltage devia-
tion, there is no need for detailed parameter power 
flow modeling of the system, and there is no com-
plex logical operation. This reduces the output reac-
tive power of WTs with longer electrical distances, 
effectively solving the problem of voltage exceed-
ing the limit of rear WTs caused by reactive power 
allocation. Compared with conventional methods, 
it can further improve system voltage stability and 
reactive power utilization of wind farms.

In future research, further consideration will be given 
to reactive power allocation methods for unconventional 
radial structure wind farms.

Appendix A
In this paper, the electrical distance calculation method 
is based on transmission impedance, which is illustrated 
below by taking the single power–single load network as 
an example, as shown in Fig. 13.

where the equivalent transmission impedance 
between branches/nodes can be obtained by the 
serial–parallel relationship, respectively: Zik = Zij + Zjk 
(Fig. 13a), Zij = Zij,1 + Zjk,2 (Fig. 13b), and then the modu-
lus value of the impedance is taken to represent the size 
of the electrical distance. This method is also used in 
the paper to calculate the electrical distance.

Considering that the unit impedance parameters 
of the lines in the wind farm are the same, the length 
of the line distance from the WT node to the PCC is 
used in this paper to indirectly represent the electri-
cal distance, which is the same as the actual calculation 
method based on transmission impedance when calcu-
lating the weight, as shown follow:

where Li,pcc represent the line length from node i to PCC, 
Zi,pcc represent the unit line impedance from node i to 
PCC, and the line unit impedance in the wind farm is 
consistent or relatively close, so the weight calculation 
between electrical distances can be directly simplified to 
the ratio between line lengths.
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考虑可再生能源接入的主动配电网双层规

划消纳优化方法 

吴国栋1,2，胡殿刚 2，张珍珍 3，包广清 1 

（1.兰州理工大学电气工程与信息工程学院，甘肃 兰州 730030；2.甘肃省电力公司，甘肃 兰州 730030；

3.甘肃省电力公司电力科学研究院，甘肃 兰州 730030） 

 

摘要：可再生能源大规模接入电网后，其固有的出力不确定性和波动性直接导致了电网消纳出现一定问题，

无法达到最大消纳，增加了电网的整体运行风险。为保证可再生能源并网后主动配电网的稳定运行，提出

考虑可再生能源消纳的主动配电网双层规划方法。基于功率函数描述可再生能源消纳中的不确定性，依据

该计算结果构建主动配电网双层规划函数，上层模型优化规划成本和网络灵活性，下层模型提升可再生能

源消纳能力并降低运行风险，并设定相关约束条件。为求解该模型，并采用精英策略优化布谷鸟算法，通

过更新鸟窝位置并结合精英策略进行迭代优化，输出满足所有约束条件的主动配电网规划方案的最优选择，

实现电网消纳优化。仿真结果表明：利用该方法的可再生能源消纳率达到 77.85%；线路平均负载不超过

24.2%，变电站平均负载不超过 30%；该网络在不同波动比例下，各个线路的传输充裕率均为正数，结果

均在 0.4 以上。由此表明，所提方法可以实现主动配电网不确定性规划，保证电网的稳定运行。 

关键词：可再生能源；消纳能力；主动配电网；不确定性规划；双层规划模型；线路平均负载 
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Dual layer planning and consumption optimization method for active distribution 

network considering renewable energy access 

 

WU Guodong1,2, HU Diangang2, ZHANG Zhenzhen3,BAO Guangqing1 
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Lanzhou 730030, China; 2.State Grid Gansu Electric Power Company, Lanzhou  730030, China; 

3.State Grid Gansu Electric Power Company Electric Power Science Research Institute,  

Lanzhou 730030, China) 

Abstract: After the large-scale integration of renewable energy into the power grid, its inherent 

output uncertainty and volatility directly lead to certain problems in grid consumption, which 

cannot achieve maximum consumption and increase the overall operational risk of the power grid. 

To ensure the stable operation of the active distribution network after the integration of renewable 

energy, a dual layer planning method for the active distribution network considering the 

consumption of renewable energy is proposed. Based on the power function to describe the 

uncertainty in renewable energy consumption, an active distribution network dual layer planning 

function is constructed based on the calculation results. The upper layer model optimizes the 

planning cost and network flexibility, while the lower layer model enhances the renewable energy 

consumption capacity and reduces operational risks, and sets relevant constraints. To solve the 

model and optimize the cuckoo algorithm using the elite strategy, the bird nest position is updated 

and the elite strategy is combined for iterative optimization. The optimal selection of the active 
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distribution network planning scheme that meets all constraints is output to achieve power grid 

consumption optimization. The simulation results show that the renewable energy consumption 

rate using this method reaches 77.85%; The average load of the line shall not exceed 24.2%, and 

the average load of the substation shall not exceed 30%; The transmission adequacy ratio of each 

line in this network is positive under different fluctuation ratios, and the results are all above 0.4. 

This indicates that the proposed method can achieve active distribution network uncertainty 

planning and ensure the stable operation of the power grid. 

Keywords: renewable energy; consumption capacity; active distribution network; uncertainty 

planning; dual layer planning model; line average load 

0 引言 

主动配电网能够高效地集成并优化分

布式电源、储能装置及可控负荷等多元资源，

提高电网的灵活性和可靠性[1-2]。然而，可

再生能源发电的不确定性对电网规划构成

了严峻挑战，这种不确定性不仅体现在发电

量的精准预测难度上，更直接关系到电网的

调度策略与消纳能力[3]。为保证主动配电网

的稳定运行。众多学者对此展开研究。 

刘帅等[4]提出基于净负荷最优可接纳

域的新模型用于配电网电源规划，有效解决

了可靠性成本计算的难题。但可再生能源的

间歇性和波动性可能导致电网功率频繁波

动，影响电网的稳定性和安全性。孟令卓超

等[5]针对分布式光伏和储能装置接入主动

配电网后的不确定性，提出了经济优化调度

模型。该模型通过线性化方法和概率约束转

换简化为混合整数线性规划问题，旨在平衡

调度成本与可靠性。但在极端情况下无法保

证系统的稳定运行和最大可再生能源消纳。

董雷等[6]为实现配电网规划，确保稳定运行

并提升资源灵活性，构建了一个结合智能开

关特点的双层优化模型。他们采用强化学习

方法进行动态规划，以适应源荷不确定性场

景。然而，在处理可再生能源出力的高度不

确定性和波动性时，可能导致策略在极端情

况下失效，影响可再生能源的最大消纳。

Heitor 等[7]为配电系统规划提出了交直流优

化扩展方法，通过整数规划确定电网结构和

转换器配置。但该方法未充分考虑其波动性

和随机性，可能影响实际运行中的最大消纳

能力。司威等[8]为确保配电网规划后的稳定

性，分析了风光能源的不确定性影响，并构

建了以降低运行成本为主的优化模型来确

定规划调度方案。然而，该方法忽视了电网

最大消纳能力，可能导致在可再生能源大规

模接入时电网缺乏足够的灵活性和适应性。

朱自伟等[9]构建了风光储联合发电系统并

优化柔性负荷调度，采用模糊自适应粒子群

算法提高主动配电网对分布式可再生能源

的消纳能力和运行稳定性。但可再生能源出

力的不确定性可能导致预测偏差，从而难以

准确评估配电网的消纳和运行稳定性。 

本研究提出了一种考虑可再生能源消

纳的主动配电网双层规划方法。以确保电网

安全和满足负荷需求。 

1 主动配电网双层规划消纳优化 

1.1 双层规划优化模型建立 

可再生能源，如太阳能和风能，其发电

量受到天气条件（如日照强度、风速、风向、

云层遮挡等）的直接影响，导致发电功率表

现出显著的间歇性和波动性[10]。这种不确定

性使得可再生能源发电与电力需求之间难

以实时匹配，增加了电网调度和消纳的难度
[11]。为了解决这一问题，本研究采用了双层

规划方法，使主动配电网能够更加灵活地应

对可再生能源消纳中的不确定性问题。利用

鲁棒优化算法构建了可再生能源的功率函

数，以准确描述其不确定性。双层规划模型

包括上层网架规划和下层运行结构规划：上

层模型旨在优化规划成本和网络灵活性，确

保规划结果的前瞻性和经济性；下层模型则

聚焦于提升可再生能源消纳能力、降低运行

综合风险，并设定可再生能源消纳、渗透率

及可靠性等约束条件。通过双层规划，该方

法能够灵活应对可再生能源的不确定性，提

高电网的消纳能力和运行稳定性。 

为充分描述可再生能源消纳的不确定



性，选择鲁棒优化算法构建其功率函数，使

得规划模型能够更好地适应实际运行中的

不确定性因素。计算该能源的实际功率结果

 sP t ，其公式为： 

     s s sP t P t P t       （1） 

其中在 t 时段下，  sP t 表示预测功率；其

与  sP t 之间侧差值结果用  sP t 表示。 

依据公式（1）的结果，构建双层主动

配电网规划目标函数[12]，即上层函数和下层

函数。 

1）上层函数 

上层函数主要用于主动配电网的网架

规划，通过设定合理的目标函数保证规划结

果的合理性和经济性，文中设定该层的目标

函数为主动配电网的规划成本最小minC 、

网络灵活性最大 1max f ，目标函数的计算

公式为： 

1 2 3 4minC C C C C      （2） 

1

1

max
T

t

ij

t

f 


      （3） 

其中T 表示调度周期；ij 表示线路，其在进

行能源传输时的充裕度用
t

ij 表示； 1C 、 2C 、

3C 均表示成本，分别是规划投资产生的、

电量购买产生、可再生能源运行产生； 4C 则

是电网在出力不确定性时产生的惩罚成本。

3C 、 4C 的计算公式为： 

   

   

3 3

4 4

s

s

C t P t

C t P t









    （4） 

其中  3 t 和  4 t 分别表示两种成本对应

的系数。 

在上层函数中，主要考虑可再生能源的

运行特点对其功率进行约束： 

     min maxsP t P t P t      （5） 

其中  sP t 的最大值和最小值分别用

 maxP t
和  minP t 表示。 

通过上层函数完成主动配电网的网架

规划后，则进行其内部运行结构规划，该规

划核心目的是提升主动配电网的可再生能

源消纳能力，同时保证主动配电网的安全、

稳定运行[13]。 

2）下层函数 

下层以运行综合风险指标最小 1min  、

日前消纳能力最大 2max f 以及可再生能源

功率削减量最小 3min f 为目标函数，其计算

公式分别为： 

1 1 1 2 2min w R w R         （6） 

   max

2 ,

1 1

min
sNT

s g s

t g

f P t P t
 

    （7） 
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







      （8） 

其中 1R 和 2R 分别表示失负荷风险和设备损

坏风险；主动配电网运行时发生两种风险的

权重系数用 1w 和 2w 表示；  max

,s gP t 表示可

再生能源最大出力。 

下层函数的主要目标是提升主动配电

网的消纳能力以及安全运行，因此设定相关

约束条件： 

1）可再生能源消纳约束： 

可再生能源功率实际消纳功率需低于

预测功率，该约束条件公式为： 

   maxP t P t      （9） 



其中  P t 表示在 t 时刻下，能够调用的可再

生能源出力；其最大功率结果用  maxP t 表

示。 

2）可再生能源渗透率约束： 

为保证主动配电网规划后安全性[14]，需

保证规划后网络中节点、线路等不会发生电

压和电流越限情况，因此，约束可再生能源

的并网容量，其公式为： 

max         （10） 

其中可再生能源的实际渗透率和最大渗透

率分别用 和 max 表示。 

3）可靠性约束： 

主动配电网规划后，需保证其能源的可

靠性[15]，满足用电需求，因此，该约束条件

的计算公式为： 

minA          （11） 

u o o
A

u

N T N

N



      （12） 

其中 A 表示平均供电可用率； min 表示最

低供电可用率标准； oT 表示线路发生故障

后的持续时间； oN 和 uN 分别表示全部用户

数量和供电受影响用户数量。 

综上所述，双层规划函数能够分别处理

不同层次的优化问题，并在两层之间建立联

系。在上层规划中，可以综合考虑可再生能

源的不确定性对电网规划的影响；在下层规

划中，则可以针对具体的电网运行场景进行

优化。这种分层处理有助于更全面地考虑不

确定性因素，有效提高规划结果的准确性和

可靠性，为电网的安全稳定运行提供有力保

障。 

1.2 双层规划优化模型求解 

在实际应用场景中，主动配电网面临着

复杂多变的运行环境，其中包括可再生能源

发电和负荷需求等多种不确定性因素，这些

因素对电网的消纳能力构成了挑战。为了有

效应对这些挑战，本研究采用一种改进的布

谷鸟算法来求解双层规划优化模型中的上

下层目标函数。该算法融合了布谷鸟算法的

全局搜索能力强和收敛速度快的特点，并结

合了精英策略，以增强算法的适应性和鲁棒

性。求解流程涉及设定运行参数、约束条件

及初始化解集。随后，通过更新鸟窝位置，

并结合精英策略将鸟窝划分为精英和普通

两类。对于精英鸟窝，采用随机变化方式更

新位置；对于普通鸟窝，则采用引力搜索方

式更新位置，以此引导搜索过程向更优解方

向移动。最终，通过重复迭代直至达到预设

的最大迭代次数，输出双层规划问题的最优

解，为电网调度和规划提供可靠的决策支持。

求解过程如下： 

步骤 1：设定主动配电网的运行参数。

定义规划模型的相关约束条件，包括可再生

能源出力约束、渗透率约束、可靠性约束等，

确保规划结果符合电网运行的实际情况。随

机生成一组初始的鸟窝（即目标解的候选集

合），每个鸟窝代表一个可能的配电网规划

方案。确定算法的最大迭代次数，作为算法

终止的条件之一。对于每个上层函数的解

（即每个鸟窝），需要求解对应的下层函数

以得到最优解。这通常涉及到在满足下层约

束条件下，优化下层目标函数（如运行综合

风险最小、消纳能力最大等）。基于下层函

数得到的最优解，计算上层函数的适应度。

适应度通常反映了该解对应的规划方案在

经济性、灵活性等方面的优劣。适应度的表

达式为： 

       1 2 3=min max maxf k k f k f k  

（13） 

其中
 if k

表示个体 i 的适应值；其最大值

和最小值分别用  max f k 和  min f k 表

示； k 表示迭代次数。 

步骤 2：更新鸟窝位置。在每次迭代中，

根据布谷鸟算法的搜索机制更新鸟窝的位

置和随机数，将和鸟窝位置被发现概率



 a k 进行对比，如果  ar k ，则通过

随机的方式变化当前鸟窝位置，即解的位置，

生成新一代鸟窝位置；反之则不对鸟窝位置

进行更新，保持不变。 

步骤 3：依据精英策略进行鸟窝划分，

其公式为： 

 1

e z

e

z

M M M

M M

M M





 


  


 

    （14） 

其中 eM 和 zM 分别表示种群中精英个体和

普通个体的数量； M 表示种群规模；  表

示个体分割黄金比例。 

依据公式（14）即可完成当前鸟窝的划

分，形成精英和普通两种鸟窝。 

步骤 4：通过引力搜索的方式更新划分

获取的精英鸟窝位置，以此生成新的鸟窝位

置。引力搜索的表达式为： 

   
   

 
   ,

,

e e

i j i j

i j

M k M k
k k x k x k

d k
 


   

（15） 

其中  k 表示引力系数；  ,i jd k 表示两

个鸟窝（目标解）之间的欧式距离；  eM k

和  eM k 分别表示鸟窝（目标解）的主动

和被动引力质量；  ix k 和  jx k 分别表示

两个鸟窝（目标解）在 k 次迭代后的位置；

 表示常数。 

由此得到精英鸟窝的更新策略，以引导

搜索向更优解区域移动。表达式为： 

         ,1i i i j i i ix k x k k rv k k    

（16） 

其中 ir 表示随机数；  iv k 表示迭代速度；

 i k 表示引力加速度。 

步骤 5：重复步骤 2~4，直到达到最大

迭代次数。输出最终的上层最优解及其对应

的下层最优解，作为双层规划问题的解。这

个解代表了在满足所有约束条件下，主动配

电网规划方案的最优选择。 

基于上述内容，得出基于改进布谷鸟算

法的双层规划优化模型求解流程图如图1所

示。 

开始

设定主动配电网的运行参数

定义规划模型的约束条件

随机生成初始鸟窝

确定最大迭代次数

对于每个上层函数解，求解下层函数最优解

计算上层函数的适应度

更新鸟窝位置

依据精英策略划分鸟窝

是否达到最大迭代次数

输出最终上层最优解及对应下层最优解

结束

为普通鸟窝采用引力搜索更新位置 为精英鸟窝采用随机变化更新位置 

 

图 1 双层规划优化模型求解流程图 

通过上述步骤，改进的布谷鸟算法能够

有效地求解双层规划优化模型中的上下层

目标函数，为电网调度和规划提供可靠的决

策支持。 

2 仿真分析 

2.1 仿真设置 

为验证本研究所提出的方法对于主动

配电网的规划效果，以某地区待规划的局部

配电网为例。该地区的气象、电负荷等基础

数据如表 1 所示。 

表 1 仿真区域基础数据 

参数名称 参数值（年平均） 

风速 5.5 m/s 

光照强度 450 W/m² 



温度 20.5 ℃ 

历史负荷（平均） 450 MW 

负荷预测（平均） 475 MW 

该配电网中包含 2 个变电站，两条已建

线路，待建设线路为 18 条，原始规划方案

如图 2 所示。 
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图 2  局部配电网规划方案示意图 

该配电网在规划时，需考虑光伏和风电

场并网情况，因此，需保证规划后光伏的消

纳率，同时考虑其不确定性的影响，并保证

主动配电网规划后的运行安全。接入的光伏

和风电场以及储能系统的详细参数如表2和

表 3 所示。 

表 2 光伏和风电场的详细参数 

类别 安装节点 装机容量/kW 

光伏 

2 550 

6 800 

11 700 

风电场 

8 500 

4 700 

13 500 

表 3 储能系统的详细参数 

参数名称 数值 

最大充电功率/kW 1500 

最大放电功率/kW 1500 

最大安装容量/kWh 6000 

最大安装视在功率/kVA 1650 

储能充电效率/% 85 

储能放电效率/% 80 

储能放电深度/% 92 

储能安装单位容量/(组/kW) 100 

实验过程中，所提方法的参数设置如表

4 所示。 

表 4 算法的参数设置 

参数名称 
参数

值 

贴现率 0.05 

网络灵活性权重 0.4 

规划成本权重 0.6 

可再生能源渗透率目标 30% 

时间步长 1 小时 

仿真时长 365 天 

可再生能源预测误差标准差（风

力） 
15% 

可再生能源预测误差标准差（光

伏） 
10% 

运行风险权重 0.3 

可再生能源消纳能力权重 0.7 

种群大小 50 

最大迭代次数 1000 

发现概率 0.25 

精英个体比例 10% 

步长缩放因子 0.01 

局部搜索步长缩放因子 0.1 

2.2 结果与分析 

在上述设置的基础上，获取该配电网的

网架规划结果以及规划前后配电网的内部

运行情况，测试结果如图 3 和表 5 所示。 
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图 3  主动配电网网架结构规划结果 

 

表 5 规划前后配电网的内部运行情况 

测试内容 原始结果 规划结果 

运行成本/元 33205.7 25505.4 

可再生能源消纳率/% 41.72 77.85 

网络灵活性/% 55.44 78.14 

综合风险 1.83 1.47 

可再生能源功率削减量

/TWh 
6.11 5.53 

对图 3 和表 5 测试结果进行分析后得出：

通过本研究提出的方法进行主动配电网规

划后，能够依据规划目标完成网架规划，并

且规划的线路清晰，网架结构简单，不存在

重复交叉情况；同时对比原始规划方案结果，

规划后的总成本明显下降，可再生能源的消

纳率达到 77.85%。这是因为所构建的功率

函数，能够充分描述可再生能源消纳中的不

确定性。这种描述方式能够更准确地反映可

再生能源出力的波动性和随机性，从而为规

划提供更加可靠的数据支持。 

为进一步全面评估本研究提出方法的

规划效果，采用了线路平均负载 ij 和变电

站平均负载 ij 作为评价指标。这两个指标

能够直观反映规划后配电网在实际运行过

程中，网架结构以及内部变电站的负载情况。

结合该配电网的实际规划需求与运行标准，

设定了明确的期望阈值：即期望线路平均负

载 ij 不超过 24.2%，变电站平均负载 ij 不

超过 30%。两个指标的计算公式分别为： 

 24

max
, 1

1 ij

ij

i j tG ij

S t

TN S


 

     （17） 

   24
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1 e

ij

t o o

L t L t

T E Q








   （18） 

其中T 表示时段数量； GN 表示支路数量；

 ijS t 和
max

ijS 分别表示线路 ij 的负荷以及

负荷最大值；  eL t 和  0L t 分别表示变电

站新增和现有负荷功率； oE 表示变电容量；

oQ 表示额定负载率。 

依据上述公式对本研究提出的方法在

不同时段下规划后的配电网运行情况进行

详细分析。各个时段内，线路平均负载和变

电站平均负载结果，如表 6 所示。 

表 6 线路平均负载和变电站平均负载结果 

时段/h 线路平均负载/% 变电站平均负载/% 

3 17.6 21.3 

6 18.1 24.6 

9 19.3 25.7 

12 16.6 20.2 

15 21.2 23.9 

18 20.7 24.4 

21 22.2 25.6 

24 19.8 27.7 

对表 6 测试结果进行分析后得出：通过

本研究提出的主动配电网规划方法，在不同

运行时段下，无论是线路平均负载还是变电

站平均负载，其值均保持在合理且可控的范

围内，并且满足规划需求。其中，线路平均

负载在 16.6%至 22.2%之间波动，远低于可

能导致过载的阈值；而变电站平均负载则在

20.2%至 27.7%之间变化，同样保持在安全、

经济的运行区间内。这是因为本文所设计的

双层规划方法通过构建上层和下层规划函

数，能够综合考虑可再生能源的不确定性以

及主动配电网的经济性和可靠性。上层规划

可能侧重于整体的电网结构和资源配置，而

下层规划则可能更关注具体的运行策略和



优化调度。这种分层处理使得规划过程更加

系统和全面，能够更好地应对可再生能源并

网带来的不确定性。因此，本文提出的方法

在提升可再生能源消纳能力的同时，也有效

地优化了配电网的运行状态，确保了电网的

稳定性和可靠性。在不同时段的运行中，电

网能够灵活应对负荷变化，保持高效的能源

传输和分配能力。 

为验证本研究提出的考虑可再生能源

消纳的主动配电网双层规划方法的应用效

果，选取配电网内规划线路的传输充裕率

ijF 作为衡量标准。传输充裕率定义为实际

传输容量与最大传输容量之间的比值，其取

值在-1 至 1 之间。当传输充裕率为正数时，

表明线路的传输能力完全满足甚至超出规

划需求，能够有效保障可再生能源的充分消

纳及电网的稳定运行；相反，若传输充裕率

为负值，则意味着线路的传输能力不足以满

足规划需求，可能导致电网运行风险增加。

传输充裕率计算公式为： 

max

max

ij ij

ij

ij

S S
F

S


      （19） 

其中 ijS 和
max

ijS 分别表示线路的传输量以及

传输上限。 

依据上述公式获取不同线路在不同波

动比例下的传输充裕率结果，如图 4 所示。 
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图 4  传输充裕率测试结果 

对图 4 测试结果进行分析后得出：本研

究提出的主动配电网规划方法在应对各种

可再生能源电力波动时表现出色。本研究方

法应用后该网络中所有线路的传输充裕率

均维持在正数水平，并且稳定在 0.4 以上。

这一结果有力地证明了经过规划后的网络

整体运行状态优秀，完全达到了预定的运行

性能标准。这种优越性能的取得，主要原因

在于本研究提出的方法所采用的双层规划

函数及其设定的相关约束条件。不仅考虑了

可再生能源的消纳能力，还兼顾了电网的稳

定性、安全性以及经济性等多方面的因素，

通过设定合理的约束条件，规划方案得以在

优化可再生能源消纳的同时，保证电网的整

体性能不会受到负面影响，从而在实际应用

中能够显著提升可再生能源的消纳率，并维

持电网在高效率、高稳定性和高安全性状态

下的运行。 

为了更全面的验证所提方法的有效性，

选择文献[4]方法和文献[5]方法作为对比方

法，以误差率为评估指标展示不同方法在求

解性能上的显著差异。具体如表 7 所示。 

表 7 不同方法的求解性能对比结果表 

迭代次数 所提方法/% 
文献[4]方

法/% 

文献[5]方

法/% 

100 0.32 0.43 0.48 

200 0.30 0.41 0.43 

300 0.26 0.38 0.40 

400 0.19 0.36 0.35 

500 0.13 0.33 0.31 

600 0.09 0.30 0.26 

700 0.07 0.27 0.20 

800 0.06 0.22 0.18 

900 0.05 0.15 0.12 

1000 0.03 0.09 0.07 

从表 7 中可以看出，随着迭代次数的增

加，三种方法的误差率均呈现出下降趋势。

在相同迭代次数下，三种方法误差率的大小

对比为：文献[5]方法>文献[4]方法>所提方

法。这可能是由于文献[5]方法在处理不确定

性时采用了更为复杂的概率约束和机会约



束规划模型，导致求解过程相对复杂。文献

[4]方法通过线性化计算方法和对偶理论等

技术的应用，实现了模型的高效求解。因此，

尽管文献[5]通过线性化方法和离散步长变

换方法简化了模型，但相较于文献[4]的线性

化计算方法，其计算效率可能仍受到一定影

响。而所提方法采用了精英策略优化布谷鸟

算法。通过更新鸟窝位置并结合精英策略进

行迭代优化，能够高效地搜索满足所有约束

条件的最优解。这种算法的应用使得所提方

法在求解复杂规划问题时具有较高的效率

和准确性。因此，当迭代次数达到 1000 次

时，所提方法的误差率可以降低至 0.03%，

有效的增加了规划方案的实际可行性和有

效性。 

由此，衡量三种方法下，主动配电网中

可再生能源发电量的占比。 

通过比较规划前后的可再生能源渗透

率，可以评估该方法对提高可再生能源利用

率的效果。如果渗透率显著增加，则说明该

方法在促进可再生能源并网和消纳方面有

效。得到的结果如图 5 所示。 
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图 5 三种方法的渗透率结果 

从图 5 中可以看出，三种方法的渗透率

均是从 70%开始，随着迭代次数的增加，呈

现出不同趋势的增加。其中，所提方法的渗

透率可以增加到 99%左右，增长幅度相对较

快且增量较大。相比之下，文献[4]方法虽然

通过引入节点净负荷可接纳域和线性化计

算新方法提高了模型求解效率，但在可再生

能源并网和消纳方面的优化策略不足，导致

渗透率增长幅度和增量较小。而文献[5]方法

主要关注经济优化调度问题，对规划层面的

考虑较少，因此在提升可再生能源利用率方

面也相对有限，渗透率增长同样不如所提方

法显著。这是因为所采用的精英策略优化布

谷鸟算法是一种高效的优化算法，能够快速

收敛并找到全局最优解。在求解双层规划目

标函数时，该算法能够充分利用其搜索能力，

找到最优的规划方案。因此，所提方法可以

显著提高可再生能源的渗透率。 

3 结束语 

本文针对可再生能源大规模接入电网

后带来的不确定性挑战，提出了基于可再生

能源消纳的主动配电网双层规划方法。通过

该方法，不仅有效应对了可再生能源出力的

波动性和不确定性，还显著提升了电网对可

再生能源的消纳能力，实现了高达 77.85%

的消纳率。同时，该规划方法确保了电网内

各线路及变电站的负载维持在合理水平，平

均线路负载低于 24.2%，变电站平均负载控

制在 30%以内，显著增强了电网的整体稳定

性和运行效率。在不同波动场景下，该方法

均能保持各线路传输充裕率为正且稳定在

较高水平，从而全面验证了所提方法在主动

配电网不确定性规划中的有效性和可靠性，

为可再生能源的广泛接入和电网的安全稳

定运行提供了有力支持。 
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蝗虫优化算法与单一预测模型在干旱区光伏功率
预测中的比较研究
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（1. 国网甘肃省电力公司，甘肃 兰州 730030；2. 甘肃省气象服务中心，甘肃 兰州 730020）
摘 要：为了找出适用于干旱区的更为精确的光伏功率预测方法，基于 2022 年甘肃省敦煌某光伏电

站的实际观测数据和数值预报资料，利用原型预报法、短期误差订正法、逐步回归法建立 3 种短期光

伏功率预测模型，同时，使用蝗虫优化算法对 3 种单一模型优化形成组合预测方法，并对 4 种方法的预

报效果进行检验和评估。结果表明，单一预测模型中逐步回归法均方根误差、相对均方根误差均小于

原型预报法、短期误差订正法，逐步回归法的预报精度更高，变化幅度最小，预报效果更为稳定；与 3
种单一模型相比，经过蝗虫优化算法形成的组合预测模型预报效果有所提升，平均均方根误差分别降

低 145.21、153.48 和 70.91 kW；不同天气状况下，组合预测模型均优于单一预测模型，晴天预测效果

最好。

关键词：光伏功率预测；原型预报法；短期误差订正法；逐步回归法；组合预测；蝗虫优化算法
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0　引 言

近年来，全球不可再生能源匮乏严重（王开艳

等，2022），可再生能源电力的发展生成技术显得尤

为重要（Wang et al.，2020），由于太阳能具有绿色、

丰富的优势，因此它将成为最突出的替代能源（El⁃
hadidy and Shaahid，2000；Khare et al.，2016）。截至

到 2023 年 12 月底，我国累计发电装机容量约 29.2
亿 kW，其中光伏累计装机规模已达 6.1 亿 kW，同比

增长 55.2%。受天文因子、气象因素、光伏组件等诸

多因素影响，光伏发电在并网时呈现出波动性和随

机性特点，会对电网系统造成严重冲击（丁明等，

2014；赵书强和李志伟，2018）。因此提高光伏功率

预测效果，对电网安全调度、电力系统的功率平衡

意义重大。

光伏功率预测从形式上分为点预测、区间和概

率预测（Mitrentsis and Lens，2022）。从时效上看主

要有超短期、短期及中长期预测，其中，超短期预测

时效为 0~4 h，短期预测时效为 0~48 h，中长期预测

时效为 1 个月甚至更长（赖昌伟等，2019）。方法上，

主要分为物理方法（Monteiro et al.，2013）、统计和机

器学习（Moreira et al.，2021；Aslam et al.，2021）模型。

物理法（或者叫原理法）是结合辐射预报结果和光

伏发电原理开展功率预测的间接预测方法（陈正洪

等，2011），该方法将气象数值天气预报数据作为输

入，不需要大量的历史数据支持，但要求电站系统

元数据信息精确程度较高，适用于无法提供大量历

史数据的新建光伏电站；统计和机器学习方法是基

于历史光伏电站数据和历史天气预报数据及相关

气象站数据等，通过统计分析和机器学习建立一种

输入与输出的映射关系，常见的有自回归模型和移

动平均方法（Li et al.，2016）、回归分析（Persson et 
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al.，2017）、人工神经网络（Yagli et al.，2019）、支持向

量机（殷豪等，2019）等方法，此类方法需要经过质

量控制的电站历史数据。随着机器学习研究的深

入，不同的机器学习方法可以适应不同的应用场景

和需求。相关研究中，李遥等（2020）在斜面辐射算

法改进的基础上，发现利用多元回归法建立的短期

光伏功率预测模型的预测效果要优于经验公式法；

达选芳等（2021）利用马尔科夫链模型对有云条件

下的短临辐射进行了订正预报并起到提高预报质

量的作用；韩自奋等（2022）利用自动矢量变换订正

方法有效降低了河西地区的太阳辐射预报偏差。

随着可再生能源需求增长和国家政策支持，光

伏发电预测技术和方法的研究得到国内外学者的

广泛重视，而我国幅员辽阔，光伏电站建站区域差

异明显，单一类型模型不能满足需求，因此可针对

不同区域的电站建立满足实际业务需求的多种功

率预测模型（王林等，2014）。另外，不同的单一模

型有不同的优点，根据不同模型优势建立组合模型

并优化的组合预测方法也受到广泛关注，组合模型

预测精度往往较传统单一模型有不同程度提高。

如许沛华等（2021）通过 softmax 集成预报算法使每

个 月 功 率 预 报 的 合 格 天 数 提 升 1~3 d；Wang 等

（2015）提出了一种基于“杜鹃搜索”的混合系统，试

验结果表明，优化后的预测系统与其他基准模型相

比预测效率明显提高；杨锡运等（2014）提出的基于

熵权法的组合预测模型、赵文清等（2017）提出的

IWD-Elman 神经网络模型均表现出组合预测模型效

果较单一模型明显提高。

甘肃河西地区是我国太阳能最丰富的地区之

一，年太阳总辐射量为 4 700~6 350 MJ·m-2（朱飙等，

2010），与国内其他太阳能资源丰富的地区相比，具

有日照时间长、辐射量强等优势。近年来，甘肃光

伏 市 场 规 模 增 长 迅 速 ，光 伏 单 日 发 电 出 力 可 达

1 604 万 kW，占当时全省总发电出力的 57%（王占

东，2024），然而甘肃本地太阳能光伏发电预测精度

仍然不能满足电网调度部门的需求。近年来，深度

学习技术在各个领域取得巨大成功，蝗虫优化算法

是一种新型的元启发式算法（Saremi et al.，2017），通

过模拟蝗虫群体的觅食行为来搜索最优解，在解决

复杂的优化问题方面表现出色。鉴于此，本研究选

取甘肃省河西地区典型光伏电站，基于原型预报

法、短期误差订正法、逐步回归分析方法，提出基于

蝗虫优化算法的组合预测方法，建立适用于光伏电

站短期光伏发电功率预测模型，并获得适用于当地

的更为精确的光伏功率预测方法。

1　数据与方法

1. 1　数据来源

敦煌某光伏电站位于甘肃省敦煌市七里镇光

伏产业园内，电站装机 20 000 kW，采用倾角固定式

安装方式，于 2015 年 1 月实现并网运行。

使用的观测实况数据来自 2022 年该光伏电站，

选取 1、4、7、10 月作为典型月，分别代表一年中冬、

春、夏、秋季开展研究。所用资料包括数值预报资

料和实况资料。数值预报资料来自甘肃省气象局

区域中尺度数值模式预报“绿海”，预报产品主要有

太阳总辐射、地面风速风向、2 m 气温、相对湿度及气

压，每天 20：00（北京时，下同）定时起报，时间分辨

率为 15 min，空间分辨率为 9 km，预报时效为 126 h，

所采用的预报数据时段为 17~41 h。实况资料为逐

15 min 光伏功率和太阳总辐射实况数据。资料均已

经过质控，剔除了各类异常值，数据较完整。

1. 2　评价指标

利用均方根误差和相对均方根误差对功率预

测效果进行检验及对比分析，计算公式（赵书强和

李志伟，2018）如下：

RMSE =
1
N∑

i = 1

N

(P i
f - P i

o )2 （1）

RRMSE =
1
N∑

i = 1

N

(P i
f - P i

o )2 /Cap （2）
式中：RMSE（kW）为均方根误差；RRMSE 为相对均

方根误差；P i
f（kW）表示功率预测值；P i

o（kW）表示功

率实际观测值；Cap（kW）为电站每日开机容量，即所

有运行逆变器容量总和；i 为样本；N 为样本总数。

1. 3　方 法

1. 3. 1　单一预测方法

1）原型预报法

根据光伏电板的发电原理和各参数间的转换

效率，建立光伏功率转换模型，将辐射预报代入转

换模型，实现光伏功率预测，称为原型预报法（王林

等，2014）。转换公式（陈正洪等，2011）如下：

Pdc = ηs ×[1 - α(Tc - 25)]× IT × S ×K1 ×K2 ×K3 ×K4 /1000

（3）
Tc = Ta +

TNOC - 20
800

× IT （4）
K1 = 1 - k × ya （5）

式中：IT（W·m-2）为斜面总辐射，采用李遥等（2020）
方法进行计算；TNOC（℃）为电池额定工作温度；Ta

（℃）为气温；Tc（℃）为板温；Pdc（kW）为发电功率；ηS

为标准光电转换效率；α（℃-1）为温度系数；S（m2）为

695
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光伏组件有效面积；K1为老化损失系数；K2为损失系

数，可取为 0.95~0.98；K3 为遮挡损失系数，可取为

0.90~0.95；K4 为 直 流 线 路 损 失 系 数 ，可 取 为 0.95~
0.98；k 为使用年数；ya为电池材料年衰减率。

2）短期误差订正法

选取过去 15 d 历史资料，求得每天实况辐射与

数值预报辐射的相关系数，取相关系数最大一天的

实况与预报平均误差作为模式预报辐射的系统误

差 e，然后订正未来预报辐射：F订正 = F预报 + e，将订正

后的预报辐射代入原型预报法的光电转换模型得

出预测功率。

3）逐步回归法

从变量中选取最重要的变量，建立回归分析预

测模型。首先建立所有自变量参加的回归方程，矩

阵形式可以表示为

Yn = Xn × k Bk +Un （6）
式中：Yn（kW）表示因变量，即短期光伏功率预测结

果；Xn × k（W·m-2）表示自变量，即总辐射预测结果；Bk

表示模型参数，采用最小二乘法估算得到；Un（kW）

为随机误差项；k=1，2，···，p，其中，k 为待选因子，p
为待选因子总个数；n 为样本长度。

1. 3. 2　组合预测算法

1）蝗虫优化算法

受蝗虫捕食过程中种群行为启发，Mirjalili 等

（2018）提出蝗虫算法。这种算法收敛速度快、搜索

效率高，通过简单的局部规则（觅食、迁徙）实现了

复杂且高效的集体行为，较好地平衡了全局和局部

搜索过程，寻优精度高，已广泛应用于生物信息学、

参数调优、工程设计、电网调度等多个领域。蝗虫

种群行为的数学模型为

Xi = Si +Gi + Ai （7）
Si = ∑

j = 1,j ≠ i

N

s(dij )d� ij （8）
式中：Xi 是蝗虫种群中第 i 个蝗虫的位置；Si 是第 i 个

蝗虫受到其他蝗虫相互作用力的影响；Gi 是第 i 个

蝗虫受到的重力影响，实际应用中，重力对蝗虫种

群的影响微小可以忽略；Ai 是第 i 个蝗虫受到的风力

影响，应用中假设风向始终为最佳个体位置所在方

向；dij 是第 i 和第 j 个蝗虫之间的距离；d� ij 是单位向

量，表示为 d� ij =
( )xj - xi

dij

；影响函数 S 表示与其他蝗

虫的相互作用力，公式为 sr = fe
-

r
l - e-r，f 是吸引强度

参数；l 为吸引长度比例参数；r 是第 i 和第 j 个蝗虫之

间的距离。

蝗虫位置的更新模型可表示为

xd
i (t + 1) = c ×

■
■
■
∑

j = 1,j ≠ i

N

c
ubd - lbd

2
s (| xd

j (t ) - xd
i (t ) | ) xj( )t - xi( )t

dij

■
■
■
+ Td

（9）
式中：ubd、lbd 分别为蝗虫在 d 维度上的位置上、下

界；Td 是当前种群中精英个体的具体位置；c 为线性

衰减系数，c = cmax - l ×
cmax - cmin

L
。随着迭代次数逐

步增加，参数 c 减小了算法全局寻优能力，同时提高

了局部搜索能力。

蝗虫优化算法流程参见图 1。

2）组合预测算法

利用蝗虫优化算法对 3 种单一预测模型（短期

误差订正法、原型预报法、逐步回归法）结果进行优

化，初始化权重空间，以最小均方根误差为目标函

数，利用训练集通过蝗虫优化算法优化每个模型相

应权重，从而确定组合预测结果。通过对 3 种单一

光伏功率预测算法结果搜索最优权重，从而建立短

期光伏功率组合预测模型，实现蝗虫优化算法在光

伏功率预测中的应用。

具体步骤：利用各单一预测方法分别对预测日

的光伏功率进行预测；根据训练数据，通过蝗虫优

化算法获得其权重值ω i；根据各单一预测方法的预

图 1　蝗虫优化算法流程图

Fig. 1　Flowchart of grasshopper optimization algorithm
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测值，通过公式 f =∑
i = 1

N

ω i fi 完成光伏功率组合预测，

其中，f 为短期光伏功率组合预测结果；fi 为第 i 个单

一预测方法的短期光伏功率预测结果；ω i 为第 i 个

单 一 预 测 方 法 的 加 权 系 数 ；i = 1,2,... ,N；∑
i = 1

N

ω i=
1，ω i ≥ 0。

2　结果分析

根据原型预报法、短期误差订正法、逐步回归法

以及基于单一模型的组合预测法，计算得到 2022 年

1、4、7、10 月典型月份甘肃某光伏电站的逐 15 min
短期功率预测结果。下文以 Pr 表示实况功率，P1、
P2、P3、P4分别表示短期误差订正法、原型预报法、逐

步回归法、组合预测法的短期功率预测结果。

2. 1　模型预测效果对比

对比 3 种单一模型的功率预测效果（表 1）发现，

典型月份 P3 的 RMSE 和 RRMSE 均小于 P1、P2，P1、
P2、P3 的 RMSE 平均值分别为 2 057.73、2 066.00 和

1 983.43 kW，RRMSE 平均值分别为 0.102 9、0.103 3

和 0.099 1，三者标准差没有太大变化。总体来说，

逐步回归法的预报效果优于短期误差订正法和原

型预报法。

分 析 典 型 月 份 3 种 单 一 模 型 预 测 结 果 的

RRMSE 变化特征，可以看出，三者全年均呈现波动

变化趋势，由于辐射及温度变化在夏季较为剧烈，

导致 P1、P2在 7 月的预测结果误差增大，而 1、4、10 月

3 种模型 RRMSE 变化幅度相对较小。P3 与 P1、P2 的

RRMSE 差值最小和最大的月份为 1 月和 4 月，差值

分别为 0.000 17 和 0.012 14；7 月三者 RRMSE 均出

现峰值；P1、P2月份之间的差异更明显。

对比单一模型和组合预测模型预测效果（表 1）
发现，典型月份 P4的 RMSE 均小于 3 种单一模型，其

典型月份 RMSE 均值为 1 912.52 kW，RRMSE 均值为

0.095 6，也均小于 3 种单一模型，说明组合模型的预

报效果优于单一模型。

4 月 4 种预测方法的 RMSE 相差最大，P4 与 P1、
P2、P3 分别相差-432.77、-434.76、191.19 kW；7 月相

差最小，分别为-29.76、-26.19、-6.42 kW。

2. 2 组合预测模型预测结果分析

对比组合预测模型的预测结果和实况功率的

平均日变化特征（图 2），发现各季节 P4 与 Pr 变化趋

势保持一致，均表现出单峰结构。其中，冬季的日

照时数最短，导致曲线开口最小，春季和夏季由于

日照时数最长，电站日平均光伏出力时间也最长，

曲线开口程度大于其他两个季节，而秋季日照时数

介于春夏季和冬季之间。春季实况功率峰值最大，

冬季次之，秋季峰值最低。

组合预测模型预测结果（P4）与实况功率（Pr）的

偏差程度在各季节存在明显差异，干旱地区夏季太

阳辐射变化较为剧烈，因此夏季两者日偏差最大，

日最大偏差为 1 369.4 kW；而秋季偏差最小，日最大

偏差为 1 204.4 kW，主要由于太阳辐射的实际变化

趋势没有被模式准确预报，使得光伏功率预测存在

较大偏差。

2. 3　不同天气条件下4种预测方法对比

由于研究所选光伏电站位于河西西部，气候

上属于干旱区，以晴天和多云天居多，降水和沙尘

天气较少。因此将 2022 年典型月份按天气条件

进 行 分 类 ，主 要 分 为 晴 天 、多 云 天 、雨 天 和 沙 尘

天，对比分析不同天气条件下 4 种预测方法的预

报效果。

图 3 为不同天气条件下 4 种预测模型预测结果

表1　4种模型的功率预测检验结果

Tab. 1 Power prediction test results of four models

时间

2022 年 1 月

2022 年 4 月

2022 年 7 月

2022 年 10 月

平均值

标准差

RMSE/kW
P1

1 722. 99
2 126. 74
2 242. 34
2 138. 86
2 057. 73

229. 11

P2

1 733. 70
2 128. 73
2 238. 77
2 162. 80
2 066. 00

226. 26

P3

1 718. 65
1 885. 16
2 219. 00
2 110. 89
1 983. 43

224. 73

P4

1 638. 71
1 693. 97
2 212. 58
2 104. 81
1 912. 52

288. 53

RRMSE
P1

0. 086 1
0. 106 3
0. 112 1
0. 106 9
0. 102 9
0. 011 5

P2

0. 086 7
0. 106 4
0. 111 9
0. 108 1
0. 103 3
0. 011 3

P3

0. 085 93
0. 094 26
0. 111 00
0. 105 50
0. 099 10
0. 011 20

P4

0. 081 90
0. 084 70
0. 110 60
0. 105 20
0. 095 60
0. 014 40

注：P1、P2、P3、P4分别表示短期误差订正法、原型预报法、逐步回归法、组合预测法的短期功率预测结果。

697



42 卷干 旱 气 象

与光伏功率实际出力的对比。可以看出，晴天时，

各模型均能准确预测实际发电出力的变化趋势，其

中组合预测模型预测结果（P4）与实况最吻合，逐步

回归方法的预测结果（P3）次之；多云条件时，组合预

测模型能够大概预测出实际功率的变化趋势，但不

能准确预测；雨天、沙尘天气时，4 种预测模型均无

法预测出实际功率的变化趋势和变化幅度，预测效

果不理想。

图 3　不同天气条件下 4 种预测模型预测结果与实况功率对比

（a）晴天，（b）多云，（c）雨天，（d）沙尘天

Fig. 3　Comparison between prediction results of four prediction models and actual power under different weather conditions
（a） sunny day， （b） cloudy day， （c） rainy day， （d） dust day

图 2　不同季节组合预测模型预测结果与实况功率的日变化对比

（a）春季，（b）夏季，（c）秋季，（d）冬季

Fig. 2　Comparison of diurnal variation between prediction results of combination prediction model and actual power in different seasons
（a） spring， （b） summer， （c） autumn， （d） winter
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3　讨 论

通过本文研究结果可看出使用蝗虫优化算法

形成的组合预测模型，整体上基本满足提高甘肃本

地太阳能光伏发电预测精度的需求，而 3 种单一模

型在不同季节、不同天气过程上各有优势。

3 种单一模型（原型预报法、短期误差订正法、

逐步回归法）相比较，短期误差订正法和原型预报

法相对于逐步回归法预报效果较差，回归法预报更

稳定。从建模的机理上来说，逐步回归法是典型的

统计方法（Li et al.，2016），原型预报法属于物理方

法（陈正洪等，2011），短期误差订正法属于误差结

果补偿的方法（秦正坤，2007）。后两种方法均存在

天气剧烈变化时，天气要素对建模影响较大的情

况，故而逐步回归法预报效果更稳定。由于云量作

为影响地面辐照量的主要气象要素，其生消和移动

是地面辐照度不确定性变化的根本原因之一，不同

天气条件的预测结果也表明这一点。故而在单一

模型预测中增加卫星云图的识别，进而提高辐射的

预报准确率，这对单一模型光伏发电出力的预测非

常重要。

使用蝗虫优化算法形成的组合模型优于单一

模型，这是由于组合模型综合了各个单一模型的优

点（综合均方根误差最小），并体现出蝗虫优化算法

收敛速度快、精度高、简单易实现等特点（曾庆丰

等，2024）。而由于单一模型不同季节的预报效果

不同，导致组合模型的预报效果与单一模型相比在

不同季节有一定差异。有重大天气过程时，4 种预

测模型均无法准确预测光伏发电出力的实际变化

趋势，其根本原因在于发生重大天气过程时，数值

预报稳定性及准确性无法满足需求。由于组合预

测模型是基于 3 种单一模型的预测，因此单一模型

的预测能力对组合模型有非常重要的作用，提升单

一模型或增加新的单一预测模型会进一步提升组

合模型的预测能力，这也是下一步研究的方向。本

研究采用蝗虫优化算法对 3 种单一模型进行组合优

化，通过搜索最优解，建立组合预测模型，避免了单

一模型的不稳定性。目前在光伏功率预测中业务

应用的模型有统计模型，也有机器学习算法，可以

将多种模型和算法进行组合优化，建立最优模型以

提高光伏功率预测准确率。但该方法对于 3 种以上

的单一模型优化效果是否依然稳定还需要深入的

研究与分析。另外，蝗虫优化算法在其他天气复杂

多变的电站是否适用也是今后需要继续开展相关

研究与分析的另一项工作。

4　结 论

本文基于 2022 年甘肃省敦煌某光伏电站的实

际观测数据和数值预报资料，利用原型预报法、短

期误差订正法、逐步回归法建立 3 种短期光伏功率

预测模型，同时，使用蝗虫优化算法对 3 种单一模型

优化形成组合预测方法，并对 4 种方法的预报效果

进行检验和评估，得到如下结论。

1）原型预报法、短期误差订正法、逐步回归法

建立的 3 种短期光伏功率预测模型预测结果的平均

RRMSE 分别为 0.102 9、0.103 3、0.099 1，逐步回归

法典型月份预测结果的 RMSE、RRMSE 均小于原型

预报法及短期误差订正法，且其 RRMSE 变化幅度

最小，说明逐步回归法的预报精度更高且预报效果

更稳定。

2）使用蝗虫优化算法形成的组合预测模型与 3
种单一模型相比，预报效果最优。原型预报法、短

期误差订正法、逐步回归法典型月份平均 RMSE 分

别为 2 057.73、2 066.00、1 983.43 kW，而组合预测模

型典型月份平均 RMSE 为 1 912.52 kW。

3）组合预测模型预测功率的平均日变化曲线

均呈单峰结构，预测的总体趋势与实况功率趋势一

致，但峰值与开口程度存在明显的季节性差异。

4）不同天气状况下，组合预测模型均优于单一

预测模型，晴天预测效果最好。但在雨天、沙尘天

气时原型预报法、短期误差订正法、逐步回归法和

组合预测模型预测效果均不理想。
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第 5 期 吴国栋等：蝗虫优化算法与单一预测模型在干旱区光伏功率预测中的比较研究

Comparative study of grasshopper optimization algorithm and single prediction 
model for photovoltaic power prediction in arid region

WU Guodong1， SUN Tao1， CHEN Xuejun2， JING Hui2， YAN Xiaomin2， LI Yao2

（1.  State Grid Gansu Electric Power Company，  Lanzhou  730030， China；
2.  Gansu Provincial Meteorological Service Center，  Lanzhou 730020， China）

Abstract： In order to find a more accurate photovoltaic power prediction method to be suitable for arid areas, based on the actual ob⁃
served data and numerical forecasting information from a photovoltaic power station in Dunhuang, Gansu Province in 2022, three short-
term photovoltaic power forecasting models were established by using the prototype prediction method, short-term error correction 
method and stepwise regression method. At the same time, a grasshopper optimization algorithm was used to optimize the three single 
models to form a combined prediction method. The forecasting effects of the four methods were tested and evaluated. The results show 
that the root-mean-square error and relative root-mean-square error of the stepwise regression method are smaller than those of the pro⁃
totype prediction method and the short-term error correction method, and the prediction accuracy of the stepwise regression method is 
higher, the fluctuation range is smallest, and the prediction effect is more stable. Compared with the three single models, the combined 
prediction model formed by the grasshopper optimization algorithm has improved the prediction effect, and the average root-mean-

square error is reduced by 145.21, 153.48 and 70.91 kW, respectively. Under different weather conditions, the combined forecasting 
model is superior to the single forecasting model, and the forecasting effect is the best under sunny weather condition.
Key words： photovoltaic power prediction； prototype forecasting method； short-term error correction method； stepwise regression 
method； combined prediction； grasshopper optimization algorithm

（责任编辑：王涓力；校对：黄小燕）
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基于双层调度模型和需求分析的新能源电网规划优化研究 
吴国栋1,2,李晓虎2,王 晟3,包广清1 
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摘  要:随着大规模的新能源并网,电力系统的结构、形态等发生了根本性改变，其电网规划

难度逐渐提高。针对此现状，研究提出一种基于双层调度模型和需求分析的新能源电网规划

优化模型。该模型将电网调度优化分为两层结构,上层结构中将用户对电价的需求以及响应

纳入规划中。下层结构中主要考虑新能源发电的成本消耗,将其作为下层目标函数。结果表

明,研究设计的模型能够有效降低运行成本,并减小负荷波动,具体表现在其运行成本仅为

7584.88万元,最优消纳率达到了83.47%,峰、谷时段负荷差为165.87 MW。研究设计模型能够

有效提高新能源的利用效率,降低成本。 

关键词:双层调度模型;需求分析;新能源电网;规划;优化;消纳率 

中图分类号:TP18    文献标识码：A 

New Energy Grid Planning Optimization Based on Two-layer Scheduling Model and 

Demand Analysis 

WU Guo-dong1,2, LI Xiao-hu2, WANG Sheng3, BAO Guang-qing1 

（ 1.College of Electrical and Information Engineering, Lanzhou University of Technology, 

Lanzhou 730030 China； 

2. State Grid Gansu Electric Power Company, Lanzhou 730030 China； 

3.State Grid Gansu Electric Power Company Electric Power Science Research Institute, Lanzhou 

730030 China） 

Abstract: With the large-scale new energy connected to the grid, the structure and form of the 

power system have undergone fundamental changes, and the difficulty of grid planning is 

gradually increased. In view of this situation, a new energy grid planning optimization model 

based on double-layer scheduling model and demand analysis are proposed. The model divides the 

optimization of power grid scheduling into two layers, and the upper structure includes the 

demand and response of users to the electricity price into the planning. In the lower structure, the 

cost consumption of new energy generation is considered as the lower objective function. The 

results show that the model can effectively reduce the operating cost and load fluctuation, which is 

shown in that the operating cost is only 75.8488 million yuan, the optimal absorption rate reaches 

83.47%, and the load difference between peak and valley is 165.87 MW. The research and design 

model can effectively improve the utilization efficiency of new energy and reduce the cost. 

Keywords: two-layer scheduling model; demand analysis; new energy grid; planning; 

optimization; absorption rate 

 

 

0  引言 

随着全球气候变暖和环境问题日益突

出，可再生能源的利用成为各国政府和科研

机构关注的重点。新能源，如太阳能、风能

等，作为清洁、可再生的能源形式，具有巨

大的发展潜力和应用前景[1]。然而，新能源

并网给传统电网带来了新的挑战，分布式新

能源的并网，改变了电力系统的结构、形态

与运行控制方式[2]。而风、光等新能源具有

较强的不确定性，其出力受天气、季节等多

种因素影响，给电网的稳定运行和调度带来

了极大的困难。此外，新能源的大规模并网

还会引起电网电压波动、谐波污染等问题，

进一步加剧了电网规划的难度[3]。为解决新

能源发电系统的能源利用率低，规划难的问

题，国内外学者们展开了深入研究。王文烨

等人为解决风光等能源的并网造成的电力

系统调度困难问题，提出了一种含规模氢能

综合利用的分布式新能源电力系统调度方

法。该方法提出氢能和火电结合的补偿策

略，进一步提高系统消纳率。结果表明，该

调度方法能够有效促进新能源发电消纳和
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备用能力[4]。SinghE等人为提高风力发电系

统的利用率以及电力系统的发电质量，提出

了一种基于遗传算法和斐波那契方法的双

层调度优化框架。该框架通过估计机组故障

时间来对电力系统的调度进行优化。结果表

明，该调度方法能够提高新能源发电的利用

率[5]。综合上述内容可知，分布式新能源电

网的调度主要选择两种能源的组合方式，对

于三个或三个以上新能源的电网调度问题

研究较少。且目前的电网规划调度方法主要

从能源自身特性出发，通过补偿机制保持系

统发电稳定。但很少研究考虑从用户需求的

响应角度实现用户用电量调度。针对此现

状，研究提出了一种基于双层调度模型和需

求分析的新能源电网规划优化模型。该模型

通过对多能源发电系统的需求响应进行建

模，之后利用双层调度模型对配电网进行调

度规划。研究旨在构建一个新能源电网规划

模型，提高新能源的利用率，实现发电系统

的调度优化。研究的创新性在于针对风光水

火多能源的调度问题进行分析。同时从用户

角度建立对应的需求响应模型，进一步提高

配电网的能源利用率。 

 

1  基于双层调度模型和需求分析的电网规

划优化 

1.1  风光水火多能源发电系统建模及需求

分析 

风光水火多能源发电系统结合了风能、

太阳能、水能以及火力发电等多种能源形

式，通过互补优化调度，提高了能源利用效

率和系统稳定性[6-8]。为了更好地进行新能

源电网规划优化，首先需要对风光水火多能

源发电系统进行建模，并深入分析其需求特

性。四种发电方式的流程如图1所示。 

风轮 传动系统 风力发电机

风能 动能 动能 电能
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图1  风光水电多能源发电的流程

风电出力预测值主要由风速来决定，其

输出功率的计算方法如式（1）所示。 

0

0

0 0

0

in

in
r in r

r inw

r r

, v v

v v
P , v v v

v vP

P , v v v

, v v

 



  

 
  




        （1） 

式（1）中， 0v 和 inv 分别为切出和切入风速，

rv 为研究设定的风速阈值， rP 为设定功率阈

值， wP 为风力发电功率。光伏发电的输出功

率计算方法如式（2）所示。 

 1 1pv,t STC c,t STC s P

STC

GG
P P k T T N N

G
      （2） 

式（2）中， STCP 为标准条件下输出功率，G

为总太阳辐射量， tG 和 STGG 为当前时刻的

太阳辐射量和标准条件下的太阳辐射量，k

为功率-温度系数， c,tT 和 STCT 分别为光伏电

池的表面温度和标准条件下光伏电池温度，

sN 和 PN 为光伏阵列串联单元和并联单元

的数量。水力发电的输出功率计算方法如式

（3）所示。 

t t
h,t

AVh
P

t


                   （3） 

式（3）中， A为水电转换常数，研究将其

设为9.8，V 为发电引用流量， th 为上下游

水位差， t 为当前时刻， t 为水力发电机效

率。为保障新能源发电系统的安全稳定运

行，促进可再生能源高效消纳，研究选择可

控煤电机组作为调峰电源。为进一步提高系

统的运行稳定性，研究在多能源发电系统中

引入储能系统，在接入电网时对发电高峰和

低峰进行调节[9-10]。最优消纳率的计算方法

如式（4）所示。 

 net

net D w w pv pv

min F P

P P P P 




  
       （4） 

式（4）中， netP 为电力系统的净负荷，  F 

为电力系统的运行成本， w 为风电场的输



出功率消纳率， pv 为光伏机组的输出功率

消纳率。虽然引入消纳率之后能够有效调整

能源，进一步降低调节压力。但在用电高峰

时段，此调节策略效果并不够理想。针对此，

研究引入价格需求响应模型，通过调整电价

进而引导用户的用电行为，进一步降低高峰

期的用电负荷。在电价调整过程中，研究需

要对用电量变化程度进行计算，进一步对电

价调整幅度进行优化。衡量变化程度的参数

为价格弹性系数，其计算方法如式（5）所示。 

q p

q p






                   （5） 

式（5）中，q为电价调整前的价格， q 为

调整后电价变化， p为电价调整前的负荷，

 为弹性系数， p 为调整后负荷变化。研

究根据用户的用电习惯将一天24小时分为

三个阶段，分别表示用电高峰，用电低峰和

用电平峰。具体划分情况以及电价调控应用

到电力系统中的流程如图2所示。 
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图2  电负荷具体划分情况以及电价调控应用到电力系统中的流程 

 

在通过电价调节用电量的过程中有两

种需求响应，分别为自响应和互响应。自响

应是电价较高时，用户自觉减少用电行为的

响应。而互响应是电价从高降低时用户的用

电行为。两种行为下的弹性系数分别为自弹

性系数和互弹性系数。价格调整后，各个时

段的负荷情况如式（6）所示。 
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式（6）中， efP 、 epP 、 egP 为响应前峰、

平、谷时段的负荷， fP 、 pP 和 gP 为三

个时段的总电价转移量。 

1.2  基于双层调度模型的电网规划优化 

在建立完新能源发电机组的模型并根

据需求分析提出电网规划的考虑因素后，研

究将风光火电多能源发电系统的优化调度

模型分为两层。上层通过电价需求响应以及

消纳率实现电力系统净负荷方差最小、负荷

波动率最小的目标函数。下层通过对新能源

发电系统的输电功率以及机组使用情况等

进行控制，进一步降低系统的运行成本。研

究设计的双层调度模型如图3所示。 

上层调度优化模型

下层调度优化模型

目标函数：

负荷波动率最小

净负荷方差最小

初始负荷曲线

风电预测输出
功率

光伏预测输出
功率

电价约束

电量转移约束

用户满意度约束

总需求分配约束

风光输出功率约束

风光消纳率约束

水电运行相关约束

储能系统相关约束

目标函数：

电力系统运行成本
最低

火电机组调峰成本

系统旋转备用成本

新能源运行成本

储能系统运行成本

环境保护成本

系统功率平
衡约束

系统旋转备
用约束

各机组运行
约束

输电线路容
量约束

 

图3  考虑价格需求以及消纳率的双层优化

调度模型 

如图3所示，研究设计的双层调度优化

模型中有三个不同的目标函数，通过对消纳

率、电价、系统功率等进行约束实现。其中

净负荷指火电机组负荷量，该目标函数的计

算方法如式（7）所示。 

 
2

1
1

1 T

net ,t net ,ave
t

min F P P
T 

       （7） 

式（7）中，T 为整个调度周期， net ,tP 为该

时段电力系统的净负荷， 1min F 为净负荷方



差最小目标函数， net ,aveP 为整个调度周期内

净负荷的平均值。上层的另一个目标函数是

负荷波动率最小函数。为实现此目标，研究

从负荷侧进行考虑，引入价格型需求响应。

该目标函数如式（8）所示。 

 
2

2 1
1

T

D,t D,t
t

min F min P P


 
  

 
    （8） 

式（8）中， D,tP 和 1D,tP  分别为实施价格型

需求响应技术后 t 时段和 1t  时段的电负荷

值， 2min F 为负荷波动率最小目标函数。通

过对峰、平、谷三个时段的电价改变，引导

用户在价格信号的驱动下，将用电需求从高

峰时段转移至平、谷时段，从而降低负荷波

动率。由此在满足电网运行成本的前提下，

有效降低系统的净负荷方差和负荷波动率，

提高电网的稳定性和经济性。研究对三个时

段的电价进行约束，确保三个时段的电量转

移保持平衡，相加为0；此外还需要保证转

移量不能超过设定的阈值范围[11-12]。除了对

转移电量进行约束之外，研究对用电支出以

及用电过程的使用满意度进行约束。具体的

约束如式（9）所示。 
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             （9） 

式（9）中， sM 和 pM 分别为对电费支出的

满意度以及用电过程的使用体验满意度，

etP 和 tP 分别为设施价格型需求响应前后

的负荷和变化量， etq 和 tq 为实施价格需求

响应前后的电价和电价改变量。下层优化调

度模型以电力系统总运行成本为优化目标，

具体如式（10）所示。 

3 1 2 3 4 5 6min F C C C C C C      （10） 

式（10）中， 1 6C ~ C 依次为几个新能源的

发电成本、火力发电以及调峰成本、备用系

统及维修成本、储能成本、环境保护费用、

收益情况， 3min F 为电力系统总运行成本最

小化目标函数。电力系统在运行过程中需要

保持稳定性，因此，研究对输电负荷进行约

束，具体如式（11）所示。 

0 L,t L,maxP P                 （11） 

式（11）中， L,tP 为 t 时段线路的输电功率，

L,maxP 为线路的最大输电容量。综合上述内

容，研究建立了风光水火多能源发电机组的

数学模型，并通过需求分析选择了消纳率以

及价格需求响应作为调度优化模型的主要

考虑条件。之后建立了共计三个目标函数的

双层优化调度模型。进一步实现了多能源电

力系统的调度规划优化。 

 

2  基于双层调度模型的新能源电网规划优

化模型性能分析 

为检验研究设计的基于双层调度模型

的新能源电网规划优化模型的性能，研究选

取A地多能源发电系统的历史发电数据作为

仿真软件的输入，在MATLAB/Simulink中通

过编程对风光水火多能源发电系统进行仿

真。研究将电力系统中增加了储能系统以进

一步提高新能源发电的消纳率。针对此，研

究对考虑储能前后风光发电的最优消纳率

变化情况以及考虑消纳率调度前后运行成

本的变化情况进行记录，具体如图4所示。 

（a）引入储能系统前后最优

消纳率曲线

（b）考虑消纳率前后运行成

本变化
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图4  考虑储能前后风光发电的最优消纳率变化情况以及考虑消纳率调度前后 

运行成本的变化情况 

如图4（a）所示，在引入储能系统之前，

风电系统的消纳率在0点~4点期间的消纳率

相对较低，在引入之后，其消纳率得到了明

显提高。对于光伏发电来说，在16点~19点

期间，其消纳率接近0，而引入储能系统后

出现明显提高。如图4（b）所示，考虑新能

源的最优消纳率后，各成本得到了显著降

低。为降低电力系统的净负荷波动率，研究

引入了价格需求响应到调度模型中。为检验

需求响应在调度模型中的应用价值，研究对

比考虑需求响应前后系统的净负荷曲线变

化情况同时记录各机组的输出功率。具体结

果如图5所示。 
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图5  考虑需求响应前后系统的净负荷曲线变化情况及各机组输出功率 

如图5（a）所示，在考虑需求响应之后，

负荷峰谷差缩小了165.48kW。且在电负荷低

谷时段，其等效负荷增加了21.66MW。如图

5（b）所示，经过需求响应后，水电机组出

力仅在早上九点至中午12点。火电机组仅在

电负荷午高峰以及晚高峰开机运行。综合上

述内容可知，引入需求响应之后，能够有效

引导用户用电行为，实现削峰填谷，使机组

的出力情况更加平稳。 

为进一步检验研究设计的新能源电网

规划优化模型（模型1）的性能，研究将其

与目前较为流行的几种电网调度模型进行

对比实验。对比模型包括文献[13]的调度模

型（模型2）、文献[14]的调度优化模型（模

型3）、文献[15]的调度优化模型（模型4）。

对比指标包括负荷峰谷差、运行成本、污染

物排放量、风电机组和光伏机组的单日平均

最优消纳率。对比结果如表1所示。 

表1  四种模型的电网规划优化效果对比 

模型 负荷峰谷差（MW） 运行成本（万元） 污染排放量（t） 
风光机组平均最优消

纳率（%） 

模型1 165.87 784.85 7584.88 83.47 

模型2 231.14 915.87 8954.78 75.69 

模型3 204.58 893.64 8497.52 79.88 

模型4 251.74 934.72 9248.45 72.43 

如表1所示，模型1的负荷峰谷差、污染

排放量与运行成本相较于其他模型明显更

低，模型1的峰谷差在200MW以下，而其他

模型的峰谷差皆超过了200WM。而新能源

发电的最优消纳率达到了80%以上，其余模

型皆在80%以下。综合上述内容可知，研究

设计模型能够有效维持新能源发电稳定，同

时降低污染排放以及运行成本。 

 

3  结束语 

针对多能源接入电力系统的配电规划

优化问题，研究提出了基于双层调度模型和

需求分析的新能源电网规划优化方法。该方

法通过引入储能系统、考虑新能源的最优消

纳率以及引入价格需求响应等策略，实现电

力系统的多目标优化。实验结果表明，该方

法在引入储能系统后，各新能源发电组件的

最优消纳率得到了明显提升，且考虑消纳率

后电力系统运行成本降低了共计降低了

152.36万元。在考虑需求响应之后，负荷峰

谷差缩小了165.48 kW。且在电负荷低谷时

段，其等效负荷增加了21.66 MW。引入需

求响应后，各机组出力更加平稳。相较于其

他电网规划模型，模型1的负荷峰谷差、污

染排放量与运行成本相较于其他模型明显

更低，而新能源发电的最优消纳率达到了

80%以上。目前研究仅考虑了运行成本、负

荷波动等指标，在之后的研究中可进一步考

虑供电可靠性、与其他电网的互联互通性等

因素，进一步提高电力系统的智能化水平和



运行效率。 
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基于时序模拟的新能源合理利用率分析
吴国栋 1，2，包广清 1

（1. 兰州理工大学电气工程与信息工程学院，甘肃 兰州 730050；2. 国网甘肃省电力公司，甘肃 兰州 730030）

摘 要：研究长时间尺度下新能源出力的月度、季节性特征，基于多年平均风光资源，利用归一化序列表征新能源

出力的波动性和间歇性，再结合最新装机时序、最新气候气象预报形成的新能源理论出力序列，考虑用电负荷、电网

调峰、断面约束，采用聚合法规划水火电机组开机形成的新能源消纳空间，以新能源利用率最高为目标函数进行优化

计算。通过多次调整边界变化，建立电网装机规模、布局和时序与新能源电量、利用率的耦合关系，综合分析得出最

合理的新能源利用率、最佳的储能配比需求。

关键词：场景再现；新能源；时序模拟；合理利用率
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Analysis of Reasonable Utilization Rate of New Energy Based on Time Series Simulation
WU Guodong1，2， BAO Guangqing1

（1. College of Electrical Engineering and Information Engineering， Lanzhou University of Technology， Lanzhou， Gansu 730050， China；
2. Gansu Electric Power Company， Lanzhou， Gansu 730030， China）

Abstract： Study the monthly and seasonal characteristics of new energy output on a long-term scale， based on the average 
annual wind and solar resources， and use normalized sequences to characterize the volatility and intermittency of new energy 
output. Based on the latest installation time sequence and the latest climate and meteorological forecast， the new energy 
theoretical output sequence is formed. Considering the electricity load， grid peak regulation， and section constraints， the 
aggregation method is used to plan the new energy consumption space formed by the start-up of the hydro thermal power unit. 
The optimization calculation is carried out with the goal function of maximizing the utilization rate of new energy. By adjusting 
the boundary changes multiple times， the coupling relationship between the installed capacity scale， layout， and timing of the 
power grid and the new energy electricity quantity and utilization rate is established， and the most reasonable new energy 
utilization rate and optimal energy storage ratio demand are comprehensively analyzed.
Key words： scene reproduction； new energy； time series simulation； reasonable utilization rate

0 引言

为实现“双碳”目标，新能源发电占比不断提升，这对

电网的调峰能力提出了更高要求［1］。目前，新能源利用率

下降，消纳成本快速增加，因此亟需寻找最合理的新能源

利用率，以使综合成本最低。在新能源高渗透率情况下，合

理弃电是经济且必要的。设定过高利用率的消纳目标既不

经济，也将限制新能源的发展规模。但如何得到新能源的

合理利用率，尚缺乏具体的算法。现有的分析更多着眼于

电力系统的新能源消纳能力及电力电量平衡方法，最多针

对新能源装机、负荷等边界利用率，但并未寻找合理利用

率。目前，分析的主要方法包括传统的典型日分析法、近年

常用的时序生产模拟法、最新出现的随机生产模拟法［2］3
种。唐权［3］基于典型日分析法，从整体上分析电网的消纳

能力，但未考虑新能源的随机性、波动性；吴冠男等［1］基于

时序生产模拟法，通过诸周优化机组开机计算每小时的新

能源消纳能力，计算方法相对成熟，且在电力生产规划中

较为常用，但所需数据量大、计算复杂；陈旭等［4］通过概率

分布间的运算，极大地加快了新能源消纳能力的计算速

度，但也带来了准确率小幅下降的问题，同时也没有解决

目标反推装机的问题。

时序生产模拟法最大的难点及最耗时的地方在于如

何通过最优规划安排常规机组的出力［5］，常规的时序模拟

基金项目：国网甘肃省电力公司科技研发项目“适应新能源高占比

送 端 电 网 的 新 能 源 运 行 评 价 及 辅 助 决 策 关 键 技 术 研 究 ”

（52272223000W）

作者简介：吴国栋，男，1985 年生，硕士研究生，高级工程师，研究

方向为电力系统自动化、可再生能源发电。
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法需要对每台机组进行建模，形成约束条件，并对每个时

段的开机方式进行规划，确保在满足最大负荷需求的前提

下最大化地消纳新能源［6］。无论是机组的建模还是对开机

的优化，它们都容易增加偏差和运算量［7］。诸多文献在采

用时序生产模拟法分析新能源消纳能力时，直接引入了新

能源理论功率的时序出力曲线［8］，但对如何形成此曲线未

作过多介绍，也没有考虑区域电网电力余缺互济［9］。
综上，目前的新能源测算方法存在准确率与计算速度

之间的矛盾，且均无法通过发电占比、利用率目标反推装

机时序与布局，更无法得出合理利用率与最佳储能需求。

本文将建立一种形成新能源理论功率时序出力曲线的模

型，采用聚合法减少优化水火电开机的运算量，并提出新

能源合理利用率、调峰能力需求的计算方法，以用于规划。

以某省 2023 年的新能源消纳能力计算为例，验证本文计

算方法的准确性。

1 新能源消纳能力计算机理

1.1 总体思路

电网的新能源消纳能力既与电网本身的负荷特性、调

节能力有关，又与新能源的装机情况、出力特性相关。不同

边界条件下的新能源利用率的计算最能表征新能源的消

纳能力。利用率计算的本质是电力电量平衡问题，即通过

对某个规定时间段内的新能源出力，结合电网负荷及外送

的大小、常规电源的调节能力，确定新能源的理论电量与

实际电量，进而确定新能源的利用率。新能源的利用率为：

η= Q fact
Q theo

  （1）
式中：Q fact 表示受电网消纳能力限制后新能源的实际发电

量；Q theo 表示新能源的理论发电量，即电网消纳能力在足

够大的情况下新能源能发出的电量［9］。
定义新能源消纳空间为某时刻电网最大可消纳新能

源的电力值。通过时序生产模拟法比较逐时段的新能源出

力与电网消纳空间，当新能源出力小于电网消纳空间时，

全额消纳新能源；当新能源出力大于电网消纳空间时，消

纳的新能源电量等于新能源消纳空间大小对时间的积分。

例如，将计算周期分为 N个时长为 T的时段并逐个进行优

化，则计算方法为：

Q fact=∑
k=1

N ∫0
T[ μ t Pne（t）+（1-μ t）Pspace（t）] dt  （2）

Q theo=∑
k=1

N ∫0
T

Pne（t）dt  （3）
Pne（t）=Pwind（t）+P thotov（t） （4）
μt=■■

■

||

||

1，当Pne（t）<Pspace（t）时

0，当Pne（t）≥Pspace（t）时
（5）

式中：Pne（t）表示 t 时刻新能源出力；Pwind（t）表示 t 时刻风

电出力；Pspace（t）表示 t时刻消纳空间；μt 表示计算因子。

1.2 消纳空间计算

电网消纳空间是由网内用电量加上外送电量形成的

用电空间，减去常规能源的最小出力得到的。考虑安全约

束，常规电源的开机容量应确保其最大出力能够满足某一

段周期内的最大用电需求，保障电网安全稳定运行。结合

火电机组运行特性及开停机特性，取计算时段 T=3~7 天，

以 1周最为典型，即取T=7。
Pspace（t）=Pcon（t）+P tra（t）-∑

i=1

I

λi Pg，i，min-P res   （6）
Pg，i，min=βi Pg，i，max   （7）
∑Pg，i，max> max { Pcon（t）+P tra（t）}  （0< t≤T） （8）

式中：Pcon（t）表示网内用电量；P tra（t）表示联络线外送电

量；P res 表示备用开机（在新能源消纳困难的省份，为保证

新能源的最大化消纳，在区域电网备用充足的情况下可取

负值）；Pg，i，max 表示常规机组的最大出力；Pg，i，min 表示常规

机组的最小出力；βi 表示第 i台机组的最小技术出力系数；

λi 表示第 i台机组的开机状态（即开机为 1，停机为 0）。

2 新能源消纳能力计算

2.1 新能源出力特性

分析北方某省份连续 5年的新能源出力，发现随着时

间尺度的拉长，新能源的波动性在降低，新能源在日内及

数日中波动剧烈且没有规律可循，但当时间尺度拉到月度

或年度时，会发现部分月份在各年度均为风电出力最大的

月份，而另一部分月份总是风电出力最小的月份。

考虑上述因素，本文采用历史新能源理论功率的归一

化时间序列，结合装机容量的变化匹配逐时段，形成测算

周期的新能源理论出力。定义矩阵PNE为新能源逐小时的出

力序列，- -- -----Pwind、
- -- -----P thotov为风、光逐小时的资源归一化序列，Swind、

S thotov为风、光逐小时的装机序列。以PNE为例，其构成为：

PNE=[ ]PNE，1，PNE，2，PNE，3，…，PNE，8 760
T   （9）

各矩阵间的运算关系为：

PNE，i=[ ]- -- ----- --Pwind，i，
- -- ----- --P thotov，i    ■

■
|||| ■

■
||||Swind，i

S thotov，i
  （10）

- -- -----Pwind=■

■

|
||
| ■

■

|
||
|P0wind，1

S0wind，1
，

P0wind，2
S0wind，2

，…，
P0wind，8 760
S0wind，8 760

T
  （11）

- -- -----P thotov=■

■

|
||
| ■

■

|
||
|P0thotov，1

S0thotov，1
，

P0thotov，1
S0thotov，2

，…，
P0thotov，8 760
S0thotov，8 760

T
  （12）

式中：Swind，i 表示第 i小时对应的风电装机容量；S thotov，i 表示

第 i 小时对应的光伏装机容量；P0wind，i、S0wind，i 分别表示上一

年度风电第 i 小时风电的出力与装机容量；P0thotov，i、S0thotov，i

分别表示上一年度光伏第 i小时风电的出力与装机容量。
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上述资源归一化序列各项之和正好等于全年的资源

小时数，即∑
i=1

8 760- -- ----- --Pwind，i 为全年风资源小时数，∑
i=1

8 760- -- ----- --P thotov，i 为全

年光资源利用小时数。一般情况下，一个地区的风光资源

小时数的变化不大，若气候预测有变强或变弱的趋势，则

可通过在序列各项乘以系数的方式调整资源小时数。

2.2 断面约束

新能源电场和主网之间的输电断面受传输容量的约

束，传统的时序模拟方法表示为：

Pl（t）≤Pl，max （13）
式中：Pl（t）、Pl，max 分别表示断面实际输送功率及最大输送

功率。

这样的断面约束条件看似简单，但并不合理，因为断

面的限额也是变量，会随着运行状态的不同随时变化。即

约束条件为：

Pl（t）≤Pl，max（t） （14）
Pmin

l，max≤Pl，max（t）≤Pmin
l，max （15）

最大输送限额的变化除了变化范围可以确定，其具体

变化规律受运行状态的变化约束，难以建模描述。在本文

的时序生产模拟法中，对断面限额的变化基于上一年度的

分布序列，同时结合电网改造导致的限额提升、断面限额

与电网运行状态的耦合关系，形成最新的断面限额序列，

这最大限度地模拟了真实的运行情况。

2.3 调峰约束

在高比例新能源电网中，常规电源一方面要满足负荷

的变化，另一方面要平衡新能源出力的波动。即需要满足

约束条件：

∑Pwind（t）+∑P thotov（t）+∑Pm（t）+∑Ph（t）=P ( t ) （16）
电网调峰能力增加后，新能源的消纳能力同样会增

加。在电网规划、生产运行中，经常需要确定新增调峰能力

和新增消纳的新能源电量、或新能源利用率之间的定量关

系。运用本文所述方法，可以很方便地完成计算。电网调峰

能力增加ΔP后，则新的电网消纳空间为：

P′space（t）=Pspace（t）+ΔP （17）
将 P′space（t）代入式（17），即可得到最新的新能源消纳

电量和利用率。通过多次测算不同调峰能力，可测算出调

峰能力和利用率之间的耦合关系，进而确定调峰能力增加

带来的边际增发新能源电量，有助于制定合理的调峰能力

提升方案。

2.4 常规机组出力约束

常规机组开机容量直接决定新能源小发时供电能力

是否充足及新能源大发时新能源消纳空间的大小。对常规

机组的约束主要考虑火电机组、水电机组调节能力、爬坡

约束，其公式为：

Pm
i，min（1-Sf β）≤Pm

i，t≤Pm
i，max （18）

Ph
i，min（1-Sf β）≤Ph

i，t≤Ph
i，max （19）

Pm
i，t+1-Pm

i，t≤ΔPm
i，up （20）

Pm
i，t-Pm

i，t+1≤ΔPm
i，down （21）

Ph
i，t+1-Ph

i，t≤ΔPh
i，up （22）

Ph
i，t-Ph

i，t+1≤ΔPh
i，down （23）

式中：Pm
i，min、Pm

i，max 分别表示火电机组最小技术出力、最大

技术出力；Ph
i，min、Ph

i，max 分别表示水电机组最小技术出力、

最大技术出力；Sf 表示火电机组是否进行了灵活性改造

（“1”表示已改造，“0”表示未改造）；β 表示灵活性改造增

加的可以继续降低的出力比例；ΔPm
i，up、ΔPm

i，down 表示火电机

组的下爬坡速率、上爬坡速率；ΔPh
i，up、ΔPh

i，down 表示火电机

组的下爬坡速率、上爬坡速率。

本文建立的模型基于上一年度时序的合理调整，为加

快运算速度，优化常规机组模型，将所有火电机组聚合为

一台聚合机组。

2.5 优化目标与方法

总体优化目标为在满足上述约束条件的基础上新能

源利用率最高，即优化目标为：

min（η） （24）
本文建立的模型为混合整数线形规划模型，使用

CPLE 求解器求解。考虑到用电负荷和风光资源具有明显

的季度、月度特征，基于上年度同期的开机容量作为基准

值逐月进行优化。

在本文的模型中可将归一化时间序列与测算边界条

件匹配形成最新时间序列，通过系数的变化调整边界变化

或分析敏感性。新增新能源装机的规模、布局和时序的不

同都会影响最终的新能源电量和利用率。通过多次调整上

述边界变化，可以形成电网装机规模、布局、时序与最终新

能源电量和利用率的耦合关系。

3 算例分析

3.1 算例介绍

以某新能源大省实际电网为例，利用基于场景再现的

时序生产模拟法测算 2023 年的新能源消纳情况。测算采

用 2022 年的实际数据形成新能源资源、用电负荷的归一

化序列以及常规机组开机时间序列、断面限额序列。表 1
列出了计算的边界条件，各时间序列由于项数过多（8 760
项），故不具体列出。

表1 边界条件

全社会用电量/亿kW·h
外送电量/亿kW·h
受入电量/亿kW·h
风资源小时数/h
光资源小时数/h
装机规模/亿kW

2023年
1 362
520
80

2 800
1 500

2 300

2024年
1 410
620
130

2 856

2025年
1 465
620
130

3 356
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3.2 算例结果

年初预测 2024 年全年发电累计 427 亿 kW·h，最终实

际发电累计 436 亿 kW·h，预测误差 2.06%；预测全年利用

率 95.11%，实际利用率 96.83%，偏差 1.72 个百分点。由于

年内装机集中在四季度，其影响主要在于第二年。测算

2025年数据，新能源理论电量为 558亿 kW·h，新能源发电

量为 506亿 kW·h，利用率仅为 90.72%。

按现有负荷、外送、常规电源最小出力水平，消纳空间

全年为 735 亿 kW·h，大于新能源理论电量 579 亿 kW·h。
分析 8 760 h的消纳空间减新能源可用电力，6 331 h（占比

72%）的消纳空间大于新能源可用出力。统计每小时全年

累计的断面受限和调峰受限电量，午间时段（11：00—17：00）
弃电矛盾最为突出，弃电量占全年的 69.94%，尤其以 15：00
最为严重，弃电电力超52万kW（对应全天0.125亿kW·h），

弃电量占全年的 12%。

对增加 50 万~250 万 kW·h 调峰能力的情形进行分

析，增加到 150 万调峰能力后，利用率可接近 95%，但单位

调峰能力带来的边际增发电量在下降，如表 2 所列。其他

调峰能力的增加只能通过储能实现，但储能受到功率和容

量双重限制，故对储能配置进行分析，结果如表 3所列。

表2 调峰能力灵敏度分析表

调峰能力/
万kW·h

0
50

100
150
200
250

新能源发电量/
亿kW·h

498
507
511
516
518
520

新能源

利用率/%
91.59
93.07
94.14
94.90
95.41
95.75

增发电量/
亿kW·h

8.025
5.829
4.121
2.763
1.874

边际增发电量/
亿kW·h

0.161
0.117
0.082
0.055
0.037

表3 增加储能灵敏度分析表

2 h储能

3 h储能

储能功率/
万kW·h

0
50

100
150
200
250
600

0
50

100
150
200
250
400

发电量/
亿kW·h

498
4 998
5 018
503
506

5 076
5 166
498
500
503
507
509
511
516

利用率/%
91.59
91.87
92.28
92.67
93.06
93.41
94.98
91.59
92.08
92.67
93.24
93.64
94.00
94.98

增发电量/
亿kW·h

1.490
2.259
2.120
2.106
1.883
8.535

2.655
3.213
3.062
2.220
1.940
5.302

边际增发电量/
亿kW·h

0.030
0.045
0.042
0.042
0.038
0.024

0.053
0.064
0.061
0.044
0.039
0.035

以 2 h储能为例，要达到 95%的利用率，需要配置 600

万 kW·h的储能，但此时储能的利用效率很低。配置100万~
200万 kW·h的储能利用效率较高，建议配置 150万 kW·h×
2 h的储能，将 92.5%作为合理利用率。

以 3 h储能为例，要达到 95%的利用率，需要配置 400
万 kW·h 的储能，但此时储能的利用效率同样很低。配置

50 万~150万kW·h的储能利用效率较高，因此建议配置100
万kW·h×3 h的储能，将 92.5%作为合理利用率。

4 结语

本文基于新能源出力时序特征，设计了一种基于场景

再现的时序模拟法，避开复杂的建模、多变的相关因素，进

行了电力电量平衡分析，实现了对新能源发电量、发电占

比、利用率等指标的计算。与传统时序法相比，该方法在兼

顾准确性与快速性的基础上，确定了装机时序、调峰能力、

新能源利用率 3 种耦合关系。下一步，需要考虑新能源消

纳的全社会成本、环境成本等因素，深入研究新能源的合

理利用率。
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电力公司生产管理体系优化研究
吴国栋 1，2，李晓晶 1，包广清 2△，郝培良 2，吴娟霞 3
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摘 要：在电网规划建设工作中，需要提升电力设备的建设管理水平。 结合甘肃电力公司实际，分析属地化移交前后省检

修公司和各运维站的业务流程与管理模式，以安全高效、快速响应为目标，统筹考虑电网结构、地理位置、供电区域、基础

设施、运检便利性和调控运行需求等因素，以省市两级智能运检管控平台为依托，制定生产管理体系优化完善提升建设实

施方案，从而破解管办职责不清晰、生产信息不顺畅等生产管理难题。

关键词：电网；属地化；智能运检管控平台

中图分类号：TM7

电力行业是关系到国计民生的重要基础性行

业，随着电网规模不断扩大，输变电设备数量持续

增长，电力公司运维工作面临巨大挑战。 如何降低

生产成本，缩短管理链条，解决管办职责不清晰，生

产信息不顺畅等生产管理难题，成为电力公司的追

求目标。
电力设备作为电网最重要的组成部分之一，在

保障其可靠性的同时降低运维成本，对电网的安全

稳定运行与提高用户用电体验至关重要。 文献[1]提

出在运维站模式下的变电站运行维护工作策略，提

升了电力公司运维工作的科学管理水平。 从海洋等

人对我国输电线路通道防护现状进行了总结，并针

对输电线路通道防护管理的目标，工作流程，绩效

考核和持续改进等问题提出建议，为我国供电企业

安全生产与属地管理提供了一定的参考和借鉴 [2]。
为提高设备运行的可靠性，降低运维成本，文献 [3]提

出了输变电设备差异化运维策略， 从设备检测，状

态评估，风险评估等多个维度，为提升输变电设备

可靠性提供了科学依据。 针对我国 110千伏变电站
在运维站模式下面临的风险和形式，文献 [4]提出了

预防运维风险的对策和措施，为运维站模式下变电

站运维积累了宝贵的工作经验。 文献[5]提出了输变

电设备智能化运维系统，有效提升电力设备状态检

修技术水平与信息化数据利用率，为提升输变电设

备运维管理工作提供了有力保障。

上述文献在细化运维目标，提高运维效率，提升

输变电设备可靠性方面均取得一定成果。 而从电力

公司生产管理体系优化方面的研究成果并不多见。
鉴于理论研究与实际应用两方面的需要， 本文结合

甘肃省电力公司实际，打造生产面三个中心（调度控

制中心、生产指挥中心、供电服务中心）的生产管理

体系架构，以省市两级智能运检管控平台为依托，对

属地化后电力公司生产体系架构进行深入分析，并

对生产管理体系进行优化， 推进设备管理状态全方

位可视， 实现电网设备全面监控、 主人制度全面落

实、生产业务全面可控。

1 生产管理体系架构设计

生产管理系统能够对运营维护工作起到重要支

撑作用。 为降低生产成本，缩短管理链条，解决管办

职责不清晰，生产信息不顺畅等生产管理难题，本文

对原有生产管理体系架构进行优化。 架构设计为四

层，建成省市两级生产指挥中心，以可视化的智能运

检管控平台为依托，与设备管理部、运维检修部合署

办公，实现信息汇集、过程管控、预警研判、协调指挥

功能；市（州）公司层面，实现管理职能和业务实施分

离，成立变电运维（检修）中心、输电运检中心、配网

带电作业中心等业务实施机构；落实设备主人制，调

整优化运维站布点，实现主辅设备全面监控，实施差

异化运维检修策略。 生产管理体系架构建设构架图
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如图 1所示。

2 建设运维站能力标准

2.1 运维站设置原则

各单位应根据实际情况，以安全高效、快速响

应为目标，统筹考虑电网结构、地理位置、供电区

域、基础设施、运检便利性和调控运行需求等因素，
以满足日常工作为需求，缩小工作半径为原则设置

运维站。
运维站宜设置在枢纽变电站，原则以 330 千伏

变电站为中心，覆盖附近变电站，工作半径不宜大

于 60 公里或超过 60 分钟车程（以下简称“双 60”，
这是甘肃省检修公司运维站当初按照国网规定的

设置要求）。 不满足“双 60”且不满足一体化信息监
控要求的变电站，向省公司报备后可实行有人或少

人值守。 有人或少人值守的变电站驻站人员不应少

于两人，且应能满足基本操作及巡视设备的要求。

2.2 运维站人员配置

电力设备数量激增与维护人力资源短缺的矛

盾与日俱增，若人员配置不合理，将对运维工作造

成影响。 运维站人员配置应按照《国家电网有限公

司供电企业劳动定员标准》执行，实际配置率应达

到 100%， 人员配置可考虑生产需求以及变电站发

展需要适当增加备员。 运维站值班方式应满足日常

运维和应急处置工作的需要。 运维站驻地应 24h有
人值班，并保持通讯畅通，夜间值班不少于 2人。

2.3 运维站信息系统支撑

为积极适应国家电网公司建设 “三型两网、世

界一流”战略目标，提升智能化、信息化和现代化水

平， 加强生产人员对电网主辅设备状态信息掌控，
完善信息支撑保障手段。 运维站应配置一体化生产

信息系统平台，拓展变电移动作业应用，利用电力

物联网技术，逐步实现变电业务全上线、状态管控

全在线。
当前数据监测和采集系统得到的与电网相关

的数据，具有体量庞大、种类繁杂、形式多样的特

点。 为实现运维站应用系统数据信息贯通功能，保

障各数据的安全、可靠、稳定，应避免数据多渠道、
多端口重复录入。

一体化生产信息系统利用 5G 等网络安全接
入，打造泛在物联网移动作业平台。 通过手持终端

实现远程监视、巡查、记录上传功能，实现变电运检

业务全覆盖。 应具备视频监控、后台主机联动功能，
通过远程视频监控自动跟踪设备变位，减少人工巡

检、现场设备核查频次，实现“科技减负”，提高工作

效率。 同时具备消防、视频一体化联动功能，逐步实

现高清视频监控能实现自动跟踪监视火灾区域、人

员流动区域以及温度异常设备等区域的功能，保证

各级人员能通过视频监控系统实时掌握变电站现

场突发事件或异常情况。

2.4 运维站通信网络支撑

通信网络的安全稳定对信息系统可靠运行至

关重要。 运维站及所辖变电站网络带宽应当满足主

辅设备集中监控等运维业务要求。 用于调度监控、
远程巡视、一键顺控、辅助判断和应急处置的生产

视频系统应进行高清化改造，专网传输，满足调度、
运维对现场视频图像信息可靠性、实时性要求。

运维站及所辖变电站通信网络，应当满足移动

作业、智能巡检机器人、在线监测装置等系统与生

产信息支撑系统数据交互要求。 信息内网带宽宜不

低于 100M，便于探索 5G 网络安全接入或无线专网
建设。 并应具备与调度直接通讯及电力系统内、外

部通讯功能。

3 职责分工

3.1 运维站相关职责

在优化后的生产管理体系架构中，运维站需要

负责所辖变电站设备监视、设备巡视、日常维护、设

备轮换试验、倒闸操作、两票管理、设备异常及故障

处置、生产准备、调控业务联系等工作。 并负责所辖

变电站设备缺陷管理、 风险管控等缺陷闭环管控、
落实风险管控措施工作。 负责所辖变电站安全措施

落实、隐患排查治理等安全管理工作。 同时还需要

图 1 生产管理体系新架构建设构架
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教师会遇到各种困难，主要集中在两方面：教师和

学生的积极性不高。 对于前者高校要有计划有步骤

地推进该模式的运用，做好示范带头工作，让教师

有学习的榜样。 同时提高培训的质量，完善培训体

系。 建立多维评价体系和绩效体系提高教师使用该

模式的积极性。 混合教学的线下学习情况虽然很难

了解，但是通过采用 SPOC 形式，为学生提供更有针

对性、更有个性化的教学，提高学生学习的积极性。

参考文献：

[1] 陈耀华,陈琳.互联网+教育智慧路向研究[J].中国电化教

育,2016(09):80-84+135.

[2] 扈文英.创新扩散理论视阈下高校网络教学平台推广策

略研究[J].继续教育,2018,32(04):26-29.

[3] 李炜.MOOC 背景下三种常见混合式教学模式的比较研

究[J].现代教育技术,2018,28(S1):5-10.

[4] 田爱丽.借助慕课改善人才培养模式[J].中小学信息技术

教育,2014(02):13-15.

[5] 许蔚,方娇莉,张燕,等.“互联网+公共基础课”教学改革研

究———以昆明理工大学为例 [J].现代教育技术 ,2018,28

(03):53-58.

负责所辖变电站设备状态评价，提出检修、技改大

修策略等状态管理工作与所辖变电站火灾、自然灾

害、突发事件等应急处置，并承担所辖变电站保供

电任务。 以及所辖变电站现场专用规程修编、档案

资料收集、运维分析、技术培训等技术管理工作。

3.2 运检中心相关职责

一切管理都应该从制度开始。 运检中心贯彻执

行国家相关法律法规、行业标准、国网公司及省公

司有关标准及制度，组织开展所辖变电站现场运行

专用规程的编制修订工作。 负责运维站的设置、日

常管理、值班制度制定和后勤保障。 指导、监督、检

查、考核运维站变电运维工作，协调解决相关问题。
制订相关维护、消缺方案并实施。 同时还需要负责

设备异动跟踪管控，设备缺陷、隐患的统计分析、跟

踪、消缺闭环监督。 以及各类作业现场管控，对施

工、检修、抢修作业现场安全措施布置情况、现场管

控措施执行情况、人员违章情况监督检查，收集、发

布工作进度信息。

3.3 地市公司运维检修部相关职责

运维站信息汇集至省检修公司、市（州）公司智

能运检管控中心（生产指挥中心），做为运检部职能

的延伸，与运检部一体化运作。 负责从“信息汇集、
过程管控、预警研判、指挥协调”四个层面来履行其

相关职责。

3.4 省公司设备部相关职责

省公司智能运检管控中心是设备管理的延伸，
与电科院一体化运作，生产业务信息汇集至省级智

能运检管控中心，承担电网设备“信息汇集、过程管

控、预警研判、协调指挥”的核心管理功能。 充分发

挥生产信息的汇集发布、 既定流程工作的组织、过

程管控和监督、突发情况的预警研判以及应急状况

的追踪、监督的作用。

4 结语

本文在理论上， 对电力公司生产管理体系进

行了优化， 并制定生产管理体系优化完善提升建

设实施方案。 以运维站方式对输变电设备进行维

护存在一定的难度， 需要相关部门和工作人员统

筹协调，共同努力。 降低生产经营成本，缩短管理

链条，破解管办职责不清晰、生产信息不顺畅等生

产管理难题， 提高运维工作质量。 这是国网公司

体系建设的重要内容， 也是加快推进甘肃电网建

设的客观需要， 是全面提升电网调控管理水平的

重要举措。

参考文献：
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用研究[J].企业技术开发,2016,35(08):98-99.

[4] 喻平江.110kV 运维站模式变电站的运维工作风险及预

防对策[J].通信电源技术,2018,35(12):285-286.

[5] 李穆,卢文华,向冬冬 .输变电设备智能化运维系统研究

与应用[J].电气工程学报,2015,10(07):71-77.
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2022年 5 月


























































































































































































































































	Introduction 
	Transaction Mechanism Analysis 
	Two-Stage Stochastic Model 
	GDD’s Stochastic Pricing Model 
	Utility Function 
	Strategy Space 

	Multi-MEAS Random-Robust Cooperation Model 
	Utility Function 
	Strategy Space 

	Dual-Layer Model 

	Model Solving 
	Solution of Two-Layer Model 
	Solving the Cooperation Model of Multiple MEAS 
	Solving the MEAS Random–Robust Model 

	Case Study Simulation 
	Case Description 
	The Impact of Uncertainty in Scenario Probability 
	Analysis of the Impact of Confidence Levels on MEAS Scheduling Situation 
	Analysis of the Impact of Confidence Level on Purchase and Sale Electricity 

	Dispatch Results Analysis 
	Model and Algorithm Comparative Analysis 

	Conclusions 
	Appendix A
	Appendix B
	Appendix C
	Appendix D
	References
	Introduction 
	Correlation Analysis of Sample Characteristics 
	Grouping of Sample Data Based on 24 Solar Terms 
	Overview of 24 Sections 
	Data Grouping 
	Data Processing 

	Impact of Extreme Weather on Forecast Results 
	Cold Weather 
	Dusty Conditions 
	Analysis of Forecast Deviations 

	CNN-LSTM-Attention PV Power Prediction Models 
	Forecasting Process 
	Predictive Modeling 
	Evaluation Indicators 

	Case Studies 
	Data Preparation 
	Comparative Analysis 

	Conclusions 
	References
	Reactive power dispatch method for wind farms based on dynamic weight adjustment of electrical distance and reactive power capacity
	Abstract 
	Introduction
	Wind farm grid connected system and analysis of wind farm voltage characteristics
	Wind farm grid connection system
	Voltage distribution characteristics within wind farms

	Improved reactive power scheduling method
	Case study
	Conclusion
	Appendix A
	Acknowledgements
	References


