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Abstract

To address the pressing challenges of low new energy utilization, high power system
operating costs, and compromised power supply reliability in regional grids, we propose
a multi-time-scale source–storage–load coordinated scheduling strategy that explicitly
accounts for the characteristic distribution of grid-connected energy storage stations, in-
cluding their state-of-charge constraints, round-trip efficiency profiles, and location-specific
operational dynamics. A day-ahead scheduling framework is developed by integrating the
multi-time-scale behavioral patterns of diverse load-side demand response resources with
the dynamic operational characteristics of energy storage stations. By embedding intra-day
rolling optimization and real-time corrective adjustments, we mitigate prediction errors
and adapt to unforeseen system disturbances, ensuring enhanced operational accuracy.
The objective function minimizes a weighted sum of system operation costs encompassing
generation, transmission, and auxiliary services; wind power curtailment penalties for
unused renewables; and load shedding penalties from unmet demand, balancing economic
efficiency with supply quality. A mixed-integer programming model formalizes these trade-
offs, solved via MATLAB 2020b coupled CPLEX to guarantee optimality. Simulation results
demonstrate that the strategy significantly cuts wind power curtailment, reduces system
costs, and elevates new energy consumption—outperforming conventional single-time-
scale methods in harmonizing renewable integration with grid reliability. This work offers
a practical solution for enhancing grid flexibility in high-renewable penetration scenarios.

Keywords: source–storage–load coordinated scheduling; multi-time-scale; new energy
utilization; regional grids

1. Introduction
As of the end of 2024, China’s installed wind power capacity reached 520 GW (up

18% year-on-year), and photovoltaic (PV) capacity hit 890 GW (up 45.2% year-on-year) [1],
ranking first globally in both metrics. However, this rapid renewable expansion has
exacerbated curtailment challenges; regional wind and solar curtailment rates hovered
above 20% in 2024 [2], underscoring the urgent need to enhance grid flexibility for new
energy accommodation. The evolution of global installed power capacity by source and
the proportion of new energy is shown in Figure 1.
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Figure 1. Evolution of global installed power capacity by source and the proportion of new energy.

To address this, China has prioritized energy storage deployment, driving the evo-
lution of power systems from traditional “source–grid–load” frameworks to integrated
“source–grid–load–storage” architectures. Notable demonstrations include Jiangsu’s Jian-
shan Energy Storage Station and Nanjing’s Jiangbei Energy Storage Station—both electro-
chemical projects equipped with smart “source–grid–load” interactive terminals. These
facilities have not only enabled seamless integration with regional grids but also boosted
new energy consumption by 12–15% in Jiangsu, validating the efficacy of storage-enabled
coordination [3].

With the transition towards active distribution networks—characterized by active
control, services, and management—the integrated scheduling of diverse grid assets (in-
cluding distributed energy resources, storage devices, and responsive loads) has become
feasible. However, while studies on fundamental complementarity (e.g., “source–load”
and “grid–load–storage” [4,5]) are mature, research on holistic “source–grid–load–storage”
cooperative scheduling is still lacking.

To address the coordination challenges in power grids, a diverse set of methodological
approaches has been developed within theoretical research on the optimal scheduling of
integrated energy systems. Literature [6] employs the Lagrange multiplier method to col-
laboratively optimize individual schedulable resources within localized energy networks—
while this approach excels in local resource allocation precision, it may struggle to ensure
global convergence. Literature [7] uses artificial intelligence algorithms to holistically opti-
mize global performance indicators for source–network–load–storage systems, though such
AI-driven methods often face issues of poor interpretability and heavy computational bur-
den. Literature [8] develops a distributed algorithm-based solution for collaborative opti-
mization models, achieving faster computation speeds and improved convergence—critical
advantages for large-scale grid operations. Literature [9] proposes an energy router-based
strategy to optimize the management of individual schedulable resources, enhancing flexi-
bility at the distribution level. Literature [10] presents a three-layer grid planning model
and solves the collaborative optimization problem using a hybrid algorithm combining
support vector regression (SVR)—a technique with strong global search capabilities—and a
parallel genetic membrane algorithm (PGMA). These studies have collectively advanced the
field, yet many still grapple with balancing computational efficiency, scalability, and real-
world adaptability in complex, high-renewable-penetration environments. Literature [11]
proposed a two-stage stochastic robust optimization method for campus integrated energy
systems accounting for uncertainties in new energy and load. Literature [12], consid-
ering uncertainty in hydrogen prices, put forward a shared energy storage framework



Processes 2025, 13, 3947 3 of 20

incorporating hydrogen trading for campus, industrial, and commercial integrated energy
systems. It designed a hierarchical optimal scheduling method based on Stackelberg game
relationships and conducted case studies using an algorithm combining Particle Swarm Op-
timization (PSO) and Mixed-Integer Linear Programming (MILP), verifying the rationality
of electric–hydrogen shared energy storage. Literature [13] addressed uncertainty in wind
and photovoltaic output by proposing a multi-source cooperative game robust optimization
scheduling model for wind-solar-storage systems that accounts for fairness. Literature [14]
established a Stackelberg game-based hybrid energy sharing mechanism for integrated
energy systems considering load uncertainty, where the integrated energy system operator
acts as the leader and prosumers as followers. This mechanism simultaneously optimizes
the leader’s upper-level profit and the followers’ lower-level energy usage efficiency.

The above-mentioned literature proposed innovations from the perspectives of a
unified energy management system, hierarchical planning of the collaborative model, and
the rapid search capabilities of the solution algorithm. By establishing a “source–grid–
load–storage” collaborative scheduling model and formulating the day-ahead scheduling
plan, the capacity of the power grid to accommodate new energy was improved. However,
there are the following overlooked aspects: (1) The volatility and randomness of new
energy output, and the uncertainty of demand response loads can affect the accuracy of
the day-ahead scheduling plan formulated by the power grid. (2) Engineering practice
shows that electrochemical energy storage is the current development trend of energy
storage stations, while pumped storage power stations remain the main energy storage
method. However, electrochemical energy storage has different output characteristics from
traditional pumped storage power stations, and there are few relevant studies comparing
the output characteristics of the two types of energy storage stations. (3) The research on the
“source–grid–load–storage” scheduling model only considers the day-ahead scheduling
situation of the power grid, while ignoring the emergency mode of the power grid, which is
not conducive to the stability of the long-term operation of the power grid. The emergency
modes are technically operationalized through a penalty-based mechanism within the
objective function of our day-ahead scheduling model.

In order to address the aforementioned several issues, this paper adopts a stochas-
tic programming multi-time-scale scheduling model based on scenario (scenario-based
stochastic programming, SSP) and chance-constrained programming (CCP) [15,16] to revise
the day-ahead scheduling plan and improve its accuracy The proposed method offers a
simplified implementation structure while maintaining competitive performance, which
could be advantageous for scenarios requiring rapid deployment or where computational
resources are a primary concern compared to some complex multi-timescale strategies. By
comparing the energy storage characteristics of the two types of energy storage power sta-
tions and comprehensively considering the time-scale characteristics of conventional units,
wind turbines, energy storage power stations, and demand response loads, a multi-time-
scale “source–grid–load–storage” scheduling model is established. Furthermore, adding
the objective function of the emergency model in the scheduling model improves the power
supply reliability of the grid in emergency mode. The model is solved using MATLAB
2020b coupled CPLEX, and the effect of the model is verified through practical examples.

2. The Operational Characteristics of Energy Storage Stations
Hydroelectric pumped storage offers rapid startup and large capacity but is con-

strained by geographical factors. In contrast, while other storage technologies like elec-
trochemical systems provide siting flexibility and fast response, they face challenges of
high costs and limited capacity. This study therefore focuses on analyzing pumped storage
alongside the prevalent electrochemical energy storage technology.
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2.1. Pumped Storage Energy Station

The operational cycle of a pumped storage plant—involving energy storage dur-
ing low demand by pumping water to an upper reservoir and generation during peak
demand—facilitates the conversion between electrical and mechanical energy. While the
electromechanical process of generation, driven by the water turbine and generator, is
identical to conventional hydropower, this also means its scheduling response is gov-
erned by the same mechanical inertia, thus lacking the ultra-fast regulation capability of
power–electronic-based storage technologies.

2.2. Electrochemical Energy Storage Station

The principle of electrochemical energy storage, encompassing battery and superca-
pacitor technologies, is based on the reversible conversion between electrical and chemical
energy. These systems are characterized by a high overall (round-trip) efficiency, typically
ranging from 85% to 90%. Electrochemical energy storage technology is different from
conventional units. It has a faster response speed and flexible scheduling capability, and
its energy density is very high, allowing it to store a large amount of electrical energy.
Electrochemical energy storage technology can better smooth out the output fluctuations of
distributed power sources, promote system absorption, and has technical advantages such
as strong environmental adaptability, capable of small-scale decentralized configuration,
and short construction period [17].

3. Classification of Demand Response Resources
Load-side demand response resources (demand response, DR) are classified into two

types based on the different response methods of users: price-based demand response
(PDR) and incentive-based demand response (IDR) [17–19]. Among them, PDR can change
users’ electricity usage patterns by implementing different price strategies, such as time-
of-use pricing (TOU), real-time pricing (RTP), and critical peak pricing (CPP), etc.; IDR
refers to the DR implementation agency formulating preferential policies to motivate
users to respond to the scheduling signals. It mainly includes direct load control (DLC),
interruptible load (IL), demand side bidding (DSB), and emergency demand response
(EDR). Common examples in daily life include smart appliances and smart buildings.

In the model of this article, the electricity price adopts a dynamic day-ahead pric-
ing model, so PDR needs to be determined in the day-ahead scheduling. And IDR can
be classified into the following types based on the duration of responding to the grid
scheduling instructions:

(1) Type A IDR, which is planned 1 day in advance.
(2) Type B IDR, with response duration ranging from 15 min to 2 h.
(3) Type C IDR, with response duration ranging from 5 min to 15 min.
(4) Type D IDR, which makes real-time responses.

4. Consider the Multi-Time-Scale Scheduling Plan for the Integration of
Energy Storage Stations

The multi-time-scale scheduling framework for “source–storage–load” involving two
types of energy storage stations, designed in this paper, is shown in Figure 2.

(1) The time scale of the day-ahead scheduling plan is 1 h, and the execution period is
24 h. In the day-ahead scheduling, it is necessary to determine the start–stop plans
of conventional units, the charging and discharging electricity of pumped storage
energy stations, the PDR load response volume, and the load calling plans of type A
IDR. These are then used as determined quantities and substituted into the intra-day
rolling optimization.
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(2) The intra-day optimization runs on a 4 h cycle. At the start of each cycle, the model
calculates an optimal schedule for the upcoming period, with the timeline subdivided
into 15 min time steps for detailed decision-making. In the intra-day scheduling, it is
necessary to formulate the output plans of various new energy units, the charging
and discharging electricity of electrochemical energy storage stations, and the calling
plans of type B IDR loads. These are used to correct the deviations between the
day-ahead scheduling plan and the actual situation. Among them, the start–stop
plans and storage station plans of each unit and the load calling volume specified in
the day-ahead scheduling plan remain unchanged.

(3) The execution period of real-time coordinated control is 5 min. Its function is to use the
intra-day rolling curve as a reference and conduct real-time coordinated control of the
scheduling strategy to correct the actual working conditions and reduce deviations.

 

Figure 2. Multi-time-scale scheduling framework.

5. Multi-Time-Scale Coordinated Scheduling Model
5.1. The Day-Ahead Scheduling Optimization Model

Based on existing research, the day-ahead scheduling adopts a multi-scenario stochas-
tic programming method suitable for high uncertainty [15], which can accommodate the
errors in different load and new energy output prediction scenarios and meet the system
safety constraints.

5.1.1. Objective Function

The objective function of the day-ahead scheduling model is formulated to minimize
the total system operating cost, which includes the depreciation cost of electrochemical en-
ergy storage as well as penalty costs for wind curtailment and load shortage. This approach
achieves a balanced optimization of economic efficiency, renewable energy integration, and
power supply reliability, particularly during emergency operating modes.

min f1 =
24

∑
t=1

( fG,t + ferss,t + fDG,t + fload,t) (1)
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

fG,t =
NS
∑

s=1

NG
∑

i=1
[ps(aiP2

Gi,t,s + biPGi,t,s + ci) + Si(1 − uGi,t−1)uGi,t]

ferss,t =
Ns
∑

s=1

Nerss
∑

i=1
ps[C(Perss,i,t,s) + W(Perss,i,t,s)] +

Nbt
∑

i=1
πbtubti,t,s

fDG,t =
NS
∑

s=1
{

NDG
∑

i=1
[psC(PDGi,t,s) + Si(1 − uDGi,t−1,s)uDGi,t,s]+

pskc,DG(Ppre
DG,t,s − PDG,t,s)]}

fload,t =
NS
∑

s=1
ps[kIDRA∆ | PIDRA,t | +kIDRB,s∆ | PIDRB,t,s | +kc,loadPloss,t,s]

(2)

In the formula: f1 represents the objective function of the real-time scheduling opti-
mization model, indicating the system operation cost; fG,t, ferss,t, fDG,t, and fload,t respec-
tively represent the cost functions of conventional power plants, energy storage stations
(including pumped storage and electrochemical storage), distributed energy plants, and
user loads; NS represents the number of scenarios; PS is the probability coefficient for the
occurrence of the s-th scenario; NG is the number of conventional power plants; PDGi,t,s is
the power generation of the i-th conventional power plant at time t in the s-th scenario. ai,
bi, and ci are the power generation cost coefficients of the i-th conventional unit; Si is the
start–stop cost coefficient of the i-th conventional unit; uGi,t represents the start–stop status
of the i-th conventional unit at time t; and 1 indicates startup and 0 indicates shutdown;
Nerss is the number of energy storage stations; Nbt is the number of electrochemical energy
storage units; Perss,i,t,s is the output power of energy storage station i at time t in the s
scenario; C(Perss,i,t,s) is the cost function of the energy storage station; W(Perss,i,t,s) is the
maintenance cost function of the energy storage station; πbt represents the unit-time depre-
ciation cost coefficient of electrochemical energy storage; ubti,t,s represents the start–stop
status of energy storage station i at time t; NDG represents the number of distributed new
energy units; PDGi,t,s represents the output of the i-th distributed unit at time t in the s
scenario; C(PDGi,t,s) represents the cost function of the distributed unit at time t in the s
scenario; uDGi,t,s is the start–stop status of the distributed unit; kc,DG represents the penalty
cost coefficient for wind (solar) power rejection. Ppre

DG,t,s represent the forecast output of
distributed energy in scenario s at time t; kIDRA and kIDRB,s are the cost coefficients of type
A and type B IDR, respectively; ∆ | PIDRA,t | is the usage amount of type A IDR at time t;
∆ | PIDRB,t,s | is the usage amount of type B IDR at time t in scenario s; kc,load is the penalty
coefficient for load outage; and Ploss,t,s is the loss of load power at time t in scenario s.

5.1.2. Conventional Constraints

(1) Power balance constraint conditions

NG
∑
i

PGi,t,s +
NDG
∑
i

PDGi,t,s +
Nerss
∑
i

Perss,i,t,s =

Dfixed + ∆PPDR,t + ∆PIDRA,t + ∆PIDRB,t,s − Ploss,t,s

(3)

In the formula: Dfixed represents the part of the load that does not change with the
electricity price; ∆PPDR,t is the change in PDR load at time t; ∆PIDRA,t is the change in A
IDR load at time t; and ∆PIDRB,t,s is the change in B IDR load at time t under scenario s.

(2) Conventional unit operation constraints.

(1) Unit output constraint conditions.

Pmin
Gi ≤ PGi,t,s ≤ Pmax

Gi (4)

In the formula, Pmin
Gi and Pmax

Gi represent the upper and lower limits of the output of
the i-th conventional unit, respectively.

(2) The climbing slope constraint conditions for the aircraft.
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{
PGi,t,s − PGi,t−1,s ≤ ui,tRi

PGi,t−1,s − PGi,t,s ≤ ui,t−1Ri
(5)

In the formula, Ri represents the climbing rate of the i-th conventional unit.

(3) Constraints on distributed new energy output.

0 ≤ PDG,i,t,s ≤ Ppre
DG,i,t,s (6)

The output of new energy power generation should be less than the forecast value.

(4) Operating constraints of energy storage stations.

(1) Constraints of pumped storage energy storage power stations.

The constraints of pumped storage power stations mainly include the constraint of the
reservoir’s capacity and the constraint of the climbing rate affected by the pumping rate.

Pmin
water,t,s ≤ Pwater,t,s ≤ Pmax

water,t,s
Vmin

Pump ≤ Vwater ≤ Vmax
Pump

| Pwater,t,s − Pwater,t−1,s |≤ ∆PR′′

(7)

In the formula: Pmin
water,t,s and Pmax

water,t,s, respectively represent the upper and lower
limits of the grid-connected power of the pumping hydroelectric power station; Vmin

Pump and
Vmax

Pump represent the upper and lower limits of the storage water volume of the pumped
storage power station; ∆PR′′ represents the ramp rate of the pumped storage power station.

(2) Constraints of electrochemical energy storage power station.

Electrochemical energy storage is mainly constrained by the rated power of the inverter
and the rated charging and discharging power of the energy storage station.{

Pcha
elec,t,s ≤ Pelec,t,s ≤ Pdis

elec,t,s
SSOCmin ≤ SSOCt,s ≤ SSOCmax

(8)

In the formula: Pcha
elec,t,s and Pdis

elec,t,s represent the rated charging power and rated
discharging power of the inverter, respectively; SSOC is the state of charge of the energy
storage system; upper and lower limits; and SSOCmax and SSOCmin are the upper and lower
limits of the state of charge of the energy storage system.

(5) Power transmission constraint of the transmission line.

−Pmax
ij ≤ Bij(θi,t,s − θj,t,s) ≤ Pmax

ij (9)

In the formula: Pmax
ij represents the maximum transmission power between nodes

ij; Bij is the admittance between nodes ij; and θi,t,s represents the phase angle of node i in
scenario s at time t.

(6) Adjustment of each scene and constraint adjustment.{
| PGi,t,s − PGi,t,bs |≤ ψi

| Perss,t,s − Perss,t,bs |≤ ψerss
(10)

In the formula: PGi,t,bs and Perss,t,bs represent the base-load output values of con-
ventional power plants and energy storage stations, respectively; and ψi and ψerss repre-
sent the flexible scheduling capabilities of conventional power plants and energy storage
stations, respectively.
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(7) Constraints of various DR resources.

Pmin
PDR ≤ PPDR,t ≤ Pmax

PDR (11){
0 ≤ P+

IDRA,t ≤ P+,max
IDRA

0 ≤ P−
IDRA,t ≤ P−,max

IDRA
(12)

{
0 ≤ P+

IDRB,t ≤ P+,max
IDRB

0 ≤ P−
IDRB,t ≤ P−,max

IDRB
(13)

In the formula: Pmin
PDR and Pmax

PDR represent the lower and upper limits of the load
adjustment amount of PDR; P+

IDRA,t and P+
IDRB,t represent the increased load amounts of

type A and type B IDR, respectively; and P−
IDRA,t and P−

IDRB,t represent the reduced load
amounts of type A and type B IDR, respectively.

5.1.3. Optimized Result

By optimizing the algorithm to solve the day-ahead scheduling model, the following
will be included as determining conditions and substituted into the subsequent day-ahead
and real-time coordinated scheduling model: (1) the start–stop status of conventional units;
(2) the charging and discharging power of pumped storage units; (3) the PDR scheduling
volume, and the A IDR scheduling volume.

5.2. The Intra-Day Rolling Scheduling Optimization Model

The intra-day rolling optimization scheduling typically involves feeding the currently
measured system data into the intra-day rolling optimization model, and then using the
forecast data of wind and solar power loads over the next 4 h (with a time scale of 15 min)
to solve for the optimal control sequence.

5.2.1. Objective Function

The objective function of the intra-day rolling optimization is also to minimize the
system operation cost. Compared with the day-ahead scheduling model, in the rolling
model, only the cost of the adjustment volume of IDR-type loads is changed. Since type A
has been determined, the total load cost is the sum of type B and type C IDR. fG,t, ferss,t,
fDG,t are the same as above.

min f2 =
24

∑
t=1

fG,t + ferss,t + fDG,t + fload,t (14)

fload,t =
NS

∑
s=1

ps[kIDRB,s∆ | PIDRB,t | +kIDRC,s∆ | PIDRC,t,s | +kc,loadPloss,t,s] (15)

In the formula: kIDRC,s represents the cost coefficient of type C IDR; and ∆ | PIDRC,t,s |
is the traffic volume of type C IDR in the s scenario at time t.

5.2.2. Constraint Condition

Since the intra-day rolling model also employs the multi-scenario stochastic program-
ming method to mitigate the adverse effects brought by uncertainties, its constraint condi-
tions are basically the same as those in the day-ahead scheduling model. One additional
constraint condition for type C IDR is included. This will not be repeated here.
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5.2.3. Optimized Result

On the basis that the day-ahead scheduling has already determined the start–stop sta-
tuses of conventional generating units, the charging and discharging volumes of pumped
storage units, the call volumes of PDR (Peak Demand Response), and the call volumes of
type A IDR (Incentive-Based Demand Response) (which are set as known values and sub-
stituted into the calculations), the intra-day scheduling is conducted., ultimately determine:

(1) The start–stop plan for distributed new energy units.
(2) The charging and discharging capacity of the electrochemical energy storage station.
(3) The load scheduling volume of B IDR.

5.3. The Real-Time Scheduling Model

Since the real-time scheduling time scale is 5 min, the robustness requirement for the
scheduling decision quantity is higher. The multi-scenario stochastic planning method
applicable to day-ahead scheduling and intra-day rolling models is no longer applicable.
This paper adopts the chance-constraint method in the mathematical model. By setting
certain constraints, the probability that the constraints hold is not less than a certain
confidence level. The scenarios for the stochastic optimization were generated using the
K-means clustering technique. The description includes key steps, such as:

Generating a large number of initial scenarios (1000) via Monte Carlo simulation based
on the historical forecast error distributions of wind power and load.

Applying the K-means algorithm to reduce this large set to a limited number of
representative scenarios (10) that capture the underlying probability distribution.

Calculating the probability for each representative scenario based on the number of
original scenarios in its cluster.

5.3.1. Objective Function

For the real-time coordinated scheduling model, since it adopts the chance-constraint
method and sets the constraint conditions for reserve capacity, the constraint conditions
are smaller than the confidence level, thereby determining the rotational reserve capacity
required by the system.

min f3 =
24

∑
t=1

fG,t + ferss,t + fDG,t + fload,t + fR,t (16)



fG,t =
NG
∑

i=1
[(aiP2

Gi,t + biPGi,t + ci) + Si(1 − uGi,t−1)uGi,t]

ferss,i =
Nerss
∑

i=1
[C(Perss,i,t) + W(Perss,i,t)] +

Nbt
∑

i=1
πbtubti,t,s

fDG,t =

{
NDG
∑

i=1
[C(PDGi,t) + Si(1 − uDGi,t−1)uDGi,t] + kc,DG(Ppre

DG,t − PDG,t)]

}
fload,t = kIDRC∆ | PIDRC,t | +kIDRD∆ | PIDRD,t | +kc,loadPloss,t

fR,t = kR,G(
NG
∑

i=1
R+

Gi,t +
NG
∑

i=1
R−

Gi,t) + kR,erss(
Nwater

∑
i=1

R+
wateri,t +

Nerss
∑

i=1
R−

wateri,t)

(17)

In the formula: fR,t represents the rotational standby cost of the system; kR,G,
kR,DG, and kR,erss are the rotational standby cost coefficients for conventional units, dis-
tributed units, and pumped storage energy storage, respectively; R+

Gi,t and R−
Gi,t represent

the positive and negative rotational standbys of conventional units; and R+
wateri,t and

R−
wateri,t represent the positive and negative rotational standbys of pumped storage energy

storage stations.
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5.3.2. Constraint Condition

The intra-day scheduling determined the start–stop status of conventional units, PDR
and type A IDR, as well as the scheduling volume of pumped storage energy storage
stations. The intra-day rolling determined the start–stop status of distributed units, type B
IDR and the scheduling volume of electrochemical energy storage stations. Therefore, only
the power balance constraints, type C and type D IDR constraints, and reserve capacity
constraints remain. The system constraints and IDR constraints are basically the same
as before, and will not be elaborated on in this section. The main focus is on the reserve
capacity constraints.

Pr{
NG
∑

i=1
PGi,t +

NDG
∑

i=1
PDGi,t+

Nerss
∑

i=1
Perssi,t + ∆PIDRD,t+

NG
∑

i=1
R+

Gi,t +
Nwater

∑
i=1

R+
wateri,t ≥ Pload,t+

∆PIDRA,t + ∆PIDRB,t + ∆PIDRC,t} ≥ α

Pr{
NG
∑

i=1
PGi,t +

NDG
∑

i=1
PDGi,t +

Nerss
∑

i=1
Perssi,t + ∆PIDRD,t−

NG
∑

i=1
R−

Gi,t −
Nwater

∑
i=1

R−
wateri,t ≥ Pload,t + ∆PIDRA,t+

∆PIDRB,t + ∆PIDRC,t} ≥ β

(18)

In the formula: Pr{} represents the confidence expression; and α and β are the confi-
dence levels for positive rotational reserve capacity and negative rotational reserve capacity,
respectively, and their values are 0.95.

5.3.3. Optimized Result

Optimizing the real-time scheduling model enables the determination of the following
optimized results:

(1) The start–stop status and output of all generating units.
(2) The rotational reserve capacity.
(3) The adjustment amounts of type C IDR and type D IDR.

6. Analysis of Examples
6.1. Example Introduction

In order to effectively address the serious issue of limited new energy consumption,
this paper investigated a certain regional power grid in the East China region where new
energy consumption was severely restricted. This grid was selected as a case study to
verify the proposed scheduling strategy. The regional power grid consists of 6 conventional
thermal power plants, located at nodes 1, 2, 5, 8, 11, and 13. The parameters of the thermal
power plants are shown in Table 1. A 400 MW wind farm and a 50 MW/200 MW·h
electrochemical energy storage station are connected at node 2, and a 100 MW/400 MW·h
pumped storage power station is connected at node 8. The regional grid diagram is shown
in Figure 3. It is assumed that the variation range of PDR is 10% of the total load, the
adjustment amounts of type A, type B, and type C IDR do not exceed 5% of the total load,
and the adjustment amount of type D IDR does not exceed 3% of the total load. To simplify
the calculation process, the compensation cost coefficients of IDR are all set to fixed values,
as shown in Table 2. The model is solved using the CPLEX software in the YALMIP tool
package on the MATLAB platform.
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Table 1. Parameters of conventional unit.

Unit
Number Node Pmax/MW Pmin/MW a/(Yuan/(MW)2) b/(Yuan/MW) C/Yuan Ru/Rd Creep

Speed/(MW/h)
TS/TD Minimum

Power-on/off
Time/h

1 1 200 50 0.0375 20 372.5 72 2
2 2 80 20 0.175 17.5 352.3 48 2
3 5 50 15 0.625 10 316.5 30 2
4 8 35 10 0.0834 32.5 329.2 21 2
5 11 30 10 0.25 30 276.4 18 2
6 13 40 12 0.25 30 232.2 24 2

Figure 3. Regional grid diagram.

Table 2. Compensation cost factor of IDR.

IDR Type Compensation Cost Coefficient/(Yuan/(MW·h))

A 100
B 125
C 150
D 150

The load and wind power predictions are generated based on the measured data
plus white noise (the prediction error follows a normal distribution). The time scale of the
measured curve is expanded from 1 h to 15 min, meaning that the same 4 data points are
taken within each hour, totaling 96 data points. The prediction errors for the load’s day-
ahead, intra-day, and real-time are 3%, 1%, and 0.5%, respectively. The prediction errors
for the wind power’s day-ahead, intra-day, and real-time are 5%, 3%, and 1%, respectively.
The measured and forecast curves for the load are shown in Figure 4.
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Figure 4. The measured and forecast curves for the load.

6.2. Scheduling Result Analysis

Figure 5 shows the scheduling plans for the two scenarios of positive peak shaving and
negative peak shaving of wind power. Each curve represents the total output of the previous
curve plus the output of the corresponding unit (or DR resource). Figure 6 shows the DR
resource scheduling plans for the two scenarios. Figure 7 shows the scheduling plans for
pumped storage power stations and electrochemical power stations in the two scenarios.

(a) Wind power peak shaving scheduling diagram. 

Figure 5. Cont.
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(b) Wind power peak negative scheduling diagram. 

Figure 5. System scheduling plan.

(a) Wind power peak shaving scheduling diagram. 

Figure 6. Cont.
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(b) Wind power peak negative scheduling diagram. 

Figure 6. DR resource scheduling plan.

Figure 7. Energy storage power station scheduling plan.

Analyzing the scheduling plans of the two scenarios separately, the following conclu-
sions can be drawn:

(1) When wind power is for positive peak shaving, the trend of the wind power output
curve is basically consistent with the load curve. The high-output period of wind
power is midday (10:00–14:00) and afternoon (16:00–19:00). During this period, the
non-demand response load in the system is high, and the amount of IDR resources
called is less than that in the negative peak shaving scenario during the same period.
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(2) When wind power is for negative peak shaving, the trend of the wind power output
curve does not match the load curve. The high-output period of wind power is early
morning (2:00–6:00) and evening (16:00–21:00). During this period, the non-demand
response load in the system is low. Through the positive calling of IDR resources and
the charging of the energy storage station, the wind power consumption level in this
period is improved.

(3) As can be seen from the calling plans of each part in Figure 6, the main task of power
adjustment is still undertaken by the conventional units, which fulfill the tasks of peak
shaving and frequency scheduling. IDR types, due to their relatively smaller adjust-
ment volume limit, can only respond to the more drastic power adjustment quantities.

(4) From the calling situation of various DR resources in Figure 7, it can be generally
observed that during the day, IDR resources are mainly used for peak shaving and
stabilizing wind power fluctuations, while at night, IDR resources are mainly used for
valley filling.

(5) From Figure 6, it can be seen that when wind power is adjusting the peak, the storage
adjustment volume is smaller than that in the scenario where wind power is adjusting
the peak in the opposite direction. In the face of sudden changes in wind power and
load, pumped storage energy cannot achieve rapid response and scheduling, while
electrochemical energy storage can complete rapid response and scheduling. The
existence of these two types of energy storage stations can better provide peak shaving
and valley filling capabilities. Combined with Figure 7, the wind power curtailment
situation has basically been eliminated.

6.3. Comparison and Analysis of Scheduling Mode Strategies

In order to demonstrate the effect of integrating two types of energy storage power
stations on improving the wind power consumption rate, reducing wind power curtailment,
and lowering system costs, this paper also discusses the cases in two scenarios of positive
and negative peak scheduling of wind power.

Scheduling scheme 1: Without the participation of energy storage power stations
and without considering multi-time-scale scheduling, all scheduling plans are day-ahead
scheduling plans.

Scheduling scheme 2: With the participation of pumped storage energy storage power
stations, without considering multi-time-scale scheduling, all scheduling plans are day-
ahead scheduling plans.

Scheduling scheme 3: The scheduling strategy of this paper. That is, multi-time-scale
scheduling with the participation of the two types of energy storage power stations.

Table 3 presents the comparison results of three different scheduling schemes.

Table 3. Comparison of different scheduling schemes in the new case.

Wind Power Scenario Scheduling Scheme Cost/Yuan Wind Abandonment Rate/%

Positive peak shaving

1 1,759,638 17.31

2 1,718,534 11.59

The plan of this article 1,653,821 4.36

Negative peak shaving

1 1,875,239 23.26

2 1,732,210 12.29

The plan of this article 1,670,741 5.68

(1) Scheduling scheme 1 without the participation of an energy storage station, especially
in the scenario of wind power counter-peak shaving, during the high wind power
generation periods (2:00–6:00, 16:00–21:00), a small amount of demand response load
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cannot meet the large-scale consumption of wind power, resulting in a serious wind
power abandonment phenomenon, with an abandonment rate of 23.34%.

(2) Scheduling scheme 2 with a single pumped storage hydropower station participating,
since the pumped storage power station does not have the characteristic of rapid
scheduling, it cannot respond in time in the wind power counter-peak shaving sce-
nario. Therefore, in the counter-peak shaving scenario and the positive peak shaving
scenario, the abandonment rate of this scheduling strategy mode for the two scenarios
is basically the same.

(3) Scheduling scheme 3 with the participation of two energy storage stations, the rapid
scheduling characteristic of the electrochemical energy storage station and the large-
capacity high-power operation of the pumped storage power station form a com-
plementarity. Combined with the small-scale scheduling of the demand response
resources, it is possible to achieve a significant reduction in the wind power abandon-
ment rate and a significant reduction in the system operation cost in both positive and
negative peak shaving scenarios.

In conclusion, compared with the study on the improvement of the renewable energy
consumption capacity of the “source–grid–load–storage” system by a single pumped
storage energy storage station, the multi-time-scale scheduling strategy considering the
characteristics of two energy storage stations proposed in this paper can better eliminate
the adverse effects brought by the uncertainty of renewable energy prediction and better
enhance the renewable energy consumption capacity.

To better verify the optimization of the renewable energy consumption capacity and
system operation cost of the proposed method in different power grid environments for
the regional power grid, based on the grid structure of the previous case, the placement
positions and capacity configurations of conventional units, the capacity configuration and
output characteristics of energy storage stations were changed, and this was used as a new
example to verify the wide applicability of the proposed method. The topology diagram is
shown in Figure 8.

The conventional thermal power units are located at nodes 1, 2, 22, 27, 23, and 13, and
the parameters of the thermal power units are shown in Table 4. Node 2 is connected to a
400 MW wind farm and is in the counter-peak shaving scenario. At the same time, node
2 is connected to a 10 MW/40 MW·h electrochemical energy storage station, and node
8 is connected to a 40 MW/100 MW·h pumped storage power station. The DR resource
configuration and the wind power load prediction results are the same as before, and will
not be repeated here.

Table 4. Parameters of conventional unit in the new case.

Unit
Number Node Pmax/MW Pmin/MW a/(Yuan/(MW)2) b/(Yuan/MW) C/Yuan Ru/Rd Creep

Speed/(MW/h)
TS/TD Minimum

Power-on/off
Time/h

1 1 150 50 0.0375 20 372.5 72 2
2 2 60 20 0.175 17.5 352.3 48 2
3 22 60 15 0.625 10 316.5 30 2
4 27 50 10 0.0834 32.5 329.2 21 2
5 23 40 10 0.25 30 276.4 18 2
6 13 45 12 0.25 30 232.2 24 2

A comparison of scheduling schemes was conducted for the wind power positive
peak shaving scenario with a higher wind power abandonment rate. The scheme settings
were the same as before, and the results are shown in Table 5.
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Table 5. Comparison of different scheduling schemes.

Wind Power Scenario Scheduling Scheme Cost/Yuan Wind Abandonment Rate/%

Negative peak shaving

1 1,934,771 24.86

2 1,773,465 14.23

The plan of this article 1,706,935 7.89

Figure 8. New regional grid diagram.

Compared with the regional power grid in the new case, after changing the power
grid topology, as can be seen from the results of the scheduling scheme 1, the wind power
consumption capacity of the regional power grid without the participation of energy storage
stations remains basically the same after the power source distribution position is changed.
However, the system operation cost has changed to a certain extent due to the different
distribution of generator output. According to the results of the scheduling schemes 2
and 3, the reduction in the capacity configuration of the energy storage station makes it
impossible for the energy storage station to absorb the wind power during peak periods,
resulting in an increase in the grid’s wind power rejection rate and cost compared to before.
However, the new case verification shows that the method proposed in this paper can
improve the renewable energy consumption capacity of the regional power grid and reduce
the operation cost of the regional power grid in different power grid environments.

7. Conclusions
This paper proposes a “source–storage–load” scheduling plan that comprehensively

considers the time characteristics of pumped storage and electrochemical energy storage
power stations, as well as the multi-time-scale characteristics of DR resources. The output
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characteristics of the two types of energy storage power stations are analyzed, and they
interact with DR resources based on their multi-time-scale characteristics, achieving the
formulation of the day-ahead scheduling plan. Through the intra-day rolling and real-
time correction, the uncertainty of renewable energy prediction and load prediction is
suppressed to a certain extent. The results of the example show:

(1) The participation of the two types of energy storage power stations in the scheduling
plan can improve the consumption of wind power, reduce the wind power penalty
cost, and thereby reduce the system operation cost. A formal Pareto-front analysis,
mapping total cost against different levels of reliability (e.g., by varying the penalty
costs or chance-constraint confidence levels), is identified as a key focus for future
work to provide planners with a comprehensive decision-making tool.

(2) The electrochemical energy storage power station has a rapid scheduling capability,
which can effectively complement the scheduling capacity of the pumped storage
energy storage power station, providing better storage space for wind power and
thermal power during peak periods. It realizes the peak scheduling effect in different
time periods.

(3) The multi-time-scale can better utilize the rapid scheduling capabilities of electro-
chemical energy storage power stations and DR resources. This enables the system to
improve the accuracy of the forecast data.

(4) The proposed scheduling method in this paper can be widely applied in regional
power grids with limited renewable energy output, improving the wind power con-
sumption capacity.

By comparing the research conclusions of the scheduling strategies in [20,21] that only
consider demand response, this paper conducts a time-characteristic-based study on energy
storage power stations, combining the large-power storage effect of pumped storage and
the rapid scheduling characteristics of electrochemical energy storage, more effectively
alleviating the large-scale wind power rejection phenomenon caused by the inverse distri-
bution of wind power output and load demand, and more effectively improving the wind
power consumption capacity. It has a better reference effect for the consumption of new
energy in the “source–grid–load–storage” system.

8. Future Work
(1) The scheme in this paper only considers lithium batteries as the composition of

electrochemical energy storage power stations. Different battery types and energy
storage technologies have different output characteristics [22]. The future power
system will connect various large-scale energy storage systems, and the modeling
methods for various energy storage technologies are different. Further research
in the following studies can be conducted on various energy storage technologies
and various electrochemical energy storage technologies. The performance of the
proposed scheduling strategy under extreme conditions, such as generator outages or
significant market price fluctuations, represents a critical and valuable direction for
future research.

(2) One limitation of the current work is that the scenario-based stochastic programming
approach does not explicitly capture the temporal dependencies of uncertainties
(e.g., the Markovian property of wind power forecasting errors) [23,24]. Future
research will explore more advanced modeling frameworks, such as multi-stage
stochastic programming or stochastic dynamic programming, to incorporate these
temporal correlations. This would enhance the decision-making process by making
it more adaptive to the evolution of uncertainties over time. Furthermore, we have
explicitly acknowledged in the manuscript’s outlook section that investigating the
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actual, observed levels of IDR participation across different consumer categories to
establish a realistic baseline constitutes a key objective for our future research.

(3) The confidence levels (α and β) in the chance constraints were set to a fixed value
of 0.95 in this work. A sensitivity analysis to investigate the trade-offs between
operational cost, reliability, and different confidence levels represents an important
direction for future research.

(4) The model, especially for IDR Type D (real-time), assumes an idealized instantaneous
response without significant latency or ancillary costs. In practice, factors such as
communication delays, the need for advanced metering infrastructure, and incentive
costs for participants would impact the performance and economics of real-time
response programs. These factors represent an important area for future model
refinement to enhance practical applicability.

(5) While the results demonstrate the efficacy of the proposed strategy for the chosen
system configuration, a systematic exploration of the impact of different storage
capacities on system performance and cost presents a significant opportunity for
subsequent research.

(6) A recognized limitation of this study is its focus on lithium-ion battery technology.
While this provides a critical baseline analysis, the generalizability of the results to
other emerging storage technologies, such as flow batteries or sodium-ion batteries,
which may offer different characteristics in terms of cycle life, cost, and scalability, re-
mains an important area for future investigation. This work establishes a foundational
framework that can be adapted for such comparative techno-economic analyses.

(7) Furthermore, while the proposed model demonstrated computational tractability
for the case study system, its scalability to very large-scale networks with hundreds
of nodes and a high penetration of distributed energy resources warrants further
investigation. Future work will explore the use of decomposition techniques (e.g.,
Benders’ decomposition, alternating direction method of multipliers) or heuristic
approaches to enhance computational efficiency for large-scale implementations.
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