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Abstract

With the relentless expansion of installed capacity in renewable energy (RE) sources, in-
cluding wind and photovoltaic power, the operational landscape of the power system
has witnessed a substantial surge in uncertainty and complexity. The conventional unit
commitment (UC) model falls short when it comes to addressing the challenges posed by a
high proportion of RE integration and the collaborative involvement of multiple entities,
especially within the electricity market framework. UC now faces a dual challenge: it
must not only grapple with the pronounced uncertainty on the source–load side but also
harmonize the operational characteristics of emerging entities, such as independent energy
storage (ES) systems and virtual power plants. All of this must be achieved while strictly
adhering to market regulations and grid safety constraints. To tackle these issues, this paper
proposes an intelligent scheduling model built upon a composite neural network. This
model enables real-time optimization of scheduling for thermal power, renewable energy,
and ES systems through multi-agent collaboration. By doing so, it effectively mitigates the
uncertainty associated with RE sources and enhances the safety, economic efficiency, and
flexibility of the power system.

Keywords: unit commitment; intelligent scheduling model; composite neural networks;
multi-agent collaboration

1. Introduction
The continuous growth of RE installed capacity, such as wind power and photovoltaics,

has resulted in a significant increase in the uncertainty and complexity of power system op-
eration. The conventional UC model has proven to be an ineffective approach in the context
of a high proportion of RE grid connections and a diverse range of subjects participating
collaboratively [1–3]. This is especially evident in the electricity market, where UCs must
contend with considerable uncertainty on both the source–load sides. In addition, they are
required to coordinate the operational characteristics of novel entities, such as independent
ES and virtual power plants (VPPs) [4]. These combinations must also adhere strictly to
market rules and grid safety constraints. However, extant research has predominantly
concentrated on the collaborative optimization of traditional thermal power and RE sources,
with a paucity of systematic incorporation of independent ES, VPPs, and other entities
into the prevailing UC decision-making framework [5]. It has also not fully integrated the
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safety constraint UC logic and the electricity market operation mechanism, resulting in
poor adaptability, low decision-making efficiency, and difficulty in ensuring the safety of
the model in practical applications.

Against this backdrop, scholars, both domestically and internationally, have conducted
in-depth research on the UC problem in multiple dimensions. Reference [6] explored the
combination problem involving multiple resource types participating in frequency regula-
tion within transmission-end grids, emphasizing the importance of frequency regulation
safety constraints in systems with high renewable energy penetration. Reference [7] system-
atically reviewed modeling and solution methods for UC in high-penetration renewable
energy systems, indicating that stochastic optimization and robust optimization are effec-
tive approaches for addressing uncertainty. Reference [8] proposes a two-stage robust UC
model accounting for tail risks of wind power forecasting errors, significantly enhancing
system operational robustness under extreme scenarios. Reference [9] further introduces
control parameter optimization for grid-connected renewable energy, achieving synergistic
improvements in frequency regulation safety and economic efficiency through a two-layer
model. Reference [10] constructed a two-stage stochastic optimization dispatch model
considering source–load uncertainties and incorporates demand response mechanisms,
effectively enhancing system flexibility and renewable energy integration capacity.

Despite the considerable progress achieved in uncertainty modeling, frequency con-
straints and multi-agent collaboration in the aforementioned research, three shortcomings
remain [11,12]. Firstly, the operational characteristics and behavior of new entities, such as
independent ES and VPPs, have not been systematically integrated. Secondly, there is a lack
of adaptation to practical operational constraints, such as the need to operate/maintain
units and network congestion in the electricity market. Thirdly, existing models rely heavily
on traditional mathematical programming methods, which hinders the achievement of fast
and intelligent decision making in high-dimensional and multi-scenario scenarios [13–15].

In the context of the rapid development of RE sources, there has been a gradual
shift in the power system toward a multi-agent collaborative model of “generation, ES
and load network”. The extant research on UCs principally focuses on the collaborative
optimization of traditional thermal power and RE sources [16]. However, it is notable
that the collaborative effects of RE entities, such as independent ES and VPPs, are largely
neglected. Moreover, the integration of safety constraints and market mechanisms within
the power system is often ineffective. This article proposes an intelligent decision-making
composite neural network (CPNN) model that adapts to the electricity market by combining
various emerging energy entities and system security requirements. The enhancement of
system flexibility and reliability serves to address the deficiencies observed in traditional
models, namely, their poor adaptability and low decision-making efficiency in complex
uncertainty scenarios.

2. System Description and Handling of Source–Load Uncertainty
2.1. System Main Body Composition

As the electricity market mechanism improves and the proportion of renewable energy
rises, the power system is shifting from the traditional “generation follows load” model to a
“generation–storage–load–network” multi-agent collaborative model. The high penetration
of renewable energy, such as wind and solar, increases uncertainty in the system, demand-
ing greater regulation capabilities. Traditional unit commitment models can no longer
meet these new demands. This study proposes an intelligent scheduling model based on
multi-agent collaboration, integrating VPPs and ES for real-time optimization of thermal,
hydropower, and renewable energy coordination [17,18]. Thermal and hydropower sources
provide stability, while renewable energy requires more flexibility, which is addressed by
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ES. VPPs enhance system flexibility through demand response and distributed resources.
As shown in Figure 1, the system composition diagram illustrates the collaborative opera-
tion of multi-agent units. The proposed compound neural network model enables dynamic
adjustments to unit commitment in response to real-time market demands, ensuring ef-
ficient, secure, and economical operation of the power system, providing an intelligent
solution for unit scheduling and energy management in the electricity market.

Traditional power supply
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Energy storage instant 
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Load optimization supply

Collaborative mode of 
source network load 

storage

Distributed photovoltaic Load
Energy Management 
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Figure 1. Composition diagram of multi-agent collaborative UC system.

2.2. Modeling of Source–Load Uncertainty

In this study, the uncertainty of renewable generation and load is modeled based on
historical measurements and forecasting data. The parameters of the wind speed Weibull
distribution and the photovoltaic irradiance beta distribution are estimated using maximum
likelihood fitting, and their values are constrained within commonly reported ranges in the
literature, while the standard deviation of load forecasting errors is obtained from historical
prediction residuals and modeled by a normal distribution. Therefore, the parameter
settings in this paper are data-driven and literature-consistent rather than heuristically
selected [19].

2.2.1. Uncertainty of Wind Power Output

In addressing the inherent variability in wind power output, the initial supposition
is that the wind speed data will follow a Weibull distribution. The associated probability
density function is expressed as follows:

f (v) =
k
c

(v
c

)k−1
exp

(
−
(v

c

)k
)

(1)

Among them, v denotes the actual wind speed, k represents the shape parameter (with
a value range of 2.5 to 3.5), and c signifies the scale parameter (with a value range of 8 to 12).
The mapping relationship between wind power output and wind speed can be represented
by the following piecewise functions:

Pw(v) =


0 v < vci orv > vco

Pw, rated
v3 − v3

ci
v3

co − v3
ci

vci ≤ v ≤ vr

Pw, rated vr < v ≤ vco

(2)

Among them, vci is the cut-in wind speed, vr is the rated wind speed, vco is the cut-out
wind speed, and Pw,rated is the installed wind power capacity.
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2.2.2. Uncertainty of Photovoltaic Output

In the context of photovoltaic output, characterized by its inherent variability, it is
postulated that the light intensity I adheres to a Beta distribution [20]. Consequently, the
probability density function can be expressed in the following form:

f (I) =
Iα−1(Imax − I)β−1

Imaxα+β−1 B(α, β)
(3)

Among them, Imax is the standard illumination intensity, α and β are shape parameters
(with a range of 2.0 to 3.0), and B(α, β) is the beta function. The relationship between
photovoltaic output is shown as follows:

Ppv(I) =


0 I < Ith

Ppv, rated
I − Ith

Imax − Ith
Ith ≤ I ≤ Imax

Ppv, rated I > Imax

(4)

Among them, Ith is the threshold light intensity, and Ppv,rated is the photovoltaic
installed capacity.

2.2.3. Load Uncertainty

The load forecasting error ∆L follows a normal distribution N(µ, σ2), and the proba-
bility density function is shown as follows:

f (∆L) =
1√
2πσ

exp

[
− (∆L − µ)2

2σ2

]
(5)

Among them, µ is the mean error, σ is the standard deviation (taking 3~5% of the
predicted load), and the actual load is Lact = Lpred + ∆L (Lpred is the predicted load).

2.3. Handling of Source–Load Uncertainty
2.3.1. Improved K-Means Clustering Scenario Reduction

It is evident that traditional K-means clustering is susceptible to the influence of initial
centers. The present article improves upon the aforementioned work by introducing the
concept of “density peak screening of initial centers”. The method is outlined below [21].

1. Scene generation: In accordance with the aforementioned probability distribution,
Latin hypercube sampling is utilized to generate 1000 source and load original scenes.
Each scene vector is defined as follows:

ξs =
[
Pw,s(t), Ppv,s(t), Lact,s(t)

]24
t=1 (s = 1, 2, . . . , 1000) (6)

2. Density calculation: The local density ρs of scene ξs is defined, where dc is the trunca-
tion distance (taken as 1.2 times the average distance of the scene).

ρs = ∑
s′ ̸=s

exp

(
−
∥∥∥∥ξs − ξs′

dc

∥∥∥∥2
)

(7)

3. Initial center selection: The top five scenes with the highest density are selected as the
initial clustering centers (with the ultimate retention of five typical scenes).

4. Scene aggregation: The calculation of the Euclidean distance between each scene
and the cluster center is performed. Additionally, the classification of the scenes
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is taken according to their proximity to the nearest center. The center is updated
until convergence.

5. Scenario probability allocation: The final typical scenario probability is πs, which is
calculated as follows.

πs =
Ns

Ntotal
(8)

Among them, Ns is the number of original scenes in class s, and Ntotal is the total
number of scenes.

2.3.2. Collaborative Optimization of Demand Response

In the context of demand response optimization, this article proposes a methodology
to modulate the load curve via the combined application of price-based demand response
(PDR) and incentive-based demand response (IDR), aimed at mitigating the impacts of
uncertainties [22]. The specific steps are outlined below:

1. PDR price elasticity model: The response relationship between industrial/commercial
load electricity demand and electricity prices is described using elasticity coefficients,
with the specific form shown as follows:

∆Lk,t

Lk,t
=

24

∑
t′=1

ϵk,t,t′ ·
∆pt′

pt′
(9)

Among them, ϵk,t,t′ is the self-elasticity/mutual elasticity coefficient. k represents the
industrial load and commercial load, respectively.

2. IDR incentive mechanism: VPP systems are engineered to enable precise load regula-
tion by integrating regulated power consumption and compensated power consump-
tion. The calculation formula for the corresponding compensation cost is presented
as follows.

CIDR =
n

∑
i=1

[
ccap

i Ddecl
i +

24

∑
t′=1

cen
i Eadj

i

]
(10)

Among them, ccap
i and cen

i respectively represent the compensation costs for electricity
consumption and load regulation.

3. Adjustable load calculation: The total load after the implementation of demand
response is calculated as follows.

Ladj,s(t) = Lact,s(t)− ∆Lk,t(t)− Eadj
i,t (t) (11)

3. Construction of Objective Function for Multi-Agent Collaborative UC
In this study, the objective function is formulated from the perspective of a centralized

system (market) operator responsible for market clearing and coordinated dispatch. The
revenues correspond to market settlements, including energy trading, ancillary services,
and demand response compensation, while the costs represent system-level operational
and security-related expenditures, such as renewable curtailment, grid congestion and loss
costs. Therefore, the proposed social welfare maximization objective is consistent with a
system-level market operation and coordinated scheduling framework, rather than the
profit optimization of individual participants.

The social welfare maximization objective function is formulated as the difference
between total system revenue and total system cost, a holistic metric that captures the
multi-stakeholder benefits and quantifies the full-cycle costs of the system [23]. This metric

https://doi.org/10.3390/pr14040661

https://doi.org/10.3390/pr14040661


Processes 2026, 14, 661 6 of 22

effectively overcomes the inherent limitations of traditional models that arbitrarily conflate
cost and benefit components.

3.1. Total System Revenue

The total revenue of the system is derived from three distinct sources: electricity
trading, demand response services, and auxiliary services.

3.1.1. Electricity Sales Revenue

The revenue derived from power grid electricity sales to residential, industrial, and
commercial users is calculated in accordance with the spot time-of-use electricity price.

Rsell =
24

∑
t=1

[pres,tLres,t + pind,tLind,t + pcom,tLcom,t] (12)

Among them, pres,t, pind,t, and pcom,t are the spot electricity prices for residential,
industrial, and commercial use during time period t. Lres,t, Lind,t and pcom,t respectively
represent the actual electricity consumption of three types of users.

3.1.2. Demand Response Benefits

Concurrently, the VPP participates in the profit distribution of both PDR and IDR
programs. Its PDR-related revenue directly accrues from the electricity cost savings realized
by end-users through peak-load shifting and valley filling, while its IDR revenue consists
of the compensation fees disbursed by the power grid.

RDR = RPDR + RIDR =

24
∑

t=1
∆Lshift,t ·

(
ppeak,t − pvalley,t

)
+

n
∑

i=1

[
ccap

i Ddecl
i +

24
∑

t=1
cen

i Eadj
i,t

] (13)

Among them, ∆Lshift,t represents the transfer of electricity during time t, while ppeak,t

and pvalley,t represent the peak and valley electricity prices, respectively. Ddecl
i is the

adjustable capacity declared by user i a few days ago, and Eadj
i,t is the actual adjusted power.

3.1.3. Auxiliary Service Revenue

The benefit of incorporating independent ES into frequency regulation and standby
services is

RESS =
24

∑
t=1

[
pfreq,tPfreq,t + pres,tPres,t

]
(14)

Among them, Pf req,t and Pres,t respectively represent the frequency modulation and
backup capacity provided by ES. They satisfy the following relationship.

Pfreq,t + Pres,t ≤ PESS,rated (15)

3.2. Total System Cost

The total cost of the system comprises five categories of cost items, including multi-
party operation and grid safety costs.

3.2.1. Cost of Thermal Power Units

The total financial expenditure associated with the operation of thermal power units
comprises not only the costs of their start-up and subsequent shutdown, but also the full
spectrum of coal-related operational costs.
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Ccoal =
24

∑
t=1

Ng

∑
n=1

[
Snun,t +

(
an

(
qG

n,t

)2
+ bnqG

n,t + cn

)]
(16)

Among them, Ng is the number of thermal power units in the system. Sn is the start–
stop cost. un,t is the start–stop state. an, bn and cn are the coal consumption parameters.
G is the output of unit n.

3.2.2. Cost of Abandoned Electricity from RE

The tangible economic losses and intangible environmental impacts arising from
the curtailment of wind and solar power directly constitute the core components of RE
curtailment costs.

Ccurt = cw

24

∑
t=1

(
Pw,pot,t − Pw,act,t

)
+ cpv

24

∑
t=1

(
Ppv,pot,t − Ppv,act,t

)
(17)

Among them, cw is the cost of abandoning wind power. cpv is the cost of abandoning
light. Pw,pot,t and Ppv,pot,t represent the potential output of RE. Pw,act,t and Ppv,act,t are the
actual consumption amounts.

3.2.3. Cost of Independent ES

The financial considerations associated with independent ES systems primarily com-
prise operational costs related to charging and discharging cycles, as well as the capital
depreciation of storage equipment.

CESS =
24

∑
t=1

pgrid,t

(
PESS,ch,t

ηch
− PESS,dch,tηdch

)
+ Cdep (18)

Among them, pgrid,t is the charging electricity price. PESS,ch,t and PESS,dch,t are the
charging and discharging power. Cdep is the depreciation cost.

3.2.4. VPP Costs

The following section details the operation and management costs of VPP aggrega-
tion load.

CVPP = cagg

24

∑
t=1

(
Lind,adj,t + Lcom,adj,t

)
+ Cmanage (19)

Among them, cagg is the unit aggregated. Lind,adj,t and Lcom,adj,t are adjustable loads.
Cmanage represents management costs.

3.2.5. Cost of Power Grid Safety

The financial considerations pertaining to power grid operational safety primarily
encompass the costs associated with transmission line congestion management and grid
transmission losses.

Cgrid =
24

∑
t=1

Nline

∑
ij=1

[
kij
(

Pij,max − Pij,t
)
+ γijP2

ij,t

]
(20)

Among them, Nline is the number of system lines. kij is the unit blocking cost. Pij,max

is the maximum transmission capacity of the line. Pij,t is the actual transmission power. γij

is the loss coefficient.
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3.3. Core Objective Function

Taking into account all the aforementioned benefits and associated costs, the objective
function for social welfare maximization is formulated as follows:

maxW = Rtotal − Ctotal = (Rsell + RDR + RESS)−
(

Ccoal + Ccurt + CESS + CVPP + Cgrid

)
(21)

Among them, W is the goal of maximizing social welfare.

4. Constraints for UC in Multi-Agent Collaboration
Design constraints are to be based on the classification of “system level–unit/subject

level” in order to ensure that the decision-making scheme meets safe operation and elec-
tricity market rules.

4.1. System Level Constraints
4.1.1. Power Balance Constraint

It is imperative to achieve equilibrium between the supply and demand of electricity
within the entire system, taking into account the output and load of multiple entities.

Ng

∑
n=1

qG
n,t + Pw,act,t + Ppv,act,t + qt, h + PESS,dch,t = Ladj,t + PESS,ch,t + Ploss,t (22)

Among them, qt,h is the hydropower output. Ploss,t is the network loss. Ladj,t is the
total load after demand response.

4.1.2. Network Transmission Constraints

It is paramount that the transmission power of any line does not exceed its rated
maximum carrying capacity. In this paper, a linearized power flow model based on power
transfer distribution factors (PTDFs) is adopted to describe the network transmission
constraints. It should be noted that, although the IEEE 33-node distribution network is
adopted as the test system, the PTDF-based model is used as a simplified linear network
constraint representation to capture active power transfer sensitivities and line capacity
limits in the scheduling problem. This model is introduced for computational efficiency and
learning-based decision making, and it does not aim to represent a full transmission-level
DC optimal power flow formulation.

Pij,t =
Nbus
∑

b=1
PTDFij,b(qG

b,t + qW
b,t − PL

b,t)

−Pij,max ≤ Pij,t ≤ Pij,max

(23)

Among them, PTDFij,b denotes the active power flow of line ij. Pij,max denotes the
transmission capacity limit of line ij. Nbus is the number of nodes.

4.1.3. Rotation Backup Constraints

Constraints pertaining to spinning reserve are paramount, as they ensure an adequate
capacity to mitigate generation–load fluctuations while simultaneously preserving the
required positive and negative reserve margins.

Ng

∑
n=1

(
qG

n,max − qG
n,t

)
+ PESS,dch,spare,t ≥ ∆Lmax,t +

(
Pw,pot,t − Pw,act,t

)
max

Ng

∑
n=1

(
qG

n,t − qG
n,min

)
+ PESS,ch,spare,t ≥ ∆Lmin,t +

(
Pw,act,t − Pw,pot,t

)
max

(24)
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Among them, qG
n,max and qG

n,min are the maximum/minimum output of thermal power,
respectively. PESS,dch,spare,t and PESS,ch,spare,t are positive/negative backup for ES. ∆Lmax,t

and ∆Lmin,t represent the maximum increase/decrease in load.

4.1.4. Unit Climbing Constraints

The climbing constraint of the unit is a factor that limits the rate of output change of
the thermal power unit, with a view to avoiding damage to the equipment.

qG
n,t − qG

n,t−1 ≤ rn,up · xn,t · xn,t−1qG
n,t−1 − qG

n,t ≤ rn,down · xn,t · xn,t−1 (25)

Among them, rn,up is the uphill climbing rate, rn,down is the downhill climbing rate,
and xn,t is the operating state of the unit, which only needs to meet constraints during
continuous operation.

4.2. Constraints at the Unit and Main Body Level
4.2.1. Constraints on Thermal Power Units

The upper and lower limits of the output for thermal power units are as follows:

qG
n,min · xn,t ≤ qG

n,t ≤ qG
n,max · xn,t

(
qG

n,min = 0.2qG
n,max

)
(26)

The minimum start–stop time constraint is as follows.
t

∑
k=t−Tn,on+1

xn,k ≥ Tn,on · (xn,t − xn,t−1)

t
∑

k=t−Tn,off+1
(1 − xn,k) ≥ Tn,off · (xn,t−1 − xn,t)

(27)

Among them, Tn,on is the minimum startup time, and Tn,o f f is the minimum shut-
down time.

4.2.2. Independent ES Constraints

The constraints on independent ES, charging, and discharging power are as follows:
0 ≤ PESS,ch,t ≤ PESS,rated · yt,ch

0 ≤ PESS,dch,t ≤ PESS,rated · yt,dch

yt,ch + yt,dch ≤ 1

(28)

Among them, yt,ch and yt,dch are independent ES charging/discharging states.
The constraints imposed by the state of charge (SOC) on independent ES are as follows. SOCt = SOCt−1 + PESS,ch,tηch∆t − PESS,dch,t∆t

ηdch

SOCmin ≤ SOCt ≤ SOCmax

(29)

4.2.3. VPP Constraints

The interruptible load constraint for VPPs is as follows, with an interruption amount
not exceeding 15% of the adjustable load [24].

0 ≤ Lcut,t ≤ 0.15(Lind,t + Lcom,t) (30)

https://doi.org/10.3390/pr14040661

https://doi.org/10.3390/pr14040661


Processes 2026, 14, 661 10 of 22

The transferable load constraints of VPPs are as follows, with the necessity to satisfy
energy conservation being of paramount importance.

24
∑

t=1
Lshift,t = 0

−0.1Lind,t ≤ Lshift,t ≤ 0.1Lcom,t

(31)

The upper limit constraint for the total response of the VPP is as follows, ensuring that
the total response does not exceed 20%.

Lcut,t + |Lshift,t| ≤ 0.2(Lind,t + Lcom,t) (32)

5. Intelligent Decision-Making CPNN Solution for Multi-Subject
Collaboration of UCs Adapted to the Electricity Market

Although CNN–DQN-based reinforcement learning frameworks with constraint penal-
ties or action masking have been widely investigated in power system scheduling, most
existing studies mainly focus on generation-side scheduling or security-constrained dis-
patch, and usually treat energy storage systems and demand-side resources in a simplified
manner. To address this limitation, this paper establishes a unified multi-agent unit com-
mitment framework that simultaneously incorporates thermal units, renewable energy,
independent energy storage systems, and virtual power plants under electricity market
mechanisms and grid security constraints. Furthermore, a constraint adaptation subnet-
work is designed to decouple hard operational constraints and soft performance-related
constraints and embed them into the learning and decision-making process through hard
masking and soft penalty mechanisms, which enhances the feasibility and robustness of
the proposed CPNN in complex multi-entity and multi-scenario scheduling environments.

5.1. CPNN Architecture and Solution

The architecture of the CPNN is predicated on the core logic of “data input, feature
extraction, constraint adaptation, intelligent decision making”. The architecture comprises
five modules: an input layer, a feature extraction subnetwork, a constraint adaptation
subnetwork, a DQN decision subnetwork, and an output layer. The functions of each
module are closely connected to data flow, and it is suitable for the decision-making needs
of multi-agent collaboration in the electricity market. The architectural design is delineated
as follows:

1. Input layer

The input layer is responsible for integrating the multidimensional data required for
multi-party scheduling in the electricity market. Subsequent subnetworks are provided
with standardized input following the implementation of this process. The input data
are divided into two categories: source–load scenario data and subject parameter data.
The following source–load scenario data have been collated: five typical source–load
scenarios following improved K-means clustering reduction. The primary parameter data
encompasses thermal power unit parameters, autonomous ES parameters, VPP parameters,
and grid line parameters.

2. Feature extraction subnetwork

The core function of the feature extraction subnetwork is to capture the temporal corre-
lation features of the source–load data and the static features of the subject parameters. This
is achieved by means of dimensionality reduction and the abstraction of high-dimensional
input data, specifically composed of convolutional layers and fully connected layers. The
convolutional layer, in particular, utilizes two 3 × 3 convolution kernels (with a stride of 1
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and a ReLU activation function) to perform convolution operations on 24 h source–load
temporal data. This process enables the extraction of temporal correlation features from
the data, thereby circumventing the limitations of traditional fully connected layers in
capturing temporal dependencies. The fully connected layer comprises two layers. The
first layer is responsible for mapping the temporal features output by the convolutional
layer to a 256-dimensional feature space. The second layer reduces the dimensionality
to 128 dimensions and finally outputs an abstract feature vector containing the temporal
features of the source–load and the static features of the subject.

3. Constrained Adaptation Subnetwork

The constraint adaptation subnetwork has been identified as a pivotal module in
achieving the integration of intelligent decision making and power system constraints. It
has been demonstrated that, by means of a dual mechanism of hard constraint masking
and soft constraint punishment, the power system operation constraints and electricity
market rules are embedded into the neural network.

The hard constraint mask module generates a binary mask vector m for the hard
constraints that cannot be violated in the power system. In the event that a specific
dimension in the abstract feature vector corresponds to a state that contravenes the hard
constraint, the mask value is set to 0. Conversely, if the dimension corresponds to a state
that complies with the hard constraint, the mask value is set to 1. The infeasible features
are then filtered through the following equation.

f ′ = f ⊙ m m ∈ R128 (33)

The soft constraint punishment module is responsible for calculating the constraint
violation penalty value p for soft constraints, such as SOC deviation and unit output
exceeding the limit. The formula is shown as follows:

p = λSOC · |SOCt − SOCref|+ λq · |qn,t − qn,lim| (34)

Among them, λSOC and λq are penalty coefficients. SOCre f is the reference SOC for
ES. qn,lim is the upper and lower limits of the output of thermal power units.

State fusion can be defined as the fusion of masked feature vectors with soft constraint
penalty values. Therefore, the system state vector s is generated as the input for the DQN
decision subnetwork.

s =
[

f ′, p
]
∈ R129 (35)

4. DQN decision subnetwork

The DQN decision subnetwork is based on the reinforcement learning Markov decision
process to achieve dynamic optimization of multi-agent UCs. The model is composed of
three core components: The Q-network, target network and experience replay pool.

It is evident that the Q-network employs a 3-layer fully connected layer (129 → 64 → 32),
utilizing the system state vector s as the input, and generating the Q-values (action values)
of all actions. The action space encompasses a wide range of decision-making variables,
such as the start-up and shut-down status of thermal power units, the real-time energy con-
sumption of RE sources, the power for ES charging and discharging, and the interruptible
and transferable loads of the VPP.

The structure of the target network is identical to that of the Q-network, with param-
eters synchronized at 1000-step intervals to calculate the target Q-value. The formula is
as follows.

yt = rt + γ · maxa′Qtarget
(
st+1, a′

)
(36)
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Among them, γ is the discount factor, which suppresses the oscillation problem during
the training process.

The purpose of the experience replay buffer is to store samples in the format of “state–
action–reward–next state”. During the training process, 256 samples are randomly selected
to break the data correlation and improve the model’s generalization ability. The reward
function is carefully designed to be consistent with the objective of maximizing social
welfare while also considering compliance constraints.

rt = α · Wt + β · (1 − pt) (37)

Among them, α and β are weight coefficients. Wt is the social welfare value at time t.
pt is the degree of constraint violation.

5. Output layer

The output layer serves to transform the action outputs generated by the DQN decision
subnetwork into implementable UC decision plans. Subsequently, these plans are classified
and output based on the types of various entities in the electricity market.

The solution process of the CPNN is highly tailored to the “day-ahead scheduling”
process in the electricity market [25]. As depicted in Figure 2, the specific solution process
unfolds as follows.

1 Scene input
Five typical source load scenarios obtained by improving K-means clustering

（Wind power, photovoltaic, load, electricity price, etc）

2 Feature Selection
Convolutional layer extracts 24-hour source load temporal features

Fully connected layer fusion parameters form 128 dimensional abstract feature vectors

3 Constrained Adaptation Sub Network

Hard constraint mask Soft constraint punishment State fusion

4 DQN decision subnetwork

Action space Q Network and 
Target Network

Reward function and 
experience replay pool

5 Decision verification
Verify and perform local fine-tuning

6 Solution output
Output a multi-agent unit combination scheduling scheme 

that meets safety constraints and spot market rules
 

Figure 2. Solving process of CPNN.
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5.2. Model Training Process

In the DQN optimization stage, the proposed framework handles mixed-integer and
continuous scheduling decisions through a discrete action representation combined with
constraint adaptation. The on/off states of thermal units and the charging/discharging
states of energy storage systems are modeled as binary actions, while continuous variables,
including generation outputs, storage power and demand response quantities, are dis-
cretized into a finite number of operating levels by uniformly partitioning their feasible
ranges. During decision making, infeasible actions violating hard operational or network
constraints are filtered by the hard constraint masking mechanism, and soft constraint
violations are penalized in the reward function. In addition, a lightweight feasibility ad-
justment is applied to project the selected action onto the nearest admissible operating
point when necessary, thereby ensuring feasibility and acceptable solution accuracy in the
mixed-integer scheduling problem.

5.2.1. Pre-Training Phase

The goal of the preliminary training is to assist the feature extraction subnetwork and
the constraint adaptation subnetwork in acquiring knowledge. The intention is to enable
these subnetworks to understand the fundamental characteristics and constraint rules of
the power system [26]. This objective is accomplished by utilizing measured data from the
electricity market, which includes 2000 sets of offline optimal solutions for UC problems,
as the training set.

1. Dataset construction: The input consists of load scene data from the source and subject
parameter data. These data are labeled with abstract feature vectors and constraint
compliance information corresponding to offline optimal solutions.

2. Loss function: In this paper, it is proposed to employ the mean square error loss
function to enhance the accuracy of feature extraction and constraint adaptation
during the optimization process.

Lpre =
1
N

N

∑
i=1

∥∥f′i − fi,opt
∥∥2

+ µ · pi (38)

Among them, N is the number of samples. fi,opt is the abstract feature vector of the
optimal solution. pi is the average constraint violation degree, and µ is the penalty weight.

3. Following a series of 1000 iterations with the Adam optimizer, the loss value is
recorded as less than 10−3. This outcome marks the conclusion of the preliminary
training stage.

5.2.2. DQN Optimization Stage

During the optimization stage of the DQN, the emphasis is placed on cultivating
dynamic decision-making capabilities within the framework of reinforcement learning.
The primary objective is to learn UC strategies that maximize social welfare through
trial-and-error approaches [27].

1. ε-greedy strategy: The initial exploration probability ε is set to 0.9, which undergoes
a decay of 0.05 with every 100 iterations, eventually reaching a value of 0.1. This
adjustment is made to achieve a balance between “action exploration” and “opti-
mal utilization”.

2. Sample collection: It is possible to execute action at in the source–load scene, thus
resulting in the immediate acquisition of rewards rt and the subsequent transition to
state st+1. The final stage of the process is the storage of the sample in the experience
replay pool.
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3. Q-network update: Gradient descent can be employed to minimize the time differ-
ence error.

LDQN =
1
B

B

∑
i=1

(yi − Q(si, ai))
2 (39)

Among them, B takes 256 as the batch size, and yi is the target Q-value.
4. Convergence judgment: If the fluctuation in the mean reward over 5000 consecutive

steps is less than 0.1%, it is determined that the model training has converged, and
the iteration process is terminated. In this study, the maximum number of training
episodes is set to 1000, while the above convergence criterion is used as an early-
stopping condition.

6. Example Analysis
To validate the effectiveness of the constructed “Intelligent Decision Model for UC

Adapted to Multi-Agent Collaboration in the Electricity Market” in real-world distribution
network scenarios, this paper selects the typical IEEE 33-node distribution system as the
test case. Based on this, a variety of entities, such as traditional thermal power plants,
RE stations, independent ES systems, and VPP, are incorporated to create a simulation
environment that conforms to the operational mechanism of the electricity market and the
interactive characteristics of multiple entities. The scheduling cycle is configured as 24 h
with a time resolution of 1 h.

6.1. Parameter Settings

To enable the testing system to accurately characterize the scenario of “multi-agent
collaboration in distribution networks”, this study proposes an extension to the original
IEEE 33-node system. Specifically, this extension includes targeted connection of peak-
shaving thermal power units at nodes 3 and 6; installation of wind farms at node 17 and
photovoltaic power stations at node 21; deployment of an independent ES system at node
12; and aggregation of some industrial and commercial loads at nodes 8–10 into a VPP.
This configuration is capable of comprehensively reflecting the collaborative regulation
mechanism among multiple entities on the source side (including thermal power, wind
power, and photovoltaic power), the ES system side, and the load side within the electricity
market environment.

1. Parameters of thermal power units
As the primary controllable resource of the system, the output range, climbing ability,
and start–stop characteristics of thermal power units directly affect the system’s peak
shaving ability and operational economy. The parameters of thermal power units are
shown in Table 1.

Table 1. Parameters of thermal power units.

Num. Access
Node

Max.
Output
(MW)

Min.
Output
(MW)

Upper Limit
of Climbing

(MW/h)

Lower Limit
of Climbing

(MW/h)

Start-Up
Cost

(RMB)

Minimum
Startup Time

(h)

Minimum
Downtime

(h)

G1 3 60 15 20 20 2.5 3 3

G2 6 80 20 25 25 3.0 3 3

2. Wind farm parameters
The wind farm is connected to node 17, and its output is determined by wind speed,
which follows a Weibull distribution. The wind power parameters are delineated in
Table 2.
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Table 2. Wind farm parameters.

Access
Node

Installed
Capacity (MW) k c Cut-In

Speed (m/s)
Rated Wind
Speed (m/s)

Cut-Out Wind
Speed (m/s)

17 30 3.0 10 3 12 25

3. Photovoltaic power station parameters
The photovoltaic is connected to node 21, which experiences optimal irradiation
conditions at typical distribution network locations. The illumination intensity is
modeled using a beta distribution. The parameters of light intensity are delineated in
Table 3.

Table 3. Light intensity parameters.

Access
Node

Installed Capacity
(MW) α β

Maximum Illumination
(W/m2)

Threshold Illumination
(W/m2)

21 20 2.5 2.5 1000 200

4. Load model parameters
The IEEE 33-node load comprises three distinct components: residential, industrial,
and commercial. Residential loads are characterized by rigidity, whereas industrial
and commercial loads are more amenable to adjustment. The proportions of load
composition and prediction error are shown in Table 4.

Table 4. Load model parameters.

Load Type Node Range Proportion Adjustability Distribution of
Prediction Errors

Resident load 25–33 40% Nonadjustable Normal distribution

Industrial load 5–10 35% Interruptible/transferable Normal distribution

Commercial load 10–20 25% Interruptible/transferable Normal distribution

5. ES system parameters
The ES system is connected to node 12, which has the capacity to engage in energy
arbitrage, in addition to its utilization for load regulation and backup services. The ES
system parameters are delineated in Table 5.

Table 5. ES system parameters.

Access
Node

Rated Power
(MW)

Energy Capacity
(MWh) SOC Range Initial

SOC
Depreciation Cost

(RMB)

12 20 40 20–80% 50% 0.5

6. VPP parameters
In order to simulate the process of demand response entities participating in market
regulation, the industrial and commercial loads at nodes 8, 9, and 10 are aggregated to
form a VPP. The precise parameters are delineated in Table 6.

Table 6. VPP parameters.

Aggregation
Node

Interruptible
Ratio

Transferable
Ratio

Total Response
Limit

PDR Electricity
Price IDR Compensation

8\9\10 ≤15% ≤10% ≤20% Time-of-use
Compensation for

reducing/transferring
electricity consumption
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6.2. Visualization of CPNN Solution Process

The cumulative reward changes of the network during the training process are il-
lustrated in Figure 3, where the maximum number of training episodes is set to 1000,
and an early-stopping mechanism is adopted. The fluctuation in reward values in the
early stages of training is indicative of the randomness of the strategy network during the
exploration phase. Conversely, as the number of training iterations increases, the reward
value gradually rises and converges to a stable range in the middle and later stages. This is
an indication that the network has successfully learned a scheduling strategy that combines
economy and feasibility.

0 25 50 75 100 125 150 175 200

25

50
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100

125

150

175

200

Trainning episode

R
ew

ar
d

 
Figure 3. Reward curve during neural network training process (maximum 1000 episodes with
early stopping).

As demonstrated in Figure 4, the Q-value of the primary network undergoes fluctua-
tions in accordance with the number of training iterations. The maximum number of train-
ing episodes is set to 1000, and training is terminated early once the convergence criterion
is satisfied. The Q-value demonstrates significant fluctuations in the initial 100 iterations,
subsequently converging gradually, suggesting that the value function has approached a
state of stability. This network is capable of accurately evaluating the value of different
actions in the current state.

As demonstrated in Figure 5, the SOC and charge–discharge behavior of the ES system
on typical days can be observed. SOC varies within the constraint range of 20% to 80%,
exhibiting a distinct “low valley charging, high peak discharging” characteristic. The charg-
ing and discharging power curve is smooth and conforms to the operational constraints of
the equipment, reflecting the network’s ability to learn the physical characteristics of ES
and use them for peak shaving and valley filling.

As illustrated in Figure 6, the response behavior of interrupted loads and transferable
loads in a VPP is demonstrated. The response is primarily observed during the evening peak
load period, where interrupted loads exhibit a rapid reduction effect, while transferable
loads adjust in time before and after the peak period. The findings suggest that neural
networks possess the capacity to effectively utilize the adjustability of industrial and
commercial loads, thereby enhancing system operation without compromising the overall
power balance.
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Figure 4. Q-value of the main network versus training iteration curve (maximum 1000 episodes with
early stopping).
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Figure 5. SOC and charge–discharge behavior of ES system.
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Figure 6. Response behavior of interrupted loads and transferable loads in VPPs.

Figure 7 presents the start–stop status of two thermal power units in a typical day,
expressed as a heat map. It is evident that the number of unit starts and stops is relatively
limited, and the continuity of the operating range is satisfactory, indicating that the neural
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network strategy can effectively circumvent the additional costs engendered by frequent
starts and stops, and exhibits commendable scheduling smoothness.

Figure 7. Start–stop status of thermal power units on typical days.

6.3. Analysis of Example Results

In order to verify the advantages of the proposed CPNN model in UC and multi-agent
collaborative scheduling, this section selects mixed-integer linear programming (MILP)
and a genetic algorithm (GA) as comparative benchmarks and evaluates them in terms of
three aspects: operational characteristics, economy, and robustness.

6.3.1. Comparison of Scheduling Effectiveness and Operational Characteristics

The MILP scheme strictly satisfies power balance and unit constraints in each time
period. However, it has been demonstrated that output changes are more “sharp” during
load mutation periods. Furthermore, the GA curve fluctuates greatly, with some periods
approaching the upper or lower limit of output. In comparison, the overall output trajectory
of CPNN is smoother, with natural transitions between peaks and valleys. It has also been
demonstrated that no violations occurred throughout the entire period, thus demonstrating
good feasibility and scheduling flexibility. As illustrated in Figure 8, the output curves of
thermal power units have been obtained by three different algorithms.
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Figure 8. Comparison of output curves of thermal power units obtained by three algorithms.

The SOC of MILP exhibits a distinct segmented pattern, characterized by “edge-to-
edge operation” that frequently occurs near the upper and lower limits. The SOC of GA
surpasses the upper limit of 80% in certain periods, thereby incurring a risk of exceeding
the designated threshold. Conversely, the SOC curve of CPNN maintains stability within
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the range of 20% to 80%, exhibiting a consistent and continuous trajectory by charging
during low valley periods and discharging during peak periods. The leftmost figure in
Figure 9 provides a comparison of the changes in ES SOC obtained by three algorithms.
The corresponding charge and discharge power curves are shown on the right of Figure 9.
It is evident that the charge and discharge operations of CPNN exhibit greater uniformity,
thereby circumventing the occurrence of short-term high-power charge and discharge in
the MILZ scheme. This advantageous characteristic is conducive to prolonging the ES life.
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Figure 9. Energy storage SOC changes and corresponding charge–discharge power curves obtained
by three algorithms.

6.3.2. Comparison of Economic Indicators

The following section will present a comparative analysis of the mean daily total
operating costs and social welfare under the three algorithms demonstrated in Table 7. It
is evident that MILP exhibits the lowest operating cost and the highest social welfare, a
consequence of its capacity to ascertain the global optimal or approximate global optimal
solution. The total cost of CPNN is marginally higher than that of MILP, yet significantly
lower than that of GA, with the corresponding social welfare approximating that of MILP.
Conversely, GA is influenced by random search and local convergence, resulting in the
highest total cost and the lowest social welfare.

Table 7. Typical daily total operating costs and social welfare under three algorithms.

Category MILP (104 RMB) GA (104 RMB) CPNN (104 RMB)

Total cost 540 580 550

Social welfare 130 90 120

6.3.3. CPNN Robustness Analysis

In order to evaluate the adaptability of three algorithms under source–load uncer-
tainty disturbance, this paper constructed a random disturbance scenario of wind and
photovoltaic output ±20% and load ±5% outside the benchmark scenario. The cost offset
distribution and feasible solution ratio of the algorithms are presented in Figure 10. The
results demonstrate that CPNN exhibits a 100% feasible solution ratio across all disturbance
scenarios. The cost offset is observed to be concentrated within a narrow range of ±5%.
MILP is found to be susceptible to failure or prolonged execution under extreme distur-
bances, resulting in a marginally lower proportion of feasible solutions. Conversely, GA
demonstrates the lowest feasible solution ratio, and the cost offset box exhibits a wider
distribution, exhibiting heightened sensitivity to source–load wave motion. Overall, ANN
has been shown to exhibit superior robustness to fluctuations in wind and solar power
output and load forecasting errors, while ensuring the feasibility of the solution. The
system is particularly well-suited to scenarios that demand rapid response, such as rolling
optimization and real-time scheduling.
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Figure 10. Adaptability of three algorithms under source–load uncertainty disturbance.

6.4. Statistical Performance Evaluation Under Multiple Scenarios

To further verify the generalization capability of the proposed CPNN scheduling
method, a batch evaluation is conducted under multiple source–load scenarios generated
by the improved K-means clustering method. All reduced typical scenarios are consid-
ered, and MILP, GA and CPNN are tested under identical system settings with a 24 h
scheduling horizon. The statistical results are summarized using four metrics, namely,
the average total operating cost, the average social welfare, the feasible solution ratio,
and the average computation time, in order to comprehensively evaluate the economic
performance, solution reliability and computational efficiency of the proposed method
under multi-scenario conditions.

As shown in Table 8, MILP achieves the best economic performance but requires the
longest computation time, while GA exhibits inferior economic performance and a lower
feasible solution ratio. In contrast, the proposed CPNN obtains competitive operating cost
and social welfare with a much shorter computation time and the highest feasible solution
ratio, demonstrating its effectiveness and suitability for fast multi-scenario scheduling in
the electricity market.

Table 8. Statistical comparison of three algorithms under multiple scenarios.

Category MILP GA CPNN

Average total cost (104 RMB) 538 598 565

Average social welfare (104 RMB) 137 94 122

Average renewable curtailment rate (%) 5 15 8

Feasible solution ratio (%) 92 78 99

Average computation time (s) 45 9 1.5

7. Conclusions
The CPNN model proposed in this article has demonstrated significant advantages in

the domain of multi-agent collaborative UC scheduling. A comparison of CPNN with MILP
and GA demonstrates that it exhibits a satisfactory balance with regard to scheduling effec-
tiveness, operational characteristics and economy. In circumstances involving source–load
uncertainty, CPNN has been shown to exhibit enhanced robustness and greater adaptabil-
ity. These properties contribute to the system’s feasibility and the effective scheduling of
resources in the face of substantial fluctuations in RE output and load prediction errors.
The system is well-suited to real-time scheduling scenarios, characterized by the need for
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rapid response. Consequently, CPNN provides an intelligent and efficient solution for
multi-agent collaborative scheduling in the electricity market. Nevertheless, it is worth
noting that the CPNN, as a deep learning-driven framework, inherently has limitations: it
relies on large-scale high-quality labeled data for model training, and its internal decision-
making logic lacks sufficient interpretability. Future research will focus on addressing these
issues, such as integrating few-shot learning to reduce data dependence and introducing
attention mechanisms to improve model interpretability, thereby further promoting its
practical application in complex power systems.
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