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A B S T R A C T

Load aggregators (LAs) can integrate end users with adjustable loads within a specific region and participate in 
electricity spot markets to mitigate the growing peak–valley imbalance in power demand. As an important 
enabler of demand-side flexibility and user participation, LAs play a critical role in enhancing the operational 
efficiency of new-type power systems. This study proposes a two-stage dynamic pricing framework for LAs within 
virtual power plant (VPP) environments. In the first stage, a K-means++ clustering algorithm is applied to 
classify end users according to their load characteristics and demand response capabilities. In the second stage, a 
Stackelberg game is formulated to characterize the hierarchical interaction between the LA (leader) and end 
users (followers), taking into account operational constraints and market uncertainties. Four simulation scenarios 
are designed to validate the proposed model. The results show that the optimized pricing strategy reduces 
electricity costs by 3.57% for non-residential users and 2.45% for residential users, while improving load 
smoothness and LA profitability. The proposed framework provides a practical and scalable approach for opti
mizing LA pricing strategies and offers valuable insights for enhancing user participation and renewable energy 
integration in real-time electricity markets.

1. Introduction

With China’s “dual-carbon” strategy deepening and the construction 
of a new-type power system accelerating, VPPs and LAs—as organiza
tional forms that coordinate source-grid-load-storage and activate 
demand-side resources—are increasingly viewed as pivotal vehicles for 
achieving high renewable-energy penetration and advancing power- 
market reform [1,2]. While their functional emphases differ—VPPs 
focus on multi-energy complementarity and coordination across de
vices and stakeholders, whereas LAs emphasize aggregation of flexible 
user-side loads and market participation—their operating mechanisms 
are highly complementary. An emerging division of roles has taken 
shape in which VPPs orchestrate multi-energy control and LAs execute 
DR on the user side [3–5]. On the policy front, China’s energy regulators 
have issued a series of instruments and technical guidelines to stan
dardize VPP operations; among them, the Specification for VPP Opera
tion and Management provides more actionable requirements on 
organizational boundaries, regulation-capacity assessment, market 

interfaces, and performance evaluation. According to that specification, 
by the end of 2023, 27 provincial-level regions had launched VPP pilots 
with aggregate callable regulation capacity exceeding 8000 MW, yet 
locally implemented commercial projects achieved an average return of 
only about 5.2%, markedly below the risk-adjusted return of conven
tional coal-fired assets [6]. Consequently, under a spot-oriented market 
with coupled day-ahead and real-time operations, designing pricing and 
incentive mechanisms for LAs that balance user responsiveness with 
aggregator profitability has become a key bottleneck to VPP commer
cialization [7,8]. Developing a paradigm for LA retail pricing and in
centives that can operate amid volatility, incomplete information, and 
compliance constraints is therefore both practically urgent and meth
odologically valuable.

Research on LA operational decisions under the coupled day-ahead 
real-time mechanism largely falls into two camps. The first is cost- 
oriented optimization, which assuming attainable DR and stable price 
elasticity—uses robust models to determine retail prices or power 
schedules [9,10]. Even when wind-solar-thermal-storage portfolios are 
included and “two-stage” or “day/intraday” formulations are adopted 
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[11,12], limited characterization of market feedback and user hetero
geneity constrains the closed-loop price-response elasticity. The second 
camp is data-driven policy learning: for example, deep reinforcement 
learning can learn dynamic pricing under weak mechanistic assump
tions [13–15], but it suffers from limited interpretability and main
tainability, and it demands substantial computing resources, online 
exploration, and strict safety margins—hindering engineering deploy
ment. More critically, engineering realities are often underemphasized: 
users’ price sensitivity is markedly time-varying, nonlinear, and subject 
to threshold effects [16]; meanwhile, real-time deviations and ancillary- 
service assessments impose default penalties or opportunity costs that 
enlarge the LA’s risk exposure and profit variance [17,18], distorting 
model outputs. Additionally, in the peer-to-peer (P2P) trading scenario 
of multi-integrated energy systems (IES), some studies have constructed 
a distributed optimization framework based on asymmetric Nash 
negotiation and combined it with an improved ADMM to achieve 
privacy-preserving joint quantity-price decision-making, which can 
provide a methodological reference for the pricing-game modeling in 
this paper [19–21]. To narrow this gap, recent work has employed 
Stackelberg games to explicitly capture the price-quantity interaction 
between LAs and commercial-industrial users [22,23], and has proposed 
methods for identifying and quantifying adjustable loads in the retail 
sector to improve parameterization and attainability assessments 
[24,25]. In summary, two shortcomings persist: (i) uniform pricing 
based on an “average user” with insufficient segmentation and targeted 
incentives by DR capability; and (ii) inadequate endogenization of time- 
varying price elasticity and compliance costs such as default penalties, 
leading to a disconnect between strategy and actual operation.

Building on the above, this paper proposes a real-time pricing 
strategy for LAs within the VPP context, formulated as a leader–follower 
(Stackelberg) game. First, we construct a coordinated supply mechanism 
between the external grid and the LA under the VPP framework, and 
classify end users via clustering according to their consumption char
acteristics and DR capability. Second, we develop optimization-based 
pricing models for the LA side and the end-user side, analyze their 
strategic interaction in pricing decisions, and establish a Stackelberg 
game with the LA as leader and end users as followers. Compared with 
existing studies, the contributions of this study are as follows: 

(1) We propose a two-stage “clustering-game pricing” framework 
that couples K-means++ clustering—based on end-user con
sumption characteristics with a Stackelberg leader–follower 
game, thereby co-optimizing LA pricing and user response.

(2) We incorporate incentive constraints and a default-penalty 
mechanism into the payoff function to strengthen the model’s 
risk-control capability under market volatility and user 
uncertainty.

(3) Through multi-scenario simulations, we validate the model’s 
effectiveness: the strategy simultaneously increases LA profits 
and reduces users’ electricity costs, while improving the 
smoothness of the load profile.

The remainder of this paper is arranged as follows: In Section 2
presents the problem definition and system architecture, detailing the 
interactions among the VPP, LA, and end users. In Section 3, develops a 
capability-aware user modeling and stratification approach—including 
feature selection, clustering implementation, and the estimation of 
price elasticity and baselines—and formulates an LA dynamic pricing 
Stackelberg model for the coupled day-ahead-real-time setting. In 
Section 4, describes the solution strategy: a coordinated procedure 
combining an outer genetic algorithm with an inner CPLEX-based user- 
response solver, along with feasibility-repair steps and convergence 
criteria. In Section 5, reports case studies and experimental results, 
covering park-level data, scenario configuration, baseline comparisons, 
and sensitivity analyses. The last section outlines our discussion and 
conclusions.

2. VPP-based LA architecture and trading mechanisms

2.1. Physical structure and market framework

The interaction framework of the LA under the VPP context is shown 
in Fig. 1 From the physical perspective, the system comprises three 
parts: (1) a VPP management layer, including composite control sys
tems, distributed generation units, and energy storage devices; (2) an LA 
control layer, consisting of smart meters, edge-computing terminals, and 
communication-control equipment for real-time monitoring and load 

Nomenclature

LA Load Aggregator
EG External Grid
DR Demand Response
PSVF Peak-shaving and Valley-filling
VPP Virtual Power Plant
Lć,t Outlier-corrected value
f1,e1 Step size before/after in outlier processing
Lr,t Normalized load of the k-th sample at time
Lq,t Load series over all time points
Ya Compensation paid by EG for purchasing PSVF services
Pg LA real-time purchasing power
Vcf LA power procurement cost
pny

bc Per-kWh compensation from EG to LA for PSVF 
participation

Pfg LA real-time power during PSVF
Wz LA net profit
Els LA retail sales revenue
Yb Incentive payment from LA to end users for PSVF 

participation
pls LA retail tariff
Ps LA real-time retailing power

Gfh LA administrative cost
pfh

bc Per-kWh compensation from LA to end users for PSVF
Pxy End-user contributed load during DR
Pl Losses when supplying power from EG to LA
Ps,min Minimum retail power
Ps,max Maximum retail power
Hyh Net benefit of end-user electricity use
Dyh End-user utility of electricity use
Jz Planned consumption of an end user over a period
Jjc End-user-adjustable-load responsiveness
α End-User Variable Load Response
Jpj

kb Historical average of end-user adjustable load
a,b Utility coefficient reflecting the nonlinearly increasing 

utility of electricity use
Jmin Essential-electricity consumption of end users
Jmax Maximum electrical capacity of equipment
z Inter-period load change limit
Pjc Real-time base-load power
P1 Real-time residential load power
P2 Real-time flexible-load power
Pall Aggregate load of all registered end users in the VPP 

campus eligible for LA DR
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dispatch; and (3) an end-user layer that covers multiple user categories, 
such as industrial, commercial, and residential customers [26,27].

In the VPP setting, electricity trading within an industrial park in
volves three basic economic entities: the electricity supplier, the park- 
level LA, and end users. High-speed, reliable, bidirectional informa
tion exchange among the three enables real-time transmission of price 
signals and DR information. The external grid, as the wholesale supplier, 
determines the baseline electricity price [28,29]. Guided by market 

signals and user characteristics, the LA sets retail tariffs and offers 
incentive prices to attract end users to sign contracts and participate in 
DR [30]. Based on load characteristics, end-user loads in the park can be 
clustered into four categories: routine residential loads; semi-flexible 
loads (interruptible but non-shiftable, and shiftable but non- 
interruptible); flexible loads; and non-interruptible loads. By recruit
ing DR-capable portions of the first three categories to engage in peak- 
shaving and valley filling, the LA earns price-spread revenues, and can 

Fig. 1. System framework for LA participation in DR and electricity markets under a VPP platform.

X. Yang et al.                                                                                                                                                                                                                                    International Journal of Electrical Power and Energy Systems 180 (2026) 112094 

3 



further obtain compensation by aggregating loads to provide intraday 
peak regulation [31–33]. In this architecture, the VPP acts as the overall 
operator of the park—coordinating wind turbines, energy-storage sys
tems, and energy-coupling devices, and overseeing energy transactions 
and control among the electricity supplier, the LA, and other purchasing 
agents—to ensure supply–demand balance and economic operation at 
the park level [34–36].

2.2. Market trading mechanisms and strategies

In the proposed model, the LA and end users are independent eco
nomic agents. The LA maximizes its net profit by monitoring the oper
ating states of its assets and setting dynamic buy-sell electricity prices. 
End users, guided by the LA’s price signals, optimize their consumption 
strategies and the extent of their DR participation to maximize the dif
ference between consumption utility and electricity cost. Accordingly, 
LA pricing decisions must account for both the aggregator’s own profit 
and user responses, forming a typical strategic interaction between the 
two sides.

On this basis, the interaction between the LA and end users is 
modeled as a Stackelberg game. The LA, as the upper-level decision 
maker (leader), holds priority in setting prices; end users, as lower-level 
decision makers (followers), adjust their load strategies according to the 
LA’s price signals and feed back their responses. The proposed leader
–follower model targets day-ahead optimal scheduling and characterizes 
the LA’s dynamic pricing mechanism and multi-actor response behavior 
within the VPP framework.

3. Clustering analysis and construction of a Stackelberg-based 
bidding model

3.1. K-means++ based clustering analysis of end-use energy devices

We justify the use of K-means++ by comparing it with representative 
alternatives (e.g., GMM and hierarchical clustering/DBSCAN) under the 
same feature set with K = 4. Standard validity indices (silhouette, DBI, 

CH) and runtime are reported in Table 1 K-means++ achieves 
competitive compactness/separation with low computational cost and 
clear engineering interpretability; thus, it is adopted for Stage-1 user 
clustering.

To characterize the schedule ability of end-use devices, this study 
constructs a dataset with four key feature dimensions—maximum 
interruption duration, interruption response delay, maximum ratio of 
transferable power, and post-transfer sustaining time [37–40]. During 
data generation, multiple sample sets are created on the MATLAB plat
form for three representative user categories (residential, commercial- 
industrial, and industrial), and Monte Carlo simulation is employed to 
ensure randomness and reasonable distributions. Aggregating the 
typical daily load curves of these user types yields an initial set of load 
profiles,Xfh = {x1, x2, ..., xn} where each profile xi contains s sampling 
points. Given a commonly used sampling interval of 15 min,s = 96. A 
clustering algorithm is then applied to identify the load-response char
acteristics of different end-user groups, with the clustering results 
visualized in Fig. 2. This lays a data foundation for user segmentation 

Table 1 
Clustering algorithm comparison at K = 4.

Method Silhouette DBI CH

K-means++ 0.3675 1.0510 1368.49
GMM 0.3630 1.0678 1349.46
Hierarchical (Ward) 0.3571 1.0547 1320.69

Fig. 2. Results of the Clustering Analysis.

      

Start

Data preprocessing and
construction of the sample dataset

Set up data clusters
Randomly select one centroid

Select the initial centroids for all
data clusters

Compute the distance from each
sample to all centroids and assign

it to the new cluster with the 
nearest centroid

Update the centroids

Select the best clustering

Store the clustering results

End

Fig. 3. Data cleansing workflow.
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and parameter setting in the subsequent LA pricing and game-theoretic 
modeling.

During data cleansing, following [41,42], each load curve in the set 
xi is examined to detect anomalies such as missing entries, abrupt jumps, 
and negative values. If the share of missing/anomalous data on a curve 
exceeds a preset threshold, that curve is deemed invalid and removed. 
Let Q denote the number of valid samples after removal. For the q − th 
load curve, if the measurement at time tc(denoted Lc,t) is anomalous, it is 

corrected using a smoothing formula, as follows: 

Lʹ
c,t =

(∑f1
f=1Lc,t− f +

∑e1
e=1Lc,t+e

)

(f1 + e1)
(1) 

where f and e index the backward and forward-looking sampling points, 
respectively,f1 and e1 are the corresponding window lengths; they are 
set according to practical needs and are typically taken as 5.

Fig. 4. Determination of the number of clusters K using SSE (elbow) and silhouette analysis.

Fig. 5. Energy-use load curves by cluster for end users after the clustering analysis.
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Next, a max–min normalization is applied to the load data so that 
terminal devices with different magnitudes but belonging to the same 
user category are comparable, thereby eliminating dimensional effects 
and improving reliability. The normalized value is given as follows: 

Lr,t =
Lr,t − minLq,t

maxLq,t − minLq,t
(2) 

Where max Lq,t and min Lq,t denote the maximum and minimum load 
values over all time points on the curve, and Lr,t denotes the normalized 
load of the r − th sample at time t Consequently, the normalized sample 
values lie within [0–1]. After preprocessing, the daily load-curve dataset 
is obtained as Xcl =

{
xʹ

1, xʹ
2, ..., xʹ

n
}
. The detailed implementation steps of 

data cleansing and preprocessing are illustrated in Fig. 3.
To determine the number of clusters, we evaluate K = 2–8 using the 

elbow method and the mean silhouette score. As shown in Fig. 4, the 
within-cluster sum of squares (SSE) decreases rapidly when K increases 
from 2 to 4, while the marginal improvement becomes limited for K＞4, 
indicating an elbow around K = 4. Fig. 4 reports the mean silhouette 
score, which reflects both within-cluster cohesion and between-cluster 
separation. Although the silhouette score decreases with larger K, K =
4 provides an acceptable trade-off between compactness, separation, 
and engineering interpretability. Therefore, we set K = 4 for subsequent 
user clustering.

After clustering, the original end users are regrouped into four 
clusters, as shown in Fig. 5 The reclassification rate reaches 76.7%, 
effectively breaking the prior categories of industrial, commercial- 
industrial, and residential users. The third and fourth clusters are 
excluded from subsequent analysis: the third is dominated by residential 
loads that cannot effectively participate in DR (e.g., lighting and small 
household appliances), while the fourth consists of loads that typically 
run for long durations and are generally non-interruptible, such as 
municipal administrative loads, industrial reactors and distillation col
umns, and residential refrigerators.

3.2. Feature relevance and redundancy analysis

To justify the selected clustering attributes and examine potential 
redundancy among them, we conduct a feature relevance and multi
collinearity analysis on the normalized feature set. For clarity, the four 
clustering features are denoted as:dmax(maximum interruption 
duration),txy(response delay),rkz(transferable power ratio), and 
Tcx(duration after load transfer). These attributes characterize demand 
response capability from complementary aspects, i.e., interruptibility, 
response speed, adjustable capacity, and sustainability after shifting.

Fig. 6 reports the Spearman correlation matrix of the normalized 
features. Spearman correlation evaluates monotonic relationships based 
on rank information and is thus more robust to non-Gaussian distribu
tions and outliers than purely linear correlation measures. The results 
indicate that txy is negatively correlated with the flexibility-related at
tributes(dmax,rkz, and Tcx), which is consistent with the physical intuition 
that faster-responding users tend to have stronger flexibility and larger 
adjustable capacities. Meanwhile dmax,rkz, and Tcx exhibit positive cor
relations, reflecting that users with higher interruptibility often also 
have higher transferable ratios and longer post-transfer sustainability. 
Importantly, although several feature pairs are correlated as expected, 
the overall correlations do not suggest that the attributes are duplicates 
of each other; instead, they provide complementary information for 
distinguishing heterogeneous demand response capabilities in the user 
population.

To further quantify redundancy, Table 2 reports the variance infla
tion factor (VIF) of each feature. VIF measures how much the variance of 
a regression coefficient is inflated due to multicollinearity with the other 
predictors, and values below 5 are commonly regarded as indicating no 
severe multicollinearity. As shown in Table 2, all features have VIF 
values below 5, demonstrating that the selected attributes do not suffer 
from severe multicollinearity and thus remain informative for 
clustering.

3.3. Construction of a bidding model based on a Stackelberg game

At the upper level, the leader is the LA, whose operating objective is 
to maximize net profit. The objective is affected by (i) revenue from 
retail energy sales to end users within the VPP park, (ii) the cost of 
purchasing electricity from the external grid and the associated man
agement cost, and (iii) incentive payments made to end users for 
participating in DR. The objective function is given as follows: 

maxWz =
∑T

t=1
[Els − Yb] +Ya − Gfh − Vcf (3) 

Els = plsPsΔt (4) 

Ya =
∑T

t=1

(
pny

bc |Pfg|Δt
)

(5) 

Yb = pfh
bc|Pxy|Δt (6) 

where Wz is the LA’s net profit;Els is the retail revenue from selling 
electricity to end users;Ya is the compensation paid by the EG to the LA 
for providing peak-shaving and valley-filling (PSVF) services;Yb is the 
incentive expenditure the LA pays to end users for participating in 
PSVF;Vcf is the LA’s electricity-purchase cost; and Gfh is the LA’s annual 
management/overhead cost.pls denotes the retail electricity price 
charged by the LA;pny

bc is the per-kWh compensation rate paid by the EG 
to the LA for PSVF;Pfg is the real-time power provided by the LA for PSVF 
(its absolute value is used in calculation).Ps is the LA’s real-time retail 
power supplied to end users;pfh

bc is the per-kWh incentive rate the LA pays 
to end users for PSVF participation; and Pxy is the load contribution of 
end users when responding—positive for reductions in consumption and 
negative otherwise.

Fig. 6. Spearman correlation (normalized features) heatmap.

Table 2 
Variance Inflation Factor (VIF) of selected features.

Feature VIF Interpretation

dmax 3.61 VIF < 5 (no severe multicollinearity)
txy 2.62
rkz 3.66
Tcx 3.29
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At the lower level, the followers are end users with controllable 
loads. End users who procure electricity via the LA aim to maximize 
their consumption utility, with the relevant factors being their elec
tricity consumption across user categories. The objective function is 
described as follows: 

maxHyh = Dyh − plsJz (7) 

Dyh = aJz − bJ2
z (8) 

Jz = Jjc + αJpj
kb (9) 

Jjc =
∑T

t=1

(
PjcΔt

)
(10) 

α =

∑T
t=1(P1Δt + P2Δt)

Pall
(11) 

where Hyh denotes the difference between the end user’s electricity-use 
utility and electricity cost;Dyh is the user’s satisfaction with electricity 
use, assumed to be non-decreasing and concave and modeled by a 
quadratic form in this paper;Jz is the total planned electricity con
sumption of the end user within a cycle. Parameters a and b are utility 
coefficients that capture the nonlinear (concave) increase of electricity- 
use utility.Pjc is the baseline power;Jjc is the baseline load of the end 
user;α is the response ratio of the user’s adjustable load;Jpj

kb is the his
torical average of the user’s adjustable load.P1 and P2 denote the load 
power of different user categories, and Pall is the total load power of all 
end users registered within the VPP park that can participate in the LA’s 
DR services.

3.4. Constraints

3.4.1. LA’s selling-power constraint
When the LA buys and sells electricity, unavoidable transmission 

losses occur. Denote the loss by Pl.The delivered (retail) power as fol
lows: 

Ps = Pg − Pl (11) 

Moreover, due to the “produce-and-consume instantly” property of 
electricity, the selling power is bounded by end-user demand. Using the 
historical daily extrema within the LA’s service area, we impose: 

Ps,min⩽Ps⩽Ps,max (12) 

3.4.2. Purchase-cost constraint
An end user’s purchase cost (retail price)pls should not exceed the 

real-time external-grid price at the time of purchase. This can be 
expressed as: 

Vcf ⩾pls (13) 

where Vcf denotes the LA’s electricity purchase cost from the external 
grid. This constraint ensures that the end user’s expenditure will not 
exceed the EG’s real-time selling price, guaranteeing rational choice.

3.4.3. Demand-response constraint
The LA affects user demand by adjusting prices or incentive schemes. 

This constraint ensures that the LA’s selling power Ps does not exceed the 
upper bound of the actually available responsive capacity, as follows: 

Pky
s ⩾Ps (14) 

where Pky
s denotes the upper limit of available response resources; the LA 

can sell only up to its maximum deliverable power so as not to exceed 
the usable capacity.

3.4.4. End-user load power and ramping constraints
We also impose constraints on energy use and on the smoothness of 

power changes: 

Jmin⩽Jz⩽Jmax (15) 

|Pt
jc − Pt− 1

jc |⩽z (16) 

where Jmin is the user’s minimum required energy,Jmax is the maximum 
usable energy of the end-user equipment, and z is the bound on period- 
to-period power variation.

3.4.5. Response-capability constraint.
Since the LA allocates power according to users’ demand-response 

capability, the response ratio must not exceed an upper bound: 

α⩽αmax
k(j) (17) 

where αmax
k(j) is the maximum achievable response capability of user j, 

determined by its cluster k(j) from Stage 1.

3.4.6. Power-supply constraint
The power supply is limited by the capacity of end-user loads within 

the park that participate via the LA; that is, the aggregate load of all end 
users must not exceed the total supply capability, as follows: 

∑N

i=1
Pi⩽Pall (18) 

where Pall denotes the total load of end users in the park that participate 
via the LA.

4. Solution methodology

4.1. Solving the Stackelberg game

Stage-1 clustering results are embedded into the Stackelberg game by 
assigning cluster-dependent response limits. After clustering, end-users 
are grouped into four clusters, and each j cluster is associated with a 
maximum response capability αmax

k(j) . The mapping relationship between 
user clusters and response capability parameters is presented in Table 3. 
In the follower model, the response ratio of users in cluster j is bounded 
by αmax

k(j) , which yields differentiated response capabilities across clusters.
As the leader in the game, the LA—after obtaining the DR-capable 

end-user load power and the day’s load profiles from the clustering 
analysis—aims to maximize its profit. As followers, end users aim to 
maximize the difference between their electricity-use utility and elec
tricity cost, and they adjust their time-of-use strategies in response to the 
LA’s retail prices and real-time load factors. Accordingly, the bidding 
process by which the LA participates in the spot market can be modeled 
as a Stackelberg game, which can be expressed as follows: 

S = {L,U, F} (19) 

The game model comprises the three basic elements of a Stackelberg 
game: the set of players L, strategy set U and payoff function F. In the 
gaming process, the LA uses the retail price pls as its strategy set Us to 
adjust its profit Wz; end users adopt the time-varying responsive-load 
ratio α as their strategy set Ux to adjust the difference between 

Table 3 
Mapping from clusters to response-capability parameters in the game model.

Cluster k Type (from clustering) Robustness to initialization

1 Flexible 0.35
2 Semi-flexible 0.22
3 Residential-dominated 0.12
4 Inflexible 0.05
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electricity-use utility and cost Hyh. During the game, the followers 
optimally respond to the leader’s strategy, and the leader accepts the 
returned response; the outcome at which the game reaches equilibrium 
is the Stackelberg equilibrium. In this paper, the Stackelberg equilibrium 
(
U*

s ,U*
x
)

satisfies: 
{

Wz
(
U*

s ,U
*
x
)
⩽Wz

(
Us,U*

x
)

Hyh
(
U*

s ,U
*
x
)
⩽Hyh

(
U*

s ,Ux
) (20) 

Given the follower’s best response U*
x,the leader cannot improve its 

payoff by unilaterally changing Us;and given the leader’s strategy U*
s ,the 

follower cannot improve its payoff by unilaterally changing Ux. When all 
players adopt their Stackelberg equilibrium strategies, no party can 
improve its payoff through unilateral deviation.

Assume the follower utility is continuous and strictly concave in the 
follower decision variables, and the follower feasible set is nonempty, 
convex, and compact. Moreover, assume the leader decision variables 
are bounded by (12)–(14). Then, for any feasible leader decision, the 
follower problem admits a unique optimal response. Furthermore, the 
leader problem attains an optimum; hence, a Stackelberg equilibrium 
exists.

4.2. Solution procedure

The proposed LA pricing model is a nonlinear bilevel game-theoretic 
optimization problem. Nonlinearity mainly arises from the interaction 
between the LA’s profit-maximization objective in the upper-level game 
and the end users’ utility-maximization objective in the lower level. We 
first initialize a set of admissible pricing strategies for the LA, which 
serve as predicted retail prices for each time period. Based on historical 
data and market analysis, Monte Carlo simulation combined with sce
nario reduction is used to emulate price volatility under different con
ditions, capture the evolution of related factors, and forecast end users’ 
DR participation. The LA’s retail-pricing strategy is then adjusted 
through the game in response to feedback on DR intensity. In each 
iteration, the LA updates prices according to user responses with the goal 
of maximizing profit. In the lower-level model, DR is determined by the 
end users’ utility-maximization problem, and the maximization of con
sumer surplus becomes a key principle for setting prices.

In the solution process, the upper-level pricing problem is solved 
using a genetic algorithm, which iteratively searches for the optimal 
pricing strategy and yields the LA’s retail prices. The lower-level de
mand-response decisions are obtained by solving the end users’ utility- 
maximization problem [43,44], for which an exact optimization solver 
(e.g., CPLEX) is employed to compute the optimum.

The genetic algorithm (GA) is a population-based metaheuristic 
inspired by biological evolution. By simulating iterative genetic pro
cesses, it gradually approaches the optimum and is well suited to com
plex, high-dimensional, and nonlinear optimization problems, enabling 
effective search over large solution spaces. In this study, the lower-level 
optimization outcomes—i.e., end-user response levels—serve as condi
tions for the upper-level model and are iterated to convergence toward 
the optimal solution. Given the problem’s complexity, the GA is an 
effective choice because it does not require derivatives of the objective 
function; instead, it optimizes by evaluating and selecting candidate 
solutions.

CPLEX is an optimization package capable of solving complex linear 
and quadratic programming problems. It searches for the optimum 
within the feasible region with high efficiency and accuracy, making it 
suitable for large-scale, high-precision applications. By leveraging multi- 
core processors and distributed computing, CPLEX enables parallel 
computation: decomposing a problem into multiple subproblems and 
solving them concurrently can substantially accelerate the solution 
process.

The proposed pricing–response problem exhibits a coupled bilevel 
structure with non-smooth terms and multiple operational constraints, 

which makes gradient-based deterministic solvers less robust. To justify 
the choice of GA as the outer-layer search, Table 4 provides a qualitative 
comparison between GA and common metaheuristics (PSO and DE).

As summarized in Table 4, GA offers strong robustness for non- 
smooth constrained problems and is straightforward to integrate with 
the inner-layer solver. Therefore, the “outer GA + inner exact solver (e. 
g., CPLEX)” framework is adopted, as illustrated in Fig. 7.

5. Case study

5.1. Data description

Taking Park A of a Shandong VPP pilot project as an example: the 
park contains 20 industrial enterprises (e.g., prepared-food processing, 
packaging manufacturing, and electronics assembly). Based on metering 
by the VPP park management platform and the peak averages on 
working days in March—May 2024, the typical daily peak load is about 
50 MW. There are 43 commercial-industrial enterprises (including 40 
restaurants and three seven-story office buildings with a 60% utilization 
rate); combining contracted grid-connection capacities with building 
energy-use densities yields a typical daily peak load of about 20 MW. For 
5,800 residential users, using smart-meter data and an estimate based on 
“per-household capacity × coincidence factor” the typical daily peak 
load is about 30 MW. The park’s total peak load is therefore ~100 MW. 
The shares by load category align with the time-of-use proportions 
recorded by the VPP management platform during the same period and 
satisfy the criteria for classifying the site as a “balanced-type park” The 
load shares within the park are shown in Tables 5 and 6. Among them, 
data for industrial users and some commercial-industrial users are from 
field measurements; gaps in energy-use data for residential users and for 
certain restaurants and office buildings are filled by short-term 
forecasting.

The LA’s purchase price is set with reference to the latest tariff 
standards at the location of Park A, using the March (spring) tariff level 
for calculation. For non-residential users, differentiated pricing is 
applied across five daily periods—deep off-peak, off-peak, flat, peak, 
and super-peak—whereas the residential tariff is uniformly computed 
using the lowest tier of the block tariff (0.555 CNY/kWh). The park is 
connected at a voltage level of 10 kV, so non-residential users are subject 
to the highest tariff tier; the specific rates are listed in Table 7. The LA 
offers contract incentives to end users in the form of retail-price dis
counts. Because some commercial-industrial and industrial users had 
already reduced costs through load shifting before contracting with the 
LA, the incentive is implemented via load-factor incentive bands: when a 
user’s load factor falls within the designated band, a consumption- 
compensation mechanism is triggered.

In addition to the margin from organizing controllable loads to 
provide peak-shaving and valley filling (i.e., the difference between 
compensation from the external grid and incentives paid to users), the 
LA also receives compensation from the external grid when demand- 
response events are triggered, which depends on the system load fac
tor ρ and its deviation from the security threshold. For this part, we 
adopt a piecewise (optionally nonlinear) compensation scheme as fol
lows: 

Table 4 
Qualitative comparison of candidate solvers for the proposed bilevel pricing 
problem.

Method Handles non-smooth/ 
constraints

Robustness to 
initialization

Typical 
convergence

GA Strong High Moderate
PSO Medium Medium Fast but may 

stagnate
DE Medium–strong Medium–high Moderate
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(1) When ρ⩾ρJ(peak period), peak-shaving compensation applies: 
the base rate is 0.30 CNY/kWh, increasing linearly with ρ at a 
slope of 3.0 CNY/kWh per unit load factor, capped at 0.60 CNY/ 
kWh atρ = 1.

(2) When ρ⩽ρS(deep off-peak with surplus), valley-filling compen
sation applies: the base rate is 0.10 CNY/kWh, increasing with a 
slope of 1.50 CNY/kWh per unit load factor, capped at 0.25 CNY/ 
kWh.

In addition, the LA pays an annual management fee to the VPP park 
and covers operating expenses such as staff salaries and maintenance/ 
inspection of related equipment, totaling 1.4 million CNY per year. Line 

Fig. 7. Model solution procedure.

Table 5 
Data sources and key simulation settings for the Shandong park case.

Item Source Resolution/value

Industrial & commercial loads Park metering system 15-min
Residential aggregated load Smart meter aggregation 15-min
Tariff (TOU) Utility published tariff time-of-use periods
DR events & controllability logs DRMS platform event logs
Time step DRMS platform 15-min
Distribution loss rate / 3%
GA population/generations / 50/100
Crossover/mutation / 0.8/0.05

Table 6 
Energy-use distribution of end users in the VPP Park A.

End-User Category Load Share Load (MW) Coincidence Factor

Industrial Users 50% 50 0.88
Commercial Users 20% 20 0.92
Residential Users 30% 30 0.55
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losses in buy-sell transactions are assumed to be 3%. A progressive 
interruption test is implemented via an IoT sensing network (including 
smart meters and PLC controllers) to record key parameters such as the 
maximum interruption duration and response delay; the sampling fre
quency is set at the second level to capture dynamics. Historical data are 
extracted from the Demand Response Management System (DRMS) 
event logs over the past three years. All data acquisition complies with 
relevant standards, and digital-signature techniques are used to ensure 

reliable traceability. The simulation’s load-monitoring horizon is 24 h, 
with data exported every 15 min; other variable settings are listed in 
Table 8.

Additionally, all subsequent scenarios are implemented in MATLAB, 
and the solution is obtained via an iterative genetic algorithm. The 
population size is set to 50, the number of generations to 100, and the 
crossover and mutation probabilities to 80% and 0.05, respectively. The 
convergence tolerance is ε = 1 × 10− 6.

As shown in Fig. 8, the baseline daily load curves for both residential 
and non-residential users exhibit a “flat → rise → midday, valley → 
evening peak → decline” pattern. After introducing the LA, peak-period 
loads are capped at roughly 70% of the baseline peak, and after 22:00 
they recover with a controlled ramp, markedly reducing the peak–valley 
gap. Non-residential loads respond more intensively within the high- 
price window of 14:00–21:00. By contrast, residential loads show 
slightly smaller peak-shaving due to the rigidity of household con
sumption. This “peak shaving-backfilling” dynamic confirms the 
soundness of the proposed model in terms of constraint design and 
response-behavior simulation, and it provides a reliable baseline for 
subsequent multi-scenario comparisons.

5.2. Scenario design and analysis of operating results

To further validate the model and the game-theoretic conclusions, 
and to examine how different conditions affect LA pricing, three 
representative simulation scenarios are designed, as shown in Table 9: 
(1) a summer high-temperature tariff scenario; (2) a holiday 
consumption-behavior scenario; and (3) a park with a higher industrial 
share. Holding other basic parameters constant, comparative simula
tions are conducted; the resulting LA profits are shown in Fig. 9. Relative 

Table 7 
March time-of-use (TOU) electricity prices for a given city.

Period type Time span Price (CNY/kWh)

Deep Off-Peak 11:00–14:00 0.23
Off-Peak 10:00–11:00 

14:00–17:00
0.332

Flat 22:00–10:00 0.689
Peak 20:00–22:00 1.04
Super-Peak 17:00–20:00 1.2

Table 8 
Other basic parameters.

Description Parameter Value

Annual management cost of the LA Gfh 1.4 million CNY/ 
year

Upper threshold of load factor for triggering EG 
compensation

ρJ 0.9

Lower threshold of load factor for triggering EG 
compensation

ρS 0.55

Compensation base from EG during peak- 
shaving

Cxf 0.3 CNY/kWh

Maximum compensation from EG during peak- 
shaving

Cmax
xf 0.6 CNY/kWh

Compensation base from EG during valley filling Ctg 0.1 CNY/kWh
Maximum compensation from EG during valley 

filling
Cmax

tg 0.25 CNY/kWh

Incremental slope of EG compensation during 
peak shaving

θxf 3 CNY/kWh

Incremental slope of EG compensation during 
valley filling

θtg 1.5 CNY/kWh

Upper load-factor threshold for triggering LA 
incentives

ηJ 0.95

Lower load-factor threshold for triggering LA 
incentives

ηS 0.65

LA per-kWh incentive kDR 0.2––0.35 CNY/ 
kWh

Aggregate line loss in buy–sell process Pl 6%
Maximum selling power Ps,max 48 MW
Minimum selling power Ps,min 8 MW
Total controllable load power in the park Pall 28 MW

Fig. 8. Comparison of baseline daily load curves.

Table 9 
Scenario settings for each case.

Scenario description Differential settings

Baseline Spring tariff; balanced-type park (industry/ 
commercial-industrial/residential shares: 50%/20%/ 
30%); weekday routine consumption behavior

Summer tariff Summer tariff; balanced-type park (industry/ 
commercial-industrial/residential shares:50%/20%/ 
30%); weekday routine consumption behavior

Holiday consumption 
behavior

Spring tariff; balanced-type park (industry/ 
commercial-industrial/residential shares:50%/20%/ 
30%); holiday-specific consumption behavior

VPP park with higher 
industrial share

Spring tariff; industrial-dominant park (industry/ 
commercial-industrial/residential shares:70%/20%/ 
10%); weekday routine consumption behavior
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to the baseline, in the summer high-temperature tariff scenario the LA’s 
net profit increases by 108.6%, and the average retail price is 9.8% 
lower than the external grid price in August. In the holiday scenario, 
profit decreases by 3.6% and the retail price is 7.1% below the external 
grid price. In the high-industrial-share scenario, profit rises by 11.9% 

and the retail price falls by 10.6%.
Fig. 9 also reveals the composition of LA revenues, which mainly 

derive from two sources: (i) peak-shaving and valley-filling gains 
enabled by time-of-use pricing, and (ii) DR compensation triggered 
when the system load factor crosses preset thresholds. In the summer 
high-temperature scenario, the system load factor remains elevated, so 
the share of DR compensation rises markedly—reflecting the amplifi
cation effect of higher unit compensation at high load factors. During 
holidays, peak pressure on the system eases; accordingly, the share of 
peak-shaving/valley-filling gains increases, while the DR-compensation 
share declines. When the industrial load share increases, the park has 
greater adjustable capacity during peak periods, so both revenue com
ponents rise, though peak-shaving/valley-filling remains the dominant 
source overall. Taken together, the model stably captures market-signal 
variations and user-side response characteristics under heterogeneous 
operating conditions, providing a feasible basis for optimizing differ
entiated pricing strategies for LAs.

Differentiated responses of residential and non-residential users 
under the three scenarios are shown in Figs. 10–12. In the summer high- 
temperature scenario, cooling demand rises in step with the system load 
factor; the LA induces stronger peak-shaving/valley-filling effects within 
the 14:00–21:00 window, yielding the largest evening-peak reduction 
among all scenarios. Under the holiday scenario, both total load and the 
peak-valley gap decline, and the LA primarily captures price-spread 
gains during the flat and off-peak periods. In the industrial-park sce
nario, working hours more readily exhibit a “concentrated rise—rapid 

Fig. 9. Comparison of LA revenue sources under different scenarios.

Fig. 10. Daily load curve comparison under summer tariffs.

Fig. 11. Holiday daily load curve comparison.
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fall” profile; by scheduling shiftable processes and non-critical opera
tions, the LA substantially suppresses peak-period load while avoiding a 
secondary peak. Together, the three scenarios indicate that price-signal 
strength and load transferability are the key determinants of LA 
responsiveness: when price volatility is pronounced and the share of 
transferable load is high, the LA’s load-control potential and market 
revenues both increase significantly.

It should be noted that LA revenue is not strictly positively correlated 
with the user response rate. The response rate is directly influenced by 
the incentive price set by the LA; however, excessively high incentives 
erode the LA’s profit. As shown in Fig. 13, under the baseline setting the 
LA’s average incentive payment is best placed in the range of 0.15–0.20 
CNY/kWh to achieve the highest possible revenue.

Overall, the proposed LA pricing model converges stably across 
scenarios, delivering higher LA profits and lower user electricity- 
purchase costs. The improvements are more pronounced when the 
daily peak-valley gap is larger or the industrial share is higher. More
over, by comparing daily load curves before and after contracting with 
the LA, the trajectories become noticeably smoother, indicating that the 
model has strong applicability and practical value for coordinating peak- 
shaving/valley filling and DR.

6. Conclusion

Focusing on real-time retail pricing for LAs within a VPP context, this 
study proposes a two-stage “clustering-game pricing” analytical frame
work. First, K-means++ clustering is performed on features such as 
historical load, price, and transferability to identify differentiated user 
clusters and adjustable potential. Building on this, a Stackelberg game is 
formulated with the LA as leader and end users as followers, wherein 
retail price, per-kWh compensation, and incentive budgets are jointly 
optimized to reach equilibrium. Using actual tariffs and load curves, we 
design scenarios—summer high load “holiday travel” and “higher in
dustrial share”—to evaluate the model’s effectiveness and robustness 
across dimensions of profit, cost, peak–valley gap, and user response. 
The main contributions are as follows: 

(1) The proposed LA real-time pricing model combines multi- 
dimensional electricity-use clustering with a Stackelberg game, 
and—through coordinated optimization using a genetic algo
rithm and exact solvers—significantly enhances the synergy be
tween peak-shaving/valley filling and profit maximization while 
improving model robustness.

(2) Under the baseline scenario, non-residential and residential 
users’ electricity-purchase costs fall by approximately 3.57% and 
2.45%, respectively. Across multiple simulation scenarios, the 
LA’s net profit increases steadily—particularly under summer 
high-load conditions—and a higher industrial share likewise de
livers notable profit gains. Meanwhile, the average retail price is 
about 7%-10% lower than the external grid price.

(3) Price signals and load transferability jointly drive peak-shaving 
and valley filling: peak-period loads are effectively suppressed, 
nighttime replenishment is smooth, and the load curve becomes 
more uniform. When the peak-valley gap is larger or the share of 
adjustable loads increases, system peak-regulation benefits and 
renewable-energy accommodation capacity are further 
enhanced.

(4) User response rates rise with higher per-kWh incentives, but 
overly generous incentives erode LA profits. Under the baseline 
scenario, incentive compensation is best set in the 0.15–0.20 
CNY/kWh range to balance revenue and participation, providing 
quantitative guidance for the design of piecewise compensation 
and its linkage with retail pricing.

In future work, the model can be extended to multi-agent coordi
nated pricing, dynamic incentive optimization, and user-side behavioral 
modeling, thereby supporting LAs in real-time pricing and response 
management under more complex market conditions and providing 

Fig. 12. Daily load curve comparison for an industrial-type park.

Fig. 13. LA incentive-response and profit curves.
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decision support for enhancing power-market flexibility and optimizing 
user participation mechanisms.
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[39] Üstündağlı Erten E, Janghorban Esfahani I, Ifaei P, Güzeloğlu EB. Dwelling, habits, 
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