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Abstract: This study investigates the electricity price game problem in demand response
by analyzing how real-time electricity price optimization influences both grid revenue and
user demand. A Stackelberg game framework is adopted to characterize the leader—
follower interaction between the grid operator and electricity users. User demand behavior
is modeled using a Logistic demand response function, which captures the nonlinear
relationship between price signals and load adjustment. To ensure practical applicability,
grid operational constraints and electric vehicle (EV) charging constraints are incorporated
through penalty terms, and the resulting constrained optimization problem is solved using
the Sequential Least Squares Programming (SLSQP) algorithm. Demand elasticity
coefficients, which critically affect optimization outcomes, are estimated using both
historical load data and external commercial data. Comparative experiments are conducted
to evaluate how different elasticity coefficients influence pricing results and load
regulation performance. The results demonstrate that iterative Stackelberg-based

optimization can effectively balance grid revenue and load stability, while elasticity
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coefficients derived from local load data yield better alignment with actual demand
behavior. These findings provide theoretical and practical support for real-time electricity
pricing strategies.
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elasticity; Electric vehicle charging; SLSQP optimization
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1.Introduction
With the increasing penetration of distributed energy resources, demand response has become an

essential mechanism for improving power system flexibility and operational efficiency (Albadi and El-
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Saadany, 2008). Electricity pricing plays a central role in demand response, as it directly influences
user consumption behavior while determining grid revenue. Consequently, the design of effective
pricing mechanisms requires a careful balance between economic efficiency, system security, and user
acceptance.

Existing studies have explored price-based demand response using game-theoretic approaches,
particularly Stackelberg models, to describe the interaction between electricity retailers and users (Xu
et al., 2021). However, most existing works focus on single objectives or simplified constraints, and
the influence of demand elasticity estimation on pricing outcomes is often insufficiently examined. In
practice, elasticity coefficients are difficult to estimate accurately and may vary significantly across
datasets and regions.

To address these issues, this study proposes a real-time electricity pricing optimization framework
based on a Stackelberg game model. By integrating a Logistic demand response function, multiple
operational constraints, and data-driven elasticity estimation, the proposed approach aims to answer the
following questions:

How can grid revenue be maximized through price-based game strategies?

How can system security and user satisfaction be ensured under multiple operational constraints?

How do elasticity coefficients derived from different data sources affect optimization results?

Which elasticity estimation approach better reflects actual demand behavior?

In this research project, the study was conducted through a collaborative workflow involving two
components. One component focused on data acquisition, preprocessing, and elasticity coefficient
estimation, while another part concentrated on model construction and optimization. Specifically, in
first component, researchers collected multi-day time-series datasets of electricity price and demand
from public platforms such as Uber demand datasets and academic databases. These datasets were
normalized and processed to eliminate regional differences and to ensure comparability across different
samples. Machine learning—based regression models were then applied to fit the relationship between
electricity price and demand. Among several candidate models, including random forest regression,
polynomial regression, and ensemble models, Gaussian Process Regression demonstrated the highest
fitting accuracy and was therefore selected for further analysis. Based on the fitted demand curves,
elasticity coefficients for peak, flat, and valley periods were calculated and provided as key parameters

for the optimization model developed by the junior research group.
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2. Demand Response Model
Electricity user demand is modeled using a Logistic demand response function, which reflects the
nonlinear adjustment of electricity consumption in response to price signals (Palensky and Dietrich,
2011). Compared with linear demand models, the Logistic function can capture saturation effects and
diminishing sensitivity at extreme price levels, making it more suitable for real-world demand response
analysis.
For each time period (i), the electricity demand is expressed as:

Qmax 1

1 4+ ek(Pi—Poi)

D;i(P;) =

where Dj(P;) denotes the electricity demand in time period i, Qmax, i represents the maximum
transferable load, Po; is the baseline price, and k is the price sensitivity coefficient. Through this
formulation, users respond to electricity prices in a smooth and continuous manner, providing a

foundation for subsequent elasticity analysis and pricing optimization.

3. Calculation of Demand Elasticity Coefficient
To quantify the sensitivity of demand to price variation, the demand elasticity coefficient is calculated
based on baseline electricity price and baseline load.

The elasticity is defined as:

E= ( Pbase Q - Qbase)
P— Pbase Qbase

Based on the elasticity value, the demand elasticity coefficient b is defined as:

lelasticity]
Qbase B Pbase

where Qpase and Ppase are obtained by calculating the average load and average electricity price

b=

during peak, flat, and valley periods.

The coefficient b represents the degree of user demand sensitivity to electricity price changes and
serves as a key parameter in the optimization model (Borenstein, 2005).

The elasticity coefficients used in the optimization model were obtained through a data-driven
estimation process. Multiple days of hourly electricity price and demand data were collected from
public datasets and commercial platforms. Because the data were obtained from different geographical

regions and time periods, normalization was performed to reduce the influence of regional scale
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differences. Specifically, the demand and price values of each day were divided by the daily maximum
value, allowing the model to capture relative variation patterns rather than absolute magnitude
differences. After preprocessing, regression analysis was performed using machine learning tools. The
regression models were evaluated using performance metrics including the coefficient of determination
(R?), mean squared error (MSE), and root mean squared error (RMSE). The Gaussian Process
Regression model achieved the best fitting performance and was therefore selected to derive the

elasticity coefficients used in the optimization framework.

4. Introduction of External Elasticity Coefficients
To enhance the robustness of elasticity estimation and evaluate its influence on pricing outcomes,
external commercial data are introduced for comparative analysis. In addition to elasticity coefficients
derived from local load data, elasticity values obtained from commercial datasets and literature are also
considered.

The estimation procedure consists of data import, regression model training, demand prediction,
and performance evaluation using R? and MSE metrics. Among the tested models, Gaussian process
regression demonstrates superior fitting accuracy and is therefore selected for elasticity extraction. By
comparing elasticity coefficients derived from different sources under the same optimization
framework, the sensitivity of pricing strategies to elasticity estimation is systematically examined.

Using 2018 data from a specific region, multiple regression models are tested. Based on fitting
accuracy comparison, Gaussian process regression achieves the best performance, with higher R2 and
lower MSE compared to other models. Elasticity coefficients are then calculated for peak, flat, and

valley periods to support optimization.

iIModel | Model
Number | Type
2.18

Gassion

process paz1ean) 01418 paagign | £RFRAH
Regresion
Gassion
22 process 0.121739 0.01482 0.843936 ;07399
Regresion
0.01489 0.08814
18 integration  0:122054 5 0.843128 ,

Fig. 1 The Parameter of Different Models
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---Model parameters---
MSE: 0.0121

RMSE: 0.1101

MAE: 0.0757

MAPE: 21.9596%
Explained Variance: 0.8747
Median AE: 0.0521

R?: 0.8747

---Time-based Price Elasticity Analysis-—-
morning/evening peak: 0.0988

middle of the night/wee hours: 1.7478
off-peak hours: -0.3253

Fig. 2 The Parameter Calculation Using Python

5. Optimization Objectives and Constraints
5.1 Objective Function
The optimization objective is to maximize the net revenue of the grid operator while incorporating user

demand response behavior and system security considerations. The objective function is defined as:
maX(Z (P; —C;) Dy(P;) —2 - Penalty)
i

Where Pi is the electricity price in time period i, Ci is the grid-side cost price, and A is the penalty
weight.

5.2 Constraints and Penalty Terms

The penalty term includes the following constraints:

5.2.1 Load balance constraint:

Preventing excessive deviation from baseline load;

5.2.2 Peak/valley constraints:

Peak demand shall not exceed 90% of peak load;

Valley demand shall not be lower than 110% of valley load;

5.2.3 Price smoothing constraint:

The difference between the maximum and minimum electricity prices shall not exceed 0.6
CNY/kWh;

5.2.4 Electric vehicle (EV) charging constraints:

Total EV charging energy is close to 500 kWh; Valley-period charging accounts for no less than

40%; Single-period charging power does not exceed 200 kW.
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6. Optimization Algorithm
The Sequential Least Squares Programming (SLSQP) algorithm is employed to solve the constrained
optimization problem (Mohsenian-Rad et al., 2010). The electricity price in each time period is
constrained within the following range:
Ci<Pi<ai

where ai denotes the user-acceptable maximum price and Ci represents the grid-side cost price.

A dynamic Stackelberg game framework is adopted (Wan et al., 2024), and the optimization
process is carried out through iterative updating. Stable optimization results are obtained after 3000

iterations.

Dynamic Game Process: 3000

Price Mistory Over Rerations

Demand History Over Rerations

Power (kW)

Fig. 3 Iterative Evolution of Electricity Price and Demand in the Dynamic Game Process

7. Results and Comparative Analysis

The experimental procedure follows a multi-stage workflow. First, the elasticity coefficients calculated
from historical load datasets and external commercial datasets were imported into the optimization
framework. Second, the Stackelberg game-based pricing model was solved using the SLSQP algorithm
under multiple operational constraints. Third, iterative optimization was conducted for 3000 rounds to
obtain stable electricity price and demand responses. Finally, the optimized pricing results were
compared with baseline results and with results derived from different elasticity coefficients to evaluate
the effectiveness of the proposed method.

Comparative experiments are conducted by substituting different elasticity coefficients into the
optimization model, including coefficients calculated from load datasets, coefficients derived from

Uber data, and coefficients obtained from other literature. Datasets from 2018 and 2019 are used for
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cross-year comparison.

The results indicate that elasticity coefficients calculated from historical load data better align with
actual demand curves, reducing deviations in peak, flat, and valley periods. Compared to non-optimized
baseline methods, the SLSQP-based iterative pricing mechanism significantly improves prediction

accuracy and peak shaving effects.

Non-optimized Comparative Elasticity 2018 Dataset:
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Fig. 4 Load Comparison under Baseline and Optimized Electricity Pricing with Different Elasticity
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Additionally, based on the load data used to calculate elasticity coefficients and the predictions made
for both load and electricity prices, the results indicate that future electricity prices are projected to be:
Peak period: 0.95-1.05 CNY/kWh
Flat period: 0.5-0.6 CNY/kWh
Valley period: approximately 0.35 CNY/kWh
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Fig. 5 Daily Load Forecast Results for the 2018 Dataset
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8.Conclusion
The results demonstrate that multi-constraint balancing, including load balance, energy conservation,
peak and valley limits, price smoothing, and electric vehicle (EV) charging constraints, effectively
enhances both grid revenue and system security. The incorporation of soft constraints, such as load
balance and EV charging, enables the model to balance economic benefits and operational safety,
although the selection of penalty weights still requires further sensitivity analysis.

The elasticity coefticients calculated from historical load data are shown to better align with actual
demand curves, reducing deviations during peak, flat, and valley periods. Compared with non-
optimized methods, the SLSQP-based optimization and iterative pricing mechanism significantly
improve prediction accuracy and peak shaving performance.

Overall, the proposed Stackelberg game-based model effectively optimizes real-time electricity
prices, enhancing grid revenue while ensuring system security. By comparing elasticity coefficients
derived from grid load data and Uber commercial data, the study validates the importance of local load
data for accurate parameter calibration. By combining mathematical optimization using SLSQP and
iterative pricing with multi-constraint balancing, the proposed approach outperforms non-optimized
methods in both prediction accuracy and load regulation. This work provides theoretical support for
electricity market pricing strategies and demonstrates strong practical implementation potential. Future
extensions could include multi-agent game models or machine learning techniques for parameter

optimization.
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