
Citation: Zhao, W.; Wu, Z.; Zhou, B.;

Gao, J. Wind and PV Power

Consumption Strategy Based on

Demand Response: A Model for

Assessing User Response Potential

Considering Differentiated Incentives.

Sustainability 2024, 16, 3248. https://

doi.org/10.3390/su16083248

Academic Editor: Joshua M. Pearce

Received: 6 March 2024

Revised: 10 April 2024

Accepted: 10 April 2024

Published: 12 April 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

sustainability

Article

Wind and PV Power Consumption Strategy Based on Demand
Response: A Model for Assessing User Response Potential
Considering Differentiated Incentives
Wenhui Zhao 1 , Zilin Wu 1,*, Bo Zhou 1 and Jiaoqian Gao 2

1 College of Economics and Management, Shanghai Electric Power University, Shanghai 201306, China;
zhao_wenhui@shiep.edu.cn (W.Z.); zhoubo@shiep.edu.cn (B.Z.)

2 Qingpu Power Supply Company, State Grid Shanghai Electric Power Company, Shanghai 201700, China;
gaojq@sh.sgcc.com.cn

* Correspondence: wuzilin@mail.shiep.edu.cn

Abstract: In China, the inversion between peak periods of wind and photovoltaic (PV) power
(WPVP) generation and peak periods of electricity demand leads to a mismatch between electricity
demand and supply, resulting in a significant loss of WPVP. In this context, this article proposes
an improved demand response (DR) strategy to enhance the consumption of WPVP. Firstly, we
use feature selection methods to screen variables related to response quantity and, based on the
results, establish a response potential prediction model using random forest algorithm. Then, we
design a subsidy price update formula and the subsidy price constraint conditions that consider user
response characteristics and predict the response potential of users under differentiated subsidy price.
Subsequently, after multiple iterations of the price update formula, the final subsidy and response
potential of the user can be determined. Finally, we establish a user ranking sequence based on
response potential. The case analysis shows that differentiated price strategy and response potential
prediction model can address the shortcomings of existing DR strategies, enabling users to declare
response quantity more reasonably and the grid to formulate subsidy price more fairly. Through an
improved DR strategy, the consumption rate of WPVP has increased by 12%.

Keywords: demand response; wind and PV power consumption; differentiated subsidy price;
prediction model

1. Introduction

The new power system based on renewable energy will surely take the lead under
the objective of “Carbon Neutrality and Carbon Peaking”. China’s share of wind and
photovoltaic (PV) installations has been rising in recent years. Between 2018 and 2022,
installed wind power capacity grew from about 180 million kW to about 350 million kW, and
installed PV power capacity grew from about 170 million kW to about 360 million kW [1,2].
However, the power system’s dependability has been somewhat impacted by the mismatch
between peak energy use periods and peak wind and PV power (WPVP) generation
periods. During peak periods of WPVP generation, the output and rotating reserve capacity
of thermal power units are relatively low. When the capacity of WPVP generation weakens,
due to the constraint of climbing rate on thermal power units, thermal power units are
unable to quickly increase power to meet the supply–demand balance [3], resulting in a loss
of some WPVP during peak periods of WPVP generation. Therefore, a high proportion of
the renewable energy power system is prone to the phenomenon of imbalanced electricity
demand and supply [4].

It will be a significant waste of public resources to invest in several transmission lines
and peak-frequency regulation facilities with low annual usage hours in an attempt to
increase the power system’s WPVP consumption and supply–demand balance [5]. Demand
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response (DR) is regarded as a workable response technique that modifies user behavior
related to power consumption in order to swiftly and efficiently resolve the conflict between
supply and demand for electricity [6]. DR mostly targets residential users, industrial
users, and commercial users as its target users. Industrial and commercial users have
great production flexibility and a high fraction of electricity expenditures in comparison
with residential users with low electricity consumption [7]. Therefore, industrial users
and commercial users have enormous DR potential and willingness to participate in
DR. It is more practicable to examine industrial and commercial users as the research
object in practical applications. The power grid company must decide on the list of users
participating in DR and the subsidy price when they implement DR [8]. Therefore, the
important factors in increasing the consumption of WPVP are scientifically determining
the list of users participating in DR and the subsidy price.

Numerous studies on DR have been conducted by academics both domestically and
internationally. On the one hand, in order to promote the consumption of WPVP, some
scholars have used DR to reduce the load difference between the WPVP generation curve
and the load curve. Cai Q. et al. [9] and Fan S. et al. [10] improved the DR and con-
structed an optimization model to schedule flexible loads. Some scholars have proposed
a multi-timescale optimal scheduling model [11], some have constructed a double-layer
collaborative robust programming model [12], and some have used the hydrogen storage
system and DR to balance power supply and load [13]. These methods greatly improve the
matching of the WPVP generation curve to the load curve. On the other hand, some schol-
ars have designed improved DR trading schemes to increase the profits of power generation
companies and customers. Dai X. et al. [14] and Lu X. et al. [15] designed flexible DR plans
and formulated the optimal bidding strategy for the day-ahead market, effectively improv-
ing the profits of power generation companies. Baharlouei Z. et al. [16,17], Liu D. et al. [18],
and Malehmirchegini L. et al. [8] quantified the contribution of users to DR and provided
incentives based on their contributions, effectively reducing costs. Hamidpour H. et al. [19]
proposed a comprehensive resource expansion planning framework considering DR, which
maximizes total profit.

It can be found that the focus of the above literature studies is on improving the
existing DR mechanism to increase the consumption of renewable energy and increase the
revenue of power generation companies. However, they did not consider the issue that
the user’s declared response quantity is not equal to the actual response quantity. Users
frequently report too much or too little response quantity, making it impossible for the
power grid company to obtain the response quantity they want because users lack precise
reference values for response quantity at different times. For example, Zhejiang Province,
China, conducted a DR in September 2021, but the ratio of actual response quantity to
declared response quantity for some users was less than 50%, with a minimum of only
2.2% [20]. Therefore, when designing a DR mechanism, it is necessary to predict the user’s
response quantity during the response period, that is, the user’s response potential [21].

Data-driven approaches and methodology based on mathematical models are the
two categories of existing methodologies for assessing response potential. Regarding the
mathematical model assessment method, Pang Y. et al. [21] used questionnaire surveys to
investigate the DR potential. Wang Y. et al. [22] established a DR index system and used
the index system to classify user response potential levels. Wang T. et al. [23] established
a formula for user DR potential based on electricity consumption patterns, equipment
usage frequency, and electricity comfort. Giannelos S. et al. [24] provided a new stochastic
multi-stage planning model that expresses user DR potential as a probability distribution.
However, because of the complexity of the relationships between the impacting variables,
the mathematical model is unable to fully capture these relationships. In the context of
the data-driven assessment methodology, many scholars have studied advanced algo-
rithms to predict user response potential, such as Shi R. et al. [25] constructing a support
vector machine model, Kong X. et al. [26] constructing a mixed density network model,
Shirsat A. et al. [27] and Kong, X. et al. [28] both constructing neural network algorithms,
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and Zhang Y. et al. [29] proposing a distributed modeling method based on the fully dis-
tributed alternating direction multiplier method. They have different choices of input
variables for the model. Some have chosen characteristic variables (CVs) such as elec-
tricity load, peak electricity consumption (PEC) during the response time, interruptible
load, electricity price, and baseline load as the input set, while others have chosen CVs
such as temperature, power consumption, response time, historical response quantity, and
temperature sensitivity, with significant differences.

Effective response power, response time, subsidy price, and subsidy coefficient are the
four key parts of the subsidy charges that are provided to users in China. China’s provinces
use different DR procedures, and there are differences in determining the subsidy price.
China’s Zhejiang Province is at the forefront of the DR process, and its subsidy price is
established in accordance with the “marginal clearing” principle [30]. The prerequisite
for using this method is that the user’s actual response quantity matches their declared
response quantity. However, the user’s actual response quantity is frequently too large or
small in comparison with the user’s declared response quantity, which means that the price
determined by the “Marginal Clearance” principle does not accurately represent the user’s
expected price and negatively impacts their willingness to respond. Chongqing, China,
adopts a fixed price to determine the subsidy price and directly sets the subsidy price of
industrial users at 10 CNY/kWh [31]. Due to varying levels of price sensitivity among
users, a fixed subsidy price is not conducive to promoting user response potential and can
waste unnecessary subsidy costs.

In summary, the existing literature and practices have improved DR from two di-
mensions: the list of users participating in DR and the subsidy price. But there are still
many issues: 1. When constructing a response potential prediction model, the selection
of CVs is not supported by any relevant scientific evidence or data, and the use of weakly
linked CVs will reduce the accuracy of the prediction model. 2. The existing approaches for
confirming subsidy price might weaken the motivation for users to participate in DR and
result in the overpayment of response costs. Therefore, this article makes improvements
to the issues mentioned above. In terms of determining the list of participating users, this
article proposes a user response potential model based on random forest (RF). Firstly, based
on the RF feature selection algorithm, factors with high correlation to response behavior
are screened out. Then, based on the screening results, an RF regression prediction model
is established, and users are ranked in descending order of predicted response quantity.
Finally, our method prioritizes inviting high-ranked users based on response objectives.
The response potential prediction model proposed in this article can solve the problems
of unreasonable CV selection. In addition, this model can help the power grid company
prioritize inviting high-response potential users and enable users to declare response quan-
tity more reasonably. In terms of the subsidy price, a subsidy price update formula and
constraint conditions considering user response characteristics have been designed. The
subsidy price can be input into the response potential prediction model to obtain the user’s
response potential under this subsidy price. After multiple iterations of the price update
formula, their final subsidy and response potential can be determined. The differentiated
subsidy price strategy proposed in this article determines the subsidy price based on the
user’s response potential. The higher the response potential of users, the higher the elec-
tricity price they receive in order to further tap into their response potential and maintain
the principle of fairness.

This article takes the DR process in China as the research entry point and finds that
there are certain problems in determining the list of users participating in DR and sub-
sidy price in China’s existing DR mechanism. Scholars from Iran, the United Kingdom,
the United States, Germany, and other countries have indicated that there are also corre-
sponding issues with their DR mechanisms, and these scholars are also studying how to
predict user potential and set a reasonable subsidy price to further improve the operational
efficiency of DR [24,27,32,33]. Therefore, the research method in this article has certain
reference value for scholars in this field.
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The remaining part of this article is arranged as follows: Section 2 analyzes China’s
DR mechanism and its existing problems. Section 3 constructs a user response potential
evaluation model. Section 4 develops a differentiated subsidy price strategy. Section 5
establishes an indicator system to evaluate the effectiveness of the model. Section 6 uses
actual examples to analyze the effectiveness of the model. Finally, Section 7 provides
relevant conclusions.

2. Analysis of DR Mechanism Issues
2.1. Analyzing the Process for Selecting Participating Users

This article describes the operational method of China’s DR using the DR document
produced in Zhejiang Province, China, in May 2022 as an example [30]. Its specific oper-
ational structure is illustrated in Figure 1. After receiving the announcement, users and
load aggregators declare their response quantity and ideal subsidy price. The power grid
company determines the list of participating users and the subsidy price based on the
principle of “Marginal Clearance”. According to data feedback, the effectiveness of China’s
DR mechanism in actual operation is not rational [20].
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Figure 1. DR framework diagram.

Figure 2 depicts the “Marginal Clearance” rule. The declared users are sorted ac-
cording to the rules of the declared price from low to high (First principle) and declared
response quantity from high to low (Second principle). The declared response quantity of
the top ranked users is included in the load resource pool until the cumulative response
quantity reaches the target value. The declared price of the last successful bidding customer
is the marginal clearing price. Because declared users are unable to precisely assess their
response quantity throughout the response period, the principle of “Marginal Clearance”
determines participating users based on their declared quantity, leading to a significant
discrepancy between the target response quantity and the actual response quantity. Thus,
studying how to make user declaration responses close to their actual response quantity
and determine the list of participating users can help improve the existing DR mechanism.



Sustainability 2024, 16, 3248 5 of 22

Sustainability 2024, 16, x FOR PEER REVIEW  5  of  23 
 

 

Figure 2. “Marginal Clearance” rule. 

2.2. Analysis of the Methodology for Determining Subsidy Price 

The quantity of user response  is affected by the subsidy price. Users’ desire to re-

spond will be significantly impacted by the subsidy price if it is too low, and the power 

grid company will incur excessive response costs if the subsidy price is too high. The mar-

ginal price computed based on the “Marginal Clearance” principle cannot represent the 

expected price of users as the response quantity indicated by users cannot correctly reflect 

their actual response quantity, as is illustrated in Figure 3′s analysis. The subsidy price set 

by the power grid company is  2p , while the subsidy price based on the actual response 

quantity is  3p . The subsidy price  2p   determined by the power grid company is lower 

than the user’s ideal subsidy price  3p , which will make the user less willing to respond, 

resulting in the user’s actual response quantity being lower than the declared quantity. 

 

Figure 3. Analysis of the “Marginal Clearance” rule. 

In conclusion, there are certain issues with the current DR mechanism in determin-

ing the list of participating users and subsidy price. In terms of participating users, due 

to a lack of understanding of the user’s response potential, too many low-response po-

tential users were invited, and the deviation between the response quantity declared by 

the user and the actual response quantity is significant, resulting in the inability of the 

power grid company to achieve its goals during DR and excessive redundancy in the 

number of participating users. In terms of subsidy price, the existing method for deter-

mining subsidy price cannot correctly reflect user’s ideal subsidy price, which weakens 

users’ willingness to participate in DR. 

   

Figure 2. “Marginal Clearance” rule.

2.2. Analysis of the Methodology for Determining Subsidy Price

The quantity of user response is affected by the subsidy price. Users’ desire to respond
will be significantly impacted by the subsidy price if it is too low, and the power grid
company will incur excessive response costs if the subsidy price is too high. The marginal
price computed based on the “Marginal Clearance” principle cannot represent the expected
price of users as the response quantity indicated by users cannot correctly reflect their
actual response quantity, as is illustrated in Figure 3′s analysis. The subsidy price set by the
power grid company is p2, while the subsidy price based on the actual response quantity is
p3. The subsidy price p2 determined by the power grid company is lower than the user’s
ideal subsidy price p3, which will make the user less willing to respond, resulting in the
user’s actual response quantity being lower than the declared quantity.
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In conclusion, there are certain issues with the current DR mechanism in determining
the list of participating users and subsidy price. In terms of participating users, due to a lack
of understanding of the user’s response potential, too many low-response potential users
were invited, and the deviation between the response quantity declared by the user and the
actual response quantity is significant, resulting in the inability of the power grid company
to achieve its goals during DR and excessive redundancy in the number of participating
users. In terms of subsidy price, the existing method for determining subsidy price cannot
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correctly reflect user’s ideal subsidy price, which weakens users’ willingness to participate
in DR.

3. User DR Potential Prediction Model

Integrated algorithms are made up of several algorithms that extract hidden informa-
tion from enormous amounts of nonlinear and noisy data. The model developed using
data-driven methods has good accuracy and a rapid computational speed [34]. The power
grid company has a large amount of user electricity consumption behavior data. To identify
user response potential, an integrated algorithm can be utilized to build a user response
potential prediction model, and users can be ranked based on estimated response quantity.

3.1. RF Principle

Shi R. et al. [25] compared the accuracy of various machine learning methods in pre-
dicting user response quantity and found that the RF algorithm has the highest prediction
accuracy due to its ability to reduce the risk of overfitting and fully consider the contribu-
tion of various feature variables. Therefore, this article uses the RF algorithm to construct a
user response quantity prediction model.

For the original training sample set S with the number of samples N and the number
of features M, the specific construction process of RF is shown in Figure 4, and the specific
steps are as follows:

1. Choose m features at random from a pool of M features; each sample’s feature dimen-
sion is m, where m is less than M.

2. Use the bootstrap method to perform repeated sampling on the training sample set
S, generating n training subsets Si (i = 1, 2, . . . , n) of samples [35]. Out-of-bag (OOB)
datasets are samples from the training sample set that do not appear in the subset
being trained. OOB data make up roughly 36.8% of the training sample set [36].

3. Create decision trees specifically for the training subset response quantities Si and
obtain the RF model made up of n decision trees.
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The RF model developed in this paper consists of multiple categorical and regression
trees (CARTs), where CART is a dichotomous recursive partitioning technique that splits
the current sample set into two subsets at each node. For sample set (xi, yi), the key to
using CART for regression is to solve the following expression by identifying appropriate
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segmentation variables m and segmentation sites s to achieve the set threshold of the
loss function:

min
m,s

[ ∑
xi∈Dl(m,s)

(yi − c1)
2+ ∑

xi∈Dr(m,s)
(yi − c2)

2] (1)

where Dl(m, s) and Dr(m, s) denote the left and right subsets of the split; c1 and c2 are the
average values of dataset Dl(m, s) and Dr(m, s), respectively.

The optimal decision tree can be generated by dividing the segmented subset according
to Formula (1) until the set threshold is reached.

3.2. Feature Selection-Based Feature Variable Screening

Selecting accurate input feature variables is the primary condition for constructing a
high-precision prediction model, so this paper adopts the RF feature selection algorithm to
screen the key influencing factors.

The principle of determining the importance of feature variables in RF is to test the
accuracy of the model using OOB data, then calculate the accuracy of the model after
adding white noise to a certain feature variable and finally compare the accuracy before
and after adding white noise. The feature variable is regarded as a crucial variable if the
accuracy dramatically drops after adding white noise. If the accuracy fluctuates steadily
after adding white noise, the feature variable is considered a non-critical variable. Below is
an expression for the significance of the CV:

Tmi =
Eoob − Emi

∑
mi∈M

Emi − Eoob
(2)

where Eoob is the modeled original out-of-bag error; Emi is the out-of-bag error after adding
the noise value to the sample feature mi.

Table 1 lists the selected CVs from the literature for DR potential assessment. The
variables used in each literature study are different, and a total of 13 different types of
CVs appear in Table 1. If all 13 types of CVs are used as input variables, not only is it
difficult to obtain data, but the model prediction accuracy is low. Therefore, in this paper,
six CVs that appear more frequently in the existing literature are selected as candidate CVs,
including subsidy price, time, temperature, interruptible load, electricity consumption,
and historical response quantity. Most of the existing literature studies the CVs that affect
the response quantity of residential users, but there are some differences in the response
factors that affect industrial and residential users. Leinauer C. et al. [32] pointed out that
power consumption per unit of output (PCPUO) and the benefits obtained from DR are
the main factors affecting the response potential of industrial users. It is only when the
proportion of electricity costs to total costs is large that users have a higher willingness
to participate in DR. Therefore, this article takes the PCPUO into account based on six
high-frequency CVs and ultimately selects seven CVs as candidate CVs. According to
the DR implementation plan released by China and the related literature, the majority of
the literature takes into account the subsidy price factor [28,29,31]. As a result, this article
will prioritize the consideration of subsidy price, while other influencing factors will be
determined through the RF feature selection algorithm.
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Table 1. Summary of CV of related literatures.

Literature CV High Frequency CV

Shi R. et al. [25]

1. Electricity consumption
2. PEC during response hours
3. Interruptible load
4. Subsidy price
5. Range of fluctuations in electricity consumption

1. Subsidy price
2. Historical response quantity
3. Time
4. Temperature
5. Interruptible load
6. Electricity consumption

Shirsat A. et al. [27]

1. Temperature
2. Power usage
3. Response time
4. Temperature sensitivity

Kong X. et al. [26]

1. Response time
2. Subsidy price
3. Load baseline
4. Actual load
5. Temperature

Zhang Y. et al. [29]

1. Subsidy price
2. Electricity consumption
3. Historical response quantity
4. Response time

Kong X. et al. [28] 1. Subsidy price
2. Electricity consumption

Wohlfarth K. et al. [37]

1. Transferable load
2. DR policies
3. Subsidy price
4. Customer willingness to respond
5. Electricity load

3.3. An RF-Based Model for Evaluating User Response Potential

The steps for building a user response potential prediction model can be divided into
the following steps:

1. Select candidate input variables

This article summarizes the variables commonly used in the literature to predict user
response quantity and selects variables with high frequency as candidate input variables,
as shown in Table 1.

2. Select important variables as input variables

RF has the function of evaluating the importance of each candidate input variable, and
the principle of RF can be found in Section 3.1. This article uses the RF feature selection
function to filter out the variables that have the greatest impact on user response potential,
and the calculation expression is shown in Formula (2).

3. Create an RF prediction model

This article uses the MATLAB machine learning toolbox (R2018b) to construct an RF
prediction model. The RF algorithm analyzes the relationship between input variables and
response quantity and constructs a user response potential prediction model. This article
uses a tenfold cross-validation method to divide the dataset into a training set and testing
set [38], with nine folds being used as the training set to train the model and the remaining
one fold being used as the testing set to evaluate the accuracy of the model. The principle
of the RF prediction model can be summarized as follows:
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Given l samples in the test set, where Xj(j = 1, 2, . . . l) is the jth input vector, the RF
model’s n decision trees forecast the DR of Xj, producing a set Lj with n predicted values.
The expression is as follows:

Lj =
{

F1(Xj), F2(Xj), . . . Fn(Xj)
}

(3)

The predicted value of the jth test set is the average of the predicted values of n

decision trees. The expression for the predicted value f (
∧
Xj) is as follows:

f (
∧
Xj) =

n
∑

i=1
Fi(Xj)

n
(4)

4. Search for the optimal parameter combination of the model

The RF prediction model constructed in this paper involves two parameters: the mini-
mum leaf size (MLS) and the number of learning cycles (NLC). If the model parameters
are not set appropriately, the model is prone to overfitting or underfitting. Therefore, it
is necessary to determine the appropriate parameter combination to improve the accu-
racy of the model. The grid search searches for the best combination of parameters by
traversing all possible combinations of given parameters in order to improve the accuracy
of the model [39]. Therefore, this article uses the grid search method to adjust the model
parameters. The root mean square error (RMSE) indicator can be selected as the evaluation
criterion for the model’s predictive ability:

RMSE =

√√√√√ l
∑

j=1
( f (Xj)−

∧
f (Xj))2

l
(5)

After the above four steps of operation, a high-prediction accuracy prediction model
can be constructed. By inputting variable data such as subsidy price, it is feasible to predict
the user’s response quantity in a certain period in the future.

4. Differentiated Subsidy Price

Based on the response potential prediction model, this article formulates a differenti-
ated subsidy price strategy, and the specific ideas for formulating a differentiated subsidy
price strategy are shown in Figure 5. Figure 5 shows that after obtaining each user’s
predicted response potential value, we utilize it to sequentially calculate the growth rate
of user response quantity and the proportion of the user’s response quantity to target
response quantity. These two parts are the main components of the differentiated subsidy
price formula. In order to establish a reasonable subsidy price, this article sets a constraint
condition on the rate of change of response quantity, maximum subsidy price constraint
condition, and total subsidy costs constraint condition to dynamically adjust the subsidy
price of each user.
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4.1. Differentiated Subsidy Price Formula

The link between user benefits and response quantity can be represented by a quadratic
function curve with a downward opening [40], as shown in Figure 6. When the response
quantity is between [0, a1], the response willingness of the user is strong. When the response
quantity exceeds a1, the user’s lifestyle is disrupted, and the loss of comfort is greater than
the response subsidy. Continuing to increase the subsidy price cannot significantly increase
the user’s response quantity but instead increases the subsidy costs for the power grid
company. Through the comparison in Figure 6, it is found that different users have different
benefit functions, and their maximum response quantity varies. When users 1 and 2 reach
their maximum response quantity, the subsidy price they receive should differ according
to incentives and fairness theories. Therefore, it is necessary to develop a differentiated
subsidy price strategy based on user’s response characteristics, further tapping into user
response potential.
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Initially, each user is assigned an equal subsidy price pi,0, which is input into an RF
prediction model to obtain the predicted response quantity Ri,0 of each user. The user
subsidy price is then dynamically updated by accounting for the rate of user response
quantity growth and the ratio of actual response quantity to target response quantity. The
formula for differentiated subsidy price is as follows:

pi,t =

 pi,t−1 × (1 + β × Ri,t−1
Robj

), t = 1

pi,t−1 × (1 + β × Ri,t−1
2

Robj×Ri,t−2
), t > 1

(6)

where pi,t represents the subsidy price received by user i at the tth iteration; Robj represents
the DR’s target response quantity; Ri,t is the predicted response quantity of user i at the tth
iteration; and β is the correction factor.

4.2. Constraint Conditions on the Subsidy Price Formula
4.2.1. Constraint Condition on the Rate of Change of Response Quantity

Each user’s response to changes in subsidy price varies. The user’s reaction is deemed
to have reached its maximum potential value when the rate of change in response falls below
a predetermined threshold. Continuing to raise the subsidy price will increase subsidy costs
for the power grid company. Therefore, when the growth rate of user response quantity
does not meet the constraint condition, we must stop updating the subsidy price for that
user to avoid low-response potential users receiving excessive response subsidies. The
expression for the constraint condition is as follows:

Ri,t − Ri,t−1

Ri,t−1
≥ γ (7)

where γ is the growth rate threshold.
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4.2.2. Maximum Subsidy Price Constraint Condition

When executing DR, the power grid company will determine the maximum subsidy
price for users. Therefore, the subsidy price for users should be less than the maximum
subsidy price, as expressed below:

pi ≤ pmax (8)

where pmax is the maximum subsidy price set by the power grid company.

4.2.3. Total Subsidy Costs Constraint Condition

Before executing DR, it is necessary to estimate the maximum response costs that
the power grid company can bear. This article deduces the maximum response costs by
constructing profit formulas for the power grid company. The power grid company’s profit
is primarily composed of three components during the DR implementation process: WPVP
consumption revenue, thermal power unit ramp-up expenses, and DR subsidy costs.

1. Benefits of WPVP consumption

Each province is required to meet the appropriate renewable energy consumption
obligation weights and will be penalized if it does not, according to China’s Renewable
Energy Power Consumption Guarantee Mechanism [41]. The benefits of increasing the
consumption of WPVP through DR can be expressed as Cenergy, where it is proportional to
the increased WPVP consumption and the costs of WPVP abandonment [42].

Cenergy =
T

∑
t=1

(∆Ewind
t + ∆Esolar

t )× cp (9)

where ∆Ewind
t and ∆Esolar

t represent increased WPVP consumption; cp is the penalty costs
coefficient for abandoned WPVP generation; and T is the DR period.

2. Climbing costs for thermal power units

Implementing DR can reduce the net load difference and climbing costs of thermal
power units. This part of the costs is represented by Cclimbing, which is directly proportional
to the climbing costs coefficient of thermal power units and the change in net load curve
power [42].

Cclimbing =
T

∑
t=1

cq × t × |∆Pnet,t| (10)

Pnet,t = Pload,t − Pwind,t − Psolar,t (11)

where Pnet,t is the net load curve power at time t; Pload,t denotes the load power at time t;
Pwind,t is the wind power generation power at time t; Psolar,t is the PV power generation
power at time t; and cq is the creeping costs factor for thermal power units.

3. DR subsidy costs

In order to encourage users to change their electricity consumption behavior during
the response period, the power grid company needs to be compensated for a certain portion
of costs, denoted by Cdr, which is proportional to the subsidy price and amount of response
power [42].

Cdr =
N

∑
i=1

T

∑
t=1

Ri,t × pi × t (12)

where Ri,t is the response power of user i at time t; pi is the subsidy price that user i receives.
These three elements are added together to form the power grid company’s revenue.

P = Cenergy + Cclimbing − Cdr (13)

This article assumes that users all aim to minimize electricity costs. In summer, the low
electricity load period is generally from 11:30 to 14:30 and from 22:00 to 24:00. The electricity
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price during these two time periods is cheap, and users tend to transfer electricity to that
period. Moreover, during these two time periods, there is remaining WPVP generation.
Therefore, the increase in WPVP generation consumption is the amount of response load
quantity. By making the profit formula of the power grid company bigger than zero, which
is P ≥ 0, the maximum acceptable response costs for the power grid company can be
derived. The response costs constraint expression is as follows:

Cdr ≤ Robj(cp + 2cq) (14)

where Robj represents the DR’s target response quantity.
The process of determining the users participating in DR and the differentiated subsidy

price for each user are shown in Figure 7. Firstly, allocate initial subsidy price to each user
and obtain the predicted initial response quantity for each user through the prediction
model. Then, determine whether the output value meets the constraint conditions. Users
who meet the constraint conditions continue to update their subsidy price. Otherwise, the
subsidy price will be stopped from being updated. Next, after determining the subsidy
price for each user, the final predicted response quantity for each user is obtained. Sort users
based on the predicted response quantity and prioritize the participation of high-response
potential users in DR. Finally, calculate the total response costs. If the total response costs
exceed the expected value, the user with the highest subsidy price among users with similar
response capabilities will be excluded and the users will be ranked again. When the total
response costs are lower than the expected value, the subsidy price for the participating
users and each user in this DR can be determined.

Sustainability 2024, 16, x FOR PEER REVIEW  13  of  23 
 

 

Figure 7. The process of determining participating users and subsidy price. 

5. Model Effectiveness Evaluation Indicator System 

The mismatch between the peak hours of WPVP generation and the peak hours of 

electricity demand has  led to the waste of a  large amount of WPVP to meet the power 

constraints of  thermal power units. To address  the previously mentioned problem,  the 

research idea of this article is to use DR to maximize the overlap between the peak periods 

of WPVP generation and the peak periods of electricity load and reduce the peak–valley 

difference of electricity  load  in order to  increase the consumption of WPVP. Therefore, 

this article designs the net  load standard deviation (NLSD)  index to reflect the overlap 

between the peak periods of WPVP generation and the peak periods of electricity demand. 

The peak–valley difference (PVD) index has been designed to reflect the peak–valley dif-

ference in electricity consumption. The goal of this article is to increase the consumption 

of WPVP, so the energy utilization rate (EUR) index has been designed to reflect the utili-

zation rate of WPVP (see Table 2). 

Table 2. Physical meaning and direction of indicators. 

Indicator  Physical Meaning  Direction 

EUR  Reflecting the rate of WPVP consumption  Forward direction 

NLSD  Reflect discrete trends in the net load curve  Negative direction 

PVD  Reflect the range of net load curve spans  Negative direction 

EUR: Ratio of WPVP consumption to total WPVP generation. The calculation formula 

is as follows [9]: 

Figure 7. The process of determining participating users and subsidy price.

5. Model Effectiveness Evaluation Indicator System

The mismatch between the peak hours of WPVP generation and the peak hours of
electricity demand has led to the waste of a large amount of WPVP to meet the power
constraints of thermal power units. To address the previously mentioned problem, the
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research idea of this article is to use DR to maximize the overlap between the peak periods
of WPVP generation and the peak periods of electricity load and reduce the peak–valley
difference of electricity load in order to increase the consumption of WPVP. Therefore, this
article designs the net load standard deviation (NLSD) index to reflect the overlap between
the peak periods of WPVP generation and the peak periods of electricity demand. The
peak–valley difference (PVD) index has been designed to reflect the peak–valley difference
in electricity consumption. The goal of this article is to increase the consumption of WPVP,
so the energy utilization rate (EUR) index has been designed to reflect the utilization rate of
WPVP (see Table 2).

Table 2. Physical meaning and direction of indicators.

Indicator Physical Meaning Direction

EUR Reflecting the rate of WPVP consumption Forward direction
NLSD Reflect discrete trends in the net load curve Negative direction
PVD Reflect the range of net load curve spans Negative direction

EUR: Ratio of WPVP consumption to total WPVP generation. The calculation formula
is as follows [9]:

EUR =

T
∑

t=1
Ewind

t,usage +
T
∑

t=1
Esolar

t,usage

T
∑

t=1
Ewind

t +
T
∑

t=1
Esolar

t

× 100% (15)

where
T
∑

t=1
Ewind

t,usage is the quantity of wind power consumed during the DR time period T;

T
∑

t=1
Esolar

t,usage is the quantity of PV power consumed during the DR time period T.

NLSD: The degree of deviation between the power of the net load curve and its mean.
The calculation formula is as follows [9]:

NLSD =

√√√√√ T
∑

t=1
(Pnet,t − Pnet)

2

T
(16)

where Pnet stands for the net load curve’s average power.
PVD: Net load curve peak-to-valley power difference. The calculation formula is as

follows [9]:
PVD = Pnet,max − Pnet,min (17)

where Pnet,max denotes the maximum power value of the net load curve; Pnet,min denotes
the net load curve minimum power value.

6. Example Analysis
6.1. Data Sources

A total of 1893 industrial consumers in a city in East China were chosen as case
study participants from the actual DR cases. The PCPUO refers to the U.S. report Oak
Ridge National Lab [43]. The WPVP generation quantity was derived from the open-
source dataset [44,45]. This study used the method proposed by Wang Y. et al. to obtain
interruptible load [22], and the temperature was taken to be the average temperature of the
response period on the response day. The user subsidy price, historical response quantity,
electricity load, and declaration quantity were all derived from actual DR cases.



Sustainability 2024, 16, 3248 14 of 22

6.2. RF Modeling

In this study, we built an RF model using the MATLAB machine learning toolbox. The
software defaults to setting the initial values of MLS and NLC to 8 and 30, respectively. The
OOB data after adding white noise was fed into the model, and the results were normalized.
Due to the randomness of white noise, in order to ensure the robustness of the results, it
was repeated 30 times, and the average value was taken as the final result. The importance
of each variable is shown in Figure 8. Figure 8 shows that subsidy price has the greatest
impact on user response potential, which verifies the rationality of considering this factor
in the current documents and literature. Temperature has a certain impact on response
potential, but its importance is relatively low compared with other variables. From the
perspective of data acquisition difficulty and model dimension, the temperature variable
can be ignored.
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The prediction model should be constructed to avoid the phenomenon of redundancy
of feature information [37]. The Spearman correlation coefficient is a non-parametric
statistical method that does not require any assumptions about the distribution of data [46].
Therefore, the Spearman correlation coefficient is used to calculate the correlation between
feature variables and take the value in terms of absolute value. The results of the correlation
between CVs are shown in Figure 9. It can be clearly seen from Figure 9 that electricity
consumption, interruptible load, and time are highly correlated, so one variable can be
used to replace the other two variables. Based on the difficulty of obtaining daily data, the
power consumption is ultimately retained, while interruptible load and time are eliminated.
In conclusion, this paper’s input variables include the subsidy price, historical response
quantity, PCPUO, and power consumption.
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This article uses the grid search method to obtain the ideal hyperparameter combina-
tion. When MLS and NLC are the default initial values of 8 and 30, respectively, the RMSE
value of the model is 12.2. This article sets the value range of MLS to [5, 10] with a step
size of 1 and the value range of NLC to [10, 200] with a step size of 10. The RMSE values of
the model obtained by combining various parameter values are shown in Figure 10. From
Figure 10, when MLS is set to 5 and NLC is set to 80, the RMSE value of the model is the
smallest at 6.51, a decrease of 5.59 compared with the initial stage, effectively improving
the prediction accuracy of the model. Due to the average response of the dataset in this
article being 682 kWh, based on this value, the RMSE of the model is 6.51, indicating good
predictive performance.
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6.3. Analysis of WPVP Consumption

Compared with other seasons, the load curve in summer has the characteristics of
short peak periods and large differences between peaks and valleys [47], resulting in low
WPVP consumption in summer. As a result, the season of the example is set to summer to
analyze the effect of this paper’s DR strategy on the consumption of WPVP. The WPVP
curves are shown in Figure 11a, and the distribution of the WPVP curve and the user load
curve with time is shown in Figure 11b. Figure 11b shows that the peak hours of electricity
consumption are 10:15–11:15 and 18:30–20:00, while the peak hours for WPVP generation
are 13:00–15:30, indicating a mismatch between the two peak times. To encourage the use
of WPVP, this article implements a peak-shaving DR between 18:30 and 20:00, with an
80 MW load reduction target.
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Referring to the DR implementation plans released by various provinces in China [30,31],
we set the parameter values involved in the case as shown in Table 3. The final subsidy
price for each user can be determined through Formulas (6)–(8), and the response potential
of each user can be determined by the user response potential prediction model. We sorted
users based on their response potential, and the sorting results are shown in Table 4. Table 4
shows that the cumulative response quantity of the top 144 users is 80.09 MWh, which
meets the response target of 80 MWh. Therefore, the top 144 users will be prioritized for
invitation to participate in DR. Equation (14) provides the maximum subsidy costs of the
DR as CNY 364,000, and the power grid company pays a DR fee of CNY 247404, which is
lower than the maximum subsidy fee and meets the constraint condition.

Table 3. Parameter symbols and values.

Parameter Symbol Numerical Value

Initial subsidy price p0 2.5 CNY/kWh
Maximum subsidy price pmax 4.5 CNY/kWh

Correction factor β 2
Growth rate threshold γ 0.1

Losses from WPVP penalty costs factor cp 1.75 CNY/kWh
Thermal power unit climbing costs coefficient cq 1.4 CNY/kWh

Table 4. User sorting result.

Ranking User Response Quantity
(MWh)

Accumulated Response
Quantity (MWh)

1 User 42 0.955 0.955
2 User 31 0.914 1.869
3 User 6 0.905 2.774
4 User 282 0.891 3.665

. . .. . . . . .. . . . . .. . . . . .. . .
141 User 221 0.296 79.226
142 User 352 0.292 79.518
143 User 367 0.288 79.806
144 User 210 0.284 80.090
145 User 320 0.282 80.372
146 User 224 0.281 80.653

. . .. . . . . .. . . . . .. . . . . .. . .

Due to the need for factories to develop precise production plans and execute DR at a
certain period, some plans will be suspended. Therefore, they need to increase production
efforts in the remaining time periods. To reflect the randomness of user load transfer, it is
necessary to simulate the behavior of users transferring loads. The Monte Carlo method is
a mathematical method based on probability theory and statistical theory that has been
widely applied in simulating user electricity consumption behavior [48,49]. Therefore, this
article uses Monte Carlo methods to simulate the behavior of users transferring response
electricity to low electricity consumption periods. The Monte Carlo method will simulate
user transfer behavior based on the response quantity of each user during the low periods
of the total load curve. If the user’s electricity consumption at a certain moment during
the low valley periods of the total load curve is higher than at other times during the low
valley periods, the Monte Carlo method thinks with high probability that the user will
transfer their electricity consumption to that period and uses this principle to simulate the
user’s behavior of transferring electricity consumption. The change in net load curve before
and after executing DR is shown in Figure 12, and the performance of DR in evaluation
indicators is presented in Table 5.
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Table 5. Performance of DR in evaluation indicators.

Indicator Before DR After DR Difference Direction

EUR 81.17% 92.84% 11.67% Forward direction
NLSD 27.01 24.32 −2.68 Negative direction
PVD 110.81 84.15 −26.66 Negative direction

Table 5 and Figure 12 show that after executing the DR, the net load curve becomes
smoother, with the NLSD decreasing from 27.01 to 24.32, indicating that the supply–
demand matching between the load curve and the WPVP generation curve has improved.
By distributing part of the electricity consumption to low valley periods during peak load
periods, the peak–valley gap narrows and the PVD drops from 110.81 to 84.15, further
lessening the impact of the loss of WPVP brought on by climbing constraints for thermal
power units. Based on the characteristics of WPVP generation, the low valley periods
of electricity consumption overlap with the peak periods of WPVP generation. After
implementing DR, the increase in electricity consumption during the low valley periods
of electricity consumption promotes the consumption of remaining WPVP, resulting in an
increase in the EUR index from 81.17% to 92.84%, an increase of nearly 12%.

6.4. An Analysis of the Effectiveness of DR Strategy

Sorting users according to the described response quantity is the basis of the “Marginal
Clearance” principle. In order to demonstrate the effectiveness of the improvement strategy
in this article, a comparative analysis will be conducted based on the results of sorting
from different dimensions. Firstly, we sort the users by declaration quantity and response
potential separately, with the upper, middle, and lower quantiles being nodes. Users are
divided into “Key user”, “Premium user”, “Medium user”, and “Low level user”. The
historical average of the user’s declaration quantity during the response periods is the
declaration quantity utilized in this article. Some users whose declaration quantities are
difficult to obtain are not included in this stage because of lacking data. The outcomes of the
transformation of user labels are displayed in Figure 13. Figure 13 shows that when users
are sorted by the dimension of “declared quantity”, certain users are ranked as “falsely
high” or “falsely low”. Nearly 60% of users in the “Key user” tier are downgraded to
“Premium user”, which indicates that these users overestimate their response potential and
only judge response potential based on electricity consumption, resulting in an excessive
declaration of response quantity. Nearly 50% of users in the “Premium user” tier have been
upgraded to “Key users”, indicating that the majority of users have underestimated their
response potential and received a corresponding reduction in response subsidies. After
comparative analysis, it is found that the improvement strategy proposed in this article
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can reduce the gap between the target response quantity and the actual response quantity,
helping users understand their response potential and the power grid company explore
high-response potential users.
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We further analyze the subsidy price received by each user and their response potential.
Due to the large number of users, this article randomly selects a portion of users from
various levels for display, as shown in Figure 14. It can be seen from Figure 14 that each
user’s subsidy price is based on user’s response potential. After six iterations, user 44 was
found to have earned the lowest subsidy price, 2.740 CNY/kWh, with a response potential
of 334 kWh. User 42 received the highest subsidy price, 4.166 CNY/kWh, with a response
potential of 955 kWh.
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To clearly demonstrate the influence of differentiated subsidy price on user response
potential, consumers are provided a uniform subsidy price of 3.5 CNY/kWh, which is
compared with the approach of this study, and the results are shown in Table 6. Table 6
demonstrates that while all users receive the same subsidy price under fixed price in-
centives, there is a significant variation in response quantity, with a maximum value of
784 kWh and a minimum value of 341 kWh, resulting in a difference of 443 kWh. Excessive
ineffective response costs are spent on low potential users. According to the differentiated
subsidy pricing strategy, due to the lower response potential of users 44, 23, 8, and 14
compared with other users, their subsidy price has decreased and the cumulative response
subsidy has decreased by CNY 972. Users 6, 31, and 42 have higher response potential
and, therefore, they receive higher subsidy prices, increasing their willingness to respond.
Compared with the fixed subsidy price, their response quantity has increased by 335 kWh.
Through comparative analysis, it can be concluded that the differentiation strategy can
effectively reduce the costs of ineffective subsidy compared with fixed strategy and allo-
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cate more response subsidy to high-response potential users, further tapping into their
response potential.

Table 6. Comparison of the differentiated price and fixed price strategies.

Differentiated Price Strategy Fixed Price Strategy Subsidy
Costs

Difference
(CNY)

User
Response
Quantity

(kWh)

Subsidy Price
(CNY/kWh)

Subsidy
Costs (CNY)

Response
Quantity

(kWh)

Subsidy Price
(CNY/kWh)

Subsidy
Costs (CNY)

User 44 334 2.745 917 341 3.500 1194 −277
User 23 346 2.740 948 348 3.500 1218 −270
User 8 624 3.145 1962 629 3.500 2202 −240

User 14 648 3.219 2086 649 3.500 2271 −185
User 6 905 3.799 3438 824 3.500 2884 554

User 31 914 3.760 3436 831 3.500 2909 527
User 42 955 4.166 3978 784 3.500 2744 1234

7. Conclusions

In order to improve the consumption of WPVP in the new power system, this article
improves the existing DR strategy from two dimensions: the list of participating users and
the subsidy price. This article constructs a user DR potential ranking model and formulates
the differentiated subsidy price strategy based on user response characteristics. The case
analysis shows that in terms of participating users, existing DR policies that rank users
based on declaration quantity will result in some users ranking “falsely high” or “falsely
low”. Among them, nearly 60% of users in the “Key user” level will be downgraded to
“Premium user” level, and nearly 50% of users in the “Premium user” level will be upgraded
to “Key user” level, indicating that users cannot accurately estimate their own response
potential. In order to reduce the discrepancy between declared and real response quantity,
this article suggests a user response potential sorting queue based on the prediction model.
This allows users to declare response quantity more fairly when engaging in DR and
prioritize inviting high-response potential users to participate in DR. In terms of subsidy
price, this article suggests constraint conditions and a subsidy price update formula that
take user response characteristics into account. Compared with the fixed price strategy,
differentiated subsidy price is determined by the response potential of users. Due to
significant differences in users’ response potential, the maximum subsidy price difference
between users can reach 1.467 CNY/kWh. The subsidy costs for low-response potential
users have cumulatively decreased by CNY 971. High potential users have received more
subsidies, which has prompted them to increase their response quantity, resulting in a
cumulative increase of 335 kWh in response quantity. Therefore, differentiated subsidy
prices can be used to further tap into the response potential of users and maintain the
principle of fairness.

By improving both the list of participating users and the subsidy price, the net load
curve is smoother compared with the original DR strategy. The electricity consumption
during peak hours has been distributed to low periods, narrowing the gap between the
electricity consumption during peak periods and low periods, and the NLSD has dropped
from 27.01 to 24.32. The load curve and WPVP power generation curve now match better
in terms of supply and demand, resulting in a nearly 12% increase in the consumption
rate of WPVP. Overreliance on coal for power generation poses great harm to the global
environment, and vigorously developing renewable energy generation has become a
consensus and action for countries around the world to promote sustainable development.
In order to promote the process of sustainable development, this article studied how to
further improve the utilization rate of renewable energy generation such as wind power
and PV power and contribute to the early realization of sustainable development goals in
the world.
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This article uses DR to transfer the load from peak periods to low periods in order
to improve the overlap between peak electricity load periods and peak WPVP generation
periods. However, if many users transfer their electricity load to the same period, it is
easy to generate new peak load periods, which will have a huge impact on the safety and
electricity costs of the power grid system. In the future, based on the research in this article,
we will consider introducing a third-party entity—load aggregator—and constructing a
more corresponding model to address this issue. Our objective is to ensure the stability of
the power system while advancing the utilization rate of renewable energy sources.
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Nomenclature

PV Photovoltaic NLC Number learning cycles
WPVP Wind and photovoltaic power MLS Minimum leaf size
DR Demand response RMSE Root mean square error
CV Characteristic variables EUR Energy utilization rate
OOB Out of bag NLSD Net load standard deviation
RF Random forest PVD Peak-valley difference
CART Categorical And regression trees PEC Peak electricity consumption
PCPUO Power consumption per unit of output
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