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Abstract

This paper proposes a dynamic potential assessment method for source-
containing industrial parks based on the Logarithmic Mean Divisia Index
(LMDI) decomposition method. First, missing data are filled using Random
Forest, and influence factors are quantitatively assessed by considering multi-
featured factors using the LMDI decom-position method and the limit value
normalization method, including distributed photovoltaic (PV) power gen-
eration impact factors, incentive tariff impact factors, energy-use behavior
impact factors, and response willingness impact factors. Secondly, based on
the LMDI method combined with an improved weighted polynomial regres-
sion model, the next scenario containing source industrial users is determined,
providing a relatively real and reliable demand response potential assessment
value. Finally, real historical response values from a certain park in the
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power grid were used for fitting and validation. The response deviation value
was used as the evaluation criterion. Compared to the evaluation methods
that do not consider data completion and those that consider only a single
factor, the average response deviation rates were 4.34%, 3.23%, and 1.35%,
respectively. The method proposed in this paper had the lowest average devi-
ation rate. Additionally, this method demonstrated the changes in the weights
of influencing factors. By providing a transparent and highly accurate tool
for managing demand-side resources, this work facilitates greater renewable
energy integration, contributing to a more efficient, stable, and sustainable
power system.

Keywords: Logarithmic mean divisia index, distributed photovoltaic,
source-containing industrial parks, potential assessment, demand-side
response, grid sustainability.

1 Introduction
1.1 Motivation

With the large-scale integration of distributed PV power into high-penetration
regional power grids, the generation and consumption uncertainties in these
grids have increased. This has led to heightened challenges in regional
autonomy, supply-demand interaction, and coordinated complementary dis-
patching. However, demand response serves as a critical strategy in the power
industry to enhance the effectiveness of supply-demand interaction. It aims
to improve grid stability and efficiency by incentivizing electricity consumers
to increase or decrease their electricity usage during specific periods, thereby
reducing reliance on expensive standby generation capacity [1]. Notably,
industrial users account for more than 90% of demand-side resources [2, 3].
A significant characteristic of power systems with a high proportion of renew-
able energy penetration is their strong volatility [4], particularly in industrial
parks with distributed PV power. These parks face significant challenges,
including high generation and consumption uncertainties, potential assess-
ments affected by time delays, and complex demand response evaluation
factors.

1.2 Research Status

Current research on demand response potential assessment has actively
explored various methodologies to address the aforementioned challenges
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[5-7]. Reference [8] uses ultra-short-term load forecasting data to cluster
and depict typical user characteristics, conducting potential assessments over
short periods. Reference [9] conducts a demand response potential assess-
ment analysis on small user data and extends the mapping to derive the
demand response potential assessment values for large users. Reference [10]
adopts different estimation methods for different users to improve accuracy.
Reference [11] quantifies the effects of cross-time period demand response
using quasilinear demand response. Reference [12] comprehensively identi-
fies, classifies, and summarizes demand response applications in the indus-
trial sector and analyzes the complexity of industrial users’ participation in
demand response. In terms of data-driven modeling, researchers have also
applied advanced machine learning models. For example, Reference [13]
constructed a large-scale industrial user response potential assessment model
based on convolutional neural networks (CNNs), using feature selection
and data reconstruction to quantify the range of adjustable loads. Refer-
ence [14] performed time series decomposition and feature extraction on
industrial load data and used Gaussian process regression to assess user
response potential. However, some evaluation methods also have limita-
tions. Reference [15] employs a parameter similarity-based method for
demand response potential assessment, enabling neural network training
in the absence of response historical data but without fully considering
individual user characteristics. References [16, 17], the authors categorize
users into industrial, residential, and industrial-commercial groups. They
directly process the related potential assessment data of these categories
using big data methods for demand response potential analysis. However,
this approach results in coarse classifications and inaccurate potential assess-
ments. Traditional demand response potential assessment methods typically
rely on simplified assumptions and historical electricity usage data, failing
to intuitively present the magnitude of various influencing factors over time,
nor do they provide direct references for real-time continuous peak shaving
events.

When assessing the potential of short-term dynamic demand response,
more factors need to be considered [18]. With the maturation of new power
systems and changes in grid structure, the influencing factors and assessment
scenarios for evaluating user operation potential are becoming increasingly
complex [19, 20]. Against this backdrop, some studies have begun to con-
sider the combined effects of multiple factors. Reference [21] employed
the Logarithmic Mean Divisia Index (LMDI) decomposition method to ana-
lyze the energy consumption behavior and electricity prediction of users
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in a specific area of Shaanxi, considering multiple influencing factors. The
LMDI decomposition method, with its advantage of no residual, can dynam-
ically analyze the impact of various influencing factors on the assessment
results, and has been applied in the fields of carbon emission assessment
and load forecasting. Reference [22] considered the types and character-
istics of industrial user equipment and conducted a cost-based demand
response potential assessment analysis. Reference [23] established a closed-
loop demand response potential assessment strategy in the cloud, taking into
account the impact of price factors. Reference [24] considered the reducibility
of air conditioning and established a hierarchical decomposition demand
response potential assessment model. However, existing studies have not
considered the uncertainty of distributed PV power generation, ignoring
the randomness of power generation and consumption by industrial users
with a high proportion of distributed PV, which can affect the accuracy of
potential assessments during continuous peak regulation. At the same time,
considering issues of model adaptability and computational dimensions, few
studies have comprehensively considered multiple factors under different
scenarios.

In summary, under the complex new power system for the distributed
PV industrial parks with a high proportion of distributed PV, the static
potential assessment in the past few days has been biased, and how to make a
relatively realistic potential assessment under multiple scenarios, taking into
account the uncertainty of power generation and consumption in the source-
containing industrial parks and changes in the number of equipment starts and
stops in the intraday dynamics, has become an urgent problem to be solved.
In this paper, based on the Cloud Edge Collaboration Architecture, we use the
LMDI decomposition method to analyze multiple influencing factors under
multiple scenarios quantitatively, update the elasticity coefficients of the
influencing factors on a rolling basis, and combine the polynomial regression
method to obtain the relatively real potential assessment value of the source-
containing industrial users dynamically updated within a short period. The
comparison of the proposed method with previous methods is shown in
Table 1.

1.3 Paper Organization

In the context of a complex new power system, this paper addresses the issues
of increased uncertainty in power generation and consumption in industrial
parks with a high proportion of distributed PV and the susceptibility of
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Table 1 Comparison of the proposed method with previous methods

Comparison Data-Driven Traditional Static
Dimension Proposed Method Assessment Methods Assessment Methods
Core LMDI for factor Utilizes various Based on simplified
Methodol- decomposition machine learning physical or economic
ogy combined with a models such as CNNs,  assumptions, historical
weighted polynomial Gaussian Process electricity usage data,
regression model. Regression, or and static analysis.
clustering algorithms.
Handling of Explicitly modeled as Generally not isolated Typically ignored or
PV a key dynamic as a distinct factor. oversimplified.
Uncertainty influencing factor.
Consideration  Quantifies the It is difficult to Typically relies on a
of Factors individual contribution  intuitively present the single dominant factor.
of multiple dynamic magnitude of various
factors without influencing factors.
residual error.
Assessment Provides dynamic, Can be short-term, but ~ Primarily static,
Time-Scale short-term assessments ~ models are often long-term, or
with rolling updates to  trained on historical day-ahead assessments
reflect real-time data and may not adapt  that do not capture
conditions. as dynamically. intraday dynamics.
Data Employs Random Performance can be Highly dependent on
Handling Forest for data sensitive to the quality  the availability of
imputation, enhancing  and completeness of consistent and
model reliability and large historical training  complete historical
applicability when data  datasets. data.
is missing.
Key Achieves high Capable of learning Simplicity and ease of
Innovation accuracy by complex, non-linear implementation.
quantifying and relationships directly
visualizing the impact from raw data without
of multiple explicit modeling.
uncertainties and
provides an adaptable
framework for
dynamic potential
assessment.
Primary Higher computational The “black box” nature ~ Low accuracy and
Limitation complexity and can limit inability to adapt to the

reliance on diverse
real-time data streams.

interpretability and
trust; models can result
in coarse
classifications.

dynamic and complex
nature of modern
power systems.




238 Xiaojia Sun et al.

potential assessments to time delays during actual grid operation. A weighted
polynomial regression model based on the LMDI decomposition method
without residues is proposed. This method, based on a cloud-edge collab-
orative architecture, uses the LMDI decomposition method to normalize
and analyze multiple influencing factors under various scenarios. By rolling
updates of the elasticity coefficients of the influencing factors and combining
them with polynomial regression, it obtains a relatively true potential assess-
ment value for industrial users with sources, updated dynamically within
a short period. Thus, this method can, under multiple scenarios, compre-
hensively consider various influencing factors and demonstrate the dynamic
changes in their weights, enhancing the authenticity and intuitiveness of the
potential assessment. The main innovations of this paper are reflected as
follows:

(1) Using Random Forest data complementation combined with the LMDI
decomposition method, we can simultaneously normalize and quan-
tify multiple influencing factors under multiple scenarios, including
distributed PV power generation, incentive tariff, energy-use behavior,
and response willingness, to make the potential assessment data more
reliable.

(2) The use of LMDI residual-free decomposition of factors affecting
potential assessment facilitates the addition or reduction of missing
influencing conditions, and paired with Random Forest Data Comple-
tion, it can lead to a significant increase in model adaptation within
limited data. At the same time, it can visualize the size of the influence
factor over time, which can intuitively reflect the influence factors of
potential assessments in different time periods.

(3) Based on the cloud-side synergistic potential assessment framework, the
impact of distributed PV capacity and generation uncertainty is added
to the assessment model, which can make a dynamic, short-term, and
relatively accurate assessment of industrial users containing distributed
PV through the rolling update of quantitative factors.

The remainder of this paper is organized as follows: Section 2 intro-
duces the cloud-edge collaborative potential assessment framework. Sec-
tion 3 constructs the multi-factor LMDI decomposition model and data
completion method. Section 4 proposes the improved weighted polyno-
mial regression model for dynamic assessment. Section 5 presents the case
study analysis and method comparison. Finally, Section 6 concludes the

paper.
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2 A Framework for Assessing the Cloud Edge Potential of
Source-containing Industrial Parks

Demand response potential assessment for users in source-containing indus-
trial parks is characterized by rapid changes in distributed power generation
data, the coupling of factors influencing electricity consumption behavior,
incentive prices, and response willingness, which presents significant chal-
lenges to actual power system dispatch. Nowadays, the widespread adoption
of 5G signals, the maturation of data cloud systems, and the increas-
ing sophistication of smart terminals enable the collection of more user
data [25, 26].

This paper proposes a demand response potential assessment architecture
nested in a cloud-edge architecture. Defining variable data is collected at the
edge end, and it is easy to add or delete the collected influencing factor
data because the factor screening model used is the LMDI residual-free
factor decomposition method. Meanwhile, magnitude normalization and data
complementation are performed at the edge end, and the corrected impact
factor data are uploaded to the cloud. The potential assessment system in
the cloud performs LMDI factor decomposition on the collected data and
displays the weights and sizes of the impact factors in hourly rolling updates,
which is convenient for providing intuitive impact factor references to man-
agement personnel when different demand response events occur. The overall
framework schematic is shown in Figure 1. The overall framework consists
of a cloud layer, the immediate layer of the grid that can oversee edge-end
data and make potential assessments. The edge layer is the aggregator where
the intelligent edge is located. The end-end layer collects data from users in
industrial parks containing distributed PV.

The effective operation of the proposed cloud—edge collaborative frame-
work relies on the deployment of advanced data acquisition infrastructure,
such as smart meters and 5G communication networks within the indus-
trial park. This infrastructure forms the practical foundation for enabling
high-frequency dynamic assessments.

When even the higher-level grid gives continuous peaking instructions,
this model is operated to input real-time data and selected historical data
of the base period within three years to assess the demand response poten-
tial of the users of the industrial park containing sources for continuous
peaking from the influence factors of distributed PV power generation, incen-
tive tariffs, energy-use behaviors, and willingness to respond, and to show
the impacts of different influences on the assessed value of the potential
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Figure 1 Schematic diagram of the cloud-edge potential assessment framework.
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Figure 2 Overall business process diagram.

It also shows the effect of different influencing factors on the potential
assessment value, so that the dispatchers can only refer to it and make
further orders and judgments. The overall business process is shown in
Figure 2.
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3 Multi-factor Selection and LMDI Decomposition Model
Construction

To address the evaluation challenges posed by the interplay of multiple
dynamic factors, including the uncertainty of distributed PV generation,
incentive-based electricity pricing, user energy consumption patterns, and
response willingness, this paper proposes a multitier analytical framework.
The primary objective of the framework is to clearly and precisely quan-
tify the contribution of each influencing factor, thereby enabling accurate
prediction of demand response potential.

The LMDI decomposition method is well-suited for this task owing to
two distinct advantages. First, it achieves a fully residual-free decomposition,
attributing the entire variation in response potential exclusively to the sum
of contributions from the predefined factors. This feature ensures analytical
transparency and precision, while enabling system operators to directly assess
the influence of each factor on the evaluation outcome, thereby supporting
evidence-based decision-making. Second, the method offers high adaptabil-
ity, permitting the straightforward inclusion or removal of influencing factors
in response to actual data availability, an essential capability for handling
complex, variable real-world data environments.

Moreover, given the prevalence of missing data in practical data acqui-
sition, this study employs the random forest algorithm to impute incomplete
historical records. This approach ensures the completeness and reliability of
the dataset, forming a robust foundation for subsequent decomposition and
evaluation.

The remainder of this chapter elaborates on the formulation of the influ-
encing factor model, the data imputation methodology, and the construction
process of the LMDI-based factor decomposition model.

3.1 Impact Factor Model Definition and Data Completion

The paper utilizes the LMDI residual-free factor decomposition method to
simultaneously consider multiple influencing factors, including distributed
PV impacts, incentive tariff impacts, energy-use behavior impacts, and user
response willingness, to improve the accuracy of potential assessment. Due
to the multiple considerations of the LMDI decomposition method, the influ-
encing factors can be flexibly increased or decreased. With the use of the
random forest algorithm in python to complement the data [27-28], the data
can be changed flexibly in the case of missing or incomplete data, and still
make a relatively accurate and reliable assessment of the response potential.
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At the same time, the missing factors can be added or deleted to enhance
the adaptability of the model in the limited data conditions, to make a
relatively accurate and reliable assessment of the potential, and visualize the
impact of the influence of the factors over time changes in the influence of
the weight, can be for the management of real-time occurrence of the demand
response event factors to provide a direct reference.

This paper models the four core influencing factors identified above. We
acknowledge that actual demand response potential may also be shaped by
additional variables, including weather conditions (which directly affect pho-
tovoltaic output), the park’s dominant industrial type (which influences load
rigidity), and macroeconomic conditions. Integrating such factors into the
model constitutes an important direction for future enhancement; however, to
preserve the present study’s focus, these aspects are not explored herein.

3.2 LMDI-based Modeling of Impact Factor Disassembly

The LMDI decomposition method allows for a completely residual-free
exponential decomposition, which separately reflects the impact of changes
in each influencing factor on changes in response potential, increasing the
accuracy of potential assessment while giving dispatchers an intuitive way to
provide the magnitude of the factors that influence the potential assessment
when continuous peaking is performed, so that the dispatchers can make rea-
sonable judgments and adjust measures. The average value of the deviation
rate of distributed PV generation, demand response incentive tariff, real-time
user load, and historical demand response load shedding of plants in the park
is determined as the model data input. The steps to quantify the impact factors
of the LMDI decomposition method are as follows:

(1) Determine the decomposition structure

I. Define variables: Define the ¢-th user ¢-th hour, demand response poten-
tial d;(¢); distributed PV generation f;;(¢); demand response incentive
tariff py ;(¢); user plant history of user demand response load shedding
amount of the deviation rate of the average value dy ;(t).

II. Selecting the Base Period and Reporting Period: Determine the time
frame of the analysis for the historical three-year assessment of indus-
trial user demand response data, the selected year of the beginning of
the data for the base year, the first response data of the base year for the
base value D(0), the rest of the analysis period data for the report year,
the report year data for the report data.
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(2) Data collection and pre-processing

I. Collect the data of defined variables for three years of history.

II. Data preprocessing based on the minimum-maximum limit boundaries
to establish the sample data matrix set:
Scale the defined variable data for each analysis into [0, 1] so that all
variables are in the same magnitude:

Xnorm = (X - Xmin)/(XmaX - Xmin) (1)

where X is original data; Xy, and Xy, are the maximum and
minimum values in the data set; X,orm 1S normalized data.

(3) Construct the LMDI decomposition model of the influencing factors of
industrial users’ potential assessment with multi-featured factors, analyze and
obtain the values of industrial users’ demand response potential assessment
and the values of the elasticity coefficients of the influencing factors under
different scenarios, and the model formulas are as follows:

D(t) = di(t) =Y _((di(t)/pg(t)) x (pgi(t)/F1a(t)) % (fi,i(t)/pya(D))
i=1 i=1
X (py,i(t)/0x,i(t)) X dx(t)) 2)

where d;(t) is the i-th customer ¢-th hour demand response potential assess-
ment value; p, ;(t) is the i-th customer ¢-th hour distributed PV generation;
f,i(t) is the i-th customer ¢-th hour demand response incentive price; py ;(t)
is the i-th customer ¢-th hour load. dy ;(t) is the average value of the devi-
ation rate of the historical user demand response load shedding for the i-th
customer ¢-th hour ago.

Define the influencing factor variables as follows, Z;(t) = d;(t)/pg,i(t)
is the ratio of demand response potential to distributed PV generation for the
i-th user at ¢-th hour, which is defined as the distributed PV impact factor indi-
cator; S;(t) = pgi(t)/ fji(t) is the ratio of distributed PV generation to the
demand response incentive tariff at ¢-th hour for the ¢-th customer, which is
defined as the incentive tariff factor impact indicator; C;(t) = fji(t)/py,i(t)
is the ratio of the demand response incentive tariff to the customer’s electricity
load at ¢-th hour for the i-th customer, which is defined as an indicator of the
factors influencing energy use behavior; U;(t) = py s(t)/0x,i(t) is the ratio of
the deviation rate average of the customer’s electricity load to the customer
plant’s historical customer demand response load shedding at ¢-th hour for
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the ¢-th customer, which is defined as an indicator of the factors influencing
the willingness to respond.
Further decomposition formula is:

AD = D(t) — D(O) =ADyz+ ADg+ AD¢c + ADy 3)

where, ADyz, ADg, AD¢c, ADy, indicates the degree of contribution of
each factor to the amount of change in the potential assessment from the base-
line hour to the target hour, respectively, and the main factors are distributed
PV power generation influencing factors, incentive tariff influencing factors,
energy-use behavior influencing factors and response willingness influencing
factors, respectively.

The change amount of each influence factor is:

ADy = sz (t)/Zi(0)) “)

ADg = sz (t)/5:(0)) (5)

AD¢ = Zwl ) In(C;(t)/C;(0)) (6)
=1

ADy = sz (1)/U:(0)) ™

wi = (D;i(t) — D;(0))/(In Dy(t) — In D;(0)) 3)

]

where w! is the logarithmic mean.

4 Improved Weighted Multiple Regression Model Based on
LMDI and Its Solution

The proposed approach combines multiple techniques, include random forest
imputation, LMDI factor decomposition, and weighted polynomial regres-
sion, yielding a computationally intensive process. This design reflects
a deliberate trade-off between computational efficiency and assessment
accuracy, with the objective of capturing the influence of diverse dynamic
factors to enable high-fidelity potential evaluation. The subsequent sections
detail the solution workflow of this high-precision model.
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4.1 Improved Weighted Multiple Regression Model for LMDI

The influencing factor sizes from the residual-free factor decomposition
calculated in the LMDI decomposition method of Section 2.2 are normalized
and polynomial-weighted regression is performed to obtain the potential
assessment value for the next hour. Then, based on the new potential assess-
ment value, the influencing factor weights are calculated in the base period
historical data using the LMDI decomposition model of Section 2.2, and the
weighted polynomial regression is repeated to calculate the latest response
potential assessment value and the proportion size of the influencing factors
in the next hour, and the overall framework of the model is shown in Figure 3.

The overall weighted polynomial regression model based on LMDI factor
decomposition and steps is as follows:

(1) Obtain the weights and sizes of the nonresidual impact factors of the
impact factors in Section 2.2, the impact ratio of the distributed PV influ-
ence factor indicator is wy, the impact ratio of the incentive electricity
price factor indicator is w2, the impact ratio of the energy consumption
behaviour influence factor indicator is ws, and the impact ratio of the
response willingness influence factor indicator is wy.

(2) Weight the original data according to the weights.

Ziw(t) = w1Z;(1) )

Siw(t) = waS;(t) (10)

Ciu(t) = wsCi(t) (1n

Uiw(t) = waU;(t) (12)
(3) Standardized data to improve prediction accuracy [29].

Xiw(t) = (Xiw(t) = ttiw)/(Ciw) (13)

LMDI

- decomposition Tehted
Real-time + method weighting | | " *8"

historical data Random Forest of factors
] Data
Completion

Demand response

— polynomial —» .
potential assessment

regression

Update base period
real-time data
Update base period
weighting factors

Figure 3 Improved weighted multiple regression process framework diagram based on
LMDL
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where X, represents data on the four impact factors; pi;,, and o, are
the mean and standard deviation of X}, respectively.

(4) Polynomial feature expansion
The weighted features after normalization in step 3 are extended to
polynomial features, including quadratic and cross terms, as in the form
of (14).

Ziw (t)7 Siw (t)v Ciw (t)> Uiw (t)v Zi2w (t)a g?w (t)> C’LQ’LU (t)v Uz%u (t) s

(14)

(5) Develop a polynomial regression model to predict the assessed value of
hourly park potential D(t).

D(t) = Bo + B1Ziw(t) + B2Siw(t) + B3Ciw (t) + BalUsy (t)
+ BsZa, (1) + e =Y BuXf (1) (15)
k=0

where [ is the vector of regression model coefficients; ¢ is the error
adjustment term.

4.2 Model Solution and Flowchart

Firstly, ‘Simple Imputer’ and ‘Random Forest Regressor’ from Python
‘sklearn” were utilized Random Forest Regressor’ method in python
‘sklearn,” the historical data were supplemented, and the historical response
data were factorized by combining with the LMDI decomposition model
to analyze and obtain the influence ratio of the four influencing factors
of fixation. Afterward, the influence factor share w;_4 is brought into
the standardization to get the n th-order polynomial formula (15), where
B = (B1,P2...0k) is the coefficient vector, and the prediction curve of the
weighted polynomial regression should be as close as possible to the actual
curve to minimize the residuals at all points, and the residual formula is:

|6;| = | f(Xs) — Di(t)] (16)

In order to obtain the load condition 5 = (1, 32 . .. B), it is necessary
to minimize the sum of squares of the residuals, i.e.:

N N
min » (¢;(t))? = min Y "[f(X;(t)) — Di(t))? (17)
i=1 =1



Dynamic Potential Assessment of Source-containing Industrial Parks

247

Obtained by taking a partial derivative of the right-hand side of Equa-

tion (17):
N
23 [Di(t) — (Bo+ Bu+ -+ + BXE(t)] = 0
i=1
N
ZZ[Di(t) —(Bo+ b1+ + BXF®))Xi(t) =0
i=1
N
23 [Dit) — (Bo+ Bu+ -+ + B XF (1) XE(t) =0
=1

‘Which is then transformed into matrix form:

N N
BoN +B1 Y Xit) +---+ B ) X[ (t)
i=1

=1

N N N
Bo Y Xi(t)+ By XZ(t)...+ By XE(t)
i=1 i=1 i=1

N N N
Bo Y XF(t) + /Y Xy + B D> X
=1

i=1 i=1

Equation (19) is expressed in matrix form as:

N N
N doxit) o Y OXF)
=1 =1
N N N Bo
dMoXit) D XA ... )X | A
=1 =1 =1
N N N B
SNoxtw) Y x> X
=1 =1 =1

(18)

19)
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_ N -
> Di(t)
i=1
N
_ | Do Xit)Di(t) (20)
i=1
N
> XFi(t)Ds(t)
Li=1 i
This Vandermonde matrix is further reduced to:
LX) ... XEO) 8] [Di(®)
1 Xg(t) - Xg(t) 51 _ Dg(t) 21
1 Xn(t) ... X]’i,(t) B Dy (t)

Using Python ‘StandardScaler’ and other tools for solving, solving 5 =
(81, P2 - .. B) that is the specific model of the potential assessment curve to
complete the response potential assessment prediction, the overall flowchart
is shown in Figure 4. The process is divided into four main steps (Step
1 to Step 4), illustrating the clear logical flow from data input, factor
decomposition, weight calculation, to the final potential assessment.

5 Example Analysis
5.1 Data Selection and LMDI Factor Decomposition Results

To verify the effectiveness of the proposed method, this paper selects the
real operational records of a demonstration industrial park located in northern
China as the dataset. This industrial park hosts 42 large-scale industrial users
and operates a 75.6 MW distributed PV system. The park has significant intra-
day load fluctuations and participates in incentive-based demand response
programs on a regular basis.

The baseline data are selected from a certain day’s continuous intraday
peak-shaving load curve in the industrial park, from which the following can
be obtained: the load forecast values (load curve without peak shaving), the
actual demand response values (post-response curve), the expected demand
response values, the PV generation data, and the intraday incentive electricity
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Figure 5 Load data curves comparing load forecast versus actual response values.

prices for demand response. The original data used in the case study are
shown in Figures 5 and 6 Furthermore, the historical average deviation rate
of user load reduction due to demand response over the past three months is
found to be 17.3%.

The original data is brought into the model solution to obtain the change
in the proportion of the influence factor indicators, as shown in Table 2; using
the LMDI decomposition method, it can be visualized that the influence factor
indicators change over time in the proportion of the influence weight. The
analysis can be concluded that the distributed PV power generation factor,
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m= Distributed photovoltaic power generation (MW)
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Figure 6 Data curves for intraday distributed PV power generation and demand response
incentive electricity prices.
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Figure 7 Fluctuation values of influencing factors of LMDI decomposition.

the impact of load shedding on the assessment of demand response potential
is positive and the largest impact of 78.23%, followed by the incentive tariff
factor of 32.66%; energy use behavior and response willingness factors, the
effect of load shedding value on the assessment of demand response potential
is negative.

To more intuitively present the dynamic changes of these factors, their
contribution values are plotted in Figure 7. The figure clearly shows that
the distributed PV generation factor and the energy behavior factor have
large fluctuation ranges, whereas the incentive price factor and response
willingness factor remain relatively stable.

To further investigate the model’s sensitivity to key input variables, this
study conducts a single-factor sensitivity analysis on two core variables: the
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Table 2 Change in the contribution proportion of influencing factor indicators

Distributed Incentive Energy-use Willingness
PV Factors Tariff Behavioral to Respond Add up

Hour Zi(t) Factors S;(t)  Factors C;(¢t)  Factor U;(t)  the Total
1 —1.2546 —0.2636 0.3737 —1.9779 —3.1224
2 4.5071 1.7111 —2.5212 1.2618 4.9589
3 2.3199 —1.8020 3.7567 0.8274 5.1021
4 0.9866 0.0854 2.2011 0.9160 4.1891
5 —3.4398 0.5545 3.5160 1.0851 1.7157
6 —3.4401 —2.7213 3.1586 —1.7038 —4.7066
7 —4.4192 0.6453 0.7832 —0.5661 —3.5568
8 3.6618 —1.9769 3.3750 —1.5365 3.5234
9 1.0112 —2.6097 —3.2921 1.4521 —3.4382
10 2.0807 2.6933 —2.4321 0.4932 2.8351
11 —4.7942 2.7938 —3.6382 —0.6764 —6.3150
12 4.6991 1.8504 —1.3974 —1.7458 3.4064
13 3.3244 —1.1723 —0.8906 —0.7561 0.5055
14 —2.8766 —2.4140 —1.8292 —0.6993 —7.8191
15 —3.1818 1.1054 2.6299 0.9184 1.4720
16 —3.1660 —0.3591 —1.1460 0.5502 —4.1208
17 —1.9576 —2.2678 —1.7525 1.5489 —4.4290
18 0.2467 —0.0289 0.3416 —0.1111 0.4491
19 —0.6806 —2.7937 —2.8726 —1.5216 —7.8684
20 —2.0877 2.4559 2.4176 0.8530 3.6388
21 1.1185 —1.4473 —3.4036 1.0431 —2.6892
22 —3.6051 0.9751 3.8951 0.2451 1.5103
23 —2.0786 —1.1297 2.1780 1.0839 0.0535
24 —1.3364 0.1204 —2.4103 —0.0248 —3.6511
Total —14.3610 —5.9956 1.0407 0.9591 —18.3572
Weight % 78.23 32.66 —5.67 —5.22 100

incentive tariff and the photovoltaic (PV) output prediction deviation. In this
analysis, other input conditions are held constant at their baseline values
while a specific variable is varied within a defined range (e.g., £20%) to
observe its impact on the final demand response potential assessment value.
The results are presented in Figure 8.

As shown in Figure 8, the potential assessment value exhibits a significant
non-linear positive correlation with the incentive tariff. A higher price incen-
tive leads to greater exploitable response potential, and the rate of increase
accelerates as the tariff rises, indicating that the price lever is a key driving
force for encouraging user participation in demand response. Conversely, the
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Potential value change rate under the influence of photovoltaic forecast deviation (%)
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Figure 8 Sensitivity analysis of key input variables.

potential assessment value has a negative correlation with deviations in the
PV power output prediction. Specifically, if the actual PV output exceeds
the forecast (a positive deviation), the net load is lower than anticipated, and
consequently, the available curtailable potential decreases, and vice versa.

5.2 Comparative Results of Fitting Different Strategies for
Potential Assessment

The weighted and normalized proportions of the decomposed influencing fac-
tors in Section 4.1 were used, and nonlinear weighted polynomial regression
was applied to roll predict the 24-hour demand response potential assessment
results. At the same time, the potential assessment values from traditional
invitation-based methods and data-mechanism hybrid methods (as described
in the comparison schemes set up in this paper, see Table 3) were compared.
These three schemes were selected because they represent the three major cat-
egories of existing potential assessment approaches: (1) traditional rule-based
invited assessments, (2) hybrid data-driven methods widely used in indus-
try, and (3) our proposed mechanism-driven dynamic assessment method.
Together, they provide a comprehensive and fair comparison baseline. The
comparison chart of the potential assessment values from different schemes
is shown in Figure 9.

In order to reflect the effect of program comparison, the response devi-
ation rate of different programs is decomposed, and the decomposition
diagram is shown in Figure 10. For the source-containing industrial parks,
the potential to assess the impact of the factors of the proportion of the size
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Table 3 Comparison scheme description

Scheme Description
Traditional solicited Following the traditional invitation-based method, only the
assessments single factor of user energy consumption behaviour is
considered when estimating demand response potential.
Mixed data-mechanism The estimated demand response potential was calculated
assessment using a static transfer learning algorithm model.
Methodological assessment The estimated demand response potential obtained by using
of this paper the LMDI decomposition method and multiple regression

model, considering factors such as user energy
consumption behavior and the uncertainties in distributed
PV generation and consumption.

250.0 & Actual peak regulation load curve (MW)
Methodological assessment of this paper (MW) [ Average deviation rate1.35%]
200.0

Traditional solicitation deviation rate (MW) [ Average deviation rate4.34%]

Data-mechanism mixing bias rate (MW) [ Average deviation rate%3.23]
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Figure 9 Comparison chart of the potential assessment values of different scenarios.
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Figure 10 Exploded view of the response bias rate for different scenarios.

of the visual display of the demand for continuous peaking, so as to facilitate
the controllers in making further instructions to make judgments.
Comprehensive comparison of the mean value of the absolute value of
the assessment deviation rate of each scheme, the mean value of the absolute
value of the deviation rate of the traditional invited assessment is 4.34%, the
mean value of the absolute value of the deviation rate of the hybrid data-
mechanism potential assessment is 3.23%, and the mean value of the absolute
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value of the deviation rate of the assessment method of this paper is 1.35%.
After the overall comparison, it reflects the accuracy of the methodology, for
industrial parks containing distributed power sources, for the assessment of
demand response potential in the case of limited data factors, and takes into
account the distributed PV generation factor, the incentive tariff factor, the
user’s energy behavior factor and the willingness to respond factor.

5.3 Discussion on Model Generalizability

The case study in this paper is based on a specific industrial park. While the
validation results are promising, the model’s generalizability warrants further
examination. Conceptually, the proposed framework exhibits strong porta-
bility. For parks with varying industrial compositions, load profiles, or PV
penetration levels, the model can be retrained on location-specific historical
data to recalibrate the baseline weights and regression coefficients of each
influencing factor. For instance, in heavy industrial parks characterized by
continuous production, the weight assigned to behavioral energy-use factors
may be lower, whereas in parks with exceptionally high PV penetration,
the weight of distributed PV factors would increase substantially. Future
work will involve empirical validation across diverse industrial park types
to rigorously assess the model’s capacity for generalization.

6 Conclusions

For industrial parks with a high proportion of distributed PV, there is an
increase in the uncertainty of power generation and consumption, data miss-
ing issues are common, actual grid operations are susceptible to time delays,
and the number and complexity of factors affecting demand response poten-
tial assessments have increased. This paper proposes a short-term dynamic
potential assessment method for industrial parks with high PV penetration
based on the LMDI decomposition method. By combining random forest
data imputation with the LMDI decomposition method without residues,
this method facilitates the addition or removal of data factors, enhancing its
adaptability. The influence factors obtained from the LMDI decomposition
method are standardized and weighted by polynomial regression to derive
the potential assessment value. Through theoretical research and simulation
verification, the following conclusions were drawn:

(1) Among the influencing factors analyzed in this paper, distributed PV
power generation factors and energy use behavior factors have a greater



Dynamic Potential Assessment of Source-containing Industrial Parks 255

impact, and incentive tariff factors and response willingness factors have
a smaller impact.

(2) Distributed PV and tariff incentive factors have a positive impact on
the potential assessment, with an impact factor share of 78.23% and
32.66%, respectively. The energy use behavior and response willing-
ness factors have a negative impact on the demand response potential
assessment, with an impact factor percentage of —5.67% and —5.22%,
respectively.

(3) In this paper, the potential assessment method compares the traditional
invited demand response potential assessment method and the demand
response potential assessment method with mixed data mechanisms, and
the mean of the absolute value of the deviation rate is 4.34%, 3.23% and
1.35%, respectively.

The core contribution of this research is its role as a key technical enabler
for the sustainable transition of the energy system. By significantly enhancing
the assessment accuracy of demand response potential in scenarios with high
PV penetration, the proposed method effectively mitigates the operational
risks and uncertainties arising from the intermittency of renewable energy.
This, in turn, enables the power grid to accommodate and integrate larger
scales of clean energy like PV with greater confidence, directly promoting
the displacement of fossil fuels. It therefore lays a solid technical foundation
for achieving carbon reduction targets in the energy sector and for building a
sustainable energy system for the future.

While this paper presents a dynamic evaluation approach with promis-
ing accuracy, we acknowledge several limitations that merit further
investigation:

(1) Practicality and Generalizability. The proposed approach integrates mul-
tiple models, resulting in a relatively complex computational process
and placing certain demands on implementers’ technical expertise and
computational resources. Future work could investigate the development
of a “lightweight” or simplified version, such as substituting polynomial
regression with linear regression where the accuracy impact is man-
ageable, or reducing feature dimensionality to lower model complexity.
Such efforts aim to balance accuracy and computational cost, thereby
reducing adoption barriers and enabling broader uptake, particularly
among small-scale aggregators and utility companies.

(2) Scalability and Model Enrichment. The present study considers four
core influencing factors; however, demand response potential in practice
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is shaped by additional variables. Future models could integrate more
diverse inputs, for example: incorporating weather forecasts to improve
PV output prediction accuracy; accounting for industry-specific process
flows and equipment startup/shutdown costs; and including macroe-
conomic indicators and relevant regulatory policies. Such extensions
would enhance the comprehensiveness and precision of potential assess-
ments.
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