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Abstract: As the power grid undergoes transformation and the Internet’s influence grows, the
electricity market is evolving towards informatization. The expanding scale of the power grid
and the increasing complexity of operating conditions have generated a substantial amount of
data in the power market. The traditional power marketing model is no longer suitable for the
modern power market’s development trend. To tackle this challenge, this study employs random
forest and RBF models for processing electricity market data. Additionally, it explores the synergy
of graph convolutional network and spectral clustering algorithms to enhance the accuracy and
efficiency of data mining, enabling a comprehensive analysis of data features. The experimental
results successfully extracted various electricity consumption features. This approach contributes to
the informatization efforts of power grid enterprises, enhances power data perception capabilities,
and offers reliable support for decision makers.

Keywords: power data; data mining; big data analysis; clustering analysis

1. Introduction

With the deep integration of information and communication technology with power
production and the comprehensive development of the smart grid and energy internet,
there is an explosive growth trend in power data, accompanied by increasing diversity in
data types and sources [1,2]. Power data are transitioning from structured, small-scale, and
low-speed data to the realm of big data in the electricity sector. Faced with massive electricity
consumption information, challenges include long-term storage of data, complex data
structures, high computational frequency, and disorderly mapping of logical relationships [3].
Addressing these characteristics requires expanding the storage capacity of electricity
information collection systems, optimizing intelligent algorithms, and improving parallel
computing efficiency in distribution grid automation systems. Therefore, there is an urgent
need to employ novel data processing technologies and methods to extract the operational
and societal service value embedded in the data [4].

Currently, research on power big data mainly focuses on its application status, key
technologies, and prospects. Boyd [5], for instance, outlined the types and collection technologies
of power big data in various operational scenarios of the power grid. Weinzettel et al. [6]
analyzed the application prospects of power big data in enhancing lean management
levels in the power grid, optimizing energy scheduling, transmission, and serving users.
Additionally, some studies have explored the value inherent in power big data. For example,
power big data plays a significant role and holds value in supporting decision making in
energy enterprise management, developing energy-saving and environmentally friendly
products, and providing comprehensive energy data services [7]. Power big data flows
horizontally and vertically across different business areas in the power grid, contributing
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to precise grid governance and enhancing social service capabilities [8]. Zhao et al. [9]
streamlined the data flow process to simplify intelligent distribution grid operations,
proposing a data-driven value chain to improve the accuracy and adaptability of output
results. Park et al. [10], based on information value theory, constructed a power service
industry value chain from the supply side to the demand side and analyzed the business
models of power big data. Janssen et al. [11] analyzed the current status of power big data
applications and decision making, proposing critical paths and methods for power big data
to support management decisions.

In the realm of integrating and mining electricity consumption information, the current
mainstream approach involves leveraging big data mining and clustering methods to
unearth implicit associations among electricity consumption data. C3 Energy, a company
based in the United States, has pioneered the development of the C3 Energy Analytics
Engine platform in the field of integrating and analyzing large-scale electricity consumption
data. Within this platform, two energy analysis tools have been developed to analyze the
electricity consumption behavior of industrial users, commercial users, and residential
users in distribution networks. Lin et al. [12] explored the fusion of association rules and
wavelet neural networks, constructing a real-time online cleansing model for big data.
By conducting correlation analysis on data dimensions, the model differentiates between
true data anomalies caused by equipment failures and anomalies resulting from sensor
measurement errors. This is achieved through network parameter adjustments, enhancing
the efficiency of data cleansing. Lv et al. [13] focused on user time–series curves, employing
symbol clustering for dimensionality reduction. Subsequently, Euclidean distance was used
for similarity measurement on the reduced-dimensional data, obtaining reference curves for
the original data. Interpolation fusion was then performed based on the reference curves to
handle anomalies in the original curves. Lin et al. [14] proposed a curve smoothing and
dimensionality reduction method for power user time–series based on information entropy
segment aggregation and slope event processing. Traditional Euclidean distance in spectral
clustering algorithms was replaced with dual-scale similarity measurement, enabling the
unsupervised clustering of power users. This contributes to the formulation of strategies
for power companies in response to user electricity behavior in the electricity market.
Mao et al. [15] addressed the complexity and decentralization of electricity consumption
data resulting from the widespread use of smart meters. They introduced an adaptive
K-means distributed clustering algorithm, locally clustering smart meter data for physically
proximate power users, obtaining typical local user curves. Weighted values were assigned
to each local user curve, and traditional clustering methods were employed for global
secondary clustering, revealing typical user electricity behaviors. Liu et al. [16] tackled
the issue of load data category imbalance and large dataset sizes in power systems. They
utilized a feedback-corrected back propagation neural network on the Spark parallel
computing platform for global clustering. Local clustering of load data was accomplished
using the K-medoids clustering method for each training sample. To address imbalances
in local samples, oversampling methods were applied, achieving data classification. The
aforementioned studies illustrate an increasingly profound global understanding of the
value of power big data. Research on supporting the production, operation, decision
making, forecasting, management, and services of power and grid enterprises has shown
initial success. However, research on the value creation process, models, and mechanisms
remains relatively nascent.

Furthermore, researchers have identified that graph structures possess the capability
to capture intrinsic relationships within data [17,18], often exhibiting stronger expressive
power than the original data. Consequently, graph learning emerges as a fundamental
method of representing data within a graph structure, widely applied in hierarchical
clustering and spectral clustering algorithms. Zhang et al. [19] pioneered the use of
a sparse weakly connected graph to generate initial clusters. They measured the similarity
between clusters using the product of the average in-degree and the average out-degree
in the k-nearest neighbor graph, followed by agglomeration in hierarchical clustering.
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This approach effectively addresses density imbalance issues in high-dimensional spaces.
Zhang et al. [20] introduced a novel graph structure hierarchical clustering method, utilizing
path integral as the structural descriptor of clustering and incremental path integral
as the similarity measure between clusters. Barton et al. [21] proposed an enhanced
graph-learning-based hierarchical clustering algorithm named Chameleon2. They modified
the internal clustering quality measure, added an extra step to ensure algorithm robustness,
and introduced an automatic cutoff selection method for producing high-quality clusters
autonomously. The graph partitioning method based on adjacency matrix eigenvectors
was initially proposed by Donath and Hoffman [22]. Fiedler [23] later suggested using
the second eigenvector of the Laplacian matrix for graph partitioning, demonstrating its
close relationship to binary partitioning. Hagen and Kahng [24] subsequently identified the
correlation between clustering, graph partitioning, and eigenvectors of similarity matrices,
introducing a proportional cut model. Despite the successful applications of spectral
clustering in various domains, there remain many challenges requiring further in-depth
research, particularly in the clustering of high-dimensional complex feature data, which
remains a current focal point in research.

In summary, as the scale of the electrical grid continues to expand and the operating
environment becomes increasingly complex, the electricity usage information in the power
market is showing a rapidly growing trend in both spatial and temporal dimensions,
presenting a significant exponential growth trend. However, current research still primarily
focuses on using traditional methods to process and analyze these data. At the same
time, the presence of a large amount of redundant information in massive datasets makes
it exceptionally difficult to identify effective data, thus complicating the precise capture
of individualized characteristics of user electricity behavior. This further increases the
challenges faced in handling high-dimensional, multi-source data, imposing higher demands
on existing data processing and analysis techniques. Therefore, this study aims to effectively
handle large-scale electrical data and extract relationships between user electricity usage
characteristics, a problem that has not been fully resolved. This paper introduces data
fusion and feature extraction techniques in the electricity market. By applying Isolation
Forest algorithms and radial basis function (RBF) neural networks, data fusion is achieved
from the perspectives of the spatial network distribution of electric power data and unified
timestamps. Additionally, a method using graph convolutional networks (GCN) and
spectral clustering for data dimensionality reduction and feature extraction is proposed.
This method can analyze various types of electric load, meeting the diverse electricity
needs of different types of end users. By conducting intelligent data fusion and analysis
of electricity data, the accuracy and efficiency of data processing are improved, thereby
supporting decision making in the power market.

2. Integration and Mining of Electricity Market Data
2.1. Electricity Information Data Fusion

Electricity consumption information big data fusion primarily involves advanced
data processing methods applied on the foundational data layer [25], as show in Figure 1.
Focused on the reliability of power supply data for end-users, this process incorporates the
Isolation Forest algorithm [26] and RBF neural network [27] into the handling of electricity
big data to achieve data fusion at the fundamental level. The Isolation Forest algorithm
primarily targets anomalous data, enabling rapid detection of anomalies within massive
datasets. Concurrently, it considers the spatial network distribution of users, leveraging
associated data from neighboring users sharing the same meter box. This additional step
aids in further assessing whether the detected anomaly for a user is indicative of a fault or
a metering storage anomaly. Based on this determination, the approach decides whether
to use RBF neural network for the reconstruction of anomaly data, thereby achieving the
fusion of data timestamps.
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Figure 1. Electricity consumption information fusion flow chart.

2.1.1. The Isolation Forest Algorithm

Isolation Forest theory belongs to non-parametric testing and unsupervised learning
and has been used for detecting anomalous data [28]. The core idea of this theory is to
partition the data sample space using random planes. For each subsample space, based on
the principle that there is only one type of user in each subsample space, sample attributes
are continuously selected to perform subsample space partitioning. In this process, since
anomalous data are outliers, the number of splits they undergo is generally less than the
number of splits experienced by normal data. In the Isolation Forest algorithm, the path
length of outlier values is typically short. When the data density is high, outliers require
multiple splits to be found, whereas when the density is low, outliers can be found with
just a few simple splits. Therefore, as a normal data point, xi needs multiple splits to be
isolated, while x0 requires few splits.

Isolation Forest theory mainly includes two steps: training trees and scoring data
points. For a training tree, the main steps include the following:

Firstly, it is assumed that the dataset X = {x1 , . . . , xn}, where xi represents a data
point with m dimensions. η data points are randomly selected as the training subsample
set γ, which is placed under the root node of the tree Tl,r,h. Here, h denotes the height of
the tree, l is the left node at height h, and r is the right node at height h.

Next, a random dimension j is chosen from the m dimensions of the data points.
Within the current node’s dataset, a random split value p is selected for dimension j, with p
ranging between the maximum and minimum values of dimension j in the subsample set
γ. A hyperplane is formed using this split value p, placing data points smaller than p on
the left side l of the current node and those greater than p on the right side r, creating two
subsample sets γl,h and γr,h.

Finally, the steps described above are recursively applied to the datasets of the left
and right branches of the node, generating new leaf nodes until the dataset at a leaf node
contains only one data point, or the tree height reaches the designated growth height, at
which point the splitting stops. To illustrate, in the case of user voltage data, abnormal data
timestamps are identified using isolation forest theory detection, followed by an assessment
of the existence of abnormal data.

2.1.2. Exceptional Data Reconstruction Based on RBF Neural Network

The power data of the user is first preprocessed by the abnormal data identification
algorithm based on isolated forest to distinguish the normal data from the abnormal data
caused by harmonic interference, fault and other factors. Subsequently, these preprocessed
data are used as input values and substituted into the RBF neural network for network
training. The RBF neural network consists of an input layer, a hidden layer, and an output
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layer, representing a forward three-layer structured network. The network topology
architecture is illustrated in Figure 2.

…

…

…

Input 
Layer

Hidden 
Layer

Output 
Layer

Figure 2. RBF neural network topology architecture.

The core elements of the network architecture include center vectors, the number of
nodes in the hidden layer, radial basis function width, and weight matrices. The network
parameters, namely the radial basis function width, weight matrix, number of hidden
layer units, and centers, are explicitly determined through network training. The key to
network training is specifying an appropriate number and orientation of center points. The
expression for the radial basis function is denoted as Equation (1):

F
(∥∥θ − Wj

∥∥2
)
= exp

(
− ψ

dtmax

∥∥θ − Wj
∥∥), (1)

where Wj represents the center of the radial basis function and the input vector θ has
the same dimensions. The symbol ψ represents the number of center points, and θ − Wj
represents the distance between the input vector and the center point, with dtmax representing
the maximum distance between center points.

The width parameter λ of the radial basis is represented as Equation (2) and the
expansion constant β of the radial basis is expressed Equation (3):

λ =
dtmax√

2ψ
, (2)

β = δdmin, (3)

where dmin represents the distance between each center point, and δ represents the overlap
index. A cost function ω is defined Equation (4) to measure the network’s output yz.

ω =
1
2

n

∑
i=1

( φi − yzi )
2, (4)

where φi and yzi represent the expected output and actual output of the RBF neural network
output nodes, respectively.

The adjustment process of the network weight matrix, radial basis function width
parameter, and adjustment of the center points of the hidden layer units during the t time
period is estimated using the gradient descent method. Assuming new data samples are
input into the network and network parameters need to be calibrated, parameters can
be modified through gradient descent. After a finite number of adjustments, the output
error of the network for consistent data mining can be kept within an acceptable range. If
the error ω is less than the allowable error, the sample does not need adjustment. Finally,
the formula for calculating the output of the RBF neural network training is expressed as
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Equation (5), completing the entire algorithm process and obtaining the results of consistent
data mining.

f (x) = η̂ϑ, (5)

where x represents the input data of RBF network and f (x) represents the output result of
RBF network, η̂ represents the hidden layer output matrix of RBF network, and ϑ represents
the output weights of RBF network.

The fundamental idea of network learning is based on the assumption that there is
an inherent law of consistency in associated data. A corresponding network is created to
mimic this pattern, thereby reconstructing abnormal data. The sample sequence of data is
denoted as {σ(l), u(l)}∞

l=1, where σ(l) is the input sample, and u(l) is the expected output
relative to σ(l). At time t, the input sample (σ(l), u(l)) is used, and the calibration of
network parameters is determined based on the difference between the real output of the
RBF neural network and the expected value. This process completes the reconstruction and
mining of abnormal data.

The fusion of electricity market data in this case uses the RBF neural network. The
fusion of electricity market data involves integrating data from different sources, and the
RBF neural network plays a crucial role in this context, effectively addressing possible
curvature changes and volatility between the data. This segmented approximation ensures
the smoothness of the interpolation function near the data points, providing strong support
for accurately understanding market trends and patterns.

2.2. Electricity Information Data Mining Based on Clustering Algorithm

With the rapid development of smart grids and the establishment of advanced
measurement technologies, the accumulation of power data in distribution networks has
grown exponentially over time. Behind the massive power data lies deeper connections,
making it crucial to uncover the hidden meanings in the data. Simultaneously, with
the widespread use of smart meters, it is possible to collect electricity consumption data
from users at higher densities, capturing fluctuations in load data and better reflecting
user electricity consumption behavior. Therefore, employing big data deep mining
techniques for mining electricity consumption behavior can provide a better understanding
of user individuality and guide the deep-level expansion of business for power grid
companies [29,30].

Since users’ massive electricity consumption data are stored at multiple time scales,
such as yearly, monthly, and daily, and the data dimensions are large with redundant
information, direct application of clustering methods would not only consume a significant
amount of time for calculations but also severely affect the accuracy of clustering. Therefore,
this section focuses on two aspects: data dimensionality reduction and clustering for
large-scale electricity consumption information data mining. On the one hand, to address
the issue of large data dimensions, this section adopts an approach based on information
entropy segmentation aggregation approximation. This method reduces data dimensions
while ensuring a re-expression of user load fluctuation characteristics, resulting in a re-
expression sequence with variable time resolution for load data. On the other hand, for
clustering of re-expressed sequences, this study combines GCN and spectral clustering
algorithms [31,32], which does not require setting cluster centers. The use of graph
convolutional networks can process non-Euclidean data and effectively extract data
features for learning, which is beneficial to capturing global information and thus better
expressing the characteristics of nodes. At the same time, the feature matrix is used to
further reduce the dimensionality of the data and reduce the computational complexity.
Therefore, this paper uses spectral clustering algorithm to cluster end users, thereby
extracting typical daily load curves and providing data support for the construction of
end-user power supply demand reliability indicators.
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2.2.1. Feature Extraction of End-User Load Data

In the face of the high dimensionality of terminal user load data, this section begins by
describing the fluctuation of load curves using the concept of entropy from statistics. Based
on the numerical values of entropy, the load curve is segmented, and then segment-wise
aggregation is employed to achieve numerical re-expression of each segment. This process
is aimed at reducing the dimensionality of load data and extracting features.

Analysis of Load Time–Series Fluctuations

The fluctuation degree of the load time–series curve is analyzed using information
entropy, where a higher information entropy value corresponds to a greater fluctuation
degree. Suppose X represents the load data of a time–series segment. By statistically
analyzing the load values within this time period, let us assume there are n different
load values denoted as x1, x2, . . . , xn, and the probability of each load value occurring is
represented by p1, p2, . . . , pn. The entropy value Hn of this segment of time–series is then
calculated as Equation (6):

Hn(p1, p2, · · · , pn) = −
n

∑
i=1

pi ln pi , 0 < pi < 1,
n

∑
i=1

pi = 1. (6)

From the above formula, it can be observed that, when p1 = p2 = p3 = · · · = pn,
pi = 1/n, Hn(p1, p2, · · · , pn) = Hmax = lnn which is the maximum value for the entropy
of this time–series segment. Simultaneously, the average entropy is defined as Equation (7):

Hn =
n

∑
i=2

1
i

. (7)

In order to comprehensively consider the entropy value, maximum entropy, and
average entropy of the load data, a new concept τm is introduced to describe the fluctuation
degree of the load curve for m loads in this time–series segment. When its value is 1, it
indicates a significant fluctuation, and the data mean cannot be used as a substitute. The
specific definition of τm is given as Equation (8):

τm =

{
1, Hn(Xm)

ln n > ωHn(Xm)

0, Hn(Xm)
ln n ≤ ωHn(Xm)

. (8)

In the formula, m = 1, 2, . . . , M; M represents the total number of loads; the scale factor
is ω, its value range is [1, 2], and in this article, ω = 1.

By synthesizing the τm of the time section of multiple loads, the proportion of the
number of loads of τm = 1 in M loads is obtained, and if the value exceeds the threshold, it
means that the curve of this section of M loads is very different, and it needs to be described
in segments. The specific definitions of ρ as Equation (9):

ρ =
1
M

M

∑
m=1

τm. (9)

Load Time–Series Re-Expression

Determining the number of segments based on the fluctuation level of the load curve,
we then employ segmented aggregation approximation to interpret high-dimensional
time–series through low-dimensional data features. This approach achieves the reduction
and re-expression of load time–series while preserving the individual characteristics of the
load curve shape.

Take the load data Q = {q1, q2, . . . qL} of a complete time–series; its time–series length
is L. By segmenting the elements in it, a new data sequence is Q = {q1, q2, · · · , q̄l} with
a length of l, where l ( L and l are divisible by L. The specific calculation process of q̄i is as
Equation (10):



Appl. Sci. 2024, 14, 5263 8 of 18

q̄i =
l
L

L
l i

∑
j= L

l (i−1)+1

qj, i ∈ {1, l}, j ∈ {1, L}. (10)

2.2.2. Improved Spectral Clustering Algorithm Combining GCN and Spectral Filter

Spectral clustering is a widely used unsupervised learning method that proves effective
in many practical applications [33]. However, it faces certain challenges, such as the
inability to learn effective representations between non-Euclidean data in traditional
spectral clustering. Moreover, algorithms based on spectral clustering require eigenvalue
decomposition of the Laplacian matrix, which is time-consuming, especially when dealing
with large-scale data. Additionally, applying the k-means algorithm for spectral clustering
in large-scale data can also be time-consuming. To address these issues, this paper combines
GCN and Chebyshev polynomial approximation of spectral filters to improve the spectral
clustering algorithm, as shown in Figure 3. Initially, GCN are used to represent and analyze
non-Euclidean data, followed by the construction of the Laplacian matrix. Simultaneously,
this chapter employs Chebyshev polynomial approximation of spectral filtering techniques
to avoid eigenvalue decomposition of the Laplacian matrix.
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Figure 3. The GCN and spectral clustering framework diagram with graph filtering.

Graph Convolutional Network Module

Graph convolutional networks typically utilize graph structure and node feature
information to iteratively aggregate the feature information of local graph neighbor nodes.
Due to their advantages in combining graph structure and node content information, GCNs
have been widely applied for feature extraction from non-Euclidean data.

The goal of GCN is to construct a weighted graph with the same number of nodes as
the original graph. However, there may be different weights in the graph, encapsulating
the topology of the original graph and node attributes. Let A ∈ RN×N be the adjacency
matrix and its node attribute matrix X ∈ RN×k, where k corresponds to the dimension of
the node attribute vector.

Given an undirected graph G = (V , E) with N = |V| nodes and E edges, let A ∈ RN×N

be the adjacency matrix, and its node attribute matrix X ∈ RN×k, where k corresponds to
the dimension of the node attribute vector. GCN can be understood as a function f (·), and
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its output is a weighted graph G̃ = f (V , E), represented by its adjacency matrix Ã ∈ RN×N ,
i.e., Ã = f (A, X). For the learned representation weight matrix W in the l-th layer, Zl can
be obtained through the following convolution Equation (11):

Z(l) = f
(

Z(l−1), A
)
= φ(D̃− 1

2 ÃD̃− 1
2 Z(l−1)W(l−1)), (11)

where Z(l) represents the l-th layer in GCN, denoted as Ã = A + I and D̃ii = ∑j Ãij. I is
the identity matrix for each node’s self-loop, and φ(·) is the non-linear activation function.
The representation Z(l−1) traverses the normalized adjacency matrix D̃− 1

2 ÃD̃− 1
2 , resulting

in a new representation Zl . Finally, the ReLU function is applied Equation (12) in the last
layer of GCN:

Z = f
(

Z(l), A
)
= φ(D̃− 1

2 ÃD̃− 1
2 Z(l)W(1)), (12)

where Z is a transformed node feature matrix, serving as both the output of GCN and the
input to the spectral filtering module.

Chebyshev Polynomial Spectral Filtering Module

The Chebyshev polynomial approximation of the spectral filtering module achieves
convolution in the spectral domain, similar to Fourier domain filtering of signals. The
eigenvalues of the Laplacian matrix of the graph represent the frequencies of signals defined
on the graph. Assuming oi is the i-th variable of U,we obtain Equation (13).

oi = |UTδi|2 , δi(j) =
{

1 i = j
0 i ̸= j

(13)

It satisfies all oi > 0, in addition O(i, i) = 1/oi and R = (r1, r2, ..., rs) ∈ RN×s which
consists of s random signals. Let r be a vector with independent random Gaussian variables
that follow a standard normal distribution. These vectors have a mean of 0 and a variance
of 1/s. Then, fi is a feature vector, and the estimated value feature vector τi of each node
that is very similar to fi can be defined according to the following Equation (14):

τi =
(
OHλk R

)
δi. (14)

According to the above Equation (14), it is known that Hλk = UkUk
k , and it satisfies

U′ = OU. Based on the JL lemma and the U has orthogonal columns, we can obtain
Equation (15).

|U
(

fi − f j
)
|2 = |

(
fi − f j

)
|2, (15)

Let r ∈ Rn be a vector with independent random terms and follows a standard normal
distribution. Filtering r through Hλk , we obtain rλk as shown in Equation (16). The i-th
element of rλk is Equation (17), and the mean of

(
rλk

)2
i satisfies Equation (18). Therefore,

a practical method to estimate OHλk R is to first compute Hλk R, and then normalize its
rows to unit length.

rλk = Udiag(λ1, λ2, . . . , λk, 0, . . . , 0)UTr = UUTr (16)(
rλk

)
i = rT

λk
δi = rTUUTδi, (17)

E
(
rλk

)2
i = |UTδi|2. (18)

k-Means Sampling Module

The k-means sampling module implements spectral clustering on a small-scale data
set, reducing the algorithm’s time complexity. Let Ω = {τ1, τ2, . . . , τn} represent the
extracted n data points from the total N data points for clustering. Then, the k-means
clustering algorithm is applied to this set, clustering it into k clusters. Considering that
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k-means can also be applied to the original vector set { f1, f2, . . . , fN}, a sampling matrix
G can be formulated to satisfy yr

i = Gyi. G is an nN dimensional matrix. Ideally, G
satisfies Equation (19). To recover yi from the clustering results, a quadratic programming
Equation (20) is utilized.

Gij =

{
1 i = τj
0 i ̸= τj

(19)

min
yi∈RN

1
2

y⊤i
(

G⊤G + γg(L)
)

yi − y⊤i G⊤yr
i . (20)

Then, Equation (20) can be solved using Equation (21), where G is the sampling matrix,
γ is the regularization parameter, and g(L) is a positive non-decreasing polynomial:(

G⊤G + γg(L)
)

yi = G⊤yr
i . (21)

A method independent of the entire optimization formula is proposed for computing
g(L). Pseudo-eigenvectors replace first k eigenvectors, providing a high-order approximation
and retaining distances between original eigenvectors. Pseudo-eigenvectors aid in recon-
structing g(L) by computing Euclidean distances between them. This reconstruction using
pseudo-eigenvectors helps reduce the time complexity. The adjacency matrix used for
reconstruction is defined as in Equation (22): The reconstructed Laplacian matrix L can be
expressed as Equation (23):

Ãij = exp

(
−

q2(Zi − Zj
)

σiσj

)
, (22)

L̃ = I − D̃− 1
2 ÃD̃− 1

2 , (23)

where Zi represents the i-th row of Z, and q2(Zi − Zj
)

represents the square of the Euclidean
distance between Zi and Zj. σi represents the size of a range, denoted as σi = q

(
Zi, Zj

)
. D̃

retains the rows of Ã, and the reconstruction objective function is written as Equation (24):

min
yi∈RN

|Gyi − yr
i |22 + γy⊤i L̂yi. (24)

This eliminates the step of computing g(L) and reduce the time complexity of the
optimization algorithm. The set of yi obtained from Equation (24) represents complete
clustering result {Y1, Y2, . . . , Yk}.

3. Experiment

This study selected the power data of users in a certain region in one year as a case
study to validate the effectiveness of the algorithm for integrating and deeply mining
electricity information data in extracting typical load curves from different types of end-users.
The dataset was obtained from the municipal-level electricity information collection system,
including power data from 6000 users. The data were collected at a frequency of 72 time
points per day, spanning 30 days, and totaling 180,000 load curves.

3.1. Integration of End-User Electricity Consumption Information Big Data

Firstly, the validation of the data anomaly identification method is conducted using
one month of raw power data from the intelligent meters of end-users in the collection
system. The validation environment includes a Win10 system, an i7 processor, and Python
language version 3.8. The specific parameters for the Isolation Forest theory are designed
as follows: the number of samples for training is set as sample_size = 512, the number of
trees built for training is n_trees = 200, the true anormaly rate is 0.0163, and the initial
value for the anomaly score is desired_TPR = 0.81.

To validate the Isolation Forest algorithm for identifying abnormal data and implementing
data classification, typical binary classification evaluation metrics are employed [34]. This
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includes constructing a confusion matrix to calculate the true positive rate (TPR), the false
positive rate (FPR), the F1 score, and the average precision (avgPR). The specific results are
illustrated in Figure 4.
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Figure 4. Abnormal value detection results.

Figure 4 displays the scoring situation of normal and abnormal data, demonstrating
the effectiveness of the Isolation Forest algorithm in achieving binary classification of
normal and abnormal values. The score threshold after training is 0.689. The TPR is 0.975,
which correct identification rate of abnormal data, and FPR is 0.0059, indicating normal
data being mistakenly classified as abnormal. The F1 score is 0.8194, and avgPR is 0.941,
validating the effectiveness of the algorithm.

After identifying the anomalous data, the corresponding time coordinates can be
obtained. By sampling 10 data points around each anomaly and inputting the data into the
trained RBF neural network, the reconstructed normal data can be obtained. The results
are shown in Figure 5a,b. Figure 5a shows the power values curve containing anomalies,
and Figure 5b shows the power values curve after processing with the RBF neural network.
It is evident that the anomalies have been reconstructed, achieving a smoothing effect on
the user’s power values curve.

(b)(a) (b)(a)

Figure 5. The results of load data processing. (a) Load data before abnormal data processing. (b) Load
data after abnormal data processing.
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3.2. Deep Mining of End-User Electricity Consumption Information Big Data

For residential users, the time interval for collecting load power is 20 min, resulting
in 72 data points within a day’s load curve. Figure 6 shows the load curve for a user on
a given day. It can be seen from the figure that the user’s load curve has many features
and high dimension, which affects the accuracy and efficiency of clustering and extracting
typical load curves for end users. To address this issue, the information entropy-based
classification aggregation approximation algorithm mentioned earlier was utilized to reduce
the dimensionality of load curves and achieve feature extraction.

Combining with the user power curve shown in Figure 6, the process of entropy-based
segmented aggregation approximation is described. Initially, the maximum time resolution
of the user time–series is 20 min, and the time–series has a period of 24 h. Based on the
span of the user dataset sequence, the data dimension is determined to be 72 nodes. The
initial number of segments is set to k = 12, with each segment containing 6 data points,
and each segment’s time–series span is T = 120 min.

Figure 6. The load curve for a user on a given day.

Subsequently, for each segmented time–series, values are calculated, and a judgment
of ρ < σ is made. If this condition holds true, it indicates that the fluctuation level of
the data sequence in that segment meets the requirements. The formula for segmented
aggregation approximation is then applied to reduce the dimensionality and re-express
the data in that segment. If it does not hold true, for segmented time–series where ρ < σ,
if the length of the time–series can still be evenly divided by 2, a 2-segment division is
performed, and the judgment is reevaluated. Otherwise, the time–series is output directly,
and the result of the re-expression of each segmented time–series is saved.

Figure 7a shows the symbolic representation of the user curve using the typical
segmented aggregation approximation algorithm algorithm [35], while Figure 7b presents
the symbolic representation of the user curve using the proposed segmented aggregation
approximation based on information entropy. By comparing the results in Figure 7a and
Figure 7b, it can be observed that the proposed segmented aggregation approximation
based on information entropy not only extracts features accurately but also preserves the
original shape of the user load curve in detail. The algorithm uses different time resolutions
for segmented aggregation approximation in regions with significant fluctuation trends,
retaining central features and better re-expression the load curve.

Following the feature extraction of load curves using the information entropy-based
segmented symbolic aggregation approximation method, an algorithm combining GCN
and spectral clustering was employed for the unsupervised classification of end-user load
curves. This process extracts typical daily load curves, and the clustering results are shown
in Figure 8a–e.
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(a) (b)

Figure 7. The results of symbolic re-expression of user curves. (a) The result of segment aggregation
approximate, (b) The result of segmented aggregation approximation based on information entropy.

From Figure 8, it can be observed that the spectral clustering algorithm successfully
achieves the unsupervised classification of users. In Figure 8a, the power curve for cluster
one reaches its lowest point from 8:00 to 18:00 and peaks during 0:00–8:00 and 18:00–24:00,
reflecting the nighttime electricity consumption characteristics of clustered users. This
indicates that high-energy-consuming users adjust their production activities in response
to time-of-use electricity prices. In Figure 8b, cluster two’s power curve peaks from
8:00 to 18:00, while maintaining low consumption at other times, revealing the daytime
production-oriented characteristics of users, primarily businesses, technology companies,
and material processing factories operating during the day. Figure 8c,d show that users in
clusters three and four exhibit a bimodal pattern. Cluster three reaches its peak from 19:00 to
21:00, while cluster four peaks during 9:00 to 11:00 and again in the afternoon from 15:00 to
17:00, aligning well with typical user electricity consumption patterns. In Figure 8e, cluster
five shows a relatively uniform daily load curve with no distinct features, mainly including
users such as plastic factories, glass processing plants, and telecommunication companies.
This clustering result demonstrates the effectiveness of the spectral clustering algorithm in
obtaining typical user electricity consumption behaviors, clustering users based on their
spatiotemporal distribution characteristics, and deeply mining data information in various
user categories in the electricity market.

To effectively evaluate the experimental results, common evaluation metrics including
accuracy (ACC), normalized mutual information (NMI), and adjusted Rand index (ARI)
were utilized. The proposed algorithm in this paper was compared with other algorithms
using these metrics. The other algorithms include the following. SC: The main idea of
spectral clustering is to treat samples as points in space, with lower weights between
points that are distant and higher weights between points that are close. It involves
cutting the graph formed by all samples to maximize edge weights within clusters [36].
LSC-K: Large-scale spectral clustering based on label representation [37]. CKM: Large-scale
clustering using K-means algorithm [38]. LSR: Subspace clustering algorithm utilizing least
squares regression [39]. The experimental results of each algorithm are listed in Table 1,
and Figure 9 shows the computational time required for the corresponding algorithm on
the data set. Among them, the SC algorithm has the worst experimental results because its
main idea is to regard data as points in space, which is poorly adapted to the power data in
the experiment. At the same time, its calculation is relatively complex and time-consuming.
The CKM algorithm reduces computation time for large-scale clustering by using K-means,
achieving good results in NMI but needing improvement in ACC and ARI.The LSR
algorithm achieves good results across all metrics but takes a longer computation time. The
proposed algorithm improves ACC and ARI by 3.69% and 2.6%, respectively, compared to
the next best LSR algorithm, and NMI by 3.14% compared to CKM, demonstrating the best
clustering performance. Moreover, the best result was achieved in calculation time, which
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was 8 s faster than the CKM algorithm. These experimental results confirm the feasibility
and superiority of the proposed method, as well as its efficient computation speed.

(a) (b)

(c) (d)

(e)

Figure 8. The results of class cluster. (a) Class cluster 1 result; (b) class cluster 2 result; (c) class cluster
3 result; (d) class cluster 4 result; (e) class cluster 5 result.

Table 1. The ACC, ARI, and NMI values of different algorithms.

Algorithm ACC NMI ARI

SC 65.32 63.34 55.32
LSC-K 74.31 71.28 60.05
CKM 73.54 75.10 71.78
LSR 80.82 74.23 73.53
Ours 84.51 78.24 76.13
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Figure 9. The computational time of different algorithms.

4. Discussion
4.1. Advantages of the Proposed Method

In our research on power data analysis, we innovatively combine the isolation forest
algorithm with the radial basis function (RBF) neural network for data fusion, integrating
spatial and temporal data attributes. This allows for a more comprehensive analysis of
different users’ electricity usage patterns. Additionally, we introduce a graph convolutional
network (GCN) and spectral clustering framework for dimensionality reduction and
feature extraction of power data. This method effectively captures and analyzes the
non-Euclidean structured data commonly present in power distribution systems. By
leveraging the unique advantages of GCN in learning data topology, combined with
spectral clustering, our approach can identify subtle relationships and patterns in electricity
usage that traditional analysis methods cannot detect. This enables us to more effectively
handle high-dimensional, multi-source datasets.

In this study, the Isolation Forest algorithm has proven to be efficient in detecting
anomalies in end-user electricity consumption data, with linear time complexity and low
memory usage, and the detection results of the algorithm are quite accurate. The algorithm
achieves this by constructing a tree structure to isolate abnormal data from normal data,
effectively identifying potential anomalies in power consumption. Furthermore, integrating
the RBF neural network during the interpolation process after anomaly detection has
proven feasible, enhancing the accuracy and reliability of data reconstruction. It adeptly
handles missing or abnormal data, contributing to smoother and more accurate data
processing, thereby establishing a more reliable foundation for subsequent analysis.

The method involving segmented aggregation and approximate feature extraction
based on information entropy achieves significant dimensionality reduction in high-
dimensional data. This approach not only minimizes redundant information but also
preserves key electricity consumption characteristics, offering more informative data
for subsequent analysis. The GCN utilized in the method proves effective in learning
the relationships between nodes in the graph structure. This capability enables a better
understanding of the similarity and dissimilarity between different users in the clustering
of user load curves. The spectral clustering algorithm performs well in extracting typical
load curves of users. It proficiently clusters similar load curves, providing robust support
for power system optimization and the quantification of user demand.

Overall, the combination of isolation forest, RBF neural network, segmented aggregation,
approximate feature extraction, GCN, and spectral clustering contributes to a comprehensive
and effective approach for analyzing end-user electricity consumption data, enhancing
anomaly detection, and supporting power system optimization efforts.
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4.2. Limitations and Future Research Directions

While the isolation forest excels in anomaly localization, it may face challenges in
handling anomalies within complex data distributions and multidimensional relationships.
Additionally, the RBF neural network, known for its smooth interpolation, may encounter
overfitting in extreme cases, necessitating careful parameter selection for practical applications
to balance accuracy and stability. The GCN algorithm within the method exhibits sensitivity
to changes in the graph structure, requiring retraining or parameter adjustments when
significant changes occur. The spectral clustering algorithm, though effective, presents
high computational complexity when processing large-scale data, demanding efficient
computing resources.

Future research avenues can concentrate on optimizing and integrating the algorithm,
refining parameters of the isolation forest and RBF neural network to enhance overall
applicability and robustness. The dynamic adaptability of the graph structure in GCN
can be improved to better handle the dynamic changes in the power system’s graph
structure, ensuring real-time adaptability to the complexity of power system operations.
Consideration may be given to integrating multiple algorithms to address more complex
power data analysis scenarios. Attention to real-time and responsive application of
algorithms is crucial, enhancing real-time power information processing capabilities for
practical implementation. This improvement aims to make the technology more applicable
and supportive of real-time monitoring and adjustment of power systems.

5. Conclusions

This study addresses the challenge of fluctuating end-user power supply demand
within the context of electricity market reform. Leveraging the distributed Internet of
Things, along with sensing, data fusion, and intelligent application functions, the study
extensively explores methods for collecting end-user electricity demand.

The paper employs the isolation forest algorithm and RBF neural network algorithm
for preprocessing and fusion, achieving data cleaning and mining to overcome redundancy
and outliers in load curve data across time and space dimensions. Additionally, the
study investigates segmented aggregation approximation based on information entropy
for efficient feature extraction and mining of big data. The combination of GCN and
spectral clustering is used to comprehensively analyze end-user power consumption data,
enhancing anomaly detection and supporting optimization efforts within the power system.
The effectiveness of the proposed data fusion and mining method for different types of
end-user power data are validated through experiments.

In summary, the main contribution of this study lies in integrating distribution
Internet of Things technology and utilizing advanced data processing and mining methods
for in-depth analysis of end-user electricity consumption data in the electricity market.
Future research directions may involve further algorithm optimization, improvements in
large-scale data processing, and enhancements in real-time response capabilities to meet
the increasing demands for power data analysis and adapt to the continuous evolution of
the power market.
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