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Abstract. In recent years, electric power enterprises have gradually accumulated
a lot of practical experience in data-based applications, but with the development
of the energy Internet, the features of interconnection, openness, peer-to-peer and
sharing of the energy Internet have given a new connotation to electric power data,
which presents characteristics of multiple sources, heterogeneity, large volume,
accuracy and real time, etc. With this comes the challenge of data analysis tech-
nology and data application development, which also means that more diverse
data applications become possible. This paper systematically summarizes several
types of existing electric power data applications, analyzes the research direction
and application scenarios of electric power data application technologies in con-
nection with the characteristics of the energy Internet, in order to further promote
the value mining of electric power data within and outside the enterprise; at the
same time, it optimizes and improves the k-means algorithm for the defect that
it is easy to fall into the local optimal solution, and uses the improved k-means
algorithm to calculate the clustering The results will help the implementation of
value-added applications of power data and promote the healthy development of
energy Internet.

Keywords: power data · internal and external values · k-means algorithm · data
mining · cluster analysis

1 Introduction

After years of development, the power grid has built distribution automation and equip-
ment lean management system, enterprise operations, grid operations and customer
service and other business areas and applications at all levels have taken shape, the
application of the power Internet of Things has a certain foundation, its business system
still has a certain potential to build. The continuous development of smart grids and the
in-depth construction of smart distribution grids has led to a sharp increase in the num-
ber of collection terminals, a significant increase in the frequency of collection, and an
exponential growth in power user-side data and an increase in complexity. At the same
time, with the increasing maturity of 5G technology, the integration of 5G technology
and big data technology will help the application of big data in many fields such as
real-time monitoring of grid status, new energy prediction, user-side portrait depiction
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and demand-side response, generating new business models [1]. It is very important to
tap the deep value of power data and provide data support for public services, policy
making and enterprise management.

How to understand more deeply the attributes and characteristics of electricity users,
build user portraits, and provide personalized and differentiated services based on elec-
tricity user portraits is a hot issue in current user-side big data research. Clustering
analysis based on electricity consumption information data can effectively understand
and extract the electricity consumption characteristics of users and the commonality of
group electricity consumption, which can help realize the segmentation of electricity
users, improve the service breadth and depth of power grid companies, and lay the foun-
dation for new intelligent electricity solutions. To address this issue, some scholars have
carried out research on the behavior analysis and user classification of electricity users.
In [2], a fuzzy integrated evaluation method was used to study residents’ preferences
and smart electricity consumption behavior based on typical urban residents’ smart elec-
tricity questionnaire data, but electricity collection data, which can objectively reflect
electricity consumption behavior, was not used; in [3], a network analysis method was
applied to study the correlation of electricity consumption behavior on short time scale,
and a network analysis of electricity consumption behavior correlation clustering and
hierarchy analysis was constructed. The literature [4] studied the clustering method of
customers’ electricity consumption behavior and used it for interactive demand response
for the multi-user daily load demand response problem in the complex smart electricity
consumption environment; the literature [5] studied the regional scale residential daily
electricity consumption load model and model testing method based on cluster analysis,
using the average daily electricity consumption of individual households and the max-
imum daily load of the year as indicators for cluster analysis, but did not consider the
data mining performance problem caused by massive data.

With the vigorous development of the information system of power grid enterprises
and the continuous improvement of the information level, the amount of power data is
also growingdramatically, how touse datamanagement to improve themanagement level
of power grid enterprises, data resources as the company’s strategic assets, strengthen
centralized management, achieve company-wide information sharing, strengthen data
analysis, “all business data, all data business”, improve the level of data application and
business value, is a challenge at this stage and a long time in the future.

2 The Current State of Application of Power Data

Electricity data involves all aspects of the power system in power generation, transmis-
sion, distribution, use and dispatch [6]. The data in the power industry mainly comes
from the various aspects of power generation, transmission, transformation, distribu-
tion, consumption and dispatch in the production and use of electrical energy, and can
be broadly divided into three categories: first, power grid operation and equipment testing
or monitoring data; second, power enterprise marketing data, such as data on trading tar-
iffs, electricity sales and electricity consumption customers; and third, power enterprise
management data.
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Combined with the above data, application scenarios can be divided into internal
application scenarios and external application scenarios according to the service targets,
and typical application scenarios are described below.

2.1 Typical Application Scenarios Within an Enterprise

With green energy, energy saving and sustainable development becoming the focus of
attention worldwide, smart grids have become the inevitable result of economic and
technological development, manifested in the use of advanced technologies to improve
the performance of power systems in terms of energy conversion efficiency, power util-
isation, power supply quality and reliability, etc. Relevant application scenarios include
power system transient stability analysis and control, grid load forecasting, modelling
and monitoring, as well as new energy consumption analysis.

The finance department of power enterprises has the advantage of accumulating var-
ious types of data. Common application scenarios include planning and budget monitor-
ing and analysis, cost-benefit analysis and forecasting, investment decision aid analysis,
internal control management analysis, financial risk early warning, etc.

There are many data generated in the field of materials, and the main application
scenarios are efficiency and effectiveness analysis of thematerials supply chain,materials
demand forecasting,materials qualitywarning,materials supplier analysis, andmaterials
contract default risk identification.

In addition, common application scenarios for research on customers’ electricity
consumption behaviour include demand-side management/demand response, customer
energy efficiency analysis, customer service quality analysis, marketing business assis-
tance analysis such as business expansion and installation, and the deployment of electric
vehicle charging facilities.

2.2 Typical Application Scenarios Outside the Enterprise

For external application scenarios, this paper carries out in-depth value mining anal-
ysis of power data. The external application scenarios of the company’s power data
mainly include power user services, energy enterprise services, social public services
and commercial value-added services, among which the value of power data on power
user services is mainly in demand-side response, energy-saving transformation, intel-
ligent operation and maintenance, intelligent charging, auxiliary analysis of industrial
expansion and installation, fault outage management and user interaction, and analysis
of power consumption behavior [7, 8]. The value in energy enterprise service is mainly in
renewable energy consumption, energy storage operation, power trading, etc. The value
in social public service is mainly in industry resumption rate, industrial adjustment deci-
sion, economic regulation decision, urban planning, urban management, smart city, etc.
The value in commercial value-added services is mainly in data space rental, financial
fraud monitoring, advertising targeting, commercial layout planning, and equipment
entry detection.
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3 Analysis of k-means Algorithm Based Clustering Method
for Electric Load Data

With the promotion of smart grid, the electric power industry has accumulated a huge
amount of load data. It is called load clustering to divide different types of loads accord-
ing to the relevant attributes of users and to explore the composition of loads and the
relationship between them in different time periods. Scientific and reasonable load clus-
tering can not only help power supply enterprises to realize peak management, but also
identify shortcomings and provide data basis for adjusting service strategies, reducing
costs and improving energy utilization.

3.1 Temporal Characteristics of Electricity Loads

In order to analyze and calculate the load with respect to the temporal characteristics of
the electric load, some characteristic indicators are used.

(1) Load ratio. Daily load rate = total daily electricity consumption / maximum daily
load × 24h × 100%; daily minimum load rate = minimum daily load / maximum
daily load × 100%.

(2) Load curve. The daily load curve changes with time and is affected by temperature,
region and time factors. The curve can reflect the proportional relationship between
the total electricity consumption of the day and the product of 24h maximum load,
and thus derive the electricity consumption characteristics of different users. Accord-
ing to the peak-valley difference of the load curve, it can realize peak management,
grid scheduling, time-of-use tariff and power allocation, etc.

(3) Peak-to-valley load difference. Daily peak-valley difference = daily maximum load
- daily minimum load.

(4) Annual maximum load utilization hours. Annual maximum load utilization hours
= (annual electricity consumption / annual maximum load) = 8760 × annual load
rate.

(5) Simultaneous rate of load. Simultaneous rate = regional maximum load / the sum
of the maximum load of each partition × 100%

3.2 Steps of k-means Algorithm

The k-means algorithm is a method that divides n data sets into k-means (k-clusters)
according to parameter k, and finally minimizes the sum of squares of the distances from
the data points of each cluster to the center of the cluster.

The specific steps of the k-means algorithm are as follows: (1) arbitrarily select
k points as the center or mean of the initial clusters; (2) calculate the distances from
other data points to the cluster centers; (3) assign the data points to the nearest centers
according to the nearest distance principle; (4) calculate the new cluster centers using
the mean algorithm; (5) if there is no change in the neighboring centers or the criterion
function E has converged, the algorithm ends, otherwise continue iteration; (6) the final
k clustering centroids generated and the clustering division centered on it are the final
results.
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3.3 K-means Algorithm Model

Suppose that n m-dimensional samples are clustered to obtain a sample set X =
{X1,X2...,Xn}, where Xi = (Xi1,Xi2...,Xim), k classes are denoted as C =
{C1,C2...,CK }, and the center of mass zj = 1

nj

∑
x∈cj Xi, i = 1, 2, ..., k (where nj is

the number of data points in cj), the goal of clustering is to make k classes satisfy the
following equation.

∑k

j=1

∑

x∈cj
dij(xi, zj) → min (1)

where: dij(xi, zj) is the distance calculation function, and theEuclidean distance is chosen
to calculate; k is the number of clusters; zj is the clustering center of sample j.

3.4 Improved k-means Algorithm

For the drawback that k-means algorithm is easy to fall into local optimum, this paper
proposes an improved k-means algorithm based on log-adaptive GSA.

(1) Initialize the population size n, the maximum number of iterations T , and the
gravitational coefficient decay factor parameters λ, t.

(2) Calculate the value of the adaptation degree.
(3) Update the functions best(t), worst(t) and Mi (t).

best(t) = min
i∈{ 1,2,···,N } fiti(t) (2)

worst(t) = max
i∈{ 1,2,···,N } fiti(t) (3)

Mi (t) = Mi(t)
∑N

j=1 mi(t)
(4)

mi (t) = fiti(t) − worst(t)

best(t) − worst(t)
(5)

where: fiti(t) and Mi (t) are the adaptation value and mass of particle i at the t th iter-
ation, respectively; best(t) and worst(t) are the minimum and maximum values of the
adaptation value, respectively.

(4) The parameter α is improved to a logarithmic function of t.

α(t) = λ × ln
t + T

T
(6)

where: α(t) is the decay factor of gravitational coefficient; λ is the parameter of α

function; t is the number of current iterations; T is the maximum number of iterations.
(5) Calculate the gravitational force, velocity and acceleration of the particle.

Fd
i (t) =

∑N

j∈kbest,j �=i
randjF

d
ij (t) (7)

vdi (t + 1) = rand × vdi (t) + adi (t) (8)
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Table 1. Number of users as a percentage

Load curve clustering category Number of users/ Households Percentage

1 18478 54%

2 7186 21%

3 6501 19%

4 2053 6%

adi (t) = Fd
i (t)

Mi (t)
(9)

where: Fd
ij (t) is the force of particle j on particle i at the t th iteration in d dimensions;

Fd
i (t) is the total force of particle i at the t th iteration in d dimensions; vdi (t + 1) and

vdi (t) are the velocities of particle i at the t th and t + 1 th iterations in d dimensions;
adi (t) is the acceleration of particle i at the t th iteration in d dimensions; and rand is a
random variable between 0 and 1.

(6) Update the particle position, the value of fitness and the global optimal solution.
(7) Repeat the iterations until the termination condition is satisfied.
(8) The optimal solution is obtained and used as the initial clustering center for

k-means algorithm clustering.

3.5 Algorithm Analysis

To verify the effectiveness of the algorithm proposed in the article, the daily load curve
of a city in China is selected and studied by clustering through the traditional k-means
algorithm and the improved k-means algorithm in this paper. The number of clusters k
= 4 is set, and the load curve is clustered and analyzed, and the actual number of users
in each category of the study is shown in Table 1. Each category of users can be further
divided into five types according to the industry attributes, and the specific electricity
consumption types are shown in Table 2.

3.5.1 Traditional k-Means Algorithm Electric Load Clustering Results

Let the number of clusters k = 4, and use the traditional k-means algorithm to calculate
the clustering results as follows.

(1) Three-peaked curve. In the three time intervals of 8:00–9:00, 11:00–12:00, and
17:00–21:00, the curve has a rising trend, and 1 ~ 2h after each interval, the curve
shows a downward trend, and the curve is basically in a stable state in the remaining
time. 20:00 load The maximum power is 10.2kW.

(2) Evening peak curve. In the three time periods of 7:00–9:00, 10:00–12:00 and 17:00–
22:00, the curve has an upward trend, and 1 ~ 2 h after each interval, the curve shows
a downward trend, and the remaining time curve is basically in a stable state. 20:00
load The power is the largest, 12kW [9].
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Table 2. Statistics of users’ electricity consumption types

Load curve
clustering
categories

Number of customers with different types of electricity use/
Households

Grand
total

Non-industrial
electricity

Residential
electricity

Industrial
electricity

Commercial
electricity

Other

1 7245 3948 3954 5012 1441 18478

2 2169 2498 1082 1160 277 7186

3 1875 1237 1943 1401 145 6501

4 1022 408 306 302 15 2053

(3) Smooth curve. In 10:00–13:00 and 17:00–24:00, the curve has slight fluctuations,
and the remaining time curve is relatively smooth. 11:00 has the maximum load
power of 13.8 kW.

(4) Staggered curve. At 10:00–11:00 and 17:00–21:00, the curve has a rising trend, and
at 1:00–9:00 and 21:00–24:00, the curve shows a downward trend. 21:00 has the
maximum load power of 8.6 kW.

3.5.2 Improved k-means Algorithm Electric Load Clustering Results

The clustering results are calculated using the improved k-means algorithm as follows.

(1) Smooth curve. 10:00–14:00, 17:00–24:00, the curve has slight fluctuation, the
remaining time curve is relatively smooth. 11:00 load power is the largest, 13.4kW,
users mainly use electricity for commercial use.

(2) Evening peak curve. 1:00–9:00, the load power is low; 11:00–13:00, the curve rises
slightly; 17:00–20:00, the curve rises sharply. 20:00, the load power is the largest,
11.8kW, and the users are mainly residents.

(3) Three-peak curve. In the three periods of 6:00–7:00, 10:00–11:00 and 17:00–18:00,
the curve has a rising trend, and the maximum value appears at 11:00; in the periods
of 7:00–9:00, 11:00–15:00 and 21:00, the curve has a rising trend. -15:00, 21:00–
24:00, the curve has a downward trend, with a minimum value at 15:00. The users’
electricity consumption is dominated by industrial electricity consumption.

(4) Staggered peak curve. 0:00–7:00, 18:00–24:00 two intervals of power; 7:00–18:00
interval power is smaller. 21:00 load power is the largest, 8.5kW, user power and
electricity consumption staggered peak period, users aremainly non-industrial users.
Industrial users are the main users.

3.5.3 Conclusion

The experiments show that the improved k-means algorithm has good search ability, the
initial clustering center is closer to the actual one, the number of iterations is less, the
convergence speed is faster, and the final clustering results are more accurate.
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4 Summarization

Big data is not only a comprehensive technology, but also a science. At present, the anal-
ysis and application of electric power data involves various fields within the enterprise,
but the rapid development of technology and the growing demand have posed higher
and higher challenges to the application of electric power data, and it is still necessary to
continuously research and explore the application of electric power data in the fields of
enterprise management, economic efficiency and value-added services in the future, and
at the same time to quickly improve the level of data management within the enterprise
and enhance the data service capability.

This paper mainly focuses on the application value mining of electric power data.
Under the background of integration and sharing of large amount of electric power
data, this paper investigates the current demand for electric power data from various
types of enterprises, introduces the current more mature internal and external applica-
tion scenarios, and carries out in-depth value mining analysis of electric power data,
summarizes the technical development direction worthy of future research, and hopes
to further promote the value of electric power data in the energy Internet era. The tradi-
tional k-means algorithm is also improved, and the experiments prove that the improved
algorithm has shorter time-consuming optimization search, smaller deviation between
initial clustering and actual, and better clustering effect on electricity load data min-
ing, but further research is needed on the practical application of clustering results on
subsequent decision-making impact, load prediction, and management approaches.
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