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Abstract: This paper discusses the construction and analysis method of user behavioral portrait by
the data provided by the electric power platform in the big data environment. Firstly, it introduces the
construction and analysis of user profiles based on big data platforms, which covers the construction
of user basic attribute profiles, user behavioral characteristics profiles, user product characteristics
profiles and user interaction characteristics profiles from different dimensions. Secondly, for the
electric power sector, the article discusses the analysis of big data provided by electric power
platforms to better understand user behavior and trends in energy consumption. The article proposes
a method for constructing a behavioral portrait of power users based on big data analysis, including
the construction and management of a user label library and the process of constructing a behavioral
portrait of power users based on the improved K-mean algorithm. Finally, the effectiveness and
accuracy of the method of this paper are verified by experimental analysis. Overall, this paper
provides some guidance and reference for the analysis of user behavior in the field of electric power
by exploring the method of user behavior portrait construction with the data provided by the electric
power platform in the big data environment.
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1. Introductory

In the Internet big data situation, e-commerce platform, social platform, power platform formed by
the big data for enterprises to analyze user needs to provide a new resource, this new resource has
changed the traditional user demand analysis mode, the formation of a big data platform based on the
user profile and user behavior analysis. User portrait based on big data is a user portrait set, from
different dimensions can be constructed user basic attribute portrait, user behavioral characteristics
portrait, user product characteristics portrait, user interaction characteristics portrait, etc. For example,
literature [ 1] combines the algorithms of text mining and case-based reasoning technology to analyze
the Apple App Store review data to achieve the function of identifying the opportunities for product
innovation and benchmarking products. On the basis of user portrait construction and analysis,
through big data user behavior knowledge extraction, user emotional tendency extraction is especially
critical for user behavior analysis. Literature [2] collects eWOM review data and through computer-
based sentiment analysis methods, emotionally classifies the review words and tracks the dynamic
characteristics of word frequency to mine the evolution of customer demand.

In the power sector, analysis of big data on power platforms allows for a better understanding of user
behavior and trends in energy consumption. The analysis of users' energy usage data allows electric
utilities to understand users' peak electricity consumption at different time periods, so as to optimize
energy supply and improve energy utilization efficiency. Literature [3] proposes a distributed
clustering algorithm for the perception of massive users' electricity consumption characteristics,
which is validated on the Irish measured electricity consumption dataset. While foreign scholars focus
on the use of smart meters, literature [4] demonstrates the process of classifying residential electricity
customers based on smart meter data, and analyzing and clustering residential users' energy behavior
through smart meter data. It can be seen that research scholars at home and abroad have carried out
very much research work in the field of electricity. This topic will be based on these results, and
conduct the construction of the behavioral portrait of electricity users based on big data analysis.
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Through the collection of real data related to the user's electricity consumption behavior, the user
portrait is built containing the user's basic information, electricity consumption behavior, constructed
based on the results of the division of different behavioral labels of residential electricity users and
the overall regulation clusters, and presented in a visual way.

2. Research on the construction of behavioral portrait of residential electricity users based
on big data analysis

2.1. Construction and management of user label library

In this paper, we believe that user profiles contain three elements, namely user attributes, user
characteristics and user labels. The construction process of user label attribute system is as follows.

(1) Label Creation:Collect and analyze power business requirements, and then extract reasonable
labels

(2) Label design: Combined with the actual situation of the power industry, the label classification
rules and attribute definition to form the initial label were designed to identify the class, named class,
continuous class, curve class and other data types in order to the law is not obvious, composite data
acquisition.

Tagging with data mining.

(3) Labeling rules: coverage, accuracy and other metrics are used to evaluate the reasonableness of
labeling rule definitions and attribute names.

(4) Label Update: Update label rule definitions and attribute names based on label evaluation results.
Delete obsolete tags and add new tags.

(5) Labeling attribute system: Based on the existing basic marketing data and business requirements,
the labeling attribute system for power users has been established in an all-round way.

From the technical level, the construction of 95598 user profile based on big data is divided into three
steps: the first step is to mine the user data information base, such as internal data, external data, etc.
The second step is to process the user profile data, cleaning all kinds of collected data to make it
structured and standardized. The second step is user profile data processing, cleaning all kinds of
collected data to make it structured and standardized. The third step is user portrait construction,
including accurate identification of user variables, quantification of user static data and dynamic
behavioral assessment, and determination of user label library.

(1) According to the labeling system of 95598 users in different levels and dimensions, refine the
effective labels, combine different labels to form contextualized user characteristics through business
requirements, and select multiple dimensions to describe user labels based on internal and external
data of 95598 users, including social attributes of the user, power attributes, bill payment preferences,
credit of electricity consumption, etc., so as to build the basic logic of user profile analysis. The result
is an all-round user label library.

(2) Establish user labeling dimensions, effectively use big data mining theory to enrich 95598 user
information and behavioral characteristics to facilitate the collection of various types of information
on users by electric power enterprises.

2.2. User label management

The user tag library reflects a short and concise summary of power users with high precision.
However, whether it is the change of other external factors or the change of power users' own
attributes, the user label information needs to be updated periodically, and the old user data cannot
reflect the future user characteristics. Therefore, the management of user labels is also an essential
part of the research in this paper. It is mainly reflected in the periodic update and management of
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power user data information. In this paper, the management of user data in the form of cataloging the
label classification, the label is reasonably graded classification, easy to manage and maintain the
label, simple and clear label management for the construction of the user image is more scientific and
orderly.

Table 1 Label Classification

secondary Tertiary Four levels of Label

Level 1 labels label labeling labeling Acquisition Label Type
. name and System
social property XXX . named class
surname labeling
Power . Rule Direct
Properties Key Clients Yes/No definition category
User category
Attributes Value high Yes/No Rule Direct
attributes consumption definition ~ category
category
. Cause
Internet. Consumption High/Medium/Low Rule‘ . description
Properties frequency definition
class
Contribution Rule Cause
APP Payment Yes/No . description
preferences definition
class
- . Definition  Cause
Erlee:l:;[trlclty rlaSkaIt; . "o High/Medium/Low  of description
Behavioral pay forecasting class
characteristics -
Business Outage Definition  Cause

High/Medium/Low of description

characteristics  sensitivity forecasting  class

emotional objectionable . . Rule Direct
identity telephone call High/Medium/Low definition  categories

Table 1 gives the portrait labeling system in electric power enterprises. The clear hierarchical
classification makes the management of user labels more comprehensive and avoids the loss and
duplication of labels. When categorizing the dynamic labels of users, the dynamic labels consist of
two parameters: attributes and weights. Therefore, when managing dynamic labels, it is necessary to
assign certain weights to them, and the importance of different attributes is different, which also needs
to be determined based on experience to determine the size of the weights. In addition, in the
management process, it is necessary to dynamically manage the user labels according to the actual
business needs, such as adding some important variables and expanding the dimensions of the labels.
It can reflect the real problem and also improve the accuracy of user profiles.

2.3. Electricity based on improved K-mean algorithm to build user behavioral profile

Use the improved K-mean clustering algorithm to analyze the clustering of power users. Different
types of user clusters are created to form a comprehensive portrait of power users, which is convenient
for business personnel to accurately identify user information.

Consumption habits show the tendency of users' willingness to participate in interactions.
Considering the existing tariff policy, we measure the consumption habits of power users in terms of
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the composition of electricity costs and the assessment of smart power consumption awareness. Under
the existing ladder tariff strategy, electricity cost and electricity volume no longer show a linear
correlation, and the cost of electricity, regulatory potential and intention are all positively related.
Denote the share of laddered electricity cost as.

C.
Le, = .
C,+C,
The total cost of electricity is.
Ci
Loy =+

2C /n

i=1
Where, Cj1, Cj2, Cj3 ;in turn, represents the first, second and third step of the electricity user's tariffs,
Ci 1s the total number of tariffs of the ith user, and the time span is one year.

Based on the behavioral data of the power network under the fusion of multi-source data to implement
the smart electricity awareness assessment", including the number of times of cell phone App login,
the number of times of online business hall page browsing and the number of times of dialing 95598
to inquire about electricity bills, as shown in the following formula.

L,g=N +N +N
App net 598

The user profile global regulation feature is to analyze user behavior by season and time period guided
by the needs of grid interaction objects. The methodology covers the following 4 processes.

(1) Data standardization

The integrated regulation characteristics of the same time period, including three categories of 14-
dimensional labels, in order of behavioral labels 1-dimensional L; , electricity consumption
characteristics labels 8-dimensional L L,-9 consumption habits labels 5-dimensional Lio ~ Li4 ,then
the N user data samples expression is:

Ll (1)9L1 (2),---,L1 (k)a"'aLl (14)
L, (1), Ly(2),--, Ly (k),---, L, (14)

L@),L, (2),-,L, (k),--,L, (14)

Describe the data of the same type for all users as a vector of columns (L(1),L(2), L(k),... ,L.(14)).

The 14-dimensional data contain different physical meanings, the range of quantitative values varies
a lot, and there are a large number of anomalous data within the data, so before the comprehensive
cluster analysis, data cleaning should be completed, and for the column vector data, data
standardization is completed by using the Z-score.

L) = (L)~ () (L)
where L (k ) represents the mean of L(k) and o(L(k) is the variance of L(k).

(2) Analyze the value of the composite indicator for each category

The user behavioral feature label is a logical quantity that is substituted into the four types of control
objects, and the value of this segment at home is 1, and vice versa is -1. For example, the value of the
control type for weekday workers is -1, -1, 1, 1. The behavioral labels are the original choices of the
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user groups, and the customers with the value of this segment of -1 are directly excluded. The
electricity consumption characteristic labels cover the user characteristic labels L2 to L9, and there
are 8 in total.

dimensional data and solves for the integrated labeled value LE of electricity usage characteristics:

Me

L, = XA, L(k)

k

2
(3) Improved K-mean clustering calculation

The best class of the clustering algorithm is identified using the contour coefficient CH metric. After
the completion of process 2, the target dataset is transformed into two-dimensional data [LE(i),LC(1)]
with 1 representing the ith user. The operational idea of using the improved K-mean clustering
algorithm is to cluster ml using the K-mean clustering idea under the Euclidean distance with respect
to the electricity usage characteristic feature label LE(i), and in this way solve for the centroid of each
class:

L, (k)=min gé(% (i)~ L, (k))z

Similarly, with respect to the consumption feature label LC(1), it is turned into m2 classes using K-
mean clustering means under Euclidean distance, and the centroid LC(j) of each class is solved in
turn.

Fusion is implemented according to LE and LC centroids to obtain (LE (k),LC (j)), which constitutes
ml X m2 planar centroids corresponding to m1 x m2 clusters in turn. With all planar centroids
specified, the clusters of each user are evaluated using the Manhattan distance sum equation .

9
Ly = XAL(K)

(4) Exploration of user clusters

LE and LC were categorized as high, medium, and low, and the clusters were increased in vertical
order using the criterion of objectivity over subjectivity, as shown in Figure 1.

ke(max) Cluster 3 Cluster 6 Cluster 9
Consumption habits Cluster 2 Cluster 5 Cluster 8
. Cluster 1 Cluster 4 Cluster 7

ke(min)

ke(min) Electrical characteristics ke(max)

Figure 1 Distribution of residential electricity user behavior

3. Experimental analysis

In a provincial electric power company, 1,000 residents who have installed non-home terminals and
are bound to the WeChat client of State Grid Power are selected as experimental subjects, and the
total load and sub-identified load curve data of these residential electric power users are collected for
any three weeks in the spring of 2021, and the total load and sub-identified load curve data for the
summer of 2021 from mid-July to mid-August, as well as the electricity volume, electricity bill and
network behavior statistics for one year of 2021 are collected. and network behavior statistics. Using
the method in the paper, these data are calculated and analyzed to complete the construction of the
residential electricity user profile.
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Through the above data on residential power user behavioral portrait analysis, the establishment of
each user's behavioral label library, to carry out user behavioral clusters of clustering analysis, on the
power consumption characteristics of the indicators, taking into account the direct correlation
between the indicators and the user's behavioral potential to set the weighting coefficients, weighting
value of 0.2 belongs to the general characteristics of the power users are K2 and K9, weighting value
of 0.5 ~ 4 users are K3 - K8. Since the 5-dimensional data is an indirect characterization of each
different angle, the weights are taken to be the same.

The results of the cluster analysis of the users in the midday and evening hours can be visualized in
a radar chart, see Figure 2.

According to the analysis found that, in the payment behavior, because the selection of the
experimental object is based on the premise of binding the client, so the group is on the younger side,
the consumption consciousness is stronger. According to the consumption habits of residential power
users in high school and low 3 and so on distribution is relatively uniform, consumption awareness
of residential power users have a certain advantage; because half of the experimental subjects are
office workers, so the midday period of the overall weak regulatory capacity, with a certain advantage
of the user is the cluster 1, 2, 3, the evening hours have a certain advantage of the user is the cluster
5, 6.
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Fig. 2 Radar distribution of user clusters

Users have certain advantages; because half of the experimental subjects are office workers, the
overall regulation ability is weak in the midday period, and the users with certain advantages are
clusters 1, 2 and 3, and the users with certain advantages in the evening period are clusters 5 and 6.

The number of system accesses by residential electricity users at different times of the day from May
12-15, 2021 was counted,and the results are shown in Fig. 3.
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Figure 3: On-line situation of residential electricity users at different times of the day
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The number of visits by residential power users is higher from 9:00 a.m. to 10:00 a.m., from 15:00
p.m. to 16:00 p.m., and lowest from 12:00 p.m. to 13:00 p.m. The number of visits to the system is at
its peak from 8:00 a.m. to 9:00 a.m., and the number of visits decreases gradually from 16:00 p.m.
every day.

Taken together, it can be seen that the user profile constructed using the method in the paper can
effectively analyze the electricity consumption of residential electricity users in different time periods.

In order to further validate the advantages of the methods in the paper, simulation methods are used
to analyze and validate the method with the residential power user's electricity behavior regulation as
the test objective. Three scenarios are selected, of which Scenario 1 is the multi-dimensional fine-
grained behavioral data-based residential user portrait method proposed in [5], Scenario 2 is the fusion
of multi-source data researchers' portrait construction method proposed in [6], and Scenario 3 is the
big data analysis-based residential power user behavioral portrait construction method proposed in
the paper, and the three scenarios are utilized to randomly select 300 residents and construct user
behavioral portraits, and to verify the application of the method in the paper by comparing the
regulation potentials under the three scenarios. By comparing the regulation potential of residential
power users under the three scenarios, the application performance of the method in the paper is
verified, and the simulation rules are assumed to be Eq:

300

AQ = ;aEiaGiQi

Where: the objective regulation coefficient is aEi , defined as 0.4 for high-grade, 0.2 for mid-range,
and 0.1 for low-grade; the subjective regulation coefficient for residential power users is aCi , defined
as 0.7 for high-grade, 0.5 for mid-range, and 0.3 for low-grade; Qi is the load power. According to
the above equation, it can be seen that the lower the overall regulation power, the lower the electricity
consumption and the better the regulation potential.

In order to verify the validity of the methods in the paper, the researchers' portrait construction method
fusing multi-source data proposed in Scheme 2; the residential user portrait method based on multi-
dimensional fine-grained behavioral data proposed in Scheme 1 and the residential power user
behavioral portrait construction method based on big data analysis proposed in Scheme 3 are
compared in terms of the regulation effect of the residential power users, and the comparison results
are shown in Fig. 4.

h

Fig. 4 Simulation analysis of user supply and demand interaction effect

According to the experimental results show that in the same time period using the method of this
paper, the overall regulation power of Scheme 3 is lower than that of Scheme 1 and Scheme 2 in the
method of this paper, the overall regulation power is lower, which indicates that the electricity
consumption is less regulation potential, based on the method of this paper to build the behavioral
image of residential electricity users, can accurately find out the potential for regulation of the
residential electricity users will be accurately defined as the accuracy of the user image is consistent
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with the behavior of the residential users of electricity, the ratio of the number of features of the image
to the number of features of the total behavioral image of residential users. The accuracy of the user
profile is defined as the ratio of the number of features of the profile to the number of features of the
total residential electricity consumption behavior profile. The user profile accuracy formula is:

D :ixloo%
=/

Where Zt denotes the number of features that match the behavioral profile of residential electricity
users; Zz denotes the number of features in the total residential electricity user behavioral profile. The
researchers' portrait construction method fused with multi-source data proposed in Option 2, the
residential user portrait method based on multi-dimensional fine-grained behavioral data proposed in
Option 1, and the residential electricity user behavioral portrait construction method based on big
data analysis proposed in Option 3 are selected to conduct a comparative analysis of the behavioral
portrait accuracy of 1,000 residents, and the comparison results are shown in Fig. 5:
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Fig. 5 Comparison of accuracy rate of behavioral portrait of residential electricity users

According to Fig. 5, the accuracy rate of the residential electricity user behavioral portrait of the
method in the paper is high and smooth, while the accuracy rate of the researchers' portrait
construction method fusing multi-resource data proposed in Scheme 2; the residential electricity user
behavioral portrait of the residential user portrait method based on multi-dimensional and fine-
grained behavioral data proposed in Scheme 1 is lower than that of the residential electricity user
behavioral portrait of the residential electricity user portrait construction method based on big data
analysis proposed in Scheme 3. The accuracy rate of the residential electricity user behavioral portrait
proposed in Scheme 3 is lower than that of the residential electricity user behavioral portrait
construction method based on big data analysis.

4. Concluding remarks

In this study, under the big data environment, based on the data provided by the electric power
platform, the behavioral portrait of electric power users is constructed by constructing a user label
library, performing user label management, and adopting the improved K-mean algorithm. The results
of the study show that by labeling multiple dimensions such as social attributes, power attributes,
value attributes, and Internet attributes of power users, an all-around user label library can be formed,
which provides a more accurate user portrait for power enterprises. In the process of user behavioral
portrait construction, the cluster analysis of power users is realized by improving the K-mean
algorithm to form different types of user clusters, which provides accurate user information for
business personnel. The experimental analysis shows that the constructed user portrait can effectively
analyze the electricity consumption of residential power users in different time periods, which
provides guidance for power companies to optimize energy supply and improve energy utilization
efficiency. Comparative experimental results show that the residential power user behavioral portrait
construction method based on big data analysis proposed in this study exhibits better performance in
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terms of regulation potential and user portrait accuracy, which is superior compared to the other two
schemes.
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