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�e equipment information in the regional energy system is di�cult to retrieve and the amount of data is too large to realize
intelligent application. In order to solve the problem, this paper proposes a regional energy visualization research method based
on knowledge graph. Firstly, the collected regional energy information is classi�ed. Secondly, the framework is de�ned for the
unstructured data, which is di�cult to be recognized by computer, and the hidden Markov model is used for word segmentation
and labeling. Finally, the regional energy equipment information data are processed to construct the knowledge graph, the
regional energy map structure information is represented by the ternary group graph structure, and the regional energy retrieval
system is designed. �e system can e�ciently process and retrieve a large amount of natural language information in regional
energy and realize the intelligence of regional energy equipment. It provides a strong guarantee for the e�cient and stable
operation of regional energy-related equipment and has a wide range of practical application and research value.

1. Introduction

District energy systems are local energy networks through
which it is used to supply hot water, steam (district heating),
cold water (district cooling), electricity (often called
microgrids), or integrated supply to complex buildings. In
the daily construction and operation of regional energy
system, a large number of equipment parameters and op-
eration data are accumulated, but the corresponding in-
formation is often idle in the system, which a�ects the data
value discovery of regional energy system. With the increase
of equipment information, how to retrieve equipment in-
formation e�ciently is of great signi�cance to the sta� of
regional energy system. However, the complexity of regional
energy system equipment makes it di�cult to accurately
retrieve equipment information [1].

(1) �e primary equipment information of the regional
energy system is described in the form of natural
language, which increases the di�culty for the
computer to understand the equipment information,

and the complexity of the equipment information
causes great di�culties for the accurate retrieval of
the information;

(2) �e intelligence degree of the primary equipment
information management is not enough and it
cannot select useful information to utilization from a
large number of monitoring data and historical data.

�e continuous development of arti�cial intelligence
technology, the Internet of �ings, and other technologies
provides a new direction for the intelligent management of
regional energy system equipment information [2]. Natural
language processing (NLP) is an intelligent and e�cient text
processing technology that can systematically analyze, un-
derstand, and extract key information from text data. As for
the equipment information corpus of regional energy sys-
tem, literature [3, 4] expresses the text by establishing se-
mantic framework, but the semantic framework is di�cult to
adapt to the complex information situation of power
equipment [5], and the framework relies on the de�nition of
expert experience, so it is di�cult to comprehensively
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consider the complex expression mode of equipment of
regional energy system. Literature [6, 7] uses machine
learning algorithm to mine rules in corpus to represent
features of corpus. However, the features selected by ma-
chine learning methods are basically limited to the occur-
rence of keywords [8] or the occurrence frequency of words
[9]. )ese statistical features do not fully consider the in-
ternal logic of keywords in sentences, although they have
certain regularity, they are easily limited to the textual
features of defect records, which is not enough to explain.
With the continuous development of intelligent regional
energy system strategy, the equipment information of re-
gional energy system increases exponentially, and the re-
quirements for information storage and retrieval are higher
and higher. As a kind of efficient database, knowledge graph
can manage regional energy system equipment information
effectively and provides a new way for regional energy
equipment information management. Different from the
traditional literature review [10–13], the literature knowl-
edge graph can extract and screen structured knowledge
sequences from a large number of literature data, then show
the evolution process of research hotspots and map the
cross-interaction between knowledge groups, so as to realize
the mining of hot spots and emerging trends. At present,
common mapping tools include CiteSpace [14], etc., which
provides an efficient, repeatable, and rapidly applied analysis
method for scholars and has application prospects in various
fields.

)erefore, this paper tries to apply the knowledge graph
method to the primary equipment information management
of intelligent area energy system. Firstly, the data collected
by the intelligent regional energy system information col-
lection platform are classified. Secondly, considering that the
unstructured data are difficult to be accurately recognized by
the computer, the unstructured data extraction framework is
defined, and the hiddenMarkovmodel is used to classify and
annotate the collected data, providing data support for the
construction of the primary equipment information
knowledge map of the regional energy system. Finally, the
knowledge graph of regional energy system is constructed on
this basis, the regional energy system information is rep-
resented in the form of ternary group graph structure, and
the primary equipment information retrieval system of
regional energy system is designed. )e system can effec-
tively improve the retrieval efficiency of regional energy
system equipment information and improve the intelligence
level of regional energy system.

2. Regional Energy Data

2.1. Data Sources for Regional Energy Systems. Data sources
of regional energy system mainly include original data,
internal data of each automation system in the regional
energy system, fault error recording information, and data
obtained frommonitoring of the surrounding environment
[15]. )e primary equipment of the regional energy system
is directly connected to the high voltage grid of the power
system and participates in the transformation, transmis-
sion, and distribution of power energy. )ere are many

kinds of primary equipment in regional energy system,
including transformer, circuit breaker, disconnecting
switch, and other related equipment. Transformer is the
main equipment for the conversion of AC power energy in
the power system. It can realize the conversion of power
energy between different voltage levels, so as to facilitate the
connection of the power system and optimize the trans-
mission of power energy. Transformer data not only in-
clude voltage, current, active power, reactive power, phase,
and other data, but also include transformer online
monitoring data, chromatographic data information, and
also include the proportion of dissolved gas in power
transformer insulation oil and gas production data infor-
mation [16]. )ese data parameters constitute the main
components of power transformer data.

)e circuit breaker is an important piece of equipment to
connect or disconnect the equipment of the power system. It
is equipped with relatively perfect arc extinguishing device
and has the ability to disconnect the current of the power
system. )e circuit breaker can change the connection re-
lation of the power system and adjust the power flow
according to the demand when the system is running
normally. In the event of a system failure, a circuit breaker
can disconnect the fault current and cut off the electrical
connection between the faulty device and the system. )e
operation information of circuit breaker is important ref-
erence data for daily operation and management of regional
energy system.

Switching equipment in regional energy system has the
characteristics of high air tightness and good sensitivity, and
many parameters such as moisture content and contact
temperature of gas-insulated composite electrical equipment
are important parameters that need to be monitored online.
)e GIS online monitoring system mainly monitors two
types of data, one is the density of sulfur hexafluoride gas, the
other is the water content generated when a small amount of
water enters the monitoring system as SF6. )e partial
discharge monitoring system the of GIS online monitoring
system can monitor the defects such as conducting small
particles and some alien substances, conducting current,
internal air gap, and blocked grounding brought into the
equipment during manufacturing, installation, and main-
tenance. GIS real-time system can determine the location of
hidden danger by collecting different location information.
By using sensors to collect temperature information inside
the equipment, GIS high-speed optical fiber temperature
measuring instrument can quickly and accurately obtain the
temperature information inside the equipment. )e data
generated by the common primary equipment in the area
energy system, such as isolation switch, grounding switch,
capacitor, reactor, and transformer, plays an important role
in the maintenance and fault diagnosis of the area energy
system.

Environmental monitoring data are also of great sig-
nificance to intelligent regional energy system data. )e
micrometeorological monitoring system of the intelligent
regional energy system can regularly collect environmental
data around the intelligent regional energy system, including
air humidity, haze information, and other data.
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2.2. Regional Energy System Data Classification. In order to
facilitate the operation of data collection and processing, it is
necessary to classify and process the data of the smart district
energy system. Among them, the data volume of primary
equipment is huge and diverse, and the related similar data
can be roughly divided into five types for cluster analysis,
namely, basic data, online monitoring data, operation data,
test data, and accident data.

(1) Basic data: basic data refer to the ledger and design
parameters of the primary equipment. )e data are
usually complete and accurate. Including the basic
parameters of power equipment information, such as
rating, power, size, manufacturer, and date of pro-
duction. )ese data are permanently stored in the
power equipment database and the other data are the
flow data of the equipment.

(2) Online monitoring data: online monitoring data are
the continuous or periodic automatic monitoring
and detection of regional energy system equipment.
It has the characteristics of high monitoring fre-
quency and large data volume and can reflect the
electrical, mechanical, and chemical characteristics
of related equipment, such as the insulation oil
chromatographic analysis of transformers and di-
electric loss of capacitance bushing.

(3) Operating data: operating data refer to written or
electronic records obtained after a device is inspected
according to the specified check content and period
during a device running. Operation data reflect the
specific operation of electrical equipment, such as
current, voltage, active power, reactive power, and
circuit breaker operation times.

(4) Test data: test data can reflect the electrical, me-
chanical, chemical, and other properties of the
equipment data and their specific value through the
use of professional instrument test. Usually, equip-
ment test data are obtained by the experiment after
equipment power outage, such as DC resistance and
insulation resistance, but it also includes in the case
of equipment without power outage, far away from
the equipment body data test, such as oil pressure
value.

(5) Accident data: when a fault occurs in the regional
energy system, the accident data mainly refers to the
data of the related equipment when the short-circuit
accident occurs, such as the effective value and peak
value of the short-circuit current and the waveform
of the short-circuit current.

3. Regional Energy Information Processing
Based on HMM Model

Vector representation of regional energy information is
required before regional energy information processing. )e
common method is to use vector group form composed of 0
and 1 to represent regional energy information, but there are
problems of dimensional disaster and data sparsity, and

association information in the same statement cannot be
represented, which lead to word isolation [17].

In order to effectively vectorizing the associated rela-
tionship among fault information, word vector represen-
tation based on deep learning is adopted in this paper. )e
word vector is determined by calculating the distance be-
tween words, and the model is shown in Figure 1.

)is method introduces word vector to construct
probability model, and the formula is as follows:

p(s) � p(ω)

� p ω1,ω2, . . . ,ωT( 

� 
T

t�1
p ωt|context( .

(1)

)e words above are used to predict the words that may
appear in the following paragraphs, and the hidden layer is
used for nonlinear processing of the results. Finally, the
corresponding probability value is obtained, and the max-
imum likelihood estimation is trained to obtain the word
vector ωt.

Variable regional energy information contains a large
number of power system vocabularies but lacks the anno-
tated corpus. Hidden Markov model (HMM) is used to
process regional energy information. Each word in regional
energy information has its own lexeme label. )ere are four
kinds of morpheme labels in a sentence. B is the initial tag of
the noun,M is the middle tag of the name, E is the end tag of
the noun, and S is the single word tag. Each extracted in-
formation in the regional energy information record con-
stitutes a corpus to be processed, and each word is labeled
with lexeme. )e word segmentation of regional energy
information is summarized as A labeling problem.)e word
bit probability λ � (π, A, B) of each word is obtained by
HMMmodel, and the optimal labeling sequence is obtained
by the Viterbi algorithm.

(1) State transition probability matrix: state probability
of regional energy information word sequence.
Here, B,M, E, and S are the sequence of input words,
and P is the probability of conversion between each
state.
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. (2)

(2) Observation probability matrix: the probability of
obtaining each observation value according to the
current state.
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Here, P(on/Z) is the probability of the observed
value, and on is the observed value.
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(3) State transition matrix: the probability of model
transitions between states.
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(4) Optimal state sequence of energy information in the
output region.
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i∗t represents the shortest path of regional energy
information sequence, and I∗ represents the optimal
state sequence of regional energy information
vocabulary.

4. Construction of Regional Energy
Knowledge Map

Regional energy information has the characteristics of mul-
tidomain cross fusion and complexity. Knowledge graph is a
structured semantic knowledge base, which extracts knowl-
edge from text data in a structured way and forms the net-
work knowledge structure of visual graph by connecting with
each other [18]. Graph databases provide a unique perspective
by focusing on the relational relationships between data.)ey

can examine proprietary data from different perspectives and
even connect it to external data resources to further reveal the
underlying relationships. Using the node parallel mechanism
of graph database can improve computing performance and,
at the same time, storing data and knowledge in graph da-
tabase to build knowledge map, which can help answer the
data knowledge and query questions raised by people in
natural language communication. In addition, semantic
network is used to organically connect all the original regional
energy data from different sources for deep mining, which
can find the neglected or difficult to detect connections be-
tween different data [19].

)e Neo4j graph database uses a high-performance
engine to realize the visualization function, which can map
entity-relationship-attribute to knowledge graph. )is paper
analyzes and stores the regional energy information through
Neo4j graph database, finds the internal correlation of the
information, and realizes the connection of equipment
information.

)e construction process of regional energy knowledge
map is as follows:

(1) To identify and define the professional field
according to the characteristics of the electric power
field to build the main power.

(2) )e regional energy corpus is processed by word
segmentation. )e security risk information is
extracted and processed by word segmentation
method. )en, the word segmentation results are
tagged with part-of-speech tagging, and then the
entities and attributes of each part are identified by
naming. Due to the specialty and particularity of the
words in the electric power field, the professional
dictionary of the electric power industry is imported
into the database as an auxiliary word segmentation
tool. If the extracted entities and attributes match the
words in the dictionary, the entities and attributes
will be determined. In the specific field of regional
energy, the knowledge graph of safety hazards be-
longs to the closed graph, so the entity disambigu-
ation step is not required.

(3) Knowledge processing: it mainly extracts the basic
elements of the knowledge graph contained in the
regional energy data, namely entities, relations and
attributes, and the inherent hazards of hidden
dangers of power equipment. Besides the entity-
entity and entity-attribute relationships, it also needs
to extract attribute-attribute relationships. )rough
the dependency syntax analysis of “subject-verb-
object,” “definite form complement” and other de-
pendency relations among entities and attributes,
and through the manual selection of labeling types of
safety risk relations, the terms related to electric
power safety regulations are divided in detail in order
to form a corpus of safety risk relations. After the
extraction of relationships, to avoid redundancy,
semantic similarity calculation is used to screen
redundant relationships [7] to improve processing
performance.

Outpuut

So�max
Output layer

Hidden 
layer

Input layer

Input Input Input 

Tanh

Figure 1: Word vector model.
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(4) Knowledge fusion: use Neo4j graph database [20, 21]
to integrate the processed data, import entity-attri-
bute-relation triplet of regional energy and load
corpus, create relations and attribute matching
among entities, form knowledge map of regional
energy, and realize global index. Figure 2 shows the
example of generating knowledge atlas of substation
security risks. )en, the basic elements of the
knowledge map are integrated, and the regional
energy knowledge map is shown in Figure 3.

(5) Knowledge update: with the continuous advance-
ment of power system construction and the con-
tinuous operation of power system, the knowledge
map of regional energy should be updated and
amended to ensure the accuracy and effectiveness of
retrieval based on the accumulation of fault infor-
mation. )e construction process of the regional
energy knowledge map is shown in Figure 4.

)e architecture design of regional energy knowledge
atlas search engine is shown in Figure 5, which is mainly
composed of data warehouse, service module, and appli-
cation module. Data warehouse includes distributed
management of elastic-block hidden metadata, Chinese
word segmentation, index management, and logstash batch
file import. After processing, the hidden data are submitted
to the service module, where the elastic search service
provides all sorting and read access, the data-offer service
provides new data entries, and the security service provides
permission control and security management. )en, the
application modules are introduced, including hidden
danger information input, retrieval display, and regional
energy knowledge map display. )e process of regional
energy visualization system based on knowledge graph
search engine is shown in Figure 2. )e design steps of the
regional energy knowledge map engine are as follows:

(1) Build Django background processing framework,
which is mainly used for page request forwarding
and processing, as well as creating elastic search
engine service module and HMM-VA word seg-
mentation service module.

(2) A front-end display platform based on vue.js is built,
which is mainly used for the front-end display of
background processing content, including regional
energy retrieval information display, regional energy
knowledge map generation, and statistical analysis
functions.

(3) Environment module is deployed on Ali Cloud. On
CentOS system, Docker is used to deploy Django
background, HMM-VA word segmentation service
module, elastic search, Vue front end, and other
requests, configure relevant parameters, and use
them jointly.

According to the above steps, by inputting regional
energy information and adding specific key information
fields, such as “66 kV,” “substation,” “rainy day,” and other
keywords, the 66 kV regional energy knowledge map can be

personalized and dynamically generated. )e association
search of the atlas can be used to analyze the types and causes
of hidden dangers faced by all kinds of equipment, hazards
after untreated results, possible treatment methods, viola-
tion of rules and regulations, prevention and control
measures, etc.

5. Analysis of Experimental Examples

In this paper, regional energy data in recent three years are
used as a data set to verify the effectiveness and practicability
of the proposed method. )e dataset contains information
1655 criteria. )e hidden danger information is stored in the
knowledge graph search engine by manual input and batch
import. )e proposed HMM word segmentation model is
used for word segmentation processing of security hidden
danger text. )e validity of the proposed method is verified
by the following four examples: comparison of regional
energy data entity word segmentation methods; search
engine information retrieval performance comparison;
analysis of regional energy data cause knowledge atlas; and
statistical analysis and prediction of regional energy data.

5.1. Comparison of Entity SegmentationMethods for Regional
Energy Data. In this paper, the HMM model word seg-
mentation steps, include corpus training, test set prediction,
and word segmentation results. )e power dictionary and
regional energy data standard corpus of state grid corpo-
ration were used for pretraining, with a total of 150,000
words. )e initial parameter information λ�(π, A, B) was
obtained by training the corpus in a supervised way instead
of setting it as a fixed numerical parameter. )e frequency of
speech parts of energy data in each region was counted. )e
probability π can be calculated for the number of parts of
speech and hidden speech of each region energy data and the
corresponding words of the region energy data, and then the
state transition probability matrix A and observation
probability matrix B can be calculated.

Precision (P), recall (R), and F value, which are com-
monly used in entity word segmentation, were used as
evaluation indexes to evaluate the word segmentation effect
of regional energy data. Precision refers to the proportion of
positive samples predicted by the model to positive samples
in practice. )e accuracy allows the classifier not to label
negative sample errors as positive samples. Precision (P) is
calculated in the following formula:

precision �
TP

TP + FP
, (6)

where TP represents the number of entities in the test
sample whose predicted category is positive and whose real
category is positive. FP represents the number of entities
whose prediction category is positive and real category is
negative.

Recall rate refers to the proportion of positive samples
that are predicted to be positive to positive samples that are
actually positive. Recall rate can represent the ability of the
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classifier to find all positive samples. )e calculation of recall
(R) is shown in the following formula:

recall �
TP

TP + FN
, (7)

where FN is the number of entities whose prediction cat-
egory is negative and real category is positive.

)e harmonic mean of accuracy and recall is the F score.
)e specific calculation of F value is shown in the following
formula:

Unstructured data processing of regional energy equipment 
information

Configure search engines to store and manage data

Word segmentation for entity Labeling based on HMM-VA

The Django daemon platform is used to forward and process page 
requests

Vue.js front-end display platform

Knowledge map 
generation

Retrieval of hidden 
danger information

Statistical analysis of 
hidden danger

Figure 2: )e process of regional energy visualization system based on knowledge graph search engine.
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Figure 3: Knowledge Atlas of transformer Hidden dangers.
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F �
2∗ precision∗ recall
precision + recall

. (8)

)e comparison of different named entity word seg-
mentation models is considered to verify the word seg-
mentation effect of the proposed model. Models involved in
the experiment include BM matching model [22], N-Gram
word segmentation model [23], Jieba model [24], and
HMM-VA model proposed in this paper. )e above models
were all carried out on the same training set and test set.
Table 1 shows the comparison results of the test set in
different named entity recognition models.

As can be seen from the experimental results in Table 1,
the average performance of the HMM-VA regional energy
data segmentation model proposed in this paper is 85.93%.
Higher than Jieba model 5.81%, N-gram model 10.8%, and
BM model 15.42%, respectively, and better than the other
three entity word segmentation models in terms of accuracy,
recall rate, and F value.

5.2. Information Retrieval Performance Comparison of Search
Engines. )e index performance of the system is measured by
testing the index speed of standalone index [25], which is a

standalone search engine using the default configuration of
elastic search, and distributed index, which is a 12-node dis-
tributed search engine designed and configured for the system.
)e test results for index performance are shown in Table 2.

As shown in Table 2, the elastic distributed search engine
designed and configured in this paper is obviously superior
to the standalone search engine in index efficiency indexes,
such as average data rate, central processing unit (CPU)
occupancy, memory occupancy (mem), and read/write rate
(Io) and load rate, indicating that the proposed method can
effectively improve the real-time performance of regional
energy data index. It also meets the requirements of quick
disposal efficiency in the investigation of hidden dangers in
actual substations.

As shown in Table 3, for the search of the four test
keywords, the average response time of the single machine
is 1295.05ms, and the average response time of the search
proposed in this paper is 110.75ms, indicating that the
response time of the engine is significantly lower than that
of the original single machine, which fully proves the
advantages of the search engine in this paper. In addition,
with the increasing of data volume, the processing ad-
vantage of the search engine for regional energy data is very
significant.

Third Party data

Transformer fault 
knowledge graph

Transformer Fault foundation Corpus

Data collection and preprocessing

Entity extraction

Relationship extraction

Attribute extraction

Structured 
data

Quality 
assessment

Ontology 
construction

Semi-structured data 
Unstructured data

Data integration Entity aligned

knowledge abstract

Knowledge 
fusion

Figure 4: Knowledge graph construction process.
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Figure 5: )e architectural design of regional energy knowledge atlas search engine.

Table 1: Effect comparison of named entity recognition model.

Model Precision (P) (%) Recall (R) (%) F score (F) (%)
BM matching 70.01 69.84 71.68
N-Gram word segmentation 76.77 74.27 74.35
Jieba model 81.52 80.31 78.54
HMM-VA 86.73 85.69 85.44

Table 2: Index test results.

)e average rate (thousand /SEC) CPU (%) Mem (%) Io (%) Load (%)
Single engine 6 57 63.6 90 43.1
)e engine 39 14 16.5 41 18.7

Table 3: Search time test results.

Test key Standalone search engine time (ms) )e system search response time (ms)
Substation 876 97
Rainy day 1438 161
Transformer 1389 84
Protection regulations 1479 101
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6. Conclusion

)is paper introduced technical knowledge map and flexible
distributed search engine technology, this paper proposes a
dynamic analysis method of regional energy data, through
the research of regional energy data, distributed storage
security hidden danger, to build knowledge map and
analysis, has realized the knowledge map visualization
display of search engine, and the safe hidden trouble effi-
ciently retrieve and correlation analysis. It has good practical
application value and promotion value. In the following
research, more corpus features will be extracted in the re-
lational extraction step to improve the accuracy of knowl-
edge graph construction, so as to improve the analysis effect
of regional energy data.
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