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ABSTRACT 
 
With the rapid development of science and technology, power system has become the 
lifeblood of modern society, An increasingly large power system complicates the 
management, operation, and maintenance of the grid. In order to effectively use a large 
number of operating data and prior knowledge of power system, the knowledge graph is 
introduced into the field of power systems. 

This paper introduces the research and application of knowledge graph in power system 
and emphasizes the importance of knowledge graphs in addressing the increasing 
complexity of power systems and the rising demand for intelligence, the knowledge 
graph integrates heterogeneous data in a structured way, which helps to improve the 
technical level of power system management and control, especially in fault diagnosis, 
equipment monitoring and market transactions. This paper first introduces the basic 
concept, construction method and main application scenarios of knowledge graph in 
power system, including data management, equipment operation and maintenance, 
power system operation management and decision support, Through specific examples, 
such as a question-answering system for identifying defects in power equipment based 
on knowledge graphs, the identification method of transmission line missing bolts, 
intelligent planning of distribution network, etc., the paper shows knowledge graph can 
effectively improve the operation efficiency and management level of power system. 
Finally, the paper looks forward to the future development trend of knowledge graph in 
power system, points out its broad application prospects in smart grid construction, 
multidisciplinary cross integration and other fields, and emphasizes the importance of 
knowledge graph for promoting the intelligent development of power system. 
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1. INTRODUCTION 
 
With the rapid development of the global economy and increasing energy consumption, the 
complexity of power systems is becoming increasingly apparent. The power network 
involves multiple links, including generation, transmission, distribution, and consumption, but 
also relates to environmental protection, energy security and economic efficiency and other 
factors. This diversity makes the power system show highly complex characteristics, which 
places stricter requirements on its management and control technologies. In the process of 
coping with the challenges of demand fluctuations, equipment failures and climate change, 
power systems urgently need to introduce intelligent technologies to achieve more efficient, 
stable and sustainable operation. 



 

 

For instance, power systems encompass a wealth of prior knowledge, and substantial data 
is generated during their operation and maintenance processes. Historically, this knowledge 
and data have been challenging to utilize effectively. One of the pressing issues in 
advancing power system intelligence is how to leverage prior knowledge, identify implicit 
operational patterns within the data more efficiently, and further support the reliable 
operation of power systems. 

In this context, the rise of knowledge graph provides new opportunities for power system 
intelligence. Knowledge graph integrates a large amount of heterogeneous data in a 
structured way, which can effectively represent complex relationships and knowledge and 
provide support for intelligent decision-making. Especially in the era of big data, the amount 
of data involved in the power system is exploding, and the use of knowledge graph can help 
the system to solve the problems of information silos, data redundancy and knowledge 
acquisition. 

Firstly, it can realize the comprehensive modeling of each component of the power system, 
improve the visualization and understanding of the system, and thus provide more intuitive 
decision-making basis for the operation and maintenance personnel. Secondly, by 
constructing knowledge graphs for equipment monitoring, fault diagnosis and load 
forecasting scenarios, it can improve the accuracy of power system fault identification and 
accelerate the speed of emergency response. In addition, the reasoning ability of knowledge 
graph can support intelligent trading in the power market, realize optimal allocation of 
resources, and improve economic efficiency. 

In summary, as the complexity of power systems increases and the demand for intelligence 
rises, knowledge graph, as an emerging knowledge representation, shows a wide range of 
application prospects in power systems. In this review, we will discuss in detail the basic 
concepts of knowledge graph, analyze the current status and challenges of its application in 
power system, and look forward to the possible future development direction. By 
summarizing the existing research results and practical experience, it provides reference 
and reference for promoting the intelligent construction of power system. 
 
2. AN OVERVIEW OF THE KNOWLEDGE GRAPH 
 
The concept of the Knowledge Graph was formally proposed by Google in 2012, aiming to 
create a more intelligent search engine. It began to gain popularity in academia and industry 
after 2013. At present, with the continuous development of intelligent information service 
applications, the Knowledge Graph has been widely used in various fields. 

The Knowledge Graph is a structured semantic knowledge base that represents entities and 
their interrelationships in the objective world in the form of graphs. Through effective 
processing, treatment, and integration of data from intricate documents, it is transformed into 
a simple and clear ternary structure of ‘entity, relationship, entity.’ Finally, it aggregates a 
large amount of knowledge, thus enabling rapid knowledge response and reasoning. 
 
2.1 the basic components of a knowledge graph 
 
The basic components of a knowledge graph are entities and edges. The nodes of the graph 
represent entities, the edges represent relationships between entities, and the associated 
attributes are used to characterize the entities. A visual representation of the power system 
knowledge graph is shown in Fig.1.In the diagram, each circle represents an entity (node), 
and the line connecting two entities represents the relationship between them. Entities are 
connected through relationships, forming an “entity-relationship-entity” triplet structure. Each 



 

 

entity can connect with multiple other entities, ultimately creating the structure of a 
knowledge graph. This structure clearly illustrates the hierarchy and relationships among 
various knowledge concepts, facilitating the representation of components within complex 
systems and their interconnections. 

The knowledge graph of a power system can be logically divided into two parts: the data 
layer and the schema layer [1]. The data layer is used to store facts and specific instances, 
encompassing concrete elements in the power system such as personnel, grid equipment, 
organizations, locations, time, and specific grid operations. In contrast, the schema layer 
mainly contains concepts, rules, axioms, and constraints, typically representing abstracted, 
conceptual terms within the power system, also known as the ontology [2]. In both layers, 
knowledge is stored in the form of "entity-relation-entity" triples or "attribute-value" pairs. 

In a power system knowledge graph, the schema layer provides the conceptual model and 
logical abstraction for the data layer, while the data layer serves as the instance and 
practical application of the schema layer. For example, the principle-based knowledge for 
handling dispatch incidents is stored in the schema layer, whereas the specific incident 
handling processes are reflected in the data layer. Given that the schema layer enables 
conceptualization and logical reasoning, it is generally considered the core component of a 
power system knowledge graph. 

 

 
 

Fig 1 Sample ofknowledge graph of power system 
 
For knowledge graphs specialized for professional applications in power systems, there are 
high standards for accuracy and depth of knowledge, making a well-defined schema layer 
essential. In more generalized applications of power system knowledge graphs, such as a 
"Power System Wikipedia" or a power policy knowledge graph, the emphasis is often on the 
richness of entities in the data layer. Such graphs typically struggle to build a comprehensive 
schema layer, and some may contain only a data layer without a schema layer[3]. 



 

 

The knowledge graph visually represents the relationships among information in the real 
world using a graph model. Since the introduction of the concept, the construction and 
application of knowledge graphs have rapidly developed, leading to the emergence of 
numerous open knowledge graphs, including WordNet[4], Dbpedia[5], NELL[6], YAGO[7], 
and Freebase[8]. Knowledge graphs reveal patterns of knowledge development and are 
applied in practical tasks, playing an increasingly important role in various fields, including 
semantic parsing[9], entity disambiguation[10], information extraction[11], and question 
answering[12]. 
 
2.2Methods of constructing knowledge graphs 
 
The construction of a knowledge graph is a systematic project involving several key steps, 
aimed at extracting, integrating, and organizing knowledge from heterogeneous data 
sources to facilitate subsequent information retrieval and reasoning. Generally, there are two 
approaches to constructing a knowledge graph: top-down and bottom-up. The top-down 
approach involves extracting ontology and pattern information from high-quality data using 
structured data sources, such as encyclopedic websites, and adding this information to the 
knowledge base. The bottom-up approach involves extracting resource patterns from 
publicly available data using specific technological means, selecting new patterns with 
higher confidence, and adding them to the knowledge base after manual review. Fig.2 
shows the basic technical architecture of knowledge construction. 
 

 
 

Fig2 Technical architecture of knowledge graph 
 
2.2.1 data acquisition and pre-processing 
 
Data collection is the first step in constructing a knowledge graph, which involves obtaining 
information from various data sources. These data sources may include databases, 
documents, web pages, and information presented in various forms. These data can be 
categorized into structured data, semi-structured data, and unstructured data. The common 
storage formats include SQL databases and NoSQL databases for subsequent processing. 
 
 



 

 

 
table1  Data Type 

 
Data type Definition Characteristics 

Structured 
Data 

Data arranged in a format that is easy for 
machines to read and search, with a well-
defined data model and structure 

Easy to seared and query; 
Fixed pattern; 
Can be easily analyzed. 

Semi-
structured 

Data 

Not conforming to a strict data model, 
but containing tags or other markup to 
separate semantic elements and describe 
the data 

Contains labels or tags; 
Does not follow a strict data 
model; 
Usually require 
specificparsers to parse 
andunderstand the data. 

Unstructured 
Data 

Data that does not have a predefined data 
model or is not suitable for storage in 
traditional relational databases, and data 
that is not organized in a fixed form, 
making difficult to automate analysis and 
processing. 

No fixed format; 
Difficult to machine read 
andanalyze; 
High storage andmanagement 
costs. 

Structured 
Data 

Data arranged in a format that is easy for 
machines to read and search, with a well-
defined data model and structure 

Easy to seared and query; 
Fixed pattern; 
Can be easily analyzed; 

 
After data collection, data pre-processing is crucial for ensuring data quality. The primary 
objective of data cleansing is to remove noisy data, duplicate records, and inconsistent data 
to ensure the accuracy and reliability of the dataset. Specific measures include noise 
removal, format standardization, handling of missing values, and more. In addition, for 
unstructured data, it is necessary to perform processes such as tokenization, removal of 
stop words, and stemming to prepare for subsequent analysis. 
 
2.2.2knowledge integration and reasoning 
 
The goal of knowledge fusion is to integrate identical or similar entities from different sources, 
eliminate redundancy, and construct a unified knowledge representation. This process 
involves data alignment, entity disambiguation, and knowledge updating and completion. For 
example, during entity disambiguation, contextual analysis can be employed to determine 
the precise reference of different entities that share the same name. 

Knowledge reasoning involves inferring new knowledge by utilizing the structure and 
relationships within the knowledge graph. Reasoning can be achieved through logical 
reasoning technologies (such as OWL, RDF, and other rule engines) and graph-based 
reasoning methods (such as shortest path analysis and adjacency reasoning). In recent 
years, graph neural networks and other deep learning methods have garnered increasing 
attention, as they can extract potential relationships from complex graph structures and 
enable efficient inference. 
 
3. KNOWLEDGE GRAPHS IN POWER SYSTEMS 
 
Based on application fields, knowledge graphs can be divided into two categories: general 
knowledge graphs and domain knowledge graphs [13]. The knowledge stored in general 
knowledge graphs encompasses comprehensive and common-sense knowledge that is not 



 

 

limited to specific application fields [14-15]. A typical application scenario is the intelligent 
search engine on the Internet. This type of graph has high requirements for knowledge 
breadth but relatively low requirements for knowledge accuracy. The domain knowledge 
graph is oriented towards specific industry fields and is also known as the industry 
knowledge graph [16]. The knowledge stored in this graph is mainly professional domain 
knowledge. 

The power system, as a complex and knowledge-intensive asset for electricity production 
and consumption, facilitates the conversion, interconnection, transmission, and interaction of 
various energy sources. It involves a systematic knowledge framework that encompasses 
multiple areas, including generation, transmission, transformation, distribution, and 
consumption. The power system knowledge graph is a technical form of knowledge graph 
technology applied in the power system domain, belonging to the category of domain 
knowledge graphs. Typical application scenarios include knowledge management, auxiliary 
analysis, and decision support [17]. 

The power system knowledge graph can be classified in various ways: based on the type of 
entities, it can be divided into text knowledge graphs, image knowledge graphs, and 
multimodal knowledge graphs [18]; based on the storage scale, it can be divided into single-
sample-based knowledge graphs and sample set-based knowledge graphs [19]; and based 
on the storage and expression modes of entity data, it can be classified as resource 
description framework (RDF) database knowledge graphs and graph database knowledge 
graphs [20]. 

In the Internet industry, knowledge graphs have become mature technologies after several 
years of development, including intelligent semantic search, mobile personal assistants, and 
in-depth Q&A systems. The core technology supporting these applications is knowledge 
graph technology. In the electric power sector, the application of knowledge graphs is still in 
its early stages. Simultaneously, the power system has a wide variety of data sources, which 
are highly structured; however, the correlation among the data is relatively low. Therefore, 
using a knowledge graph to conduct inductive analysis of different data within the power 
system is a promising choice [21].  

Knowledge graphs have already been implemented in the practical operation of power 
systems. In recent years, Fraunhofer’s "Industry 4.0" project has utilized knowledge graphs 
to optimize the management of real-time power resources, integrating distributed energy, 
grid topology, and other real-time data into the graph to support load management and 
predictive maintenance. This project enhances the grid's responsiveness and accuracy by 
linking data with real-time analysis and reasoning technologies, facilitating better integration 
of renewable energy and intelligent management of distributed power sources [22].  

Similarly, General Electric has applied knowledge graph technology in managing smart grid 
equipment, integrating data on equipment operation, maintenance records, and fault history 
into a unified graph model. The primary goal of this project is to optimize equipment 
management and improve system intelligence. Through the knowledge graph, the system 
can automatically analyze the health status of grid equipment and predict potential fault 
risks, supporting predictive maintenance and reducing the need for unnecessary manual 
inspections and unexpected breakdowns. 

This review categorizes the applications of knowledge graphs in power systems into three 
main aspects: grid data management and intelligent search, operation maintenance and fault 
handling, and power system operation management and decision-making. 



 

 

 
3.1Data management, intelligent search and Q&A 
 
The normal operation of the power system relies on data transmission and mutual 
cooperation among various business systems, which have been built in different years and 
on different platforms. Furthermore, the databases, operational platforms, and specific data 
structures they use may differ, leading to a large amount of heterogeneous structured and 
unstructured data in the automation system. Such data includes the topology of the power 
grid in various formats, operational data, power equipment information, geographic data, 
meteorological data, audio and video, as well as a substantial amount of text data in different 
formats. To enable communication and interaction among these heterogeneous data 
sources and facilitate information integration, the power system must implement numerous 
data conversion interfaces and intermediate links between different platforms. These data 
platforms are relatively independent of one another, resulting in a lack of connectivity 
between the data, which hinders rapid, cross-platform data retrieval and integrated 
management. Heterogeneous data management and integration have become bottlenecks 
that restrict the improvement of the power grid's automation level. 

Taking fault handling in power networks as an example, the scheduling work after a fault 
occurs mainly relies on the subjective decisions of operators. They must analyze the status 
and parameter changes of the grid in real time, identify the causes of the fault, and develop 
corresponding fault-handling measures [23]. This approach requires operators to repeatedly 
consult and memorize a large volume of fault-handling information, often found in non- or 
semi-structured text formats, such as system stability requirements, post-fault operating 
modes, and key points for fault resolution. Although traditional text retrieval methods that use 
keyword matching can provide paragraph location functionality, the search results are often 
fragmented and poorly organized, leading to incomplete retrieval and irrelevant answers. 
This can lead to oversights, thereby reducing the efficiency of emergency fault handling [24]. 
Therefore, there is an urgent need for methods in power systems to refine unstructured data 
into a systematic knowledge framework, assisting operators in quickly analyzing incident 
causes, comprehensively grasping key information for fault handling, and making informed 
decisions to enhance the grid's emergency response capability. 

The power system knowledge graph leverages the advantages of ontology and semantic 
web technologies in heterogeneous data integration and management. In the knowledge 
graph, entities can consist of data with different structures, and these entities are 
interconnected through relationships to form a mesh structure. By utilizing the power system 
knowledge graph, heterogeneous data within the power system can be effectively organized, 
stored, and queried, allowing for the construction of a knowledge base for grid operations 
that can be shared across various business systems. Typical business scenarios for the 
power system knowledge graph in heterogeneous data management include energy data 
management within the energy internet and power equipment information management 
which contains heterogeneous information of many equipment, so as to establish a unified 
data center for the whole business in power system. 
 



 

 

 
 

Fig.3 Intelligent searching application architecture 
based on knowledge graph of electrical equipment 

 
The data center will organize the heterogeneous data collected and scattered across various 
professional databases to achieve unified knowledge management, data correlation 
reasoning, and data retrieval services across disciplines. The unified data center can enable 
'one entry, whole system use' of data in the power system, ensuring the authenticity, integrity, 
and consistency of data, while reducing the human resource costs required for cross-
disciplinary data retrieval and communication. Building on the data center, we can further 
develop an intelligent retrieval and Q&A system based on the power system knowledge 
graph, as shown in Fig.3 

Peng Chen et al.[25] explored the development of a knowledge graph-based question-and-
answer system for power equipment defects. The system utilizes natural language 
processing technology to automatically answer questions regarding power equipment 
defects by understanding and analyzing user inquiries. This paper presents the 
implementation method and technical approach of the system, verifying its effectiveness 
through experiments. The results demonstrate that the system can accurately recognize 
user intent and provide corresponding answers. This research is highly significant for 
improving the fault diagnosis efficiency of electrical equipment and reducing maintenance 
costs. 

Hu Zhiqiang et al. [26] proposed a question-answering system for the wind power assembly 
process, which integrates multimodal knowledge graphs and large language models. As 
shown in Fig.4, the system first employs keyword matching, using tags in the sequence and 
graph pattern layers as category keywords to obtain more detailed parsing results. At the 
same time, to avoid errors or omissions of entities, the Sentence BERT model is also utilized 
to determine the nodes corresponding to the header text entities. This paper introduces a 
novel approach for applying multimodal knowledge graphs in power systems. 



 

 

 
 

Fig4  Technical route of wind power system assembling Q&A system 
 
3.2Operation and maintenance of equipment 
 
The assessment of the status of power equipment—such as generators, transformers, and 
relay protection devices—includes tasks like wind turbine status prediction, transformer 
residual life estimation, and transmission line condition monitoring, which are of significant 
theoretical importance for ensuring the safe and stable operation of power systems [27]. At 
the same time, resource scheduling and optimization in the power system are core activities 
to ensure the reliability, economy, and efficiency of power supply. It involves the collective 
allocation and management of various resources in the power system to meet established 
power demand and policy objectives. 

The power distribution network, as a complex system with vast amounts of data [28], has 
reliability that directly affects electricity users. Therefore, during scheduling, the emergency 
response capability and efficiency in handling faults within the distribution network are 
particularly important for its operation [29]. Traditional manual inspection and diagnostic 
work methods are increasingly inadequate due to high labor costs, a singular diagnostic 
approach, and decentralized data management, failing to meet the real-time and efficient 
diagnostic requirements for power equipment. As a result, substation inspection faces 
significant challenges, and the trend toward using intelligent devices to replace manual 
inspections has become inevitable. When power equipment in a substation fails during 
operation, it can lead to widespread and large-scale power outages, resulting in significant 
losses to the national economy and industrial production. Therefore, ensuring the safety of 
the power supply has become crucial for safeguarding national strategic energy security, 
particularly by enhancing the intelligence of the power system to ensure stable operation. 

Currently, researchers have proposed various systems to analyze grid faults, such as fault 
recording systems and power quality monitoring systems. These systems handle large-scale 
data by recording, calculating, and analyzing to fulfill the functions of different fault analysis 
systems. However, they overlook a substantial amount of implicit electrical text corpus, 
leading to poor interpretability. Intelligent inspection is a crucial service method for ensuring 
the safe, stable, and economical operation of the grid and power equipment. Combining 
knowledge graph technology with visual inspection algorithms offers a new and efficient 
decision-making approach in the field of intelligent inspection [30]. Knowledge graphs can 
effectively transform the complex, multi-structured data involved in fault handling in 



 

 

distribution networks into actionable knowledge, enabling efficient text data mining while 
enhancing interpretability, thereby better supporting decision-making related to fault types. 

Zhao Zhenbing et al. [31] proposed a method for recognizing missing pin bolts in 
transmission lines based on graph knowledge reasoning. The method first learns category 
representations of various types of bolts with discriminative features through the knowledge 
expression module and then further explores the correlations between bolt types in the 
dataset to extract label co-occurrence information. Finally, the category representation is 
used as the input feature to characterize the label co-occurrence information with correlation 
probability matrices from static and dynamic diagrams. Knowledge propagation and 
enhancement of the diagram knowledge are completed through the knowledge inference 
module to achieve recognition of missing pin bolts. The experimental results demonstrate 
that this method is more effective than others in recognizing missing pin bolts and improves 
recognition accuracy. 

Zheng Jieyun et al. [32] proposed an intelligent planning method for distribution networks 
based on knowledge graphs and graph convolutional neural networks, aiming to improve the 
efficiency and reliability of equipment selection, connection configuration, and grid layout. 
This method utilizes knowledge graph (KG), graph neural network (GNN), and convolutional 
neural network (CNN) technologies to establish the KG for the power network and employs 
GNN to analyze the structural data of the power network to capture relationships and 
impacts between equipment. Finally, CNN is employed to enhance the physical layout of the 
power grid, determining the optimal location and connection mode for equipment to improve 
performance and reliability. Experimental results indicate that this method can more 
effectively address the complex topological structure of the power grid and is better suited 
for processing and optimizing its physical layout. 

Xiaolu Li et al. [33] utilized knowledge graph technology to develop a solution for wind 
turbine operation and maintenance data and proposed a method for constructing a 
knowledge graph specifically for wind power operation and maintenance. The method 
encompasses entity extraction, fault type identification, relationship extraction, and 
knowledge processing. By effectively managing and processing wind power O&M data, the 
method improves the efficiency of fault diagnosis and auxiliary operations, reduces the 
downtime of O&M units, and ensures power generation. Additionally, the method is 
characterized by its ability to meet the dynamic updating requirements of time-varying data, 
making it adaptable to ever-changing business needs. The experimental results demonstrate 
that the method can effectively identify different fault types of wind turbines and extract key 
entity and attribute information, providing robust support for the operation of wind turbines. 

Ma Fuqiet al.[34] proposed a three-in-one reasoning method that integrates rule, logic, and 
path reasoning, combined with the specificity of knowledge related to electric power 
production safety, as shown in Fig.5. This method dynamically adjusts the candidate 
domains through reasoning and comparative analysis, achieving inter-class and intra-class 
categorization and target localization. 
 



 

 

 
 

Fig5  Target detection framework for high discrimination characterization  
of similar power production safety objects 

 
3.2Operation and maintenance of equipment 
 
With the rapid development of information technology, power electronics and communication 
technology, the traditional power grid is being transformed into a smart grid. The basic 
requirement of a smart grid is to enable the operation center to collect electricity data 
through user-equipped smart meters, thereby obtaining real-time electricity data from all 
users within its jurisdiction. This capability allows for dynamic electricity dispatching and 
pricing operations[35]. and intelligent operation and maintenance and decision-making, as 
an important part of the smart grid, is increasingly becoming a key means to ensure the 
efficient, reliable and sustainable operation of the power system. Power system scheduling 
decision-making is essentially a multi-dimensional data processing and reasoning process, 
the data to be processed not only contains the actual state of the current grid and the 
specific information of the accident, but also contains the scheduling specifications, fault 
handling plans, the existing accident handling process and experience. 
 

 
 

Fig 6 Application architecture of  
power system aided intelligent decision-making 
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Scheduling decision-making is the process by which the dispatcher, based on multi-
dimensional data, combines their work experience and professional knowledge to reason 
about the causes of accidents and disposal methods, formulating decisions to isolate faults, 
reduce outage losses, and restore the electric power system to its normal operational state. 
Existing scheduling automation systems cannot comprehend the deeper meanings of this 
multi-dimensional information and cannot utilize this data for accident disposal reasoning 
and decision-making. As a result, current grid scheduling still relies on the dispatcher’s 
manual decision-making. Moreover, the dispatcher’s ability to handle large volumes of 
information is limited by human reaction speed and cognitive capacity, making it difficult to 
accurately identify faults in a timely manner amidst the massive fault information and make 
informed decisions. Additionally, the experience of dispatching experts is often difficult to 
pass on and accumulate. The power system knowledge graph can facilitate auxiliary 
decision-making in power system dispatching. 

Currently, typical scenarios for the power system knowledge graph in assisting decision-
making include grid scheduling control and the intelligent management of power 
communication networks. In intelligent power grid scheduling, Fu Xin et al. [36] designed a 
monitoring and analysis system for power grid operations based on knowledge graph 
technology, which consists of three layers: a perception layer, a cognitive layer, and an 
application layer. The perception layer utilizes artificial intelligence technology to intelligently 
transform the information collected from terminal equipment. The cognitive layer employs 
search engines, knowledge graphs, and deep learning technologies to transform massive 
data, business designs, and citations into multi-dimensional and systematic knowledge 
resources, providing capacity support for the application layer's functions. The application 
layer offers proactive services based on the knowledge graph of the grid, including intelligent 
search, intelligent push notifications, and intelligent decision-making, aimed at promoting the 
continuous improvement of the power grid's lean management level. 

Additionally, in the context of auxiliary decision-making for power grid faults, existing fault 
scheduling requires control personnel to maintain a comprehensive awareness of the grid's 
status and data [37]. By using fault information as a focal point, they must coordinate various 
departments to develop quick and accurate responses and work deployments based on 
scheduling regulations, safety protocols, fault response plans, historical fault records, and 
operational experience, ensuring that the distribution network can safely and stably return to 
economic operation in a short time. This approach relies heavily on experience and manual 
analysis, highlighting the connection between knowledge and experience [38]. 

The personnel’s understanding of fault handling knowledge, their experience in processing 
faults, their ability to reference information, and their logical judgment skills often determine 
the effectiveness of fault resolution [37]. Enhancing decision-making capabilities in fault 
management can standardize operational practices, reduce errors and safety incidents, 
optimize response strategies, and improve overall work efficiency. Meanwhile, the 
knowledge graph can extract, express, learn, organize, and store the multidimensional data 
required for accident handling. When an accident occurs, the knowledge graph can be 
queried and reasoned based on the characteristics of the incident, providing relevant 
knowledge and decision-making schemes as auxiliary references for the dispatcher. Some 
non-critical aspects of accident handling, such as initial fault reports, protection information 
summaries, log records, and information notifications, can be efficiently managed by directly 
accessing relevant modules from the knowledge graph, thereby minimizing interruptions to 
the dispatcher during the incident response. 

Wang Jundong et al. [38] developed an auxiliary dispatching decision system based on the 
knowledge graph for distribution network fault dispatching. In this study, the entity 



 

 

component of the graph is constructed based on dispatching rules and safety regulations. 
TF-IDF and Text Rank algorithms are employed to extract electrical power terms, 
supplemented by screening methods combined with data sources. Using the experience of 
regulators as a data foundation, we thoroughly investigated the actual work of fault 
scheduling and established logical relationships combining time, scenarios, and specific 
tasks. This method considers real-world scenarios of regulatory and operational tasks, 
making it both scientific and practical. It can enhance the dispatcher’s fault management 
capabilities and the safety operation level of the distribution network, providing a new 
approach for establishing an auxiliary decision-making system for power grid faults. 

Additionally, electricity prices exhibit non-stationary and non-constant characteristics in 
energy markets, leading to significant anomalies. These factors increase uncertainty and 
complexity in the electricity market, resulting in challenges in short-term price forecasting. 
Short-term price forecasts in modern smart grids can help power companies develop more 
effective strategies to meet the diverse electricity demands of various consumers[39]. In this 
context, Hu Yanmei et al. [40] proposed a multi-kernel extreme learning machine (MKELM) 
for short-term electricity price forecasting and classification based on predefined price 
thresholds. This method offers significant advantages over traditional extreme learning 
machines (ELMs) that use random weights between the input and hidden layers. Additionally, 
the study employed the water cycle algorithm (WCA) to optimize the MKELM method, 
resulting in the WCA-MKELM approach, which aims to enhance the accuracy of short-term 
price forecasting and classification. 

The reasoning process of the knowledge graph, based on logical symbols, can be explained 
to users, and understanding this decision-making process can enhance trust in the results, 
thereby increasing the utility of assisted decision-making. Based on the outcomes of each 
decision-making practice, the knowledge graph can be continuously updated and improved, 
providing comprehensive, multi-level, and dynamic support for decision-making. 
 
4. DEVELOPMENT TRENDS AND TECHNICAL CHALLENGES 
 
With the rapid development of the electric power sector, digital transformation has emerged 
as one of the primary directions for industry development. The knowledge related to power 
systems is vast and complex. As a powerful tool for knowledge expression, organization, 
and connection, the knowledge graph can intuitively and structurally describe various 
complex concepts in the field. In the context of the digital transformation of the power grid, it 
will be widely used. Currently, the power industry has the data and technical foundation to 
implement knowledge graphs, and some companies have begun pilot applications in areas 
such as equipment management and intelligent dispatch. However, challenges such as data 
integration difficulties, insufficient knowledge formalization, and lack of standards continue to 
limit large-scale adoption. To achieve widespread application, further efforts are needed to 
advance data cleansing and integration, standardization, and the development of 
multidisciplinary talent. 

A comprehensive overview of the application of knowledge graphs in power systems 
suggests that future development trends can be summarized as follows: 

1. Power System Operations and Maintenance. The knowledge graph has significant 
potential in the field of power grid operations and maintenance. Operation and 
maintenance of the power network is an extremely complex task due to the intricate 
nature of the power system, which impacts the entire network. Therefore, every decision 
in power grid operations and maintenance must be thoroughly considered. By integrating 
knowledge graphs, these complexities can be better managed. 



 

 

2. Construction of Smart Grids. Smart grids are built on integrated, high-speed, two-way 
communication networks, utilizing advanced sensing and measurement technologies, 
sophisticated equipment technologies, advanced control methods, and decision support 
systems to ensure the reliability, security, economy, efficiency, environmental friendliness, 
and safe operation of the power grid. In the construction of smart grids, knowledge 
graphs play a crucial role. Compared to other methods, knowledge graphs have unique 
advantages in data integration and knowledge modeling, as well as in intelligent 
scheduling and optimization of power grids. 

3. Multidisciplinary Integration. The safe, reliable, and high-quality operation of the power 
grid is significantly influenced by environmental factors, such as weather conditions and 
ambient temperature. Therefore, in the operation and maintenance of power grids, it is 
essential to consider the impact of these conditions. Knowledge graphs can be integrated 
with meteorological data to inform grid scheduling decision-making. Additionally, 
economic factors must also be considered in grid operations, which can be integrated 
with interdisciplinary knowledge graphs. 

The application of knowledge graphs in power systems is still in its early stages, leaving 
many challenges for future researchers to explore. Here are a few examples to highlight 
some key difficulties: 

1. Data Collection and Integration Challenges: Power system data comes from various 
sources, including SCADA systems, smart meters, sensor networks, and historical fault 
records. These data sources differ in structure, format, and sampling frequency, making it 
quite difficult to integrate this heterogeneous data into a unified knowledge graph. 
Additionally, the field of power operations and maintenance continuously generates vast 
amounts of new data. Integrating new data dynamically and in real time with existing 
data[41], while maintaining real-time updates to reflect the grid’s current state and even 
inferring relationships among data points, poses a significant challenge for the application 
of knowledge graphs in power systems. 

2. Complex Domain Knowledge Modeling: Power systems encompass complex domain 
knowledge, such as grid topology, equipment hierarchies, and fault patterns. Accurately 
mapping this knowledge into a knowledge graph while ensuring that definitions of entities 
and relationships meet industry standards in power engineering requires extensive 
domain expertise. Moreover, these models need continual updates to stay relevant. 

3. Privacy and Security Concerns: As a critical infrastructure, power systems are highly 
sensitive. Knowledge graphs may contain sensitive information on equipment, 
operational data, and more, posing potential security and privacy risks. Ensuring data 
security and confidentiality during the construction and application of knowledge graphs 
is thus a crucial challenge. 

 
 
5. CONCLUSION 
 
This paper primarily discusses the application of knowledge graphs in power systems. Firstly, 
it presents the background of the field, followed by an introduction to the concept and 
construction steps of knowledge graphs. It then discusses the current development status of 
this field from three perspectives: data management, intelligent search and in-depth Q&A, 
equipment operation and maintenance, and power system operation management and 
decision-making, and finally looks forward to the development prospects. 



 

 

In recent years, the rapid development of artificial intelligence has significantly enhanced its 
application in power systems, contributing to the intelligent development of the power grid 
and improving productivity. Security, stability, high quality, and economic efficiency are 
fundamental requirements for power system operation. Knowledge graphs have significant 
potential for managing complex data and knowledge associations, which are crucial for 
addressing the complexities of power systems. Their large-scale application is a general 
trend. This paper summarizes the development of the field regarding knowledge graph 
applications, providing valuable insights for researchers and power grid professionals. 
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