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With the construction of a new power system and the proposal of a double carbon goal, power system operation data are growing explosively, and the optimization of power system dispatching operation is becoming more and more complex. Relying on traditional pure manual dispatching is difficult to meet the dispatching needs. The emerging knowledge graph technology in the field of the artificial intelligence technology is one of the effective methods to solve this problem. Because the topological structure of the power system itself is consistent with the relational structure of graph theory, through the establishment of a relevant knowledge graph, the real operating state of the power system can be restored to the maximum extent by effectively preserving the correlation implicit in the data. Meanwhile, expressing the hidden knowledge in the power system dispatching operation in the form of a knowledge graph has become the focus of research at home and abroad. This study summarizes the development of the knowledge graph technology from the aspects of knowledge extraction, knowledge representation learning, knowledge mining, knowledge reasoning, knowledge fusion, and the application of knowledge graph and introduces the application and prospect of knowledge graph in the power system dispatching operation from the aspects of the auxiliary optimization decision, vertical risk control, operation mode analysis, optimization model improvement experience, and super regulation parameters.
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1 INTRODUCTION
The power system is an ultra-large-scale industrial system that strictly follows the laws of physics. The dispatching system plays an important role in ensuring the safe, stable, and reliable operation of the power system. Traditional power dispatching relies on power dispatchers to make manual judgments and implement dispatching operations based on the actual operation of the power system in accordance with the dispatching regulations and plans, supported by professional knowledge and artificial experience. This process is quite complicated and excessively depends on the experience of dispatchers (Zhang et al., 2021a). In recent years, with the development of the power system, the traditional dispatching methods have been unable to meet the dispatching needs. The new power system has higher requirements for the processing of power data, for the following two reasons:
1) As the environmental problems caused by carbon emissions come into focus worldwide, the development of new energy has ushered in a new wave (Seferlis et al., 2021). The continuous development of distributed power generation has made the components of the power system more and more complex, and the instability of its operation has increased significantly, resulting in a significant increase in the breadth, dimensionality, and efficiency of power data processing requirements for power dispatch operations. It is difficult to meet with traditional purely manual dispatching operations (Liu et al., 2021; Li et al., 2020);
2) With the development of marketization, it is increasingly difficult to predict users’ electricity consumption behavior. Therefore, the evaluation and prediction of this behavior based on massive historical data play an important role in grid marketization transactions and real-time voltage balance. Also, it is difficult to effectively use these historical data with human resources (Guo et al., 2021a).
In order to adapt to the situation that power dispatching has higher and higher requirements for data processing, artificial intelligence represented by deep learning is gradually applied in various business fields of dispatching operation (Madan and Bollinger, 1992; Saqib et al., 2020). In recent years, the integration of the artificial intelligence technology and other disciplines has promoted the artificial intelligence technology to become the technical support for the rapid development of various industries, among which the knowledge computing engine and knowledge service technology have provided inexhaustible power (Benjamins, 2013).
As the size of the power system continues to increase, new elements in the system increase, which makes the massive and diverse structured and unstructured data in the power grid grow rapidly and presents the situation of the complex structure and a wide variety. The requirements for data analysis and understanding have far exceeded the physiological limit of human beings. Therefore, the dispatching operation is no longer satisfied with data mining and application. It faces the technical bottleneck of converting data into knowledge. Combined with the current development of the mobile Internet, the Internet of Things has become an inevitable trend of historical development. Previous AI techniques have focused on analyzing individuals within a single or small system. However, in the era of the Internet of Things, the analysis of the relationship between individuals in large-scale systems has also become a part that cannot be ignored, and its data happen to be the most valuable material for analyzing the relationship. As a complex non-linear operating system, the ultra-large-scale power system has accumulated massive amounts of data in many years of operation, but it still employs the traditional management mode based on manual experience or the exploration of intelligent operation schemes based on data. The massive amount of equipment and a huge amount of data connected to the system have not yet truly realized the Internet of Things. It is one of the effective means to improve data utilization and solve current scheduling problems by constructing a relevant knowledge map of the power system and transforming the mass data accumulated in the power system into knowledge form. By abstracting and converting information and data in a given context and the application of data and information, knowledge arises (Rowley, 2007). Therefore, the knowledge graph is expected to become the core technology of the next-generation dispatching system.
Based on this, this study briefly describes the development process of the knowledge graph by combining the development of the artificial intelligence technology, the demand analysis of the power system for the artificial intelligence technology, and the introduction of the origin and basic technology of the knowledge graph. Finally, it summarizes and forecasts the application scenarios and prospects of the knowledge graph, which provides a useful reference for its further application in power system dispatching operations.
2 BASIC CONNOTATION AND APPLICATION OF THE KNOWLEDGE GRAPH
The knowledge graph is a structured semantic knowledge base representing entities and their relationships in the objective world in the form of a graph (Yan et al., 2018). In the knowledge graph, attribute features of entities are represented by attribute-value pairs, and the basic constituent unit of inter-entity relations is the triad of entity-relationship-entity (Hogan et al., 2021). Therefore, the knowledge graph can be expressed as: G=(E,R,S), where E = {e1,e2,…,e|E|} denotes there are |E| distinct entities in the entity set; R = {r1,r2,…,r|R|} denotes there are |R| different kinds of relations in the set of relations; S⊆E×R×E is a collection of triples in the knowledge base.
The knowledge graph is essentially a kind of semantic web (Li et al., 2019; Wang et al., 2018), and its development can be traced back to the mapping knowledge domain (Garfield, 1955), which is put forward in the 1950s, and the semantic network (John, 1991). With the advent of the era of big data, traditional unilateral technologies such as data processing, knowledge representation, and natural language processing can no longer meet the needs of scientific research and application. Sheth and Kellstadt. (2020) and Shi and Zheng. (2006) described the urgent need for new and effective methods of massive data processing in various fields. The knowledge graph, which integrates multiple technical genes, provides the possibility of transferring from data intelligence to knowledge intelligence. As a result, it becomes the focus of researchers’ attention. As shown in Figure 1.
[image: Figure 1]FIGURE 1 | Impact of the knowledge graph on the age of artificial intelligence.
The construction of the knowledge graph framework can be roughly divided into four processes, namely, knowledge extraction, knowledge representation learning, knowledge mining, and knowledge reasoning and fusion (Wu et al., 2018). The following is a detailed introduction of key technologies for constructing a knowledge graph based on the relevant research literature.
2.1 Knowledge Extraction
Knowledge extraction plays a decisive role in the process of constructing a knowledge graph. The quality of the extracted knowledge directly affects the quality of knowledge graph construction. It is mainly divided into three steps: term extraction, relationship extraction, and concept extraction (Wu et al., 2018).
Term extraction is the first step of knowledge extraction, and there are many methods to realize it, including four-term extraction methods (Etzioni et al., 2008) based on dictionaries, rules, statistics, and machine learning. The second step is relation extraction, and the difficulty is mainly the extraction of synonymous relations (Zhou et al., 2014). The last step is concept extraction (Fu et al., 2020). Currently, the commonly used concept extraction method is based on linguistics or statistics.
2.2 Knowledge Representation Learning
Knowledge can only be processed by a computer after reasonable representation, and it can be expressed as a database that can be understood by a computer (Dettmers et al., 2017), (Viloria and Lezama, 2019). The traditional RDF triplet knowledge representation has some problems such as low computational efficiency and severe data sparsity, so the domestic and foreign scholars begin to focus more on knowledge representation learning. Zhang et al. (2020a) point out that knowledge representation learning can significantly improve computing efficiency, effectively alleviate data sparsity and realize heterogeneous information fusion, and has important applications in similarity calculation and knowledge graph completion.
Traditional knowledge representation learning models include TransE, TransR, TransD, TransG, and TransH models (Cesar et al., 2019). Subsequently, many scholars improved them and proposed more advanced models such as PTransE (Lin et al., 1506), TransR-DT, TranSparse, and ITMEA models. In addition, in order to deal with some problems of specific conditions in specific fields, some scholars have proposed some novel methods like JAPE (Hu and Li, 2017), ConvE (Dettmers et al., 2017), MGTransE (Warren et al., 2019), MKRL (Tang Xing et al., 2019), and KG2E (Lei et al., 2020). Getting to the essence, knowledge representation is dedicated to finding suitable lh and lr for each triple (h, r, t) to vectorize the head entity and tail entity. The relation lr is the translation from the head entity vector lh to the tail entity vector lt, such that lh + lr ˜ lt.
2.3 Knowledge Mining
Knowledge mining mines out new relationships and completes the information of the knowledge graph (Zhang et al., 2021b). Knowledge mining refers to employing link prediction, neural network technology, decision tree, and other methods to mine and supplement the implicit knowledge of the knowledge graph. It is the technical basis for knowledge reasoning and fusion, and indispensable technical means in the construction of large-scale knowledge graph, which mainly can be divided into three branches: clue mining, relationship reasoning, and relationship prediction (Chen et al., 2015).
Clue mining is an important means of realizing entity relationship mining through graph processing methods such as the subgraph construction and link branch search (Kumar et al., 2008). Hossain et al. (2012) and Fang et al. (2011) used the techniques of relationship classification and correlation analysis to mine the potential entity relationships of the knowledge graph. Both these methods analyze the entities of the entire knowledge base one by one, which are not suitable for large-scale knowledge graphs due to a large amount of computation and inflexibility.
Different from clue mining, relationship reasoning focuses on reasoning only about the connection relationship between two entities. At present, there are two common relational reasoning methods, which are rule-based and probabilistic graph-based. The former mostly uses machine learning-related technologies such as Horn clauses or inductive logic (FOIL) (Mitchell et al., 2009) to reason about potential relationships between entities, while the latter tends to effectively classify the entities and relationships in the knowledge base to form the Markov logic network, from which the underlying relationships between entities are inferred.
Relationship prediction is mainly to solve the problem that the relationship between entities in the knowledge base may change with the influx of new information or the development of time. Jia et al. (2013) used the unsupervised machine learning technology to predict the implied in online data for web pages and achieved good results. Relationship prediction technology is the basis for the real-time update of the knowledge graph. It is also an important means for expanding the scale of the knowledge graph and a key research direction in the future.
2.4 Knowledge Reasoning and Fusion
Knowledge reasoning and fusion is the core step in the construction of a knowledge graph. It is actually to realize the real-time update of the knowledge graph. As mentioned in the previous relationship prediction, the real-time update of the knowledge graph is mainly due to the need to continuously add new information and knowledge and the possible changes in the relationship among its internal entities when the content of the knowledge graph changes. At present, domestic and foreign scholars have not performed in-depth research on the update of knowledge graphs, and their related implementation methods mostly stay in the manual update. In other words, the few auto-update technologies available are not very practical.
In order to meet the demand for automatic updating of the knowledge graph, automatic updating usually involves applying algorithms such as machine learning to the knowledge graph and automatically seeking updating requirements and implementation methods through continuous self-training. In terms of automatic updating, the data of the NELL (Jia et al., 2014) system comes from the Internet, and it has formulated a self-correction system during the construction of the database to realize self-correction and automatic update functions. The YAGO2 (Hoffart et al., 2013) system assigns the entity a time attribute. As time changes, the corresponding state or relationship of the entity is automatically updated, according to the internal recognition function of the system.
2.5 Application of the Knowledge Graph
The research on knowledge graphs has just started, and there is still a long way to go for the research on the application of knowledge graphs in various fields. At present, the applications of knowledge graphs are roughly divided into two categories: the general domain knowledge graph applications and the specific ones.
For general fields, semantic search and intelligent question answering are two common ones. Semantic search not only greatly improves the accuracy and predictability of search engines such as Google and Wiki but also injects new vitality into the analysis of abnormal crowd behaviors (Hatirnaz et al., 2020), the power field (Chen et al., 2020), and domain of World News (Kallipolitis et al., 2012).
With the rapid increase in the research interest in intelligent question-answering systems in recent years, the aforementioned systems based on the knowledge graph have been applied in many fields, such as high school education (Yang et al., 2021), medical field (Jiang et al., 2021a), speech interface (Kumar et al., 2017), and tourism (Do et al., 2021).
For specific fields, the current application of knowledge graphs in many fields is imperfect. It has only made achievements in a few fields. The more representative ones are the field of traditional Chinese medicine (Yu et al., 2017; Xiong et al., 2021), the financial field (Ma et al., 2021), and the field of computer technology (Chen, 1992).
Although the application of knowledge graphs in specific industries has just started, it can be found that the introduction of knowledge graph technology has brought great convenience and practicability to the development of various industries and also helped break through many technical problems that could not be broken before.
3 FRAMEWORK AND KEY TECHNOLOGIES OF KNOWLEDGE GRAPH APPLICATION IN POWER SYSTEM DISPATCHING OPERATION
At present, the application of artificial intelligence technology in the power system is at a relatively mature stage. A large number of new technologies are applied to multiple professional fields of dispatching operation.
In the field of load forecasting, the convolutional neural network (Yin and Xie, 2021; Sheng et al., 2021), long short-term memory network (Guo et al., 2021b; Zhang et al., 2020b), and deep recurrent neural network (Shi et al., 2018) play an important role in time series prediction. In terms of fault diagnosis, deep belief networks (Peng et al., 2018; Yu et al., 2018) and convolutional neural networks (Zera and Ayati, 2021; Do et al., 2020) are widely used in system feature extraction and classification recognition. Meanwhile, a large number of artificial intelligence technologies are applied in the optimization control of the power system, which is concentrated in the reactive voltage control (Sulaiman et al., 2015; Molzahn et al., 2017) and automatic generation control (Zhang et al., 2021c; Xi et al., 2021). Artificial intelligence technology has achieved satisfactory results in the aforementioned fields. In the field of data quality, Hu et al. (2021a) proposed a generative adversarial network based on the tri-networks form (tnGAN) to handle leak detection problems with incomplete sensor data. Hu et al. (2021d) proposes a hierarchical data recovery method based on generative adversarial networks (GANs).
In the process of development of the artificial intelligence technology, it has gradually encountered the bottleneck of data processing and management. The knowledge graph is the core of the new generation of the data system. Experts and scholars have carried out a lot of targeted research on this (Table 1 for details):
TABLE 1 | Research on the application of knowledge graphs in the field of power system dispatching.
[image: Table 1]In terms of power dispatching, Fan et al. (2020); Li. (2019); Jin. (2020); and Dou and Wang. (2020) integrated the knowledge graph into the dispatching domain, which provides a new idea for auxiliary decision-making of the dispatching system. In the study by Ji and Wang (2020), the entities and characteristics of power entity recognition are analyzed, the mechanism of entity recognition is clarified, and entity recognition techniques are analyzed in the context of the power domain. Ong and Karmakar. (2022) proposes a method of embedding energy storage into a knowledge map. Chun and Jung. (2020) proposed an energy knowledge graph (EKG) as an upper schema for the integration of knowledge resources in energy systems. Zhao and Zhao. (2020) shows that the knowledge graph can be applied to the whole power processing procedures, such as electric power-production, operation and marketing procession, and electric power equipment operation and maintenance, as well as customer service. Gao et al. (2020) targeted the distribution network topology and proposed “a picture of the power grid” to build a new generation of operation and command system platform; Jiang et al. (2021b)transformed the natural languages in different files into nodes and relationships in the knowledge base and realized an intelligent retrieval function. Chai. (2019) designed a knowledge graph framework in the power field. The framework includes basic applications such as fault handling, work order processing, and intelligent question and answering.
The mainstream research work of scholars on the knowledge graph is concentrated on the power operation maintenance and overhaul (Hu et al., 2021b). Liu. (2022) proposed a concurrent fault diagnosis method for power equipment based on graph neural networks and knowledge graphs, which can achieve the effectiveness and robustness of concurrent fault mining. Yan et al. (2021) presented the graph-based knowledge acquisition method with convolutional networks for distribution network patrol robots which can analyze the defects effectively; Tang Yachen et al. (2019) proposed a graph search method for exhaustively searching for desired information to improve the efficiency of power equipment management; considering the contents and requirements of power grid dispatching business and the internal relationship of basic theoretical knowledge of power grid operation analysis, Gai et al. (2021) provided a method of constructing AC/DC power grid dispatching knowledge property graph; moreover, knowledge graphs have many research results in power equipment (Hu et al. (2021c), substations (Chen et al., 2021), and secondary equipment (Liu and Ji, 2021).
In addition, some scholars are committed to developing power marketing systems embedded in the knowledge graph. For example, Zhang. (2016) investigated how to leverage the heterogeneous information in a knowledge base to improve the quality of recommender systems. Yih. (2015)discussed three-level customer service knowledge graph construction and its knowledge reasoning mechanism; for the problem of ambiguity in Chinese expression in the customer service question and answer system, Pan and Yang. (2021) introduced the LSTM attention model to improve the answer quality of the knowledge graph.
Moreover, the knowledge graph has the following applications in power grid dispatching. Wang and An. (2021) proposed a method to identify the topology of a power network based on a knowledge graph and the graph neural network, and it can accurately identify network topology even in the presence of conflicting and missing measurement-related information. Wang and Zhang. (2021) explored and developed an intelligent robot for dispatching and controlling to ensure power supply based on multivariate information, which realizes the functions of interface integration of various service platforms, visualized monitoring of power supply information, and release and submission of power supply information.
3.1 Overall Framework
Combined with the current research technology of the knowledge graph and the requirements in the field of power system regulation and control, the basic framework of the knowledge graph applied to dispatching operation is proposed from the aspects of basic data, data processing, knowledge extraction, graph construction, and graph application, as shown in Figure 2.
[image: Figure 2]FIGURE 2 | Power system dispatching operation knowledge graph framework.
The knowledge graph adapted to the field of large-scale power systems should have the following technical characteristics:
1) Spatiotemporal dynamic characteristics: A timestamp system should be built for the basic attributes such as entity id and name and characteristic attributes such as power and power flow in the knowledge graph according to the time-varying characteristics of the power system. Update of extreme values should be formulated, and the dynamic information of the knowledge graph should be updated in real-time while the system is running to meet the needs of synchronous circulation of the knowledge graph and power system;
2) Multivariate data fusion: The power system dispatching field has characteristics such as huge data volume, diverse data types, and high-speed data value. In the construction process, data from multiple sources such as image recognition, semantic analysis, and equipment monitoring are integrated into the knowledge graph. A rich data foundation should be provided for realizing potential relationship mining;
3) Field business crossover: Combining the differences in business requirements such as communication, relay protection, and automation in the power system dispatching field, a business knowledge graph should be built in a refined, standardized, and differentiated manner. Cross-flow processes should be systematically built between different businesses to establish a complete domain knowledge graph for the field of dispatching.
3.2 Knowledge Graph Support Scenario for Dispatching Operation
The multi-level knowledge graph architecture suitable for power system dispatching operation business is shown in Figure 3. It takes the physical layer knowledge graph as the core and fits the graph theory. This layer constructs the power system graph according to the real power grid topology. The data layer corresponds to the actual operating conditions of the power grid and works with the physical layer to build a real-time updated dynamic power dispatch knowledge graph. The advanced application layer provides external technical support such as load forecasting and dispatching decisions for the dynamic knowledge graph.
[image: Figure 3]FIGURE 3 | Multi-level knowledge graph for power system dispatching operation.
3.2.1 Auxiliary Optimization Decision
With the massive new energy incorporated into the power grid, the operation mode of the power system is becoming more and more complex. Relying on the traditional dispatching means cannot meet the dispatching needs. This problem can be effectively alleviated by constructing the historical dispatching knowledge graph to assist in the optimization of decision-making. Combined with the relevant scheduling data of historical scheduling days, the historical scheduling knowledge graph is constructed based on knowledge extraction, knowledge reasoning, and other knowledge graph construction methods. In the process of formulating the scheduling plan, we combined the data of the dispatching day with the meteorological data, relevant policies, system conditions, maintenance plans, and operation constraints and made similar daily matching with the constructed knowledge base graph of the historical scheduling based on clustering so as to search for the relevant knowledge of several historical dispatching days similar to the dispatching day, such as the generation plan curve, system operation target, and maintenance knowledge. We also assisted in scheduling plans and optimizing decisions. As shown in Figure 4.
[image: Figure 4]FIGURE 4 | Auxiliary optimization decision based on the knowledge graph.
3.2.2 Vertical Risk Management
The construction of a new power grid has made the form of safe operation of the power grid increasingly severe. In response to the problem of “difficult to see, difficult to find, and difficult to control”, it is urgently needed to be monitored in real-time, quantitatively evaluated, and intelligently controlled. At present, some scholars have conducted research on the application of knowledge graphs in power grid equipment fault or risk management. For example, by constructing a power-knowledge graph, Liang, (2022) proposed a power fault retrieval and recommendation model based on user polymorphism perception (pf2rm), which improves the effect of fault analysis, retrieval, and recommendation in the actual operation scenario of the power grid. Kieffer (2021) proposes a method to represent the grid as a knowledge graph, and it effectively solves the problem that a large number of traveling waves may be difficult to describe and evaluate when the hybrid line includes overhead and underground parts. Lan and Tang, (2010) proposed a fault diagnosis method for hydropower units based on the knowledge graph, which improves the accuracy and timeliness of the hydropower unit condition monitoring and fault diagnosis system. However, most of the current studies focus on a certain working condition or certain equipment and do not analyze it from the aspect of the whole power grid dispatching operation.
Combined with the characteristics and difficulties of current power system risk management and control, we proposed a vertical risk management and control framework for the power system based on the knowledge graph. The coupling analysis of multiple risks for complex power grids is shown in Figure 5, which involves semi-structured and unstructured data including textual knowledge of risk regulations and expert experience. Structured data such as operating data are combined, and knowledge extraction and other means are used to establish a vertical risk knowledge graph.
[image: Figure 5]FIGURE 5 | Multiple coupling vertical risk schematic representation.
Based on the knowledge graph in Figure 5, entities, attributes, relations, and other elements are updated online in real-time under actual working conditions. Combining the requirements of risk prediction and management and control plan recommendation in the dispatching business, the forward impact analysis and the reverse traceability query of the risks faced in the operation of the power grid will be helpful for the comprehensive security risk analysis and control of the complex power system.
3.2.3 Operation Mode Analysis
With the introduction of a high proportion of new energy sources and the emergence of diversified loads, the operation of the power system is gradually dominated by these new elements. In order to effectively restore the real system to more accurately evaluate the safety, stability, and reliability of the power system, the importance of studying the mechanism of power system operation modes changes has gradually become prominent. Faced with complex operation modes, as shown in Figure 6, the system operation mode diagram under multiple time sections is obtained through the dynamic knowledge graph. The power system operation mode includes the traditional unit output, new energy unit output, power flow, and load characteristics of transmission lines. Through the clustering algorithm and compactness index calculation, the typical operation mode of the new power system can be finely identified for the massive and changeable power system operation mode. As a result, it is possible to avoid the shortcomings in the actual operation of large-scale actual power systems in the method of selecting typical operating modes based on experience.
[image: Figure 6]FIGURE 6 | Schematic diagram of operation mode analysis based on the knowledge graph.
3.2.4 Optimization Model Improvement Experience
For dispatching optimization software, planners will have relevant optimization model improvement experience, which can significantly improve the calculation efficiency and decision-making quality of the dispatching optimization software. Using past dispatching experience as input data, a knowledge graph of procedure experience is constructed and searched for corresponding improvement experience. According to the existing dispatching optimization software, a mapping clustering model between system data such as power grid topology and load forecasting and the optimization model improvement experience is constructed through the knowledge graph of the procedure experience. As shown in Figure 7.
[image: Figure 7]FIGURE 7 | Optimization of model improvement experience assisted by the knowledge graph.
3.2.5 Super Tuning Parameters
The operation of ultra-large-scale power systems in a highly random environment poses higher challenges to the accuracy and real-time performance of parameter adjustment. For example, the parameters of the power system stabilizer (PSS) have a key influence on the suppression of low-frequency oscillations of the power system. Traditional tuning methods adopt the root locus method, state-space model, and other methods. However, they usually do not have generalization and are easy to fall into local optimum. When the operating conditions change, they cannot realize self-update. Taking the knowledge graph as the core, heterogeneous knowledge and data are integrated into the data layer of the knowledge graph, and PSS selection and parameters are added to the advanced application layer of the knowledge graph so as to explore the deep relationship between operation status and operation parameters. Realizing super tuning with super-large-scale parameter real-time self-tuning as the core is also an important development direction of the knowledge graph.
3.3 Technical Difficulties
The knowledge graph is another technological sublimation of the application of artificial intelligence to the power system. With the gradual evolution of the knowledge graph, it has the trend to develop into the brain knowledge base of the dispatch system control center. However, there are still some problems in the process of applying knowledge graphs to actual projects:
1) Knowledge acquisition: There is a large amount of operating data in the power system, including massive empirical data and operating data. Due to the multiple heterogeneities of data, data acquisition and processing will be a huge project.
2) Knowledge representation: The power system is an extremely complex multi-layer and intersecting three-dimensional system. The data of each layer are appropriately fused into a knowledge graph including information such as source network load storage and the process of knowledge representation from data to knowledge. Here comes a very high challenge.
3) Knowledge application: The knowledge graph is essential to transform data into knowledge. Both digging out effective information accurately from the existing graph and reducing the optimization space for the optimization process of the system in specific scenarios put forward greater requirements for the flexible application of knowledge graphs.
4 CONCLUSION
As a new direction in the development of artificial intelligence, the knowledge graph combines important theoretical methods such as data storage, data processing, and heterogeneous data coexistence. It has changed the traditional artificial intelligence method of “solving problems with algorithms,” provided the new idea of “getting conclusions with knowledge,” and opened the path from “data” to “knowledge,” which is considered to be the core field of the next generation of artificial intelligence and has received extensive attention from the academia. Therefore, further research on the knowledge graph and its application has important theoretical value and engineering significance for various industries. Through the introduction of this study, readers will have a preliminary understanding of the knowledge graph and be able to apply the knowledge graph to the fields of science and engineering.
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