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In order to overcome the difficulty of fault diagnosis in the high-voltage direct current (HVDC) transmission system, a fault diagnosis method based on the categorical boosting (CatBoost) algorithm is proposed in this work. To make the research conform to the actual situation, three kinds of measured fault data in the HVDC system of the Southern Power Grid are selected as the original data set. First, the core role and significance of fault diagnosis in knowledge graphs (KGs) are given, and the characteristics and specific causes of the four fault types are explained in detail. Second, the fault dates are preprocessed and divided into the training data set and the test data set, and the CatBoost algorithm is employed to train and test fault data to realize fault diagnosis. Finally, to verify the progressiveness and effectiveness of the proposed method, the diagnostic results obtained by CatBoost are compared with those obtained by the BP neural network algorithm. The results show that the diagnostic accuracy of the CatBoost algorithm in the three test sets is always higher than that of the BP neural network algorithm; the accuracy rates in the three case studies of the CatBoost algorithm are 94.74%, 100.00%, and 98.21%, respectively, which fully proves that the CatBoost algorithm has a very good fault diagnosis effect on the HVDC system.
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1 INTRODUCTION
With the development of the human society, the issues of environmental pollution and resource shortage are becoming more and more serious (Mohamed et al., 2020; Tanmay et al., 2020). Energy conservation and emission reduction, and recycling of resources have widely attracted the attention of all countries in the world (Yang et al., 2017; Mehdi and Mehdi, 2020). The emergence of electric energy has greatly changed the way of energy consumption; using electric energy to replace bulk coal, fuel oil, and other energy sources can effectively alleviate the energy crisis and reduce environmental pollution (Yang et al., 2019). In particular, the development and utilization of renewable energy sources, such as wind and solar energy, have greatly improved the energy structure and promoted the development of contemporary new power systems (Yang et al., 2018; Li R. S et al., 2020; Wang et al., 2021; Wang et al., 2022). In recent years, in the process of social and economic development, many advanced technologies have been applied to further improve the quality and efficiency of power transmission, thus promoting the growth of social economy. At present, there are three main transmission methods in the power system: high-voltage direct current (HVDC), high-voltage alternating current (HVAC), and low-frequency alternating current (LFAC) transmissions (Reed et al., 2013; Zhang et al., 2013; Yao et al., 2015; Meng et al., 2021). Among them, the application of HVDC technology has not only effectively improved the quality of power resource transmission to meet the requirements of people’s daily life but also further optimized the operation performance of the power grid system (Li, 2010; Ma et al., 2022). In order to accelerate the transformation of the development mode of electric power and enhance the ability of the grid to optimize the allocation of resources on a large scale, the State Grid Corporation has proposed the strategic goal of building a strong smart grid with an ultra-high vacuum grid as the backbone.
HVDC has a large transmission capacity, fast and flexible power regulation, and is widely used in long-distance high-capacity transmission projects. However, with the increase in voltage levels, the problem of commutation failure in the transmission system is becoming increasingly prominent (Zeng et al., 2016; Li G et al., 2020). As shown in Figure 1, the HVDC system is composed of three parts, namely, the rectifier station, inverter station, and direct current (DC) line, which can convert three-phase AC power into DC power through rectification of the converter station and then send it to another converter station through the DC transmission line to reverse into three-phase AC power. Structurally, it is a power electronic rectifier circuit in the form of alternating current (AC)–DC–AC. In HVDC systems, AC-side faults, lightning faults, short-circuit faults, and inverter phase change failures bring great challenges to the normal operation of the transmission system.
[image: Figure 1]FIGURE 1 | Block diagram of the HVDC system.
The converter station is often compared to the heart of the DC system. As the most important component in the DC transmission system, its controllability and the characteristics of single conduction also constitute as important features of the fault behavior of the DC transmission system. These characteristics are mainly expressed in the triggering, conduction, and shutdown of the converter valve (Zheng and Peng, 2019; Li G et al., 2020). The converter failure can be divided into main circuit failure and control system failure. The converter main circuit failure is divided into the short circuit of the converter valve, DC-side outlet short circuit, DC-side ground short circuit, AC-side phase short circuit, and AC-side ground short circuit (Chen et al., 2022). The control system fault refers to whether the converter valve is opening or not opening (Zhou et al., 2022). Furthermore, commutation failure is the most common system fault in HVDC systems, which can lead to DC voltage drop and DC increase for a short period of time, and may lead to system shutdown in serious cases. Commutation failure is very similar to the transient process of DC and DC voltage during the DC line short circuit, and if the type of fault cannot be accurately distinguished, it will cause the protection device to operate incorrectly. Therefore, after a fault occurs on a high-voltage DC transmission line, it is critical to make a quick and accurate diagnosis of the fault, isolate the faulty element after the accident, and adopt an appropriate control and protection strategy (Torres-Olguin and Garces, 2017; Zhang et al., 2021).
At present, the main methods used for phase change failure fault diagnosis include the minimum voltage drop method and the phase comparison method. An improved morphological filter used to decompose the DC signal in different faults is proposed in the literature (Vidlak et al., 2021), which can extract accurately the morphological spectrum under each scale and calculate the energy entropy and singular entropy of the decomposed morphological spectrum. Meanwhile, wavelet scale energy statistics and wavelet scale energy entropy can be utilized to correctly identify the commutation failure of the HVDC system (Xiong et al., 2019). In the issue of current sharing/voltage regulation, Wang et al. (2022) proposed an adaptive dynamic programming approach based on the Bellman principle, which facilitates the analysis and treatment of AC and DC faults in the system. Furthermore, in order to overcome the small-signal instability problem in the power system, Wang et al. (2021) proposed a droop coefficient stability region analysis approach based on the generalized incidence matrix, which can help in information extraction from the fault diagnosis model in the system. Faced with the massive transmission system equipment alarm information, the maintenance personnel cannot expressly and accurately locate the cause of the fault that generates the alarm, which leads to the inefficiency of fault handling and, in turn, cannot meet the growing demand for intelligent management of the power grid. In the past, the main power system fault reasoning and diagnosis included expert systems (Xiao et al., 2021), configurable rules (Trondoli et al., 2022), fuzzy reasoning (Lokanadham and Subbaiah, 2021), and neural network (Giljum et al., 2021). The research ideas of fault diagnosis are mainly used to sort, train, classify, and identify the historical fault data, and the most important idea is to train the diagnosis model according to the data set so that it can use the data features as much as possible for classification. Górski (2022) proposed a smart contract testing pattern for the symmetric array, which can significantly limit the needed number of test cases and save the calculation cost. However, in the actual power system, most of the fault data are asymmetric, so the follow-up research work is mainly based on the fault data on the asymmetric array. Wang et al. (2023) proposed a robust diagnosis method of photovoltaic (PV) array faults considering label errors in training data, which can effectively improve the efficiency of fault diagnosis. Both of these methods can effectively train the original data set, which is highly important for regression testing. The difference is that the training data set used by Górski (2022) is symmetric, and research focused on reducing the calculation cost, while the data set used by Wang et al. (2023) simulated the actual PV array data and focused on improving the accuracy of fault diagnosis.
In this context, the development and utilization of the HVDC system knowledge graph (KG) (Li et al., 2021) enable data collection, data processing, problem analysis, application services, and data analysis functions for the entire HVDC system. With the rapid development of artificial intelligence, KG has become one of the core driving technologies to drive the development of cognitive intelligence, while the widespread application of deep learning techniques and distributed word vector representation of natural language words provide a new basis for the in-depth application of different artificial intelligence methods in natural language processing.
Almost all traditional intelligent fault identification methods use shallow learning models, which are difficult to represent the complex relationships that exist between transmission system faults and the signals to be detected, making it difficult to deal with complex pattern recognition problems. Therefore, there is an urgent need to develop new methods that can automatically extract features. In this work, a fault diagnosis of the HVDC system based on the categorical boosting (CatBoost) algorithm is proposed, which can effectively extract fault data features for accurate identification of various types of HVDC faults based on fault data knowledge mapping. Compared with the existing studies, the fault diagnosis model proposed in this paper combines the mechanism of the knowledge map, and the results can be visually designed. At the same time, the transmission network and data set are from the actual framework and fault data on the Southern Power Grid, which have certain authenticity and reliability. Moreover, this study uses the backpropagation (BP) neural network as a comparison method to diagnose HVDC system faults. The test results show that the proposed method shows good performance and high accuracy in fault diagnosis of the HVDC system. The main contributions and innovations of this work are listed as follows:
(1) According to the application of the knowledge atlas in the power system, based on the transmission system of a power grid in southwest China, a fault diagnosis model of the HVDC system based on the CatBoost algorithm is proposed, and the accuracy of fault diagnosis can be up to 94%.
(2) The fault types mainly include the AC fault, DC fault, converter valve fault, and commutation failure. The causes of these four types of faults are specifically analyzed in this paper. The fault data mainly come from the measured data on a power grid in southwest China, which has certain authenticity and reliability.
(3) In order to verify the progressiveness and effectiveness of the proposed method, BP is used as the comparison algorithm in the case of the same data set. The experimental results show that the CatBoost algorithm fault diagnosis accuracy is higher than BP in the three data sets.
(4) To improve the readability of this paper and the reference value of power system fault diagnosis, three constructive prospects for future research studies are presented.
The rest of this work is structured as follows: the HVDC system KG is established in Section 2. Section 3 introduces the four common faults of HVDC, namely, the AC fault, DC fault, converter valve fault, and commutation failure. The principle, framework, and execution process of CatBoost are provided in Section 4 and Section 5. In Section 6, case studies and statistical analysis are carried out. The main discussion and limitations to this study are discussed in Section 7. Finally, conclusions and future developments are given in Section 8.
2 HVDC SYSTEM KNOWLEDGE GRAPH
Knowledge mapping relational reasoning is an effective means to solve knowledge verification, prediction, and inference. By combining KG with text, entities and relations can be mapped to a specific vector space to establish logical relationships between entities and relations, thus realizing knowledge reasoning and meeting the needs of intelligent diagnosis and decision-making for complex relational scenarios in grid fault diagnosis. The construction of the HVDC system KG mainly includes six steps, as shown in Figure 2. It mainly includes knowledge acquisition, knowledge analysis, knowledge base establishment, graph construction, knowledge service, and knowledge application. It mainly includes three parts, namely, the knowledge system construction layer, knowledge service layer, and knowledge application layer (Wu et al., 2022). In the face of massive data, including images, text, and electrical signals, it is necessary to establish a knowledge map of fault diagnosis of the HVDC transmission system. Through the sorting and classification of historical fault data sets, the type and time of fault occurrence can effectively be predicted, thus reducing the losses caused by faults in the power system.
[image: Figure 2]FIGURE 2 | HVDC system KG construction diagram.
2.1 Knowledge acquisition
In the HVDC system, the knowledge sources are extremely complex. Some data included are the operation and maintenance data on the HVDC system, as well as some engineering data or technical breakthrough data. Due to the diversity of knowledge source paths, it is necessary to classify various knowledge sources in the process of building the graph. In addition, there are various ways to carry data. In the HVDC system, some data are in the text format (Chen et al., 2020), such as various technical research materials, while some data are in the excel format, such as the temperature and humidity of some equipment, and some data are in some picture types, such as the fault waveform obtained using the fault recorder. Due to the diverse ways of carrying data, it is necessary to establish a corresponding knowledge base for storage; this can improve the efficiency of the whole KG.
2.2 Knowledge graph reasoning
The inference of the KG mainly refers to relational inference, the core of which is to infer unknown entities or relations based on existing entities or relations and can help achieve the complementation of the KG and the prediction of entities and relations. The core idea of the KG relational inference is to find a mapping function that graphs symbolic representations to vector spaces for numerical representations, extracts implicit associations between entities and relations, and uses associative knowledge for inference. TransE is inspired by the translation invariance in word vectors and represents both entities and relations as vectors, and for a specific relation. The TransE model performs well for simple entity relationships but does not perform well for mappings of multiple relationships (Zeng et al., 2022).
The training process of the KG relies on a collection of triples derived from existing data, each of which is a training sample of the KG containing the relationships between the head and tail entities, to build a semantic network of the KG for high-voltage DC transmission systems using a translation-based model.
2.3 Knowledge base establishment
In order to realize the fault diagnosis of the HVDC system with limited fault feature data available, this paper proposes a method based on knowledge mapping CatBoost decision tree technology to construct fault diagnosis of the HVDC system, using theoretical analysis and experimental research to realize the safety state assessment and fault analysis and prediction of the HVDC system. By sending requests to the knowledge base of the HVDC system, fault record data are obtained; then, data are extracted from the key record segments, and the processed fault data are inputed into the risk analysis model of the HVDC system for fault classification. Figure 3 shows the fault handling and risk analysis framework of the KG-based HVDC system. Finally, the effectiveness and accuracy of the proposed method are verified by the real historical data set of an actual operation of a substation in the Southern Power Grid.
[image: Figure 3]FIGURE 3 | Flow chart of KG-based DC transmission system fault handling and the risk analysis module.
3 FAULT CLASSIFICATIONS
There are many common faults in the HVDC system, such as the AC fault, DC fault, inverter commutation fault (Nanayakkara et al., 2012), converter valve fault (Narendra et al., 1998), single-phase fault (Vidal et al., 2015), interphase fault, and lightning stroke fault (Pauli et al., 1988). According to the statistics of a substation in the Southwest China Power Grid, since the converter station was put into operation in 2010, the average number of annual occurrences of the AC fault, DC fault, converter valve fault, and commutation failure is 11.6, 16.2, 14.2, and 16.8, respectively, which caused a hidden danger to the safe and stable operation of the system. Therefore, this paper mainly studies these four types of faults, and the fault diagnosis model based on the CatBoost algorithm is constructed by taking the measured data on a substation in the Southwest China Power Grid as the original data set.
3.1 AC fault
The power regulation of DC transmission is fast and flexible. It does not have the stability problem of synchronous operation. Therefore, it is considered an ideal ultra-high voltage and long-distance transmission mode (Li et al., 2007; Zheng et al., 2020). However, the failure rate of the DC system is relatively high, and AC and DC parallel operations also have the problem of interaction between AC and DC. In particular, the main grid of the power transmission from the west to the east of the China Southern Power Grid presents the characteristics of strong DC and weak AC: the proportion of DC transmission is large, while the AC system running in parallel with it is relatively weak. When DC system fails, the power angle may be stable due to a large range of power transfer voltage stability failure, which, to a certain extent, affects the safety and stability of the system and the performance of the transmission channel capacity (Guo et al., 2018). Similarly, for the multi-infeed DC system, if the AC fault cannot be removed in time, it may also lead to the simultaneous locking of multiple DC lines, resulting in system stability failure. The schematic diagram of the AC fault in the HVDC system is shown in Figure 4A.
[image: Figure 4]FIGURE 4 | Four fault diagrams of the HVDC system. (A) AC fault. (B) DC fault. (C) Converter valve fault. (D) Commutation failure.
3.2 DC fault
The HVDC transmission system is often considered in long-distance transmission projects, but long lines also bring many safety problems, and the probability of failure caused by long distance is high. The probability of short circuit to ground is the largest in the DC transmission system, accounting for more than 80% of the DC transmission system line faults, most of which is flashover discharge. Generally, the ground flashover of the DC transmission system is mainly caused by damage to the insulation between the transmission line and the ground. The common causes are the breakdown of the air caused by lightning, the reduction of the insulation level caused by pollution, and the ground flashover caused by the shortening of the insulation distance caused by tree branches. The schematic diagram of the DC fault in the HVDC system is shown in Figure 4B. The DC line fault includes the grounding fault on a single pole, broken wire fault, and short-circuit fault caused by an abnormal connection between two poles. The permanent fault of the DC transmission system is generally believed to exist for a long time. In practical engineering, the fault should be prevented from further expanding and endangering the power supply reliability of the system (Guo et al., 2018).
3.3 Converter valve fault
During the commutation of the inverter-side converter valve, the single valve of the converter valve appears to be turned off when the positive voltage is too high or has a certain positive voltage when the thyristor is not fully turned off, and the gate is applied with a trigger pulse; the thyristor will be turned on again, causing the converter valve that is turned on to fail to conduct, and the commutation of the converter valve fails (Liu et al., 2015). The turn-off time of the thyristor is usually slightly less than 1 ms. When the converter valve is in inverse operation, the forward voltage will appear after the thyristor bears approximately 1 ms of reverse voltage after the turn-off. When the AC system voltage disturbance or other factors make the thyristor in commutation again, commutation failure may occur. The schematic diagram of the converter valve fault in the HVDC system is shown in Figure 4C. When the converter valve operates at the rectifier side of the DC transmission project, the thyristor bears a continuous reverse voltage greater than 5 ms after it is turned off, and the thyristor can be turned off reliably. Therefore, the converter valve will not have a commutation failure fault when it operates at the rectifier side.
3.4 Commutation failure
In the converter, the valve that is out of conduction fails to recover its blocking capacity within a period of time under the action of reverse voltage, or the commutation process is not completed during the reverse voltage, resulting in the valve voltage becoming positive; the commutation valve will reverse the phase of the valve that was originally scheduled to be out of conduction, which is called commutation failure. The schematic diagram of commutation failure in the HVDC system is shown in Figure 4D. The commutation failure is due to a short circuit on the DC side and the open circuit on the AC side of the converter valve that should be turned off but is not turned off, resulting in power fluctuations. In essence, commutation failure is caused by the characteristic that the thyristor is a semi-controlled device, which cannot be completely ignored under the existing technical conditions (Wei et al., 2006).
The commutation failure is essentially caused by external or internal factors that lead to the inverter turn-off angle to be γ. If the voltage is too small, the thyristor will be completely turned off when the online voltage changes from negative to positive, and there will be phase reversal.
The calculation formula of the turn-off angle [image: image] is as follows:
[image: image]
where [image: image] is the AC system line voltage at the inverter side; [image: image] is the DC system current; [image: image] and [image: image] are the lead trigger angle and the turn-off angle of the inverter, respectively; [image: image] is the equivalent reactance from the power supply to the converter, particularly composed of the converter leakage reactance, which is a fixed value.
4 PRINCIPLE OF THE CATBOOST ALGORITHM
The handling of category features is a key feature of the CatBoost algorithm, hence its name. The CatBoost algorithm improves the regular target variable statistics method by adding priors to it. In addition, the CatBoost algorithm considers using different combinations of category features to expand the data set feature dimension.
In a set of samples [image: image], including [image: image], there are m characteristics of random vectors and [image: image] as the target; this can be a binary or digital response. For example, [image: image] is independent and follows some unknown distribution P. The goal of the learning task is to train a function [image: image] to minimize the expected loss [image: image]. Here, L () is a smoothing loss function, and (X, y) is a test example sampled from P independent of the training set D.
The gradient enhancement procedure iteratively builds an approximate sequence [image: image] in an insatiable manner. [image: image] is approximately additive to the previous [image: image]: [image: image] = [image: image], where a is the step size, and the function [image: image] is selected from the family of functions h to minimize the expected loss:
[image: image]
The minimization problem is usually treated by Newton’s method using the quadratic approximation of [image: image] at [image: image] or by using the (negative) gradient step. Both of these methods are functional gradient descent. In particular, the choice of the gradient step [image: image] makes [image: image] akin to [image: image]. The [image: image] and least squares approximation are usually used.
[image: image]
[image: image]
The CatBoost algorithm is a gradient-enhanced implementation that uses a binary decision tree as a basic predictor. The decision tree is based on the values of some split attribute a. The model is built by recursively dividing the feature space [image: image] into several disjoint regions (tree nodes). Properties are typically binary variables that identify a feature that exceeds some threshold t, that is, [image: image], where [image: image] is either a numerical feature or a binary feature, the latter being t = 0.5. The decision tree h is as follows:
[image: image]
where [image: image] is the disjoint region corresponding to the leaves of the tree.
4.1 Target statistics
Using target statistics as a new numerical feature seems to be the most efficient way to deal with class features with minimal information loss. Target statistics is widely used and plays a crucial role in classifying features.
One of the biggest purposes of the CatBoost algorithm design is to better handle the category features of GBDT features. The most direct approach of the conventional TS method is to replace the average value of the label corresponding to the category. In the process of GBDT constructing the decision tree, the average value of the replaced category labels is used as the standard for node splitting, which is also known as greedy target-based statistics (Greedy TS), and the calculation formula can be expressed as follows:
[image: image]
The aforementioned method has an obvious defect. If the average value of the label is used to represent the feature, the condition deviation problem will occur when the data structure and distribution of the training data set and the test data set are different.
One way to improve greedy target-based statistics is to add a prior distribution so as to reduce the impact of noise and low-frequency category data on data distribution. The formula is as follows:
[image: image]
where p is the added prior term and a is usually a weight coefficient greater than 0.
4.2 Combination features
Another innovation in CatBoost’s treatment of category features is that any combination of any number of category features can be built into a new feature. The CatBoost algorithm considers combining these two classification features to form a new classification feature.
Therefore, the CatBoost algorithm uses a greedy strategy to consider the combination of features when building new split nodes. The CatBoost algorithm combines all combination and category-type features of the current tree with all category-type features in the data set and dynamically converts new category-combined features into numerical features.
4.3 Prediction shift and ordered boosting
4.3.1 Prediction shift
The so-called prediction shift is the deviation between the distribution of training samples and the distribution of test samples.
CatBoost first reveals the problem of prediction deviation in the gradient lift. It is considered that the predicted deviation, like the TS treatment method, is caused by a special characteristic of target leakage and gradient deviation.
As in the case of TS, the prediction shift is caused by a particular kind of target leak. An ordered enhancement similar to the ordered TS approach is used to solve this problem. The following formula is used:
[image: image]
4.3.2 Ordered boosting
CatBoost adopted an ordered boosting method based on ordered TS to deal with predicted migration. The sorting promotion algorithm flow is shown in the following figure.
For the training data, ordered boosting first becomes a random arrangement and the random collocation column is used for the subsequent model training. However, the practice of training individual models will greatly increase memory consumption and time complexity; the operability is not strong. Therefore, CatBoost improves this sort of lifting algorithm based on the gradient lifting algorithm based on decision tree learning.
CatBoost offers two boosting modes, ordered and plain. The plain mode simply has to sort the TS operation built into the standard GBDT algorithm, while the ordered mode improved the sorting promotion algorithm.
The complete ordered mode is described as follows: CatBoost generates an independent random sequence of the training set to define and evaluate the splitting of the tree structure and to calculate the value of the leaf node, resulting from the splitting. CatBoost uses a symmetric tree as a base learner, meaning that the splitting criteria are the same at the same level of the tree. A symmetric tree is balanced, not easy to over-fit, and can greatly reduce the test time.
The pseudocode of the CatBoost algorithm is shown in Table 1. It is not difficult to see that when the original data set is input, CatBoost can output the trained data set after training. CatBoost has two enhancement modes, ordered and normal. The latter mode is a standard GBDT algorithm with built-in ordered TS, and the former mode is an effective improvement of Table 1.
TABLE 1 | Ordered boosting calculation.
[image: Table 1]CatBoost generates a random arrangement of [image: image] independent training data sets. The permutation [image: image] is used to evaluate the splitting of the defined tree structure (i.e., the internal nodes), while [image: image] serves for choosing the leaf values [image: image] of the obtained tree.
5 FAULT DIAGNOSIS MODEL
In this section, according to the four types of fault data measured in the substations of the Southwest Power Grid, the electrical diagram of the transmission system and the corresponding fault types of the fault points are shown in Figure 5. There are 20 fault points in the electrical wiring diagram, and the type represented by each fault point is clearly explained in the right figure. In the original data set, the recorded data on 15 cycles before and after the fault is extracted; the extraction duration of the recorded data is 0.5 s, as shown in Figure 6. Also, the specific meaning of each channel can be referred to from Table 2. It is easy to observe that the 15 channel data mainly record the current and voltage signals of the fault points, and the 15 channel waveforms of the four types of faults are intuitively different, so the characteristics of the data can be used for fault classification and identification. Furthermore, the elements in the data samples of the AC fault, DC fault, converter valve fault, and commutation failure are N1 = 10, N2 = 14, N3 = 14, and N4 = 18, respectively.
[image: Figure 5]FIGURE 5 | Fault type diagram corresponding to fault points of the HVDC system.
[image: Figure 6]FIGURE 6 | Waveforms of the HVDC system four types of faults. (A) AC fault data. (B) DC fault data. (C) Converter valve fault data. (D) Commutation failure fault data.
TABLE 2 | Channel name and meaning.
[image: Table 2]After determining the original data, the CatBoost algorithm is used to process and train the four types of fault data, and finally, the fault is diagnosed and the accuracy is calculated. The specific steps are as follows:
First, 15 channel data on each sample in each type of fault data are connected in series to conduct data preprocessing and then stacked according to the number of samples to form a full fault data set. Then, 70% of the total fault data set is randomly selected as training data and 30% as test data. Second, integrated learning is used to extract the features of fault data, and 70% of the data is intensively trained. After determining the number of data classifiers and training data, finally, the remaining 30% of data will be used as test samples for fault diagnosis and classification. The CatBoost classifier is used to train and recognize the training data set, and the accuracy of various fault diagnosis results is counted. The flow chart of the CatBoost-based fault diagnosis model is shown in Figure 7.
[image: Figure 7]FIGURE 7 | CatBoost algorithm fault diagnosis flow chart.
6 CASE STUDY
First, the training samples from the fault data are input into the model, and then, the test samples are input. In this paper, in order to reflect the scientific nature of fault diagnosis, the test data are divided into three groups to verify the model. The first group of test data is Y1 (n1 = 3, n2 = 5, n3 = 5, and n4 = 6), and the second group of test data is the training data itself Y2 (n1 = 7, n2 = 9, n3 = 9, and n4 = 12). After training the model, the training data itself are substituted into the model for verification. The third group of test data is all the fault data Y3 (n1 = 10, n2 = 14, n3 = 14, and n4 = 18). In this paper, in order to reflect the effectiveness, diagnostic accuracy, and effectiveness of the CatBoost algorithm in small sample fault diagnosis, the BP neural network algorithm is used for comparison, and the fault diagnosis accuracy of the two methods is compared under the same training set and test set. Finally, in order to intuitively reflect the fault diagnosis accuracy of the two methods for the test set, this paper uses the confusion matrix to visually express the fault diagnosis accuracy.
After the two methods have trained their respective fault diagnosis models, the confusion matrix of fault diagnosis results of the Y1 test set is shown in Figure 8. It is easy to see that when the test set is Y1, in the diagnosis result of the CatBoost algorithm, a date group of commutation failure faults are misdiagnosed as converter valve faults, and the fault diagnosis rate of the CatBoost algorithm is as high as 94.74%. However, in BP’s diagnosis results, four groups of DC faults are misdiagnosed as AC faults and commutation failures, respectively. At the same time, two groups of commutation failures are also misdiagnosed as DC faults. BP’s overall fault diagnosis accuracy cannot reach a satisfactory level, only reaching 68.42%. The CatBoost algorithm has the highest classification accuracy of the two methods, although it has diagnostic errors when diagnosing converter valve faults.
[image: Figure 8]FIGURE 8 | Confusion matrix of experimental results for the test set Y1. (A) CatBoost model test result diagram. (B) BP model test result diagram.
The confusion matrix of fault diagnosis results for the Y2 test set is shown in Figure 9. It is easy to see that under the condition that the test set is Y1, the four types of faults can be accurately identified through the CatBoost algorithm and the accuracy rate of fault diagnosis of the CatBoost algorithm is as high as 100%, which proves that the CatBoost algorithm can effectively extract fault data and accurately identify according to the characteristics. However, it is not difficult to find from the BP diagnosis results that one of the commutation failure faults was misdiagnosed as a valve fault, and its accuracy reached 97.3%.
[image: Figure 9]FIGURE 9 | Confusion matrix of experimental results for the test set Y2. (A) CatBoost model test result diagram. (B) BP model test result diagram.
The results of the two algorithms under the Y3 test set are shown in Figure 10. It is obvious that CatBoost has the highest diagnostic accuracy, although a group of inverter commutation failure is misdiagnosed as converter valve fault in the CatBoost fault diagnosis model. However, in the fault diagnosis model of the BP neural network algorithm, four groups of DC faults are misdiagnosed as AC faults and commutation failures, respectively, and four groups of commutation failure data are misdiagnosed as a DC fault. According to the confusion matrix, the accuracy of fault diagnosis of CatBoost and BP neural network algorithms can be calculated to be 98.21% and 85.71%, respectively. Furthermore, the fault diagnosis iteration curve of the two algorithms for Y3 is shown in Figure 11. It can be seen that the CatBoost algorithm converges after 30 iterations, while algorithm B converges after 41 iterations, which indicates that CatBoost has a faster diagnosis speed.
[image: Figure 10]FIGURE 10 | Confusion matrix of experimental results for the test set Y3. (A) CatBoost model test result diagram. (B) BP model test result diagram.
[image: Figure 11]FIGURE 11 | Accuracy curve of experimental results for the test set Y3.
Finally, according to the confusion matrix, the accuracy rates of three groups of fault diagnosis experiments are obtained, as shown in Table 3. In test sets Y1, Y2, and Y3, the number of negative data on the CatBoost fault diagnosis model is 1, 0, and 1, respectively, and the BP neural network fault diagnosis model is 6, 1, and 8, respectively. Also, in the CatBoost fault diagnosis model, the DC fault and AC fault can be accurately identified, and misdiagnosis mainly occurs in commutation failure and the converter valve fault. In addition, it is obvious that the CatBoost algorithm has the highest accuracy rate of fault diagnosis in the three groups of data, which can be guaranteed between 94% and 100%, which reflects that CatBoost is applicable to data classification in small sample data sets. However, the accuracy rate of the BP neural network can reach 64% at the lowest. To sum up the aforementioned analysis, it can be seen that algorithm B is superior to algorithm A in terms of convergence speed and fault diagnosis accuracy, which verifies the effectiveness and progressiveness of the method proposed in this paper.
TABLE 3 | Experimental accuracy of three test sets.
[image: Table 3]7 DISCUSSION AND LIMITATIONS
7.1 Discussion
Fault diagnosis of the HVDC transmission system is important research to ensure the reliable power supply of the whole power system. In the past, the fault diagnosis and inspection of the power system mainly depended on image recognition or acoustic theory, but this kind of method has a huge workload and cannot get timely feedback and maintenance when the system fails. In recent years, with the development of artificial intelligence technology, such as machine learning, reinforcement learning, and KG, these technologies have been applied in fault diagnosis technology of the power system to further improve the speed and accuracy of fault diagnosis. The CatBoost fault diagnosis method proposed in this paper belongs to this kind of technology. On the basis of obtaining historical fault data, the data features are extracted and recognized, and the accuracy is better. The BP neural network algorithm is relatively common in many studies, but it does not show good results in this data set.
7.2 Limitations
The fault diagnosis model of the HVDC transmission system proposed in this paper only contains four types of faults in the data set, so the data set does not cover all faults in the HVDC transmission system to a certain extent, such as the transformer fault and generator fault. In addition, the current work is mainly carried out under small samples, and the number of data sets is not large. Therefore, the data sets need to be improved and enriched. Since fault diagnosis is based on historical fault data to predict the system, the method proposed in this paper has certain limitations for fault prediction in some special cases.
8 CONCLUSION
In this paper, a novel fault diagnosis method for the HVDC system is proposed, and the significance of fault diagnosis for the later fault analysis and processing of the HVDC system is described by combining with the KG of the HVDC system. In this paper, the CatBoost algorithm is fully proven to be very effective, accurate, and fast in fault diagnosis of the HVDC system through relevant data validation and analysis. Four common faults of the HVDC system are introduced and analyzed in this work: the AC fault, DC fault, converter valve fault, and commutation failure, and the fault data are sorted out. The representative 15 channel data in the fault recording system are selected, and then, the data are summarized and sorted as the experimental data on this study. Furthermore, a fault diagnosis model of the HVDC system based on the CatBoost algorithm is proposed. Three test sets are used in the experiment to verify the model. The final structure proves that the method can effectively, quickly, and accurately realize the fault diagnosis of the HVDC system. Then, the fault diagnosis effect is compared with the BP neural network algorithm. Finally, the obtained results are visualized and the algorithm convergence curve and confusion matrix are drawn. From the figure, it can be seen that the CatBoost algorithm has a short diagnosis time and high fault diagnosis accuracy. Under the three test sets, its diagnosis accuracy is 94.74%, 100%, and 98.21%, respectively. However, the diagnostic accuracy of the BP neural network algorithm under three test sets is low, which is 68.42%, 97.30%, and 85.71%, respectively.
In the application of new generation AI in the power system, the method proposed in this paper has a certain reference value for the stable operation of the power system. Future studies might focus on the following three aspects:
(1) At present, the proposed fault diagnosis model is mainly applied to the HVDC transmission system. In the future research work, the effectiveness and progressiveness of the proposed method will be tested using the AC/DC hybrid system;
(2) The data set will be further enriched and improved, and more types of HVDC transmission fault data will be considered in the data set, such as the transformer fault, lightning fault, and noise impact on the system;
(3) The proposed algorithm will be further improved and integrated into more effective mechanisms in the KG. At the same time, more algorithms will be tested to analyze the speed and accuracy of system fault diagnosis under a large data set.
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