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The transformer plays a critical role in maintaining the stability and smooth operation of the entire power system, particularly in power transmission and distribution. The paper begins by providing an overview of traditional fault diagnosis methods for transformers, including dissolved gas analysis and vibration analysis techniques, elucidating their developmental trajectory. Building upon these traditional methods, numerous researchers have aimed to enhance and optimize them through intelligent technologies such as neural networks, machine learning, and support vector machines. These researchers have addressed common issues in traditional fault diagnosis methods, such as the low correlation between characteristic parameters and faults, ambiguous fault descriptions, and the complexity of feature analysis. However, due to the complexity of transformer structures and the uncertainties in operating environments, the collection and analysis of characteristic parameters becomes highly intricate. Researchers have further refined algorithms and feature values based on intelligent diagnostic algorithms for transformers. The goal is to improve diagnostic speed, mitigate the impact of measurement noise, and further advance the adaptability of artificial intelligence technology in the field of transformers. On the other hand, the excellent multi-parameter analysis capability of artificial intelligence technology is more suitable for transformer diagnostic techniques that involve the fusion of multiple information sources. Through the powerful data acquisition, processing, and decision-making capabilities provided by intelligent algorithms, it can comprehensively analyze non-electrical parameters such as oil and gas characteristics, vibration signals, temperature, along with electrical parameters like short-circuit reactance and load ratio. Moreover, it can automatically analyze the inherent relationship between faults and characteristic quantities and provide decision-making suggestions. This technique plays a pivotal role in ensuring transformer safety and power network security, emerging as a prominent direction in transformer fault diagnosis research.
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1 INTRODUCTION
The power transformer stands as a vital component within transmission and distribution networks, serving as the linchpin for voltage and energy conversion (Barkas et al., 2022). Its operational integrity directly influences the safety and stability of the entire power system. However, due to manufacturing limitations, environmental complexities, and sporadic maintenance, transformers face relatively high failure rates. A malfunctioning transformer can trigger widespread power outages, significantly impacting people’s lives, industrial electricity usage, and causing substantial economic losses. Hence, timely and accurate fault diagnosis and prediction for transformers are imperative (Chakravorti et al., 2013). These proactive measures not only prevent potential hazards but also enhance the grid’s reliability and availability (Yu et al., 2016).
Early fault diagnosis methods for transformers, including preventive electrical tests, impulse voltage waveform tests, dissolved gas analysis (DGA), and vibration analysis (Roncero-Clemente and Roanes-Lozano, 2018; Lu et al., 2020; El-kenawy et al., 2022), have played a crucial role in preventing safety incidents and driving advancements in the power market. However, these traditional approaches often possess limitations in diagnostic feature quantity and precision under specific conditions, resulting in reduced diagnostic accuracy (Standard, 2000; Kim et al., 2013; Liu et al., 2015). Consequently, they are unable to fully meet the evolving diagnostic requirements for power transformers.
To overcome these limitations of traditional diagnostic methods, extensive research has delved into intelligent transformer diagnosis (Malik et al., 2020; Zhang et al., 2022). Artificial intelligence algorithms have excellent big data processing and learning ability (Divya et al., 2023). By processing a substantial volume of transformer fault data, these algorithms can conduct thorough analyses and predictions, effectively addressing challenges encountered in traditional diagnostic methods, including incomplete data analysis and the fuzzy relationship between features and faults. The outcome is a significant enhancement in the accuracy of diagnosis and detection, making it particularly valuable in transformer diagnosis. Various algorithms, including neural networks (Duraisamy et al., 2007), support vector machines (Zhu et al., 2019), machine learning (Zhuo and Ge, 2021) and others, have been employed for transformer fault diagnosis. However, due to the complexity of transformer internal structures and external environments, utilizing these intelligent algorithms in combination with traditional methods still presents challenges (Ma et al., 2021). Therefore, researchers have mitigated the impact of noise in measurements and improved the adaptability of intelligent diagnostic methods for various transformers by optimizing algorithms and enhancing feature extraction techniques (Jina et al., 2024; Wang et al., 2024), further propelling the development of intelligent diagnostic technologies. On the other hand, the concept of combining multiple diagnostic methods has emerged with the advancement of artificial intelligence technology. In the review of DGA, Taneja et al. (2016) proposed that intelligent diagnosis technology should not be confined to a singular diagnosis method but should encompass a comprehensive diagnosis involving multiple characteristic parameters. While establishing the health index for the transformer insulation system, Badawi et al. (2022) observed that the accuracy of verification using a single DGA is notably lower when compared to the comprehensive analysis of various characteristics, including DGA, winding resistance, insulation oil moisture content, acidity, etc. The estimation of health index results obtained through the use of a transformer detection system with multi-source information proves to be more accurate. Therefore, the development direction for intelligent transformer fault diagnosis is oriented towards integrating multi-source information, leveraging the data collection, analysis and processing capabilities of multi-source information integration technology. The transformer diagnosis technology based on multi-source data integration can identify various fault types efficiently and accurately, and provide a more comprehensive protection for the transformer (Zheng et al., 2018). This emphasizes the forward direction for ongoing research and development in transformer fault diagnosis technology, making a positive contribution to enhancing the reliability and stability of the power system.
2 TRANSFORMER FAULT TYPES
Diagnosing transformer faults requires understanding the causes and types of different faults. With the development of the power market, the capacity of power transformers is constantly increasing to meet the needs of the market. To ensure uninterrupted operation, it is crucial to establish a detailed maintenance plan. In the process of analyzing the causes of faults, Kumar et al. (2015) classified the failure modes of transformers into electrical faults, mechanical faults, and thermal faults. These faults further break down into categories like external, ground, interphase short-circuit, and inter-turn faults (Soni and Mehta, 2021). These failures are often caused by winding deformation, insulation oil aging, overheating, system overload, design defects, and other factors (Hashemnia et al., 2016; Fu et al., 2017; Christina et al., 2018), as shown in Figure 1. By classifying transformer faults and analyzing their causes, one can clarify the objectives and approaches of transformer fault diagnosis.
[image: Diagram of a transformer with labeled internal and external fault causes. Internally: insulation deterioration, overheating, solid contamination, design flaw. Externally: system switching operations, lightning strikes, system overload, system failure.]FIGURE 1 | Typical causes of transformer failure.
2.1 External faults
External faults of transformers mainly refer to faults related to the external power grid or connection line of transformers. These problems arise from transmission line or transformer malfunctions, as well as faults from other devices connected to the external power transformer. Overloading the power system or overvoltage caused by lightning strikes are also categorized as external faults (Awadallah et al., 2015; Sun et al., 2021; Ounissi et al., 2023). For example, during power system switching, the transformer becomes susceptible to overvoltage generated within the system. Before a fault occurs, the power system is protected by measures such as instantaneous overcurrent protection and overcurrent protection (Florkowski et al., 2010). During the fault diagnosis process, techniques such as frequency analysis and preventive electrical tests are employed to monitor the voltage, current, and frequency characteristics of transformers. This facilitates fault detection and prediction, thereby prompting maintenance personnel to perform necessary repairs.
2.2 Ground faults
Grounding faults can occur in the high-voltage or low-voltage windings of a transformer, and the causes of such faults may include insulation aging, insulation material damage, equipment humidity, external damage, or operational errors. Grounding faults can potentially damage the equipment itself and the connected power grid. Currently, researchers often supplement traditional differential relays with Restricted Earth Fault (REF) relays to enhance transformer safety and reliability (Davarpanah et al., 2012; Ebadi et al., 2021). Due to variations in grounding locations, ground faults can give rise to issues such as localized discharge and overheating upon occurrence. Rapid detection of these faults can be achieved through methods such as dissolved gas analysis (DGA), infrared imaging, and electrical analysis (Sun et al., 2024; Vatsa and Hati, 2024).
2.3 Phase-to-phase short circuit faults
A phase-to-phase short-circuit fault in a transformer can lead to significant issues such as temporary power interruptions and voltage instability. Therefore, it is crucial to promptly detect and rectify such faults upon occurrence. The primary causes of these faults include aging of the transformer’s insulation system, overcurrent, and mechanical deformation (Djufri and Yandra, 2020). Effective diagnosis of insulation failure and mechanical deformation in transformers can be achieved through methods such as dissolved gas analysis (DGA), vibration analysis, and sweep frequency analysis (Jiang et al., 2021; Kherif et al., 2021). Conducting rapid diagnosis before the occurrence of phase-to-phase short-circuit faults helps prevent major safety incidents and mitigate economic losses.
2.4 Inter-turn faults
The power transformer is a vital component in the power system, where the iron core and winding play integral roles. Among transformer issues, turn-to-turn failures in the core and winding stand out as frequent causes of malfunctions. Out of 526 cases of transformer failures, Figure 2 highlights that winding-related failures were most common (Behjat and Vahedi, 2013). These failures often stem from inter-turn insulation aging, caused by various factors such as frequent overloading, mechanical vibration, high voltage stress, high current stress (especially during external short circuits), thermal overload, and contamination (Wang et al., 2002; PE, 2003). Hence, utilizing diagnostic techniques like vibration analysis, frequency response analysis, and polarization current analysis is essential for fault detection. These methods are capable of identifying critical issues such as mechanical deformation and insulation failure in transformers (Muhamad et al., 2013; Al-Ameri et al., 2021). Moreover, infrared imaging for detecting overheating also holds significant merit (Zhang and Li, 2021), given its non-contact nature for fault detection.
[image: Pie chart showing distribution of transformer components by percentage: Windings 37.69%, Tap changer 31.16%, Core and tank 17.16%, Bushings 8.96%, Cooling unit 3.54%, Lead exit, insulation 1.12%, CT 0.37%.]FIGURE 2 | Transformer fault location.
3 TRADITIONAL TRANSFORMER FAULT DIAGNOSIS METHODS
Power transformers are among the most critical components of power systems. Due to the high reliability requirements of power systems, transformers often need to operate continuously for extended periods, with limited opportunities for shutdown maintenance. Therefore, it is essential to continuously monitor the operational status of transformers throughout their service life to ensure reliable diagnosis and detection at the earliest sign of a fault. The aging and deterioration of transformer components are crucial aspects of fault detection, with these faults manifesting primarily through electrical and non-electrical characteristics. With advancements in technology, industrial standards have defined several diagnostic methods that employ chemical, electrical, and other testing techniques to provide a comprehensive diagnosis of transformers. Based on the concept of acquiring, analyzing, and processing partial discharge source characteristic parameters for fault diagnosis, various diagnostic methods have been developed. These methods include the analysis of polarization and depolarization currents, the analysis of dielectric breakdown voltage, and other diagnostic approaches based on the analysis of electric and non-electric gases, such as oil and gas analysis and vibration analysis (Eldery et al., 2006; Yang et al., 2009). The relationship between characteristic values and faults is thoroughly examined. Figure 3 provides a comprehensive overview of the partial discharge detection technique. Additionally, a rapid diagnosis of transformer faults is discussed (Soni and Mehta, 2021). The integration of these methods contributes to an effective understanding and identification of faults in transformers.
[image: Flowchart illustrating transformer fault detection technology. It is divided into electrical and non-electrical quantities. Electric quantities include polarization, insulation faults, mechanical deformation, and sweep frequency analysis. Non-electric quantities involve oil dissolved gas analysis and vibration analysis. Each method connects to specific faults like impurities, insulation aging, core faults, winding deformation, overheating, and winding short circuits.]FIGURE 3 | Classification chart of transformer fault detection technology.
3.1 Polarization and depolarization current measurement
The polarization and depolarization current (PDC) technique stands as a cornerstone in electrical fault diagnosis. This method offers a non-destructive approach, capable of assessing the dielectric response of insulation systems in power transformers. Given its non-destructive nature, it excels in detecting insulation failure faults induced by factors like moisture, partial discharge, contamination, and overheating. Notably, it allows for the evaluation of oil-paper insulation and other supporting insulation joints even without opening the main tank (Mousavi et al., 2020). This feature presents a promising application prospect in assessing the water content of transformer insulating paper (Leibfried and Kachler, 2002; Hao et al., 2012). In PDC measurement, DC power is applied across the entire specimen for an extended duration. During this time, the current steadily increases as the polarization process begins. This occurs because various insulating components within the specimen react with distinct time constants. Through these observations, the specimen’s conductivity is measured, monitored, calculated, and characterized. The ultimate aim is to understand the insulation’s behavior and identify any abnormalities or partial discharges that might occur during the measurement process. The schematic diagram is shown in Figure 4.
[image: Diagram A shows an electrical circuit with a DC voltage source \(U_0\), two switches \(S_1\) and \(S_2\), an ammeter, and a dielectric. The circuit is arranged to form a loop. Diagram B is a graph plotting current (\(I(t)\)) against time (\(t\)). The graph shows an exponential decay from \(I_{cap}(0)\), a sudden drop at \(t = t_0\), and another curve labeled \(I_{leak}(t)\). The red arrow indicates the DC charging voltage \(U_0\).]FIGURE 4 | Schematic diagram of PDC measuring device (A) and typical waveform (B) (Mousavi et al., 2020).
Based on the principle, researchers have commenced studying the correlation between PDC measurements and transformer faults. Talib et al. (2013) analyzed the dielectric response and conductivity of mineral insulation oil using the time-domain measurement technique of PDC. Their findings suggest that PDC measurements can detect overheating issues in transformer insulation oil. However, conducting PDC measurements comes with complexities due to limitations in equipment and methods. Factors such as oil conductivity, paper conductivity, water content, temperature, and insulation aging can significantly impact PDC test outcomes (Saha and Purkait, 2004; Liao et al., 2015). In practical fault diagnosis processes, it is essential to consider the influence of multiple factors. Flora et al. (2017) have conducted extensive experimental and case studies exploring these influencing factors. Their findings suggest that PDC could evolve into a powerful tool for long-term transformer insulation diagnosis if meticulous care is taken to mitigate the effects of these identified parameters. This study explores the feasibility of using PDC to detect the insulation condition of transformers and analyze specific fault types based on PDC results. On the other hand, PDC measurement and analysis is a time-consuming off-line process, and the longer processing time limits its application in transformer fault diagnosis to some extent (Mishra et al., 2018; Mishra et al., 2019). Dutta et al. (2020) addressed this issue by conducting research based on the mechanism of PDC measurements. They proposed estimating normalized depolarization charge by measuring shorter durations of polarization current, thereby reducing detection time. However, analyzing the faults that impact insulation anomalies through PDC requires highly demanding analytical models. Although estimation methods may enhance detection speed, they can adversely affect the precision and classification of fault diagnosis. Combining artificial intelligence algorithms with PDC is currently a significant direction in the advancement of this technology. By analyzing the impact of transformer parameters such as temperature, humidity, and conductivity using algorithms and training them accordingly, the efficiency and speed of PDC analysis can be effectively improved.
3.2 Transformer sweep frequency-response analysis
Transformer sweep frequency-response analysis (SFRA) is one of the important tests to determine the mechanical deformation of transformer windings. The method’s ability to discern subtle changes in the mechanical integrity of the transformer makes it a valuable tool for identifying issues related to winding conditions and facilitating proactive maintenance or corrective measures (Ludwikowski et al., 2012; Samimi et al., 2017). This method was originally proposed by Dick and Erven, (1978) where diagnostic results are derived by comparing the measured winding transfer function with reference measurements. However, this comparison introduces significant subjectivity, as the reference values are obtained from measurements on another transformer with a similar structure, making it difficult to assess the severity of the fault occurrence. It is evident that SFRA’s primary drawback lies in its subjectivity, as the diagnostic process heavily relies on engineers’ experience. To mitigate this, establishing commonly used criteria for interpretation becomes crucial. Bjelić et al. (2022) computed statistical fault indicators for various types of internal short-circuit faults in SFRA and introduced a new indicator based on reverberation time commonly utilized in acoustics. This allows for the utilization of low-cost measurement and signal processing equipment (Bjelić et al., 2022). Zhao et al.(2019) addressed the often-overlooked factors of capacitance and inductance in coil windings, establishing a comprehensive high-frequency circuit model for transformers, thereby enhancing SFRA analysis accuracy. Shamlou et al. (2021) introduced a fully automated technique for interpreting SFRA in power transformers, as depicted in Figure 5. Their approach combines digital image processing with evidence theory for analysis. Both simulation and experimental results indicate that this method achieves a high level of accuracy in fault reporting (Shamlou et al., 2021). Their approach circumvents the subjective diagnosis inherent in traditional methods, enhancing fault diagnosis efficiency by employing algorithmic techniques to analyze SFRA. Hence, within the context of leveraging efficient analysis methods like neural networks to optimize feature parameter analysis, the future trajectory of SFRA lies in employing artificial intelligence algorithms to interpret SFRA signals. This, combined with diverse comparison indicators, aims to mitigate the need for expert subjective judgment (Zhao et al., 2017; Abu-Siada and Aljohani, 2018).
[image: Flowchart depicting a process starting with FRA response, leading to a time-frequency image, followed by feature extraction and classification, ending with results. The method section includes Hilbert-Huang transform, histogram of grayscale image, and Dempster-Shafer method. Arrows indicate the sequence and relationship between steps.]FIGURE 5 | The fully automated frequency signal analysis method (Shamlou et al., 2021).
3.3 Dissolved gas analysis
When the mineral oil in the transformer is exposed to high heat and electrical stress, it breaks, and gas is produced as a result (Islam et al., 2018). Different forms of stress produce different gases, which can be divided into fault gases and non-fault gases. Fault gas is further divided into organic hydrogen (CH4, C2H6, C2H4, C2H2 and H2) and carbon oxide gas (CO2 and CO). The analysis of these fault gases and investigating their correlation with faults constitutes the Dissolved Gas Analysis (DGA) method used in transformer fault diagnosis. Its advantage lies in the ability to detect early occurrences of faults such as overheating, partial discharge, and breakdown in transformers. However, its disadvantage is the lack of accuracy and inability to detect and diagnose faults when the ratio codes fall outside the specified range (Rao et al., 2021). In early fault diagnosis, the amount of H2 and CO can be used to identify and diagnose early transformer faults according to temperature gas and key gas method (KGM) (Irwanto, 2021). However, this diagnostic method suffers from significant drawbacks due to the absence of clear indicators to confirm fault types. The type of gases detected depends on the severity of the specific transformer fault. With the progress of detection equipment and the development of DGA analysis, more mapping relationships between gas characteristic parameters and faults have been discovered, and more effective transformer fault analysis methods have been produced (Poonnoy et al., 2021), Such as Doernenburg Ratio Method (DRM) (Gouda et al., 2018), IEC Ratio Method (IRM) (Li et al., 2016) and Duval Triangle Method (DTM) (Barbosa et al., 2017). Bustamante et al. (2019) summarized and compared these methods, and summarized the characteristics of different gas analysis and diagnosis methods, as shown in Table 1.
TABLE 1 | Comparison of dissolved gas analysis methods (Bustamante et al., 2019).
[image: Table comparing various methods for fault identification using gas analysis. It includes: Key gas method (KGM), Doernenburg ratio method (DRM), Rogers ratio method (RRM), IEC ratio method (IRM), Duval triangle method (DTM), and Duval pentagon method (DPM). Each method lists its description, types of faults identified, and gases used. Faults include PD, arcing, and thermal faults, using gases like carbon monoxide, hydrogen, and methane.]Compared to earlier methods like KGM, DTM offers a more precise fault diagnosis partitioning. It transitions from relying solely on the quantity and type of gases to utilizing the proportion of fault gases, thereby enhancing diagnostic accuracy. Rodríguez et al. (2021) assessed the gas production of three common transformer faults using different DGA diagnostic methods. The findings suggest that DTM is a more reliable approach for diagnosing faults in natural ester liquids. Lakehal and Tachi, (2017) developed a Bayesian model incorporating DTM, highlighting its advantages in fault detection, and successfully applied it to five power transformers. The utilization of DTM proves effective in identifying localized discharge, thermal faults, and electrical faults in transformers (Golarz, 2016; Wattakapaiboon and Pattanadech, 2016; Pattanadech et al., 2019; Pattanadech and Wattakapaiboon, 2019). However, DTM operates as a closed diagnostic system, providing results regardless of the presence of all gases. It resides at the boundary of two fracture zones, unable to pinpoint the actual fault zone, posing a limitation. Therefore, the Duval Pentagon Method (DPM) was developed to enhance the accuracy of DGA. By integrating two Duval pentagons without interference, DPM can identify different types of faults from the same set of DGA data, significantly improving the range of faults identified compared to DTM (Pattanadech et al., 2019; Pattanadech and Wattakapaiboon, 2019). Pattanadech and Wattakapaiboon, (2019) examined the performance of different DGA analysis methods, applying DTM and DPM to specific cases. The results showed that DPM exhibited the best consistency and could identify transformer insulation aging that DTM could not detect. Building upon DPM, Gouda et al. proposed the Seven Pentagon Method based on the seven fault gases produced in transformer faults, as illustrated in Figure 6. Their research added CO2 and CO to the five gases in DPM, enabling the differentiation between cellulose insulation faults caused by heating and transformer faults, thereby enhancing the accuracy of fault diagnosis for specific transformer types. However, excessive classification makes it challenging to determine subcategories of faults. Artificial intelligence algorithms have shown promising applications in analyzing data and correlations between faults, suggesting that combining artificial intelligence algorithms with DPM and other DGA analysis methods is the primary direction for current and future developments (Sutikno et al., 2024).
[image: Diagram of a polygonal ternary plot with sections labeled HCCD, MCCD, LCCD, D2, D1, TD, PD, T2, T3, and T1. Compounds CO, CO2, C2H4, H2, CH4, C2H2, and C2H6 are marked on the vertices. Percent values encircle the plot.]FIGURE 6 | The fault type regions of the Seven Pentagon Method (Gouda et al., 2018).
3.4 Vibration analysis
Mechanical faults, insulation faults, and other issues can all affect the vibrations of the windings and core in a transformer. Hence, conducting vibration analysis enables the diagnosis of transformer faults (Granados-Lieberman et al., 2023). In comparison to traditional fault detection methods, vibration analysis offers distinct advantages in terms of electrical isolation. It stands out as an efficient and reliable non-invasive technique for detecting faults in transformer windings (Bagheri et al., 2018). Despite this, vibration-based transformer diagnostic technology has not gained widespread usage and discussion compared to other approaches. Part of the reason for this issue is the lack of unique interpretation methods for vibration signals. Another part is the challenging nature of noise removal from vibration signals and the complex effects various factors have on vibrations (Yang et al., 2004).
Vibration analysis emerged in early transformer fault diagnosis due to its non-electrical nature and non-invasive measurement approach (Borucki et al., 2015). Bartoletti et al. (2004) employed experiments and field tests to distinguish faulty transformers. They mitigated the impact of noise on fault analysis to some extent by constraining the frequency range of vibration sources and integrating them with voltage signals. However, the presence of considerable noise and various influencing factors affected the diagnosis. Subsequent researchers have sought different avenues to enhance diagnostic accuracy. Borucki, (2012) introduced an improved vibro-acoustic method known as Mechanical Vibration Measurement (MVM), utilizing transient operational conditions of transformers to assess the status of windings and cores. This approach circumvents the influence of the measured object’s current load on vibration acoustic signals, thereby enhancing diagnostic accuracy. Meanwhile, Zheng et al. (2015) employed laser Doppler vibrometry for non-contact measurement of transformer vibration signals and established a winding vibration analysis system based on laser measurement. Both Borucki’s and Zheng’s studies aimed to bolster vibration analysis accuracy by mitigating influencing factors in the measurement process, thereby reducing errors at the source. Shen et al. (2015) established and analyzed the relationship model between the surface vibration of the fuel tank and the insulation weakening of transformer windings. By monitoring the vibration signal of the tank and integrating information about the load current, as well as the normal and fault states of the transformer, the fundamental frequency signal of the transformer tank’s surface vibration is computed. His research focused on the impact of transformer current signals on vibration signals, aiming to enhance diagnostic accuracy through model analysis. Zhang et al. enhanced the vibration analysis method through mathematical statistical techniques. They analyzed by comparing the slope value of the cumulative probability distribution curve of transformer vibration signals, as illustrated in Figure 7. This analysis allows for the examination of the energy spectrum of the signals, enabling the rapid and accurate identification of the short-circuit fault degree in transformer windings (Zhang et al., 2019). Algorithmic optimization of vibration analysis itself has been conducted, resulting in improved diagnostic accuracy and efficiency.
[image: Graph depicting cumulative probability distribution against vibration acceleration. Represents four lines: black for normal operation, green for mild fault, pink for moderate fault, and red for severe fault. Each line shifts rightward as the fault severity increases.]FIGURE 7 | Cumulative probability distribution curve of vibration signal under different working state of transformer (Zhang et al., 2019).
While the efforts of the researchers have propelled the advancement of vibration analysis, their focus has predominantly centered on dry-type transformers, rendering their findings potentially inapplicable to oil-immersed transformers. Addressing this gap, Miao et al. (2023) conducted a comprehensive study on the vibration signals of oil-immersed transformers. They established a three-dimensional electromagnetic-mechanical-acoustic coupling analysis model specifically tailored for oil-immersed power transformers. Their research primarily concentrated on scrutinizing the vibration characteristics unique to oil-immersed transformers, thereby further fostering the evolution of vibration analysis within the domain of transformer diagnostics.
As transformer technology progresses, there emerges a heightened demand for the precision of vibration analysis techniques. While many researchers have contributed to enhancing diagnostic accuracy to some extent in their respective studies, the varied sources of vibration signals and the diverse array of transformer models impose distinct impacts on vibration signals. Consequently, there remains a pressing need for further research and standardization within the realm of transformer vibration analysis. The integration of artificial intelligence algorithms with vibration analysis techniques represents a pivotal direction for the advancement of this technology. Such integration enables the swift analysis of diverse factors influencing vibrations, facilitates noise removal and signal delineation, and promises significant advancements in the underlying technology itself (Xu et al., 2010).
4 INTELLIGENT DIAGNOSIS METHOD OF TRANSFORMER
Chapter 3 provides an exposition on the evolution of different diagnostic techniques. As transformer technology advances and the electricity market develops, relying solely on diagnostic techniques proves insufficient for achieving rapid fault diagnosis and adapting to the complex realities of the modern transformer industry. A multitude of influencing factors, along with the increasingly intricate data analysis processes, have compromised the reliability of fault diagnosis, thereby impeding transformer progress (Wani et al., 2021). The development of artificial intelligence (AI) technology has simplified data analysis and prediction. Even in the absence of structural information, AI can derive relatively accurate models through training, addressing the challenging multifactorial analysis inherent in traditional methods. To further enhance the accuracy and efficiency of transformer fault diagnosis, the integration of AI technology into transformer fault diagnosis represents the primary direction of current development. This aims to achieve intelligent diagnosis of transformers, enabling them to adapt to the evolving demands of the industry. This chapter categorizes different AI technologies and combines intelligent analysis methods with traditional diagnostic techniques to discuss the development of intelligent transformer diagnosis technology.
4.1 Neural networks
Neural networks are artificial intelligence models inspired by the biological nervous system. Through training, neural networks learn the features and patterns of input data, enabling them to perform various tasks such as classification, regression, and clustering. Neural networks possess strengths such as strong adaptability, parallel processing capabilities, and robust generalization abilities, making them suitable for application in transformer fault diagnosis. Many researchers utilize neural network technology for the analysis and diagnosis of transformer faults, such as Radial Basis Function (RBF) neural networks (Mi et al., 2021), Probabilistic Neural Networks (PNN) (Yi et al., 2016), Elman neural networks (Li et al., 2022), and more. PNN demonstrates robustness, performing well in scenarios with limited sample data and high levels of noise interference. Consequently, it has been widely adopted by researchers in the field of transformer fault diagnosis. For instance, Bigdeli et al. (2013) applied vector fitting and PNN in transfer function analysis to identify winding faults in transformers, significantly improving diagnostic accuracy compared to traditional methods. Zhang et al. proposed a fault diagnosis method based on the vibration and noise characteristics of transformers, using PNN to predict transformer faults based on vibration and noise signals under different fault conditions (Zhou et al., 2023). Their approach can be applied to various types of transformers, enhancing the adaptability of vibration analysis techniques. However, the performance of PNN is significantly influenced by the smoothing factor of its hidden layer elements, which may reduce fault classification accuracy when applied in other diagnostic techniques.
To further enhance the accuracy of intelligent diagnostic methods, Yang et al. (2019) conducted research on intelligent diagnosis methods for Dissolved Gas Analysis (DGA). They employed the Bat Algorithm (BA) to optimize the smoothing factor, effectively mitigating the drawback of PNN’s susceptibility to local optima. The diagnostic method of BA-PNN is illustrated in Figure 8. When evaluated using real-world cases, BA-PNN demonstrated exceptional accuracy, achieving an accuracy rate of approximately 98%. Velásquez and Lara, (2020) proposed a new method with the lowest computational cost, utilizing a genetic algorithm to optimize an Artificial Neural Network (ANN) classifier for fault classification. They replaced the traditional Reinforcement Learning (RL) action selection process with a genetic algorithm-based optimizer. Their research, based on the combination of traditional diagnostic methods and neural network technology, further enhanced the accuracy of intelligent diagnosis through algorithm optimization and tailored design for transformer fault diagnosis scenarios. It is evident that different neural network training algorithms encounter various challenges. Therefore, it is necessary to employ appropriate optimization methods to address issues like local non-convergence and the significant impact of a small number of anomalous samples.
[image: Flowchart illustrating a hybrid Bat and Probabilistic Neural Network (PNN) algorithm. The Bat algorithm section includes initialization, updating velocity, and position, followed by acceptance criteria and solution updates. The PNN section involves input data processing, parameter initialization, data transformation, and output classification results. Both sections are interconnected for optimization and classification.]FIGURE 8 | Transformer diagnosis method based on BA-PNN (Yang et al., 2019).
However, it is imperative to recognize that transformers exhibit diverse characteristics across various aspects following a fault occurrence. Integrating multiple diagnostic methods through artificial intelligence (AI) technology stands as a pivotal direction for the advancement of intelligent diagnostic techniques. Wang et al. (2014) proposed a transformer fault diagnosis method based on multi-source information fusion, incorporating SCADA data, dissolved gas sensor data, relevant electrical test data, operational maintenance records, and more. Employing a time-space weighted fusion method using BP neural networks, this intelligent approach significantly enhances the accuracy of transformer fault diagnosis. Xing and He, (2023) employed a one-dimensional convolutional neural network for extracting dissolved gas features and a deep residual compression activation neural network for extracting infrared image features, presenting a power transformer health assessment method based on multi-modal mutual neural networks. By amalgamating DGA with the infrared imaging method and utilizing multi-modal mutual neural networks for training, this method achieves high classification accuracy and precision, albeit with a longer training duration. In forthcoming developments, adopting intelligent diagnostic techniques that amalgamate multi-source information is imperative. Enhancing algorithm adaptability to complex sample data and real-world applications will be critical for advancing neural network technology in the field of intelligent diagnostics.
4.2 Deep learning
Deep learning, with its capability for performing more layers of nonlinear operations, has transcended the depth limitations of traditional neural networks. The features learned by deep learning models demonstrate a higher level of representativeness of raw data, significantly easing classification and visualization tasks. Consequently, deep learning has garnered increasing favor among researchers in the realm of transformer fault diagnosis (Liu et al., 2022; Jimenez-Navarro et al., 2023). Duan et al. (2019) employed deep learning to analyze inter-turn short-circuit faults in transformers, optimizing the input characteristics of three-phase transformer signals and thereby enhancing the robustness of inter-turn fault detection within the deep learning framework. Zhang et al. (2020a) proposed a transformer fault diagnosis method based on monitoring systems and integrated machine learning approaches. Liang et al. (2018) introduced a deep belief network (DBN) based on a deep genetic algorithm, which automatically establishes mapping relationships between feature gases and fault types, achieving accurate diagnosis.
Their studies have demonstrated that the integration of deep learning into transformer intelligent diagnostic methods results in enhanced accuracy. Nonetheless, they have overlooked the impact of noise and uncertainty factors on measurement data. In practical applications, sample data often exhibit issues such as imbalance, scarcity, and poor quality. Further research is required to improve the accuracy of intelligent diagnostic methods. De Andrade Lopes et al. (2021) employed the Borderline Synthetic Minority Over-Sampling Technique (SMOTE) for oversampling to balance the dataset. Their deep neural network, which integrates the Borderline SMOTE method with traditional DGA methods, artificial neural networks, and deep neural networks trained on imbalanced data, demonstrated the highest diagnostic accuracy. Zhang et al. (2020b) proposed a cost-sensitive learning-based one-dimensional convolutional neural network (1D CNN) model, optimizing its cost matrix using the particle swarm algorithm. This model places greater emphasis on minority fault types. Xing et al. (2023) introduced a deep noise-filtering diagnostic model based on noise vibration signals. They employed the balanced isolation forest method to detect abnormal data in the original vibration signals and used two deep noise filtering networks to suppress noise levels, effectively reducing the impact of abnormal sample data on diagnostic results. Vatsa et al. (2024) developed an intelligent diagnostic technique based on residual long short-term memory (LSTM) networks to analyze FDC. The structure of the system is illustrated in Figure 9. They utilized the Monte Carlo dropout prediction method to estimate uncertainty in polarizing current predictions. This approach not only addresses the inherent time-consuming nature of PDC measurements leading to vulnerable data but also further mitigates the impact of uncertainty factors on diagnostic results, significantly enhancing diagnostic accuracy.
[image: Diagram of a deep learning model architecture. An input layer feeds into multiple layers of LSTM cells, with arrows indicating sequential and residual connections. These connect to a flatten layer, followed by a dense layer, ending in an output layer.]FIGURE 9 | The architecture of the residual LSTM model (Vatsa et al., 2024).
The researchers have effectively enhanced the precision of intelligent diagnostic techniques through the optimization of deep learning methods and denoising of measurement features, thus increasing the adaptability of intelligent diagnostic approaches to complex operational environments. Moreover, some researchers have further improved diagnostic accuracy and adaptability by integrating multiple sources of information. Zhang et al. (2020c) monitored and collected information on transformer faults, coupled with variations in transformer temperature and electrical signals, to establish a computational model for transformers based on multi-level faults and multiple feature parameters. By employing the Deep Belief Network Identification (DBNI) algorithm for fault detection and utilizing an optimal fusion algorithm to construct training samples for the transformer diagnostic model, they achieved improved diagnostic accuracy through joint analysis of two sets of feature information. Meanwhile, Liu et al. (2023) identified insufficient sample data and uneven distribution of collected data among faults as crucial factors limiting the application of machine learning in transformer fault detection. Therefore, they developed a power transformer fault warning system based on electrical quantities and vibration signals, incorporating multi-source information processing to simultaneously enhance cost-effectiveness and fault warning accuracy. Their research indicates that intelligent diagnostic methods integrating oil and gas features, electrical characteristics, vibration features, and other information can significantly improve data utilization efficiency and diagnostic accuracy, thereby showing promising development prospects in the field of deep learning technology capable of handling more complex feature sets.
4.3 Support vector machine
SVM has also been widely applied in fault diagnosis to enhance the accuracy of fault classification. SVM is an effective method for handling high-dimensional independent variables without the need to recalculate from initial conditions to obtain new decision boundaries (Kim et al., 2019). However, the classification accuracy of an individual SVM may not reach optimal levels. Many researchers combine other intelligent methods with SVM to effectively improve classification performance and achieve convincing results. Illias and Zhaoliang, (2018) proposed a hybrid SVM algorithm based on an improved Evolutionary Particle Swarm Optimization (EPSO) algorithm to determine transformer fault types. EPSO combines particle swarm optimization with an evolutionary strategy, maintaining the superior characteristics of particles by introducing variation operations. To enhance the algorithm’s robustness, they introduced Time-Varying Acceleration Coefficients (TVAC) based on EPSO. Finally, the SVM-MEPSO-tvac method, a combination of MEPSO and SVM, not only reduced training time but also maintained high accuracy, providing a solution and insight for transformer fault type identification based on DGA data in practical applications. Hong et al. (2015) established a probability-based real-time detection and classification model for power transformer faults, combining SVM with vibration analysis. They categorized the transformer operating states into healthy, aging, and abnormal, then performed SVM classification associated with the sigmoid function. Through this method, they estimated the membership probability of each class of the binary decision tree.
However, SVM-based approaches also exhibit certain limitations, such as a tendency to misclassify samples near the decision boundary, which can reduce diagnostic accuracy (Zhang et al., 2020d). Therefore, many researchers have optimized the performance of intelligent transformer fault diagnosis methods by selecting the most relevant feature sets (Kari et al., 2018). They propose selecting feature subsets and employing intelligent algorithms to optimize the SVM method for transformer fault diagnosis. Hong et al. (2022) addressed the issue of fuzzy decision boundaries in SVM by proposing a Support Vector Feature-based Parameter Optimization Algorithm (SVFB). This not only shortened training time but also improved diagnostic accuracy. Zhu et al. (2022) optimized SVM using an Improved Seagull Optimization Algorithm (ISOA) and introduced the Henon chaotic map for population initialization. By combining Differential Evolution (DE) based on an adaptive formula, they improved the foraging formula of the Seagull Optimization Algorithm (SOA), enhancing algorithm diversity and the ability to find optimal SVM parameters. Hendel et al. (2023) applied Dempster-Shafer fusion to the results returned by Multi-class Support Vector Machine (M-SVM) to enhance accuracy and decision support. They also proposed an output post-processing method to address evidence conflict issues.
In the integration of SVM technology with transformer fault diagnosis, researchers have capitalized on the advantages of rapid training and minimal sample requirements. Simultaneously, they have addressed its drawbacks of low accuracy and subpar classification. Through algorithmic optimizations and other approaches, they have advanced the application of SVM technology in the domain of intelligent transformer fault diagnosis.
4.4 Intelligent diagnosis and multi-source information fusion
Incorporating intelligent algorithms for further analysis and optimization of traditional transformer fault diagnosis techniques significantly enhances both the applicability and diagnostic accuracy of conventional methods. However, faults often present in various forms, and detecting their abnormal characteristics from multiple perspectives yields superior diagnostic outcomes (Cao et al., 2020). Historically, utilizing features from different sources for fault diagnosis posed significant challenges due to their complex relationships and increased errors. Nevertheless, artificial intelligence algorithms excel in managing the intricate relationship between faults and features, as well as mitigating the negative impact of uncertainties inherent in measurements. Therefore, integrating the concept of multi-source information fusion into intelligent diagnosis technology stands as a key developmental trajectory.
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The transformation of energy structure has brought about new changes in the power system, and the environmentally friendly gas switchgear with the goal of low carbon and environmental protection has been widely spread and applied, but due to its short application time and the accumulation of related research, it continues to carry out life prediction to improve the related operation and maintenance system. The article proposes the environmental protection gas switchgear data processing technology based on data enhancement technology, proposes the environmental protection gas switchgear life prediction technology based on approximate dynamic planning, and verifies the algorithm through case analysis, which proves the effectiveness and accuracy of the proposed method.
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1 INTRODUCTION
In recent decades, the global energy consumption pattern has undergone significant changes, and the traditional energy consumption pattern can no longer meet the requirements of the current low-carbon development. Sulfur hexafluoride, as an insulating arc extinguishing medium, is widely used in electrical equipment. However, its ultrahigh global warming potential makes it one of the six greenhouse gases whose emission is restricted under the Kyoto Protocol. Traditional sulfur hexafluoride switchgear can’t meet the demand of green development, and the environmentally friendly gas switchgear using dry gas as the noon of the sky can effectively reduce the emission of greenhouse gases, unlocking more environmental benefits and economic benefits. However, due to the short application time of environmentally friendly gas switchgear, long-term use experience has not been obtained, and it is impossible to predict its remaining electric life. Therefore, with the advancement of active distribution network, it is necessary to predict the life of switchgear to realize active repair.
Switchgear life prediction research is mainly divided into empirical model prediction and gray box model prediction. Empirical models are based on accurate physical modeling, and their parameters are determined by a large amount of operational data and historical experience, which can realize more accurate life prediction for a single type of switchgear. At present, typical empirical models for life prediction include failure physical models, data-driven models, and so on. Among them, some scholars have used the Coffin-Manson model (Panarello et al., 2016) to reveal the relationship between mechanical fatigue life and plastic strain; some scholars have established a power device life model based on the theory of device fatigue damage through the IGBT power cycling test (Li et al., 2020); and the structure of the simulation is based on the fast state mapping, module topology and detailed electro-thermal modeling of devices (Ceccarelli et al., 2019) can complete the life prediction of power modules; the finite element method can construct the electro-thermal and life model of impedance-sourced photovoltaic micro-converters (Shen et al., 2018) The Coffin-Manson formula based on strain and fixed mesh size (Fu et al., 2020) can predict the fatigue damage of solder balls. 2020) can predict the fatigue life of solder balls. The above life prediction methods based on failure physics models can make more accurate predictions for a single component, but they are not universal and cannot be applied to scenarios with complex component structures. For data-driven modeling, some scholars proposed a novel multi-step robust prediction machine (Me et al., 2021) to complete the RUL online prediction; some scholars established an exponential decay model successfully fitted with experimental data (Dusmez et al., 2016) and processed the data by the classical least squares method to complete the residual service life prediction of degraded power MOSFETs; using data-driven and modeling methods, the remaining service life of the degraded power MOSFETs can be predicted. Prediction; Lifetime prediction of impedance devices can be accomplished by utilizing a data-driven and model predictive control algorithm (Celaya et al., 2011); A deep learning algorithm based on stacked long and short-term memories (Baharani et al., 2019) has been proposed for performing collective lifetime prediction of converters; Application of the cuckoo search algorithm (Anand et al., 2020) can be implemented for maximum power point tracking under partial coloring conditions. Data-driven models can obtain the life prediction patterns of components from a large amount of operational data, but it is difficult to ensure the accuracy of life prediction under the influence of multidimensional feature quantity.
In recent years, research for gray box models has focused on deep learning, reinforcement learning, migration learning and approximate dynamic programming. Among them, some scholars (Ender et al., 2021; Omid et al., 2023) have used deep deterministic policy gradient algorithms based on re-enforcement learning and deep reinforcement learning for controlling converter power switching management and storage unit switching management in switching devices; the deep learning algorithms can be used to predict the battery operating state of lithium-ion batteries, the residual life interval of the device and the IGBT residual life (Chen et al., 2022; Ma et al., 2023; Gang et al., 2024); a fusion of Time Attention - Temporal Convolutional Networks (TA- TCN) and transfer learning (Zhang et al., 2023) for rolling bearing life prediction; In terms of system predictive scheduling, there have also been studies by scholars (Saha et al., 2023) who have proposed a medium-voltage grid-connected public multiport FC/discharge (DC) station that connects all three plug-in electric vehicle (PEV) categories simultaneously, facilitating bidirectional power flow for vehicle-to-grid (V2G) applications. Some scholars (Kumar et al., 2023) have developed a model predictive control battery management system based on voltage sensor, which can effectively predict the state of the battery system in a certain period of time. Some scholars (Chen et al., 2022) have proposed a fixed control system based on complex dynamic networks, and solved the basic problems of neural network stability, synchronization and controllability, but this paper does not solve the problem that complex dynamic networks are prone to overfitting. Some scholars (Yousaf et al., 2022) have proposed an adaptive reclosing scheme based on genetic algorithm, which can classify all fault events in the reclosing area or block reclosing area, but the adaptive genetic algorithm is difficult to avoid falling into the problem of local optimal solution. In order to solve the problem of electric ship docking, some scholars (Kumar and Panda, 2023a; Kumar and Panda, 2023b) proposed a new type of power quality improvement cold ironing (PQICI) system (charging mechanism) and an intelligent high-power charging network and its control mechanism for port cold ironing, respectively, and combined with the analysis of numerical examples to verify the effectiveness of the proposed method in the planning of electric ship parking charging scheme.
Since the life prediction of switchgear is a multi-stage problem and is affected by random quantities such as ambient temperature and humidity, the approximate dynamic programming algorithm for the multi-stage stochastic optimization problem can be more effective in solving the life prediction problem of environmentally friendly gas switchgear. The gray box model is suitable for life prediction of equipment with complex component structure and many feature quantities, which is more in line with the application scenario of environmental protection gas switchgear, so this paper adopts the gray box model to approximate the life function of environmental protection gas switchgear and the use of an approximate dynamic programming algorithm (Li et al., 2023) to optimize a non-trivial rolling bearing life prediction with model errors and external perturbations. Errors and external perturbations to improve the life prediction accuracy of nonlinear systems. Some scholars (Zhu et al., 2023) have used approximate dynamic programming to solve the real-time risk avoidance scheduling problem of power and natural gas integrated system. Some scholars (Fan et al., 2023) have solved the problem of robust optimal scheduling of permanent magnet synchronous motors by using approximate dynamic programming. There are also scholars (Li et al., 2022) who have mixed MPC and ADP to solve the multi-stage real-time stochastic scheduling problem of grid-connected multi-energy grids, and these studies have proved the superiority of approximate dynamic programming in solving system and equipment prediction and real-time scheduling.
In summary, this paper proposes to firstly process a large amount of operational data obtained from sensors, and carry out correlation and normalization calculations to determine the decision variables; then solve the multi-stage stochastic optimization problem of life prediction of environmentally friendly gas switchgear cabinet through an approximate dynamic programming algorithm combined with a neural network; and finally carry out a case study of a regional distribution network in a certain area to simulate and verify the accuracy and validity of the model and methodology of life prediction of environmentally friendly gas switchgear cabinet proposed in this paper. Finally, a case study is carried out in a regional distribution network to simulate and verify the accuracy and effectiveness of the life prediction model and method proposed in this paper.
2 RESIDUAL ELECTRIC LIFE DATA PROCESSING FOR ENVIRONMENTALLY FRIENDLY GAS SWITCHGEAR
2.1 Data correlation processing
There are more feature parameters affecting the remaining life of environmentally friendly gas switchgear, and different feature parameters have different im-portance to the remaining life, and deleting the feature parameters with lower im-portance is conducive to improving the assessment accuracy. In this paper, we pro-pose an embedded feature selection method, which calculates the similarity based on the Mahalanobis distance, randomly selects the nearest neighbors by learning the feature weights and minimizing the objective function, and realizes the feature selection by using the leave-one-out method for cross-validation of the original dataset. The computational steps of feature selection are as follows:
2.1.1 Set up the transformation matrix A and calculate the marginal distance between features
For a data set with [image: A mathematical set notation is shown as follows: curly braces encompassing elements denoted by \(X_1, X_2, \ldots, X_m\), indicating a sequence of variables or items within the set.] a total of [image: Please upload the image you want described, and I'll generate the alternate text for it.] samples, the Marginal distance between the sample points [image: Please upload the image, and I will generate the alternate text for you.] and [image: Please upload the image or provide a URL, and I will help generate the alternate text for it.] is denoted as:
[image: Mathematical formula for minimum distance, \( \text{dist}_{\text{min}}(X_i, X_j) = \sqrt{(AX_i - AX_j)^\top (AX_i - AX_j)} \), labeled as equation one.]
2.1.2 Calculate the probability of a single feature data being correctly classified
The purpose of this method is to learn a metric to make the classification of new samples optimal, since the true distribution of the data itself is not known, the formula 1’s are introduced as the metric function. While using the leave-one-out method to calculate the error, the error function is not continuous with respect to A. Therefore, a differentiable softmax function needs to be introduced, i.e., Eqs 2, 3:
[image: Equation showing the calculation of \( p_{ij} \) using the exponential function: \( p_{ij} = \frac{\exp(-AX_i - AX_j^2)}{\sum_{l \neq i} \exp(-AX_i - AX_l^2)} \). Additionally, \( p_{ii} = 0 \).]
[image: Mathematical equation for \( P_i \) represented as the sum of \( P_{ij} \) over \( j \) in the set \( W_i \), labeled as equation (3).]
Where: [image: It seems there is no image attached. Please upload the image or provide a URL for me to generate the alternate text.] is the set of samples excluding the sample [image: Please upload the image or provide a URL so I can generate the alt text for you.], [image: Please upload the image or provide a URL so I can generate the alternate text for it.] is denoted as the probability that [image: Please upload the image or provide a URL so I can help generate the alt text for it.] will eventually choose [image: Please upload the image or provide its URL so I can generate the alternate text for you.] as a nearest neighbor and inherit his class label in the process of randomly selecting nearest neighbors, [image: Please upload the image so I can generate the appropriate alt text for it.] is the accuracy of the leave-one-out method for sample [image: Please upload the image or provide a URL so I can generate the alternate text for it.], and [image: It seems there is an error in the request, as there's no actual image provided. Please upload the image or provide a URL, and I can help you generate the alternate text for it.] is the set of subscripts for samples belonging to the same category as the sample [image: Please upload the image or provide a URL to generate the alternate text. Optionally, you can add a caption for additional context.].
2.1.3 Optimize the transformation matrix [image: An uppercase letter "A" shown in a bold, black font on a white background.], the derivation of the objective function, the calculation formula is expressed as Eqs 4-5:

[image: The equation shows the function \( f(A) \) as the sum of \( P_i \) from \( i = 1 \) to \( m \), which equals the double sum of \( P_{ij} \) with inner sum over index \( j \) in set \( W_i \) and outer sum from \( i = 1 \) to \( m \), labeled as equation (4).]
[image: Partial derivative of f (A) with respect to A is equal to negative two A times the sum over i from one to m of the sum over j in the set W sub i of P sub i j times the matrix product of X sub i j and X sub i j transpose minus the sum over k of P sub k X sub A k X sub A k transpose. Equation labeled as five.]
2.1.4 The original feature matrix X is filtered using the optimized transformation matrix and the feature subset X is denoted as Eq. 6:

[image: It seems there might have been an error in your request with the image input. If you intend to upload an image or provide a URL for me to analyze, please do so along with any captions or context you'd like considered.]
The correlation between the feature parameters of the environmental protection gas switchgear varies, and the greater the correlation, the more similar the feature information is, the redundant feature information will increase the model burden, and the elimination of some of the feature parameters with high redundancy is conducive to the improvement of the assessment accuracy. Spearman’s rank correlation coefficient calculates the degree of correlation between the ranks of two variables, which is suitable for measuring the correlation between discrete data, categorical variables or rank variables. The Spearman’s rank correlation coefficient between a characteristic variable [image: Please upload the image or provide a URL, and I'll help generate the appropriate alternate text for it.] and [image: Please upload the image or provide a URL, and I can help generate the alternate text for it.] the middle can be expressed as Eq. 7:
[image: Formula for calculating a rank correlation coefficient: \( r = 1 - \frac{6\sum_{i=1}^{m}D_i^2}{m(m^2-1)} = 1 - \frac{6\sum_{i=1}^{m}(R_i - S_i)^2}{m(m^2-1)} \).]
Where: [image: It seems there is no image provided. Please upload the image or provide a URL so I can generate the alternate text for you.], [image: It looks like there might have been an error. Please upload the image or provide a URL for me to generate the alt text.] is the size of the rank of [image: Please upload the image or provide a link so I can generate the alternate text for you.] and [image: Please upload the image or provide a URL, and I will help generate the alternate text for it.] after sorting by size, [image: It seems like there might be an error or issue with the image. Could you please provide the image again by uploading it or including a working URL?] is the difference between the corresponding ranks of the two variables, and [image: Please upload the image you want me to generate alternate text for.] is the sample content. When [image: Apologies, I can't help with that.], there is no correlation between the features; when [image: It seems there was an error with the upload. Please try submitting the image again.] , there is weak correlation between the features; when [image: It seems like you've provided a mathematical expression, not an image. Please upload the image or provide a URL for which you need the alternate text.], there is general correlation between the features; when [image: I'm sorry, I can't generate alt text for the image because it wasn't uploaded. Please upload the image or provide more details about it.], there is strong correlation between the features.
2.2 Data enhancement technology
The whole-life process of the environmental gas switchgear is a long time sequence, and the historical information data are closely related in the time dimension, and further enhancement of the temporal sequence between the data can improve the accuracy of the model assessment. Data enhancement technology can make the data better adapt to the time series assessment model by enhancing the time series relationship between historical data. The data enhancement methods for time series are mainly categorized into transformation, averaging and statistical sampling, in which the transformation-based window slicing method can be applied not only to the training set but also to the test set, with better label retention and higher generalization to long time series data.
The dimensionality of the feature subset of environmentally friendly gas switchgear is greatly increased after data enhancement, and its dimensionality needs to be reduced to reduce the amount of model inputs. Stacked Denoising Auto Encoder (SDAE) builds a multilayered noise reduction autoencoding network based on DAE, and realizes feature fusion to reduce the data dimensionality. DAE is an improvement of neural network-based autoencoder (AE), which helps to improve its generalization ability.
The AE has a three-layer structure with input layer x, hidden layer h, and output layer x. Where, the input layer x is mapped to the hidden layer h through the encoder activation function f(x) and the expression can be expressed as Eq. 8:
[image: A mathematical expression representing a function \( h = f(W_i \cdot \hat{x} + b_i) \).]
Where [image: It seems like text was entered instead of an image. Please upload the image, and I will create the alt text for it.] and [image: Please upload the image or provide a URL so I can help generate the alternate text for it.] are the weight matrix and bias term of the input layer mapped to the hidden layer, respectively. The hidden layer h is then mapped to the reconstructed output layer x by the decoder activation function g(f(x)), and the expression can be expressed as Eq. 9:
[image: Mathematical equation for \(\tilde{x}\) equals \(g(W_2 \cdot h + b_2)\), labeled equation nine.]
Where [image: Please upload the image or provide the URL, and I will help generate the alternate text for it.] and [image: Please upload the image or provide a URL for me to generate the alternate text.] are the weight matrix and bias term of the hidden layer mapped to the output layer, respectively. Generally x cannot be mapped exactly, so in order to maximize the output data features to characterize the original data features and thus introduce the reconstruction error, this error is minimized in the mapping process with Eq. 10:
[image: The image shows a mathematical expression: "min L(x, x̄) = min L(x, g(f(h))) = min Σ (xᵢ - x̄ᵢ)²" from i equals one to n, labeled as equation (10).]
When this error is the smallest, a better weight matrix W and bias term b are obtained. However, due to the fact that the features learned by AE are uniquely represented with the input data features, overfitting occurs when the parameters of the auto-coding network are complex, resulting in the reconstructed data does not have strong generalization ability and robustness. Therefore, a method of adding random noise to the input data is proposed, i.e., randomly destroying the input data with a certain probability, and reconstructing the input data x’ with the added noise to obtain the input layer x, whose weighting matrix is less noisy, and is thus called a noise-reducing autoencoder (DAE). The SDAE, on the other hand, is to stack several DAEs to form a deep architecture with the ability of deep nonlinear mapping, and to combine the previous The hidden layer h learned from the previous DAE is used as the input layer x of the next DAE, and so on until the last layer is trained.
3 SWITCHGEAR LIFE PREDICTION ALGORITHM BASED ON APPROXIMATE DYNAMIC PROGRAMMING
The life prediction curve of the environmental protection gas switchgear is a convex curve with negative and decreasing slope, and the electric life cycle can be divided into several time periods, and each period is approximated by a linear function, i.e., the life prediction function of the environmental protection gas switchgear is approximated as a segmented linear function. At each stage, it is necessary to make the decision that the current time period to the final time period is globally optimal, the decision is the slope approximation, and the global optimum is the final prediction that the life is close to the real life. This type of multistage stochastic optimization problem can be formulated as a Markov decision process and solved by dynamic programming. Dynamic programming (DP) can decompose a multi-stage problem into a single-stage problem with a transfer function to realize the transition between the previous and previous time periods. A Markov decision process usually contains state variables, decision variables, and stochastic variables, and the state variables of the before and after periods are connected by a transfer function.
State variables [image: Please upload the image or provide a URL so I can generate the alternate text.] are a set of variables that reflect the current state of the system, and can be used directly to determine the decision of the system without considering the interference of external random variables.
The transfer function is the relationship between the state variables [image: It seems there was an error in your request. To generate alternate text, please ensure you upload an image or provide a URL. You can also add a caption for additional context.] of the system and the random variables [image: Equation displaying a capital W with a circumflex accent, subscript t.] injected into the decision [image: It seems like there might be an issue with the image upload. Please upload the image file or provide a URL, and I can help generate the alternate text for it.] and transferred to the next moment [image: I'm unable to view images directly. Please upload the image or provide a URL for me to generate the alternate text.], so the transfer function in the life prediction of the environmental protection gas switchgear is defined as Eq. 11:
[image: Equation showing \( S_{t+1} = f(S_t, x_t, \mathbf{W}_t) \), labeled as equation (11).]
Considering the above MDP elements, the objective function for switchgear life prediction can be redefined as:
[image: Mathematical expression representing a multi-stage stochastic optimization problem. It involves nested minimization expressions with indices and summation terms, beginning with a minimum over \(x_1\) of \(w_1 C_1(S_1)\), followed by expected values over \(x_2\) through \(x_{N_T}\), each encapsulating additional minimum operations. Labeled as equation twelve.]
By Bellman’s optimality principle, the tail problem of Eq. 12 can be expressed as Eq. 13 by dividing it by the time, in which, [image: Sorry, I can't view images directly. Please upload the image file or provide a URL, and I'll help generate the alt text for you.] denotes the value function of the system at the time [image: I can't view images directly. Please upload the image or provide a URL, and I'll help generate the alt text for it.], i.e., the optimal cost of the system from the beginning of the state [image: Please upload the image you would like alt text for, or provide a URL. If you have a caption or any additional context, feel free to include that as well.], including the cost of the current state and the function of the future value. The function [image: I'm sorry, it seems there was a mistake in your input. Please provide an image or describe the image for which you need alternate text.] refers to the life curve of the switchgear from the next moment [image: Please upload the image or provide a direct URL to generate the alternate text.] of life impairment to the last period [image: It seems there was an error with the image upload. Please try again by uploading the image or providing the URL. Make sure the file is correctly attached.] of the system, which [image: Please upload the image or provide a URL to it so I can help generate the alternate text.] is the discount factor for weighing the importance of the immediate and future rewards of the system in the MDP problem, and the value is usually set in the range of 0–1.
[image: The equation describes a value function, \( V_t(S) \), which is minimized over a variable, \( x_t \). It includes terms for the cost function, \( W_t(C(S, x_t)) \), and the discounted expected value, \( \gamma \cdot E[V_{t+1}(S_{t+1}) | S_t] \). The equation is labeled as (13).]
The classical DP problem can be solved by solving the Bellman’s optimization equation in the reverse direction to obtain the value function of each possible state at a single moment, and then solving the Bellman’s equation in the forward direction to obtain the optimal solution according to the obtained value function. However, the scale of the problem in real power systems is usually large, and the excessively large state space and action space will bring about the problem of dimensional explosion, which makes it extremely difficult to compute the future value functions, i.e., the ‘dimensional catastrophe’ in the traditional DP problem. Therefore, in approximate dynamic programming (ADP), the approximation of the future value function by a segmented function can give an approximate optimal solution.
Due to the large computation of the expectation value in Eq. 13, the computation of the expectation value can be circumvented by using the post-decision state variable instead of the state variable, which refers to the state in which the system has been put into a decision-making process, but has not yet been injected with any exogenous stochastic information. The relationship between pre-decision state, post-decision state, decision and random variables is shown in Figure 1:
[image: Flowchart illustrating a decision-making process. It starts with state \(S_t^{-}\), moves through an estimator to state \(S_t\), then to a decision box, and ends with state \(S_{t+1}^{-}\). A small graph labeled \(V(S'_t)\) with a decreasing trend and an arrow pointing to \(F(S'_t)\) is shown below.]FIGURE 1 | ADP decision-state transfer process.
After using post-decision state variables instead of state variables, the Bellman equation of the system can be expressed as Eq. 14.
[image: Dynamic programming equation representing the value function \( V^*_t(S_t) \), expressed as the expectation over variable \( W_t \) of the minimum cost \( C(S_t, x_t) \) plus the discounted future value \(\gamma \cdot V^*_{t+1}(S_{t+1}) \) given the state \( S_t \).]
Where: [image: It appears there's no image attached. Please upload an image or provide a URL for me to generate alt text.] is the post-decision state variable and [image: Apologies, I cannot generate the alt text without viewing the image. Please upload the image or provide a URL, and I will be happy to help.] is the post-decision value function.
Since the post-decision state variables and the value function are unknown, and [image: Mathematical notation showing variable \( V_t^x \), where \( V \) is a function or value indexed by \( x \) and \( t \).] of each time period is independent, the state space is too large and therefore needs to be approximated as Eq. 15:
[image: Equation showing an approximation: \( V_i^a(S^i) \approx \sum_{a=1}^{N_t} d_{a,i} r_{t,a} \), where \( a \in \{1, 2, \ldots, N_t\} \), labeled as equation (15).]
Where: [image: Please upload the image or provide a URL, and I can help generate the alternate text for it.] is the number of segments of the linear segmentation function, [image: It seems there was an error in the input as no image has been uploaded. Please provide the image or a URL for the image you want the alternative text for, and I will help you with the description.] is the post-decision state variable, and [image: Please upload the image or provide a URL for me to generate the alternate text.] is the horizontal coordinate. The slope decreases as the number of segments of [image: It seems there is no image attached. Please upload the image, and I will generate the alt text for you.] increases, and [image: If you upload an image or provide a URL, I can help generate the alternate text for it. Please try that!] is the length of the horizontal coordinate corresponding to the index of the number of segments [image: Please upload the image you'd like me to describe, and I'll generate the alternate text for you.], and the related constraints are shown in Eqs 16, 17.
[image: Mathematical expression showing an inequality: zero is less than or equal to \( r_{i,t} \) which is less than or equal to the difference between \( S_{t,\text{max}} \) and \( S_{t,\text{min}} \) divided by \( N_t \). An equation reference number is given as sixteen.]
[image: Summation formula for \( S_{t}^{x} \) equals the sum of \( r_{i, a} \) from \( a = 1 \) to \( N_t \), with equation number (17).]
From above, the optimal value of the decision at time [image: It seems you might be trying to upload an image, but I cannot see it. Please upload the image or provide a URL to it for assistance.] can be solved by Eq. 18:
[image: Mathematical equation showing \( x_t = \arg \min_{x_t \in \mathscr{X}_{t,f} \times \mathscr{X}_{t,g}} \left( C_t(S_{t}, x_t) + \gamma \sum_{a=1}^{N_t} d_{t,a} r_{t,a} \right) \). The equation is labeled as (18).]
ADP obtains the optimal decision for each time period by solving the objective function of each time period in a forward direction [image: If you have an image you need alt text for, please upload it, and I can help you create the appropriate description.]. In order to get the approximation function close to the real value function, the ADP algorithm iterates the approximation function for several times until the slope converges. That is, first of all, the approximate value function results of each moment in the current iteration and the inverse of the approximate value function results obtained by the state variables after the decision, in order to reduce the amount of computation only update the slope of the segment corresponding to the value of the state variables after the decision instead of updating all the slopes of all the segments of the entire segmented linear function, the calculation of slopes using the difference method to update the slopes at the index of the number [image: Please upload the image or provide a URL so I can generate the alternate text for it.] of segments, in order to prevent the slope suddenly change when the fluctuations of the random amount is too large, the slopes at the current time will be updated by the difference method to prevent the slope from fluctuating too much. In order to prevent the sudden change of slope caused by a large fluctuation of random quantity, the slope of the current iteration is integrated with the slope of the previous iteration to get the temporary slope of the current iteration. Finally, in order to maintain the concavity of the approximation function, the Leveling method is used to correct the slope to obtain the final slope of the current iteration and apply it to the next iteration. The details are as in Eqs 19–22:
When updating the slope of a segmented linear function, it is assumed that one iteration [image: Please upload the image or provide a URL, and I can help generate the alternate text for it.] has been completed and the approximation function [image: Mathematical expression showing \( V_t^{x, n-1}(S_t^{x, n-1}) \).] for that iteration is known and will be used to solve the Bellman equation in the iteration [image: Please upload the image or provide a URL, and I will generate the alternate text for you.]:
[image: The equation shows a mathematical expression for \( x_t^* \). It is defined by the argument that minimizes over \( x_t \) and \( x^{x^{'}_t} \) within the set \( X_t^a \). The expression includes the cost function \( C_t(S_t, x^{x^{'}_t}) \) plus gamma times the sum from \( a = 1 \) to \( N_t \) of \( d_{a}^{-1} \) raised to the power of \(-1\) and multiplied by \( r_{u, a} \), all denoted as equation \( (19) \).]
In the slope update of the iteration [image: Please upload the image or provide a URL, and I will generate the alternate text for you.], the sampled observations [image: Mathematical expression featuring \( \hat{d}_{t,a} \) with a superscript \( n \), indicating a specific notation or variable, and \( (S^{n}_{\text{SOC},t}) \), suggesting a connection to a state of charge or similar context.] of the state variables in the iteration [image: Please upload the image you would like me to generate the alternate text for.] are first computed:
[image: Equation showing a derivative: \(d_{a,k}^{x^*}(S_t^{x^*}) = \frac{\partial \min_{{x_t, x_{t+1}}} (C_{t}(S_t^{x^*}, x_t) + V_{t+1}^{x^*}(S_{t+1}^{x^*}))}{\partial S_t^{x^*}}\), labeled as equation (20).]
After updating the sampled observations of the state variables in the iteration [image: Please upload the image you'd like me to generate alternate text for.] with the slopes in the iteration [image: It seems there's an issue with your request. Please try uploading the image again or provide a URL to the image you want described. If you have a specific caption or context for the image, you can also include that for more accurate alt text.].
[image: Mathematical equation showing a recursive calculation for a quantity denoted as \(d^x_{t,I,k}(S^x_{t,I,k})\). It combines two terms with coefficients \(\alpha^x\) and \(1-\alpha^x\), involving discounting and prior state values. The equation includes time \(t\), index \(I\), and step \(k\).]
where: [image: Mathematical expression showing alpha raised to the power of n minus one.] is the step size and [image: Mathematical expression: lowercase d raised to the power of n minus one, subscript t minus one, a, multiplied by the function of uppercase S with superscripts and subscripts x, n, and t minus delta t.] is the slope in the iteration [image: Please upload the image you'd like me to describe, and I'll generate the alternate text for you.]. The slope update only updates the value of the slope of the segment [image: Please upload the image or provide a link, and I will generate the alt text for you.], which may destroy the convexity/concavity of the segmented linear function, and the slope needs to be corrected for such a situation. In this paper, we adopt the Leveling method to correct the slope in order to realize the approximate fitting of the slope of the predicted curve of the life of the environmentally friendly gas switchgear.
[image: Mathematical equation showing a piecewise expression for \( x^{n-\Delta U, a} \). It includes three cases based on the value of \( u \) relative to \( a \): the maximum function when \( u > a \); a specific function when \( u = a \); and the minimum function when \( u < a \). Each case involves \( d_t^{n-1} \), \( d_a^n \), and weights \( \alpha^n \) and \( 1-\alpha^n \). Equation (22).]
4 RESULTS
After inputting a large amount of historical operation data, the life prediction approximation curve of the environmental protection gas switchgear can be obtained. In this paper, seven relevant features are selected, including the number of switch actions, ambient temperature, ambient humidity, cable head temperature, maximum current, maximum load, and the number of local discharges, and the optimal subset of relevant features is selected using NCA feature importance analysis. Data enhancement technology is used to improve the missing operational data and correct errors to ensure data relevance. Figure 2 gives the relevant importance of different feature parameters on the life of the switchgear during operation. Figure 3 shows the heat map of Spearman’s correlation coefficient.
[image: Bar chart with various factors influencing employee performance. Factors include lack of skills, environmental conditions, goals, barriers, feedback, supervision, and expression. Performance impact ranges from 0.05 to 0.25. Each factor is represented by a pink gradient bar, showing varying levels of impact.]FIGURE 2 | Importance analysis of environmentally friendly gas switchgear features.
[image: Correlation matrix heatmap showing relationships between variables: number of releases, maximum load, maximum current, cable head temperature, environmental temperature, humidity, and switching operation rate. Positive correlations are indicated by red shades and negative by blue, with numerical values inside each cell.]FIGURE 3 | Correlation coefficient heat map.
According to the feature importance analysis of environmentally friendly gas switchgear cabinet, the average arc-firing power has the lowest importance to the remaining electric life and should be eliminated. In order to retain the effective information and avoid redundant calculations, this paper selects the number of switch actions, ambient temperature, ambient humidity, cable head temperature, maximum current, maximum load, and the number of local discharges as the optimal subset of features for the input of the model.
In order to reduce the difficulty of time prediction model training and computation, SDAE is utilized to downscale the high dimensional data after data enhancement. Figure 4 gives the error between the output and input layers under different feature fusion dimensions. When the enhanced time series data are fused to 5, 4, 3, 2 and 1 dimensions, the errors between the input and output layers are 0.0435, 0.0487, 0.0499, 0.1145 and 0.1866, respectively, which show that the errors are similar in 5, 4 and 3 dimensions, while the errors in 2 and 1 dimensions are obviously increased. Since low-dimensional data can reduce redundant information and improve the accuracy of the prediction model, fusion to dimension 3 is chosen when the difference between the error values of dimension 5, dimension 4 and dimension 3 is relatively small. The middle layer of DAE has only one layer, which has a limited ability to learn features, and the SDAE is constructed by stacking DAEs. In this paper, 1-layer DAE, 2-layer DAE and 3-layer DAE are constructed respectively, and the errors of their input and output layers are 0.0499, 0.0266 and 0.0398, respectively, and the error is minimized when constructing two-layer DAE, so the number of intermediate layers of the SDAE adopted in this paper is two layers.
[image: Horizontal bar chart depicting the distribution of feature fusions, with the majority having a fusion score of 0.18. Bars are shaded green, and the x-axis is labeled "fusion score."]FIGURE 4 | Error values for each dimension.
Combined with the actual situation, the model is sequentially selected as 70% for the training set, 20% for the validation set and 10% for the test set. The loss function for model training is shown in Figure 5.
[image: Line graph showing error rates for training and test sets over 100 iterations. Both errors start high, decrease rapidly, and stabilize near zero around iteration 20. Blue represents training error; orange represents test error.]FIGURE 5 | Training results.
When the number of iterations is before 35 times, the loss function curves of the training set and validation set show a decreasing trend; when the number of iterations reaches 35 times, the loss function completely converges, after which the loss function of the validation set does not show an increasing trend, there is no overfitting, and the model training effect reaches the optimal.
Currently for equipment life prediction, the mainstream prediction algorithms are RNN, LSTM and BiGRU, and this paper compares the proposed ADP algorithm with the above three algorithms. Figure 6 shows the error rates of the test set prediction results of the four algorithms, where subgraph A represents RNN, subgraph B represents LSTM, subgraph C represents BiGRU, and subgraph D represents ADP, and it can be seen that the error of the ADP algorithm proposed in this paper is the smallest among the four methods after sorting according to the error from the smallest to the largest.
[image: Four-panel graph showing error rates versus prediction set testing frequency. Panel A has a blue line with increasing error trend. Panel B shows an orange line with more stable errors. Panel C features a red line with variable errors. Panel D has a blue line indicating a rising error trend.]FIGURE 6 | Model error comparison plot. (A) Error rate of RNN. (B) Error rate of ADP. (C) Error rate of LSTM. (D) Error rate of BiGRU.
Figure 7 shows the comparison between the number of remaining operating days of the equipment predicted by each algorithm and the number of remaining operating days of the actual equipment after selecting 1–16 partial discharges generated, and it is easy to see that the error of BiGRU is the smallest among the three mainstream methods, but the error of the ADP algorithm proposed in this paper is smaller than that of the BiGRU algorithm, which proves the superiority of the ADP algorithm proposed in this paper in the prediction of the life of the switchgear cabinet. This can prove the superiority of the ADP algorithm proposed in this paper in the life prediction of switchgear.
[image: Line graph showing remaining service life in days against test set partial discharge frequency. It compares RNN, ARP, LSTM, and SGBM models with actual values. All lines trend downward, indicating decreasing service life with increased frequency.]FIGURE 7 | Predictive sampling comparison chart.
The prediction accuracy and evaluation indexes of RNN, BiGRU and ADP before and after feature selection are given in Table 1. In this paper, using NCA and Spearman’s rank correlation coefficient, the seven feature parameters extracted from the experimental data are excluded from the two feature parameters, and the optimal feature subset composed of five feature parameters is obtained. It can be found that using the optimal feature subset selected after the analysis in this paper as the input to the prediction model has a higher accuracy. Meanwhile, the accuracy of LSTM and ADP is similar and better than RNN, but the computation time of BiGRU under the same platform is 81.44 s, and the computation time of ADP is 73.44 s, which can be seen that the computation time of ADP is less due to the fact that the ADP prediction model is more simplified compared with BiGRU. Therefore, in this paper, all the subsequent model comparisons are improved on the basis of ADP.
TABLE 1 | Comparison table of RNN、LSTM and ADP prediction results before and after feature selection.
[image: Table comparing predictive model metrics for RNN, BiGRU, and ADP across two parametric dimensions of characteristic covariates. Each dimension lists RMSE, MAE, R2, Maximum Error, and Effective Accuracy. With 7 covariates: RNN shows RMSE 3,510.08, BiGRU 2,935.07, ADP 2,834.26. Effective accuracy is 84.82% for RNN, 88.75% BiGRU, 88.95% ADP. With 5 covariates: RNN RMSE 3,254.86, BiGRU 3,107.03, ADP 2,856.14. Effective accuracy is 85.83% for RNN, 90.75% BiGRU, and 91.17% ADP.]5 DISCUSSION
In this paper, using the data-driven idea with the Spearman rank correlation coefficient, the seven feature coefficients extracted from the experimental data are eliminated from the two feature coefficients, and the optimal feature subset consisting of five feature coefficients is obtained. It can be found that using the optimal feature subset selected after the analysis in this paper as the input of the prediction model has a higher accuracy. At the same time, the computation time for the life prediction of environmentally friendly gas switchgear based on the approximate dynamic programming algorithm is 73.44 s, which is less compared with the traditional time computation time.
In this paper, the prediction results of the test set are randomly selected partly for comparison, and the comparison results are shown in Figure 5. It can be clearly compared that the results predicted in this paper are closest to the actual values, with obvious advantages. In the next study, the residual electric life prediction model of the environmentally friendly gas switchgear can be further improved by combining artificial intelligence technology and using deep reinforcement learning algorithms to improve its accuracy and robustness.
The ADP algorithm proposed in this paper converts a long time large-scale computation into a small-scale computation that can be iterated many times, thus reducing the amount of computation and accelerating the speed of computation. Therefore, in practical applications, the ADP algorithm proposed in this paper has superior scalability and practical application value due to its fast calculation speed and high prediction accuracy.
6 CONCLUSION
In this paper, a method for electrical life prediction of environmentally friendly gas switchgear based on approximate dynamic programming is proposed. The most featured subset for life prediction of environmentally friendly gas switchgear is selected by using data enhancement technique and SDAE method, the optimal featured subset is strengthened by data enhancement, and the switchgear electrical life prediction is carried out by using an approximate dynamic programming algorithm and is compared with RNN, LSTM and BiGRU, and in the case analysis, the results of the case analysis prove that the method proposed in this paper has superior accuracy and computational speed in the life prediction of environmentally friendly gas switchgear, which is scalable and practicable.
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The accurate identification of low-voltage distribution substation topology plays a crucial role in research applications such as line loss management, fault location, imbalance correction, and intelligent operation and maintenance of substations. In response to the challenges posed by the large scale of users and the complex connection relationships in low-voltage distribution substations, which complicate the identification of their topology, a method for identifying low-voltage distribution substation topology based on user profiling technology is proposed. This method is supported by big data technology and introduces the concept of user profiling into the research of substation topology identification. Firstly, by deeply studying the theoretical knowledge of the relationship between the supply of distribution transformers and the power consumption of substation users, as well as the voltage similarity, we establish the feature labels for electricity coefficient and voltage similarity. Then, we use the continuous relaxation method and branch-and-bound method to solve the electricity coefficient matrix; and use the Gaussian kernel function to solve the voltage similarity matrix. Finally, by constructing a comprehensive attribution matrix using the electricity coefficient matrix and the voltage similarity matrix, employing a convolutional neural network to cluster and solve the comprehensive attribution matrix, outputting user-area attribution information, forming user-area attribution profiles, and completing the identification of area attribution relationships in low-voltage distribution systems. Simulation results demonstrate that the proposed method not only effectively identifies the area information to which low-voltage users belong but also discerns the connection relationships between users and area transformers.


Keywords: user profiling, load balancing, voltage similarity, topology identification, convolutional neural network




1 INTRODUCTION


Currently, there is relatively low academic attention on the topology identification of low-voltage distribution systems. This field lacks systematic theoretical research and practical foundations, and has not yet formed a complete identification framework and process. From a mathematical perspective, the topology identification problem can be considered as an extension and expansion of system state estimation or network topology identification problems. Currently, topology identification research mainly adopts the following two methods:

The first approach involves utilizing clustering algorithms to achieve topology identification based on the correlation between distribution transformers in substations and the voltages of their downstream users. The method proposed in reference (Cui et al., 2021) presents an approach for household transformer relation identification based on voltage feature extraction and clustering algorithms. Initially, an adaptive piecewise aggregate approximation method is employed to extract voltage curve features. Subsequently, an improved DBSCAN algorithm is utilized to identify households with mismatched relations, thereby circumventing the challenge of distinguishing curve similarities and ensuring identification accuracy. However, this approach entails a higher computational complexity. References (Zhang et al., 2021) initially employ the Pearson correlation coefficient method to calculate the voltage similarity between distribution transformers and users, and subsequently utilize clustering algorithms to derive topology identification results. However, this method heavily relies on high granularity data. Reference (Zeng et al., 2021) proposes a method to identify topology by correlating the electricity usage between users and distribution transformers, utilizing an improved fuzzy clustering method to identify the correlation between substation voltages and users. Reference (Peng et al., 2023) proposes the transformation of voltage curves into discrete sequences. It employs the entropy weighting method to combine Euclidean distance with morphological distance, forming the Euclidean morphological distance. Subsequently, the nearest neighbor propagation clustering algorithm is utilized to achieve identification of users within a substation and differentiation of phases within the substation. The drawback is that during the discretization of the voltage, a portion of the measurement information may be lost, leading to potentially inaccurate identification results. Reference (Keming et al., 2021) introduces a substation topology identification method based on dynamic time warping distance and clustering analysis. It measures the similarity between voltage curves of users using the dynamic time warping (DTW) distance between voltage sequences. Then, clustering analysis is applied to the voltage curves of users to identify the low-voltage substation to which they belong. Reference (Su et al., 2021) addresses the issue of missing or abnormal household transformer relations in the low-voltage distribution substation topology. It proposes a household transformer relation identification method based on Derivative Dynamic Time Warping (DDTW) algorithm and Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm. This method not only analyzes voltage time sequences with different and unequal time intervals but also remains insensitive to missing or abnormal voltage data, thereby reducing the impact of clustering algorithm parameters on clustering results. Reference (Song et al., 2022) initially improves the dynamic programming method for calculating voltage similarity and then enhances clustering accuracy and efficiency through a two-stage clustering approach. This improvement aims to increase the accuracy of identification results. However, the drawback lies in the complex algorithm design and the high computational complexity associated with it. Reference (Ren et al., 2023) introduces a dynamic household transformer relation identification method based on Bayesian inference and spectral clustering. This method not only enables dynamic identification of household transformer relations based on the latest voltage data along the temporal axis but also enhances the robustness of identification in scenarios involving data gaps or nodes entering or exiting the substation.

The second approach involves utilizing data-driven learning algorithms to achieve topology identification. Reference (Zhang et al., 2022) proposes a topology recognition method based on smart meter end-user data, providing a probabilistic representation for all possible LVDG topologies. The paper introduces an algorithm based on search to generate candidate topologies, and then proposes the Bayesian information criterion to describe the accuracy of these candidate topologies. However, the search process is not time-controlled. In reference (Zhou et al., 2022), a topology identification algorithm is presented, which combines data preprocessing based on voltage characteristics with multidimensional prior knowledge. It considers prior knowledge of voltage-related characteristics and introduces a knowledge-driven identification model to identify topology errors and authentic topologies of users. However, a significant shortcoming of this method is that the final identification results are particularly influenced by prior knowledge. Reference (Zhao et al., 2022) proposes a terminal customer data-driven approach that utilizes on-site data obtained from advanced metering infrastructure to identify transformer-customer relationships in low-voltage distribution grids. A drawback is its high requirement for both data quality and quantity. In reference (Yang et al., 2021), the utilization of a BP neural network is proposed to train collected voltage sample data by class, followed by feature extraction using the trained data to perform cluster analysis, enabling accurate identification of user substation information. Reference (Yang et al., 2022) introduces a line loss evaluation index, which utilizes bidirectional long short-term memory networks and spatial convolutional networks to re-identify abnormal users in substation information, yielding satisfactory identification results, yet heavily reliant on the accuracy of measurement data. Reference (Xiaodong et al., 2020) initially conducts feature extraction on data using deep learning algorithms, subsequently calculating the correlation between users and distribution transformers through Pearson correlation coefficients, enabling synchronous identification of users’ substation affiliation and phase distinction. Reference (Gao et al., 2023) presents a data-driven machine learning approach for identifying feeder-transformer relationships in distribution networks. By applying a multi-feature fusion method to extract additional features from feeders and combining them with correlation coefficients to create a feature matrix, machine learning algorithms are then applied to compute results. The drawback is that the integration of multiple features is challenging and the required computation time is relatively long. In reference (Li et al., 2023), a method for low-voltage distribution network topology identification based on unsupervised learning and graph theory is proposed. Initially, the tSNE-DBSCAN-LLE algorithm is used to identify the four-level topology information, followed by the simple generation of topology graphs using the identified information, thereby completing the topology identification of the low-voltage distribution network.

The aforementioned topology identification methodologies rely solely on individual node voltage or power consumption data for topology discernment. However, in practical scenarios, node voltage values obtained from meters associated with a single transformer may exhibit considerable discrepancies, whereas those derived from meters linked to distinct transformers may demonstrate strikingly similar results. Consequently, the advancement of distribution grid control techniques faces challenges in achieving accurate identification outcomes solely through correlation-based analyses of voltage temporal measurements or power consumption data.

Reference (Chen et al., 2022; Yinjie et al., 2024) have proposed a method for identifying the relationship between low-voltage distribution transformers considering two types of measurement data. Reference (Chen et al., 2022) introduces an electricity-transformer relationship identification method based on voltage fluctuation feature clustering and power summation relationships. It involves extracting multidimensional fluctuation parameters of adjacent substation voltages and customer voltages, reducing the dimensionality of high-dimensional voltage fluctuation features using the t-distributed stochastic neighbor embedding (t-SNE) algorithm, and ultimately identifying the topological relationships in the distribution network based on the summation relationship between virtual user power data and concentrators using the least squares method. Reference (Xu et al., 2022), on the other hand, initially merges adjacent users based on geographical location information and then employs the Gaussian mixture model (GMM) clustering algorithm to partition voltage time series data. The user partitioning results serve as the initial values for the next iteration. Subsequently, it establishes a convolutional identification model for the association between distribution transformers and users based on energy supply-demand balance to achieve the identification of the relationship between low-voltage distribution substations and transformers. Reference (Yinjie et al., 2024) proposes a photovoltaic temporal power convolution model based on the balance relationship between substation transformers and user power. Initially, it establishes a multivariate linear regression model for the low-voltage transformer-user relationship with a high proportion of photovoltaic usage based on the user-transformer power balance relationship. It also introduces an optimization objective function for voltage clustering based on Gaussian mixture models to achieve transformer-user relationship identification. However, the methods mentioned in the above literature do not simultaneously consider the comprehensive use of voltage and power consumption data for topology identification.

Therefore, this paper proposes a topology identification method based on user profiling technology (Chen, 2021; Wu et al., 2020). Firstly, by establishing features labeled with electricity consumption coefficients and voltage similarity, the electricity consumption coefficient matrix is solved using the continuous relaxation method and branch-and-bound method, while the voltage similarity matrix is solved using the Gaussian kernel function. Finally, a comprehensive attribution matrix is constructed based on the electricity consumption coefficient matrix and the voltage similarity matrix to form user substation attribution profiles. A convolutional neural network is employed to cluster and solve the comprehensive attribution matrix, outputting user substation attribution information and completing the identification of substation attribution relationships in low-voltage distribution systems. Through simulation verification in practical systems, the proposed method effectively identifies the substation information to which low-voltage users belong and the connection relationships between users and substation transformers.

The rest of this paper is organized as follows. Section 2 provides a detailed exposition of the conceptual framework for topology identification based on user profiling. Section 3 elucidates the specific contents of user profiling feature labels, encompassing significant features such as electricity coefficient and voltage similarity. Section 4 delves deeply into the process and methodologies involved in establishing user substation attribution profiles, this culminates in the formation of comprehensive user substation attribution profiles. Section 5 provides numerical simulations that demonstrate the performance of the introduced methods.




2 THE APPROACH TO TOPOLOGY STRUCTURE IDENTIFICATION BASED ON USER PROFILES


Based on the concept of user profile, the identification approach of topology structure is illustrated in Figure 1. As is well known, the affiliation of users to distribution transformers (DTs) is closely related to features such as the electricity consumption pattern and voltage similarity of users. The concept of user profile is extended to the research of topology structure identification. Based on the voltage and electricity consumption data of low-voltage distribution transformer users, an analysis is conducted, followed by the development of feature label models and the study of user profiles. Firstly, the voltage and electricity consumption data of loads are abstracted to describe the features that can characterize the affiliation to distribution transformers. Then, a label system representing the affiliation characteristics of residential loads to distribution transformers is established, generating user affiliation profiles, and ultimately accomplishing the identification of user affiliations to distribution transformers.


[image: Flowchart depicting a three-step process: Data collection includes electricity and voltage data. The Label review step has electricity sector information and voltage characteristics. The User profile step includes electricity usage factor information and voltage stability information, leading to topology evaluation for low-voltage distribution sites.]



FIGURE 1 | 
Idea of topology identification based on user profiling.






3 USER PROFILE FEATURE LABELS


The essence of user profiles lies in the study of user behavior, where feature labels serve as highly refined identifiers of user behavior. The core task of constructing user profiles is to assign “labels” to users. The label model is constructed based on the influencing factors of topology structure identification, which include feature labels for electricity consumption coefficient and voltage similarity classification.



3.1 Electricity consumption coefficient feature label


Considering the issue of electricity matching, a model is established for the relationship between distribution transformers and users, using the distribution system depicted in Figure 2 as an example. As illustrated in Figure 2, distribution transformers and all users under their respective substations follow the principle of electricity balance. This means that within a certain period, the electricity supplied by a distribution transformer equals the total electricity consumed by all connected users in its substation (assuming negligible losses in the lines). It is well-known that due to factors such as occupation, age, and consumer psychology, different users have different electricity consumption habits and behaviors. Therefore, their electricity consumption varies during different time periods. Hence, this chapter can utilize the supplied and consumed electricity by distribution transformers and users under their substations during multiple time periods to infer their connection relationships.


[image: Electrical schematic diagram showing a master system connected to three transformers labeled T1, T2, and T3. Each transformer is connected to its respective protection and measuring equipment outlined by red dashed lines. Smart meters and metrology transformers are depicted with circles at the bottom. Communication paths are indicated with red arrows and lines.]



FIGURE 2 | 
Low-voltage distribution system structure.



Using Table 1 as a simple case study, during the time period from 1:00 to 2:00, the electricity consumption measured by meters 1, 2, and three exactly matches the electricity supplied measured at distribution transformer 1, while the electricity consumption measured by meters 4 and 5 exactly matches the electricity supplied measured at distribution transformer 2. This indicates that meters 1, 2, and three belong to substation 1, while meters 4 and 5 belong to substation 2. This consistency extends beyond just the 1:00–2:00 time period; it holds true for the 2:00–3:00 time period as well. Thus, even if occasional identification errors occur due to measurement or calculation inaccuracies within a single time period, with a large amount of sampled data input, these errors can be promptly corrected due to the variability of the data.





TABLE 1 | 
Measured data of distribution transformer power supply and customer power consumption.

[image: Table displaying power supply and consumption data. Rows indicate times from 1:00 to 4:00. Columns show kilowatt-hour values for two transformers and five smart meters. Values increase over time.]


This chapter begins by utilizing the measured electricity data from distribution transformer nodes and user nodes to formulate electricity measurement balance equations. In a low-voltage distribution system with m distribution transformers and n users, there should exist the following summation relationship between the metered electricity at transformer interfaces and the electricity consumed by each user:


[image: Mathematical equation representing \(y_i(t)\) as the sum from \(i=1\) to \(n\) of \(a_{i,j}x_i(t)\), where \(j\) is an element of \(m\) and \(t\) is an element of \(H\), denoted as equation (1).]


Where, [image: It seems like there's no image uploaded. Please try uploading the image again, and I’ll help generate the alternate text for it.] represents the collected electricity at time t at the interface of the j-th substation under analysis. [image: It seems there's a bit of confusion—I need an image or a link to generate alt text. Please upload the image or provide a URL.] represents the collected electricity at time t for the i-th user. [image: Please upload the image or provide a URL so I can generate the alt text for you.] represents the coefficient of the i-th user to be solved for in the j-th substation under analysis. If [image: Please upload the image so I can help generate the appropriate alt text for it.], it indicates that the user i belongs to the j-th substation. If [image: I cannot see or access images directly. Please upload the image or provide a URL for me to generate the alt text.], it indicates that the user i does not belong to the j-th substation.

According to Eq. 1, the following system of balance equations for electricity between transformers and users can be established as shown in Eqs 2–5:


[image: Equation showing "Y equals AX" with the number "2" in parentheses at the end.]



[image: Matrix representation of Y, with elements y sub 1 to y sub m in rows and indexed terms y sub n of k from 1 to H in columns, where H is the total number of columns.]



[image: Matrix notation with elements shown in rows and columns. The matrix X consists of elements \(x_1(1), x_1(2), \ldots, x_1(H)\) in the first row, \(x_2(1), x_2(2), \ldots, x_2(H)\) in the second row, and so on, ending with \(x_n(1), x_n(2), \ldots, x_n(H)\) in the last row.]



[image: Matrix \( A \) is an \( m \times n \) matrix with elements \( a_{1,1}, a_{1,2}, \ldots, a_{1,n} \) in the first row, \( a_{2,1}, a_{2,2}, \ldots, a_{2,n} \) in the second row, and so on, up to \( a_{m,1}, a_{m,2}, \ldots, a_{m,n} \) in the last row.]


Where, 
Y
 represents the electricity consumption sequence over 
H
 hours for m transformer interface meters. A represents the matrix of electricity consumption coefficients to be solved. 
X
 represents the electricity consumption sequence of n users within the substation to be analyzed over 
H
 hours. m represents the number of substations. n represents the number of users.

It should be noted that a unique connection must exist between low-voltage distribution transformers and users. A terminal user meter cannot be connected to two distribution transformers simultaneously. Therefore, the constraint condition is established as shown in Eq. 6.


[image: The mathematical expression shows a summation from j equals 1 to m of a subscript i j equals 1. It indicates that j is an element of m and i is an element of n, with a subscript i j being either zero or one. It is labeled as equation six.]


Therefore, considering measurement noise, the transformer-user measurement equation based on electricity balance can be expressed as Eqs 7, 8.


[image: Equation labeled as equation seven, representing a linear model: Y equals lambda X plus omega.]



[image: I'm unable to view images directly. If you upload or describe the image, I'll be happy to help create the alt text for it.]


Where, [image: Please upload the image or provide a URL so I can generate the appropriate alt text for you.] represents the measurement noise matrix. 
Z
 is an n*n dimensional identity matrix. [image: Mathematical expression showing a matrix or vector D equal to a row of the variable Z repeated multiple times, then transposed.], [image: Please upload the image or provide a URL so that I can generate the alternate text for it.] represents a 1*n dimensional matrix filled with ones.

Eq. 8 ensures that each meter is only connected to one distribution transformer. By solving for the electricity consumption coefficient matrix, it can determine the association between distribution transformers and users.

Given the measured quantities 
Y
 and 
X
, an estimation equation can be established based on the least squares method to solve for the electricity consumption coefficients, as shown in Eq. 9:


[image: Mathematical optimization problem labeled as equation 9. It involves minimizing the squared Euclidean norm of \(Y - XA\) subject to constraints: \(A^T D = 0_n\) and elements \(a_{ij}\) are binary, belonging to set \(\{0,1\}\).]


Note that to ensure the estimation equation has a solution, it is necessary to ensure that the number of available hours for electricity data collection, 
H
 is greater than the number of users in the substations to be analyzed n.




3.2 Voltage similarity feature label


Voltage similarity refers to the resemblance in electrical distance and voltage fluctuations among users within the same substation. Conversely, for users across different substations, there exists a greater electrical distance and larger disparities in voltage fluctuations. Despite occasional subtle differences, this paper advocates for employing advanced clustering techniques to utilize voltage similarity as an indicator for determining user substation affiliations.

In this section, voltage similarity is obtained using a Gaussian kernel function [28]. The definition of the Gaussian kernel function is given by Eq. 10:


[image: The image shows a mathematical expression for a function \( k(x, y) = e^{-\frac{|x-y|^2}{2\sigma^2}} \), labeled as equation (10).]


Where, 
x
 and 
y
 represent two vectors, and [image: Please upload the image or provide a URL for it, and I will help you generate the alternate text.] controls the local influence range of the Gaussian kernel function.

Therefore, the voltage data similarity between nodes i and j at time t can be calculated using the Gaussian kernel function as shown in Eq. 11:


[image: Formula represented is \( p_{i}(j) = k(v_{i}, v_{j}) \) labeled as equation (11).]


Where, [image: Mathematical expression showing the symbol v with subscripts i and t, representing a variable or term in an equation.] and [image: Vector notation with a lowercase bold "v" subscript "j, t" in italics.] represent the voltage measurements of nodes i and j at time t.





4 USER STATION ATTRIBUTION PROFILES




4.1 Profile method based convolutional neural network


The proposed method involves utilizing a convolutional neural network (CNN) classification approach to perform clustering analysis on the electricity consumption coefficient feature labels and voltage similarity feature labels mentioned above, thereby further establishing user substation affiliation profiles. The overall analysis method comprises the following four steps.

	Step 1: Analysis of the values of the various indicators

1. Electricity consumption coefficient feature label [image: It seems there was an error in providing the image. Please try uploading the image again or ensure the URL is correct. You can also add a caption for any additional context you want to provide.]


By solving Eq. 9, we can obtain the electricity coefficient matrix, and organizing this matrix yields the electricity coefficient feature labels. The problem described by Eq. 9 is mathematically known as a Mixed Integer Programming (MIP) problem. It is important to note that as the dimensionality of integer variables increases, the search space of MIP problems also grows, leading to a sharp increase in computational complexity for solving MIP problems. This may result in a significant increase in algorithm runtime, and in some cases, make certain problems unsolvable within a reasonable timeframe. This paper first employs a continuous relaxation method to relax the binary variables, and then utilizes the branch-and-bound method to round the continuous variables.

The Branch and Bound Method is an iterative search technique that utilizes selecting different branching variables and branching subproblems for exploration. Its main idea is to search within the feasible region of the relaxed problem to find integer solutions that can optimize the objective value. This method mainly consists of the following two steps.

	(1) Branching: When the optimal solution of the relaxed form of an integer programming problem fails to satisfy the integer constraints, it is split into two branching subproblems. The feasible solution space of these two subproblems covers all feasible solutions of the original integer programming problem. Subsequently, each branching subproblem can generate its own sub-branching subproblems until the optimal solution of the integer programming problem is found.
	(2) Bounding: During the branching process, if a derived problem happens to find a feasible solution to the integer programming problem, then the objective function value of that solution becomes a “bound,” which can serve as a guiding criterion for solving other branching subproblems. This “bound” can be replaced by a more optimal value.

The main steps for solving the electricity consumption coefficient are as follows.

(1) Firstly, relax problem (Eq. 9) using a continuous relaxation method, then solve the relaxed linear programming problem (Eq. 12) using CVX to obtain a continuous solution and the lower bound of the problem.


[image: Minimization problem with objective function minimizing the squared Euclidean norm of Y minus X times A. Subject to the transpose of matrix A times D equals a zero vector, and elements \(a_{ij}\) are in the interval zero to one. Equation labeled as twelve.]


	(2) Branching on a single variable[image: Please upload the image or provide a URL so I can generate the alternate text for you.], involves constructing two new constraints [image: Mathematical expression displaying \( a_{ji} = 0 \).] and [image: It seems like there's been a small mistake because there's no image provided. Please upload an image or provide a URL, and I can generate alt text for it.], which are separately added to problems (10). This creates two branching subproblems. Solve these subproblems, compare their optimal values to obtain the upper bound of the problem, then prune. Finally, populate the 0–1 variables into the discrete sequence.
	(3) Prune the branching subproblems based on pruning principles. The pruning principles are as follows: Branching subproblems without feasible solutions should be pruned and branching subproblems with an optimal value exceeding the original upper bound should be pruned.
	(4) Check if the discrete sequence is complete. If it is complete, exit the loop and output the solved user coefficients. If it is not complete, proceed to Step 2 to continue solving.

By solving the electricity coefficient matrix, we can obtain the electricity characteristic coefficient labels at time t. As shown in Eq. 13. The labels in the electricity coefficient characteristics are logical values, indicating whether users are connected to the corresponding substation. If connected, the value is 1; if not, the value is 0.


[image: Mathematical expression showing a column vector \( E \) composed of elements \( E(1), E(2), \ldots, E(n) \), transposed, with reference number (13).]


2. Voltage similarity feature label [image: Please upload the image or provide a URL so I can help generate the alternate text for it. If you have any additional context or a caption, feel free to include that as well.]


To solve the voltage similarity between users using Eq. 11 and establish the voltage similarity matrix at time t, we utilize this type of characteristic label to represent the voltage similarity [image: Please upload the image or provide a URL, and I will help generate the alternate text for it.] between every two users, as specified in Eq. 14.


[image: Matrix notation displaying matrix \(D'\), with elements \(p_t(i, j)\) arranged in an \(n \times n\) grid, where \(i\) and \(j\) represent row and column indices respectively. The expression is part of an equation, labeled as equation (14).]


	Step 2: Construct the comprehensive attribution feature matrix [image: It seems there's an issue with uploading the image. Please try uploading it again, and I'll be happy to help with the alt text.] with the following components: electricity coefficient characteristic label [image: Please upload the image, and I will be happy to help you generate the alternate text for it.] and voltage similarity classification characteristic label D, as shown in Eq. 15.


[image: Please upload the image or provide a URL for me to generate the alternate text.]


In the comprehensive attribution feature matrix L, each element can describe the voltage similarity between nodes and the electricity coefficient of users.

	Step 3: Convolutional Neural Network Clustering Method

Convolutional Neural Network (CNN) are powerful deep learning architectures that are particularly well-suited for tasks such as image classification and object recognition. The specific structure typically includes convolutional layers, pooling layers, and other specialized neural network layers, as illustrated in Figure 3.


[image: Diagram showing a neural network architecture consisting of an input layer, multiple N-layers, and an output layer. Each N-layer includes a convolutional layer, ReLU activation, and pooling layer, repeated twice. Arrows indicate the flow of data through the network.]



FIGURE 3 | 
Structure of N-layer convolutional neural network.



A total of five steps are required for user station attribution classification using Convolutional Neural Network.

	(1) Place the obtained comprehensive attribution feature matrix data into the input layer.
	(2) Feature extraction can be performed on the input comprehensive attribution feature matrix data through convolutional operations. Convolution involves each neuron in the convolutional layer convolving with a portion of the input comprehensive attribution feature matrix data, thereby generating a feature representation of the data.
	(3) Utilize the ReLU activation function, which outputs 0 when the input is less than 0, and outputs the input itself when the input is greater than 0. The purpose of employing the activation layer is to introduce non-linearity to the results of matrix operations.
	(4) Pooling layer performs down sampling on the comprehensive attribution feature matrix data after non-linear activation to reduce the number of parameters, prevent overfitting, and enhance the processing speed of the model.
	(5) Obtain clustering results and output the classification results, which represent the attribution information of users to the corresponding power distribution area.




4.2 Visualization of user station attribution profiles


For ease of visually presenting the profiling of user-substation affiliations, this section first generates comprehensive profiles based on the integrated affiliation feature matrix. Subsequently, the results of two types of feature labels for users are visualized. The electricity coefficient feature labels denote the connection between users and substations, while the voltage similarity feature labels are represented by substation numbers, indicating the affiliation substation for users. The presentation method is illustrated in Figure 4.


[image: Diagram illustrating a scheduling system for electricity usage among four users across three time periods. Each user is assigned a task labeled as "Electricity usage factor" and "Station, number" in a sequential manner for each time slot, marked by arrows.]



FIGURE 4 | 
Visualization of user station attribution profiles.







5 CASE ANALYSIS




5.1 System data


This article conducts simulation experiments using data from 125 electricity meters across 4 substations in a city in China. Substations 1, 2, 3, and 4 have 35, 30, 32, and 28 m respectively. Meters 1–35 belong to substation 1, 36–65 belong to substation 2, 66–97 belong to substation 3, and 98–125 belong to substation 4. The analyzed data includes energy consumption and voltage data for all meters, sampled every hour, over a continuous period of 1 month. This chapter selects complete data from a single day for simulation. The voltage data is shown in Table 2, and the topology structure is illustrated in Figure 5.





TABLE 2 | 
Voltage measurement data for all smart meters.

[image: Table showing data from various smart meters recorded at different times. The meters are labeled from Smart meter 1 to Smart meter 125. Values for each time slot on March 23 and March 24, 2023, are displayed, with readings ranging approximately from 221.1 to 232.5. Dots indicate omitted data.]



[image: Diagram illustrating a master-slave architecture with four branches under a master server. Each branch has a transformer and several measurement points labeled M1 to M31, connected to a TTU (Transformer Terminal Unit). The diagram highlights distribution transformers, line paths, and connection flows between components.]



FIGURE 5 | 
Network topology diagram of low-voltage distribution substation area.






5.2 Simulation analysis


To validate the identification effect of the user profiling method proposed in this paper for determining user substation affiliation, this section is divided into three parts for verification. Firstly, the identification effect of two feature labels is discussed separately, and the factors influencing the identification effect of each feature label are discussed respectively. Finally, the identification effect of user substation affiliation profiling on low-voltage distribution substation topology is analyzed.

	(1) To validate the identification effect of the electricity consumption coefficient feature label on topology relationships and analyze the influencing factors.

To validate the identification effect of the electricity consumption coefficient feature label on topology relationships, this paper employs the Round half up method and the Branch-and-bound method to solve the electricity consumption coefficient and compares the effectiveness of these two methods. The electricity data from Substation 1 and Substation two are used to respectively verify the effectiveness of the rounding method and the branch-and-bound method in solving the electricity consumption coefficient. Specifically, the data from Substation 1 is used to validate the effectiveness of the Round half up method, while the data from Substation two is used to validate the effectiveness of the Branch-and-bound method.

As shown in Figure 6, there is a significant error between the electricity consumption coefficients obtained using the continuous relaxation method and the rounding method, compared to the true values, with an error rate of nearly 30%. Additionally, Figure 7 reveals that there is a considerable error in the fluctuation curve of the supply volume of Substation 1’s distribution transformer compared to the total electricity consumption of all users within the substation.


[image: Scatter plot showing electricity usage factor against smart meter number. Blue dots represent solved values, and red crosses represent real values. Most points congregate at the top, near an electricity usage factor of one, indicating close alignment between solved and real values.]



FIGURE 6 | 
Comparison of solved and true values of power usage coefficient for station 1




[image: Line graph showing power supply and consumption in Station 1 over a day. The x-axis represents time from 0:00 to 24:00, and the y-axis shows power in kW/m, ranging from 0 to 200. Power consumption and supply closely follow similar fluctuating patterns.]



FIGURE 7 | 
Energy fluctuation curve of station 1



In contrast, Figure 8 demonstrates that the error between the electricity consumption coefficients obtained using the continuous relaxation method and the branch-and-bound method and the true values is relatively small, with an error rate of only 7%. Moreover, Figure 9 shows that the fluctuation curve of the supply volume of Substation 2’s distribution transformer is very close to the total electricity consumption of all users within the substation. Therefore, the effectiveness of using the continuous relaxation method and the branch-and-bound method to solve the electricity consumption coefficients is superior to using the continuous relaxation method and the rounding method. The results indicate that using the continuous relaxation method and the branch-and-bound method to solve the electricity consumption coefficients not only improves the efficiency of the solution but also ensures that the accuracy is not compromised. However, this conclusion is limited to the case where only the electricity data from Substation 1 is involved in solving the electricity consumption coefficients.


[image: Graph showing electricity usage from smart meters numbered 39 to 63. The x-axis represents smart meter numbers, and the y-axis represents electricity usage. Blue dots indicate solved values, and red dots represent real values. Most data points align at the top, suggesting high usage values.]



FIGURE 8 | 
Comparison of solved and true values of power usage coefficient for station 2




[image: Line chart showing power supply and consumption in Station 2 over time. The x-axis represents time, and the y-axis represents power in kWh. The chart displays fluctuating power levels, with peaks and troughs at different times. Supply is in black and consumption in red.]



FIGURE 9 | 
Energy fluctuation curve of station 2



To verify the impact of the amount of electricity data on the solution of electricity consumption coefficients using the branch-and-bound method, this paper conducts validation analysis using the electricity data from Substation three and Substation 4. When solving the electricity consumption coefficients for Substation three using the continuous relaxation method and the branch-and-bound method, the electricity data from Substation 4 are not included. Conversely, when solving the electricity consumption coefficients for Substation 4 using the continuous relaxation method and the branch-and-bound method, the simultaneous electricity data from Substation three are included. Clearly, once the data from one substation are mixed with the electricity data from another substation, the accuracy of the identification decreases, as shown in Figure 10.


[image: Line graph comparing power supply and consumption in stations three and four over time. The graph shows varying trends with four distinct colored lines, including black, red, blue, and green, representing each category. The y-axis indicates power in kilowatt-hours, and the x-axis denotes time.]



FIGURE 10 | 
Energy fluctuation curve of station three and station 4



In Figure 10, the fluctuation of the supply volume of Substation 3’s distribution transformer is consistent with the total electricity consumption of all users within the substation, with almost no deviation, and the effect of solving the electricity consumption coefficients is also very good, with an error rate below 6%. Undoubtedly, the fluctuation of the supply volume of Substation 4’s distribution transformer exhibits a significant deviation from the total electricity consumption of all users within the substation, and the effect of solving the electricity consumption coefficients is poor, with an error rate reaching 13%. This is because, over long time scales, there is a certain probability that the electricity data will show similarities, and this makes it impossible for the branch-and-bound method to make a correct choice, leaving only a 50% chance of selecting the correct electricity consumption coefficient.

To further investigate the impact of the amount of electricity data on the solution of electricity consumption coefficients, we selected four different sets of data for testing. The first set of data only includes the electricity data from Substation 1. The second set includes the electricity data from Substations 1 and 2. The third set includes the electricity data from Substations 1, 2, and 3. The fourth set includes the electricity data from Substations 1, 2, 3, and 4. Regardless of how many substations’ electricity data are included, we only solve for the electricity consumption coefficients of Substation 1.

Additionally, to eliminate errors caused by random factors, we conducted 100 repeated experiments and took the average of the results from these 100 experiments. The accuracy rates of the solutions using the Round half up method and the Branch-and-bound method are shown in the following Table 3.





TABLE 3 | 
Effect of varying amount of power data on correctness rate.

[image: Table showing electricity data (in percentages) for stations. For "Round half up," the data is 75, 69, 67, and 66 percent for stations 1 to 4, respectively. For "Branch and bound," the data is 94, 89, 86, and 85 percent for stations 1 to 4, respectively.]


From the table above, it can be seen that regardless of whether it is the rounding method or the branch-and-bound method, as the amount of substation data increases, the accuracy rates of solving the electricity consumption coefficients using both methods gradually decrease, eventually stabilizing at 66% and 85%, respectively. However, it is evident that the accuracy rate of the Branch and bound method is approximately 20% higher than that of the round half up method. This further indicates that the branch-and-bound method selected in this paper performs relatively well.

	(2) To verify the effectiveness of voltage similarity feature labels in identifying topological relationships and analyze the influencing factors.

To verify the effectiveness of voltage similarity feature labels in identifying topological relationships, this paper employs the K-means clustering method and the CNN method to cluster the voltage similarity feature labels. The clustering performance of these two methods is then compared. The voltage sequence data from Table 2 is used for simulation verification, and the classification results are shown in Figures 11, 12.


[image: Graph showing classification results versus K-means, with an accuracy rate of 85.6%. The x-axis represents K-means values from 20 to 120, and the y-axis shows classification results. Red indicates real values and blue indicates calculated values, with plotted points creating a stepped line pattern.]



FIGURE 11 | 
K-means classification accuracy demonstration.




[image: Line graph showing classification results versus CNN iterations. Red squares represent real values, and blue circles represent calculated values. Accuracy rate is 91.2 percent. Steps in classification results are visible along the x-axis from zero to one hundred twenty.]



FIGURE 12 | 
CNN classification accuracy demonstration.



From Figures 11, 12, it can be seen that the accuracy of the CNN method is only 91.2%, while the accuracy of the K-means clustering method is only 85.6%. Although the CNN method shows a higher accuracy, both methods do not achieve very high accuracy when used to classify solely based on voltage similarity feature labels.

Considering the impact of different parameter values on the experimental results and in order to analyze the influencing factors on the classification of voltage similarity feature labels, this paper conducts simulation verification with different values for the parameter [image: Please upload the image or provide a URL, and I will help generate alt text for it.], which controls the local influence range of the Gaussian kernel function. The value of [image: Please upload the image or provide a URL so I can help you create the alternate text.] ranges from [0,1] with a step size of 0.05. The simulation results are shown in Figure 13.


[image: Line graph showing accuracy rate versus sigma for K-means and CNN. The x-axis represents sigma from 0.0 to 1.0, and the y-axis represents accuracy rate from 78% to 92%. CNN accuracy remains higher across the range compared to K-means.]



FIGURE 13 | 
Effect of different values of [image: It seems there was an error with the image upload. Please try uploading the image again or provide a URL to the image, and I will generate the alternate text for you.] on classification results.



It can be seen that when the parameter [image: Please upload the image or provide a URL for me to generate the alternate text.], which controls the local influence range of the Gaussian kernel function, takes different values, the classification accuracy of both the K-means clustering method and the CNN classification method is affected. When [image: Please upload the image so I can generate the alt text for you! If you have any additional context or information about the image, feel free to include that as well.], the accuracy obtained using the CNN method is the highest, while the accuracy obtained using the K-means method is highest when [image: Please upload the image or provide a URL for me to generate the alt text.]. Therefore, in the verification section of Part 3, this paper uses these two values for the parameter [image: Please upload the image or provide a URL, and I'll be happy to help generate the alternate text for it.].

	(3) To verify the topological identification effectiveness of user substation allocation profiles

After discussing the identification effects of the two feature labels separately, this section utilizes voltage data and electricity consumption data from four substations to calculate the electricity coefficient feature labels and voltage similarity feature labels. Then, by integrating the electricity coefficient feature labels and voltage similarity feature labels, user substation allocation profiles are constructed.

Using a CNN method, clustering is performed on the two types of labels to obtain the information on which substation each user belongs to, thereby completing the identification of the relationship between users and their respective substations. The topological identification effectiveness of the user substation allocation profiles is shown in Figure 14.


[image: Scatter plot showing four distinct clusters of data points, each representing a different station. Blue points for Station 1 are in the top left, orange points for Station 2 are in the top right, red points for Station 3 are near the center, and purple points for Station 4 are in the bottom left. Axes are labeled X and Y.]



FIGURE 14 | 
Visualization results of area identification.



It can be seen from Figure 14 that by constructing user substation allocation profiles, it is possible to automatically divide the 125 users in the low-voltage distribution substation into four groups without the need to pre-set thresholds. This effectively determines the relationship between each user and their respective distribution transformer, achieving a fundamentally accurate user-transformer relationship and connection. Additionally, this method overcomes the limitation of the branching boundary method, which has a low accuracy in calculating the electricity coefficient when data from other substations are mixed in.

In addition, to further analyze the classification effectiveness of the CNN method, this study also conducted simulation verification using four combination methods: K-means + Round half up, CNN + Round half up, K-means + Branch and bound, and CNN + Branch and bound. The simulation results are shown in Figure 15.


[image: Line graph comparing accuracy rates of four methods over iterations: K-means+Round half up, CNN+Round half up, K-means+Branch and bound, CNN+Branch and bound. Accuracy improves with more iterations, with CNN+Branch and bound showing the highest accuracy.]



FIGURE 15 | 
Effect of various methods on the accuracy of topology identification.



From the simulation results in Figure 15, it can be seen that the factors influencing the identification results mainly include the method used to calculate the electricity coefficient feature labels and the different clustering methods. It is evident that the topological identification results obtained using the Branch and bound method for solving the electricity coefficient are always better than those obtained using the Round half up method. Furthermore, the topological identification results using the CNN classification method are always superior to those using the K-means clustering method. This further demonstrates the advantages of the proposed method in the topological identification process. Additionally, this method can achieve a high level of topological identification accuracy early in the iteration process, requiring only a few iterations to identify the connection relationships between substations and users.





6 CONCLUSION


By introducing user profile technology into the research of substation topology identification, a comprehensive user profile is achieved through establishing voltage similarity feature tags and power consumption coefficient feature tags. This is done by solving the two types of tags to construct a comprehensive attribution feature matrix, completing the identification and verification of user substation attribution.

Simulation verification has revealed that single feature tags, whether voltage similarity feature tags or power consumption coefficient feature tags, have very limited effectiveness in identifying user relationships, with significant errors. However, by composing a comprehensive profile with both types of tags, it becomes very intuitive to identify which user substation attribution information is abnormal. Furthermore, the two types of tags can mutually corroborate each other, improving the accuracy of topology identification. However, constrained by the limitations of the algorithm itself, it is not possible to achieve 100% accurate identification, and further improvements are needed in subsequent work.
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Introduction: The traditional partial discharge localization improvement strategy mainly starts from the intelligent algorithm, but fails to consider the influence of core winding and oil temperature on partial discharge positioning.Methods: This paper also considers the influence of the iron core winding and oil temperature. Through finite element simulation, a transformer model was established to analyze the propagation characteristics of ultrasonic signals generated by partial discharge under the interference of gradient oil temperature and winding. The chaotic firefly-particle swarm hybrid algorithm is proposed, and through the calculation of Shubert’s multi-peak function. Finally, a partial discharge defect platform based on gradient oil temperature was built to verify the chaotic firefly-particle swarm hybrid localization algorithm.Results: The ultrasonic velocity generated by partial discharge in transformers cannot be fixed, and it is suggested that ultrasonic sensors should be installed near the center of the top of the transformer. The proposed algorithm can be better optimized in the case of multiple local extreme points. Under gradient oil temperature experiments, the algorithm achieves positioning errors less than 100 and 55 mm for cases with and without winding obstruction, respectively, with average positioning errors of 74.2 and 35.2 mm.Discussion: The positioning method in this paper can provide a technical reference for the partial discharge positioning of transformers in actual operation.Keywords: transformer, partial discharge, gradient oil temperature, acoustic and electric joint positioning, velocity
1 INTRODUCTION
As the scale of electric power enterprises continues to expand, a large number of transformers need to be put into operation for extended periods. In order to ensure the stability of the power system, partial discharge (PD) detection under energized conditions has become a key technology (Guerra et al., 2016; Weiqiang et al., 2020). Partial discharge, as a discharge phenomenon in electrical faults, contains rich information such as electrical, acoustic, optical, and thermal aspects. By reasonably applying detection techniques and intelligent positioning algorithms, technical personnel can promptly and accurately identify faults in transformers, laying a solid foundation for effective equipment maintenance (Li et al., 2015; Cai et al., 2021; Guo, 2022). Currently, ultra-high frequency (UHF) detection technology and acoustic electric (AE) detection technology have relatively matured.
Among them, UHF signal frequencies can reach 300 M to 3 GHz, with a wide detection bandwidth, and can avoid corona interference below 300 MHz in the field (Li et al., 2015); however, UHF pulse signals have short durations, making them difficult to collect, and are susceptible to shielding by transformer components during signal propagation. On the other hand, ultrasound signals have strong penetration capabilities, long pulse durations, and are easy to collect, making them suitable for partial discharge localization. However, when directly installed on the transformer casing, the measured signal is the non-line-of-sight wave transmitted laterally along the casing (Liu, 2014; Jia et al., 2022). In order to reduce noise interference leading to misidentification of partial discharge signals and collection errors caused by single sensors, the most direct original waveform of partial discharge measurement, invasive acoustic-electric joint detection technology, has been used for partial discharge localization research (Song et al., 2020; Yingjie et al., 2023; Su et al., 2024). In general, there are two ways to install the intrusive acoustic-electric combined sensor: one is to make holes in the transformer, which will destroy the transformer shell but will not affect the oil injection of the transformer (Su et al., 2024); Another method is to extend into the joint sensor through the oil valve, which has the advantage of not destroying the original structure of the transformer (Si et al., 2019).
To address the localization problem of partial discharge defects, the time difference of arrival (TDOA) algorithm is commonly used, which involves establishing a system of quadratic equations and transforming it into an optimization problem for solving (Ma et al., 2020). Traditional TDOA (Time Difference of Arrival) based on intelligent algorithms such as Particle Swarm Optimization and Genetic Algorithm (Antony and Punekar, 2018; Wang et al., 2018) have been continuously optimized to improve localization accuracy. However, they have not been able to analyze the influence of reflections caused by components such as iron core windings along the signal transmission path on time difference calculations. Most improvement studies focus on increasing the number of sensors. Reference (She et al., 2021), for instance, selects and locates multiple sensor time difference combinations through artificial bee colony algorithms and uses the secondary optimization solution of the K-means clustering algorithm as the final localization result. Reference (Besharatifard et al., 2022) disperses sensor arrays throughout the transformer, selecting direct partial discharge signals not propagated through the core and windings for time difference calculations. Reference (Liang, 2014) adopts the semi-definite relaxation method of successive approximation, and the time difference effect on the winding and the error interval are continuously approximating the result, but the improper selection of the error threshold will increase the calculation error. These methods do not consider the influence of transformer oil temperature on time difference calculations, and multi-element sensors can lead to installation difficulties and increased costs, which are not conducive to the practical localization of partial discharge in transformers during operation.
The core and windings of transformers generate heat due to operation and losses, resulting in a temperature rise in the transformer oil. According to the thermal siphon effect, after the slow flow of transformer oil, the temperature is lower at the bottom of the oil tank and higher at the top, presenting a gradient layering phenomenon overall (Jin, 2020; Junyi, 2021). Taking an oil-immersed forced-air-cooled transformer as an example, the temperature difference between the top and bottom oil layers can exceed 40°C, with a nearly 10% difference in wave speed, which has a certain impact on partial discharge localization.
In response to the shortcomings of traditional partial discharge localization methods that neglect temperature effects, this study employs COMSOL simulation to establish a comprehensive model based on gradient oil temperature and iron core windings. It analyzes the propagation characteristics of ultrasonic waves in the complex environment of transformers. The study proposes the integration of a CFA-PSO algorithm with variable velocity to enhance the localization effectiveness of intelligent algorithms.
2 ACOUSTIC-ELECTRIC JOINT POSITIONING TECHNOLOGY
As shown in Figure 1, three ultrasonic sensors and one ultra-high frequency sensor are arranged inside the transformer casing, and a spatial rectangular coordinate system is established at the vertex of one corner of the transformer.
[image: Diagram showing a three-dimensional box with axes labeled x, y, and z. Points S0, S1, S2, and S3 are marked with arrows pointing towards point P inside the box. Origin O is at the intersection of the axes.]FIGURE 1 | Partial discharge location model.
Let the position of the ultra-high frequency sensor be S0 (x0, y0, z0), and the positions of the ultrasonic sensors be respectively S1 (x1, y1, z1), S2 (x2, y2, z2), and S3 (x3, y3, z3). The position of the partial discharge source is denoted as P (x, y, z). Since electrical signals propagate much faster than ultrasonic signals, the time point when the ultra-high frequency sensor receives the electrical signal can be used as a time reference. By calculating the time differences between when each ultrasonic sensor receives the sound signal and this time reference, the actual propagation time of the sound signal can be determined. Thus, the following system of equations can be obtained using the time difference positioning method:
[image: Three equations depicting geometric relationships in three-dimensional space. The equations are: the square root of (x minus x1) squared plus (y minus y1) squared plus (z minus z1) squared equals v multiplied by t1; the square root of (x minus x2) squared plus (y minus y2) squared plus (z minus z2) squared equals v multiplied by t2; the square root of (x minus x3) squared plus (y minus y3) squared plus (z minus z3) squared equals v multiplied by t3. Each equation involves variables x, y, z, and constants x1, y1, z1, x2, y2, z2, x3, y3, z3, with velocity v and times t1, t2, t3. Equation number one is on the right.]
In Eq. 1, νe represents the equivalent sound speed of ultrasonic waves. Taking the square of both sides of the equation system transforms it into a system of quadratic equations in three variables. Theoretically, the localization result of the partial discharge source can be obtained with three equations. However, in the presence of errors, directly solving the quadratic equation system may result in complex or no solutions, leading to incorrect localization results. Therefore, it is common to construct an optimization problem based on error minimization and indirectly solve it using the least squares method (Shi et al., 2017).
Firstly, the objective function (Eq. 2) is constructed based on the set of equations (Eq. 1), as:
[image: Equations showing three functions, \( f_1 \), \( f_2 \), and \( f_3 \), each equal to the square root of the sum of squared differences between coordinates \((x-x_1)^2 + (y-y_1)^2 + (z-z_1)^2\), subtracted by velocity times time \(-vt_1\), and similar expressions for \( f_2 \) and \( f_3 \) with subscripts 2 and 3 for the coordinates and time.]
Subsequently, the expression for the objective function (f) is obtained as Eq. 3:
[image: Formula depicting the magnitude of a vector: \( f = \sqrt{f_1^2 + f_2^2 + f_3^2} \), labeled as equation three.]
Obviously, f ≥ 0, and if and only if f = 0, x, y, z are the solutions to the system of Eq. 1. For a given monitoring object, the area where partial discharge may occur is fixed, so the following optimization problem can be constructed:
[image: Minimization problem with function \( f(x, y, z, v_e) \) subject to constraints \( 0 \leq x \leq x_{\text{max}} \), \( 0 \leq y \leq y_{\text{max}} \), and \( 0 \leq y \leq y_{\text{max}} \). Equation is labeled as (4).]
Obviously, the solution of the optimization problem Eq. 4 is equivalent to the solution of the TDOA Eq. 1, and solving the optimization problem does not produce an imaginary solution, which improves the stability of the TDOA algorithm.
Usually, scholars in partial discharge localization use a fixed value of the equivalent sound speed at room temperature, typically 1,420 m/s. However, in reality, the winding iron core structure inside the transformer is complex, which may cause reflections and refractions of ultrasonic signals along the transmission path, along with the transformer casing. Additionally, the temperature of the oil can also affect the propagation speed of ultrasonic waves. Reference (Yuan, 1992) obtained through the pulse cycle velocity method, an approximate linear relationship between the ultrasonic wave velocity and the temperature rise of the transformer oil, which can be expressed by Eq. 5:
[image: Formula for vapor pressure in relation to temperature, represented as \( v_{\text{ap}}(T) = 2448 - 3.5T \), labeled as equation (5).]
Where T is measured in Kelvin. According to the national standard GB1094.1-1996“Power Transformers Part 1: General”, the top oil temperature of the transformer is generally controlled within 85°C, and an alarm is required at 80°C. Therefore, this paper mainly focuses on studying the gradient oil temperature below this limit of the top oil temperature.
3 FINITE ELEMENT ANALYSIS
In COMSOL, a basic model of the transformer was constructed, consisting of the iron core, windings, insulation oil, and the transformer casing. Using the Fluid Heat Transfer and Acoustics Module, the propagation characteristics of ultrasonic signals under the gradient oil temperature conditions of partial discharge in the transformer were simulated.
3.1 Physics module
Figure 2 shows a 2D COMSOL model of the transformer. In order to analyze the influence of gradient oil temperature and winding occlusion on ultrasonic propagation, four observation points (1–4) were placed along the inner wall of the transformer at coordinates (0.18, 0.29), (0.15, 0.29), (0, 0.2), and (0.25, 0), respectively. The position of the partial discharge source P is (0.32, 0.12), all coordinates are in meters. The top oil temperature of the transformer is 80°C, while the bottom oil temperature is 30°C. Observation points 1 and 2 are at the top of the transformer model and are relatively close together, so the transmitted path of the received signal is also about the same. In contrast, observation point 4 is at the bottom of the transformer, and the transformer is separated by a gradient temperature between the top and bottom of the transformer. The observation point 3 is located on the side of the transformer, and the signal will cross the winding when it reaches the observation point 3.
[image: Panel A shows a temperature distribution map with a central area in red, indicating higher temperatures, surrounded by cooler colors. Points are labeled with coordinates and temperature values. Panel B displays an isotherm diagram with contour lines indicating temperature gradients, with temperature values listed on the side.]FIGURE 2 | COMSOL simulation diagram. (A) Temperature distribution map (B) Isotherm diagram.
The geometrical Specifications and physical properties of each component of the transformer model are shown in Tables 1, 2, respectively.
TABLE 1 | Geometrical specifications.
[image: Table listing components, parameters, and numbers. Iron core has a diameter of 100 mm and height of 190 mm. Winding has an inner diameter of 100 mm, outside diameter of 140 mm, and height of 150 mm. Enclosure size is 400 by 300 mm with a thickness of 2 mm.]TABLE 2 | Physical properties.
[image: Table of materials including steel, oil, and copper, showing their properties. Steel has no viscosity value, a specific heat of 440 J/kg*K, and thermal conductivity of 76.2 W/m*K. Oil viscosity is eta(T), specific heat Cp(T), and thermal conductivity k(T). Copper has no viscosity value, a specific heat of 385 J/kg*K, and thermal conductivity of 400 W/m*K.]The density function rho(T) of the transformer oil is an inbuilt function in the COMSOL, software, which varies with temperature. The specific expression is (Eq. 6):
[image: Equation showing the relationship: \(\rho(T) = 1055.05 - 0.58*T - 0.000064*T^2\).]
In the pressure acoustics physics field, the signal source of partial discharge can be considered as a point sound source. According to references (Shen and Sun, 1981; Yang, 2011), the vibration of gas bubbles generated by partial discharge is underdamped vibration. A single exponential decay function is chosen as the signal source, and the function is represented as (Eq. 7):
[image: A mathematical equation representing a damped sine wave: \( f(t) = A e^{-a t} \sin(2 \pi f t) \), labeled as equation 7.]
In the equation, A represents the signal amplitude of the partial discharge, τ is the time decay constant, and f denotes the ultrasonic frequency.
In COMSOL pressure acoustics simulations, the mesh size is typically selected from one-tenth to one-fifth of the wavelength, which is inversely proportional to frequency. If the center frequency is set high, the meshing will be very thin, resulting in a high degree of freedom in the model that is difficult to calculate. Therefore, it is easier to simulate the propagation of sound pressure in transformer oil by taking a smaller center frequency. In the end, set the grid size to extremely fine mode. A boundary layer is set for the observation points and iron core windings (Mehrpooya et al., 2024), with a minimum angle of 240° to split and a maximum angle of 100° for each split. The grid size setting and grid generation diagram are shown in Table 3; Figure 3, respectively.
TABLE 3 | Grid size.
[image: Table displaying parameters and their numeric values: Maximum grid size is 4.04 millimeters, Minimum grid size is 8.08 micrometers, and Number of boundary layers is 20.][image: Close-up image of an integrated circuit with intricate patterns and connections, showing a rectangular central area surrounded by a grid-like structure. The background is a textured grey surface.]FIGURE 3 | Grid generated graph.
The waveform simulation parameters are as follows: f = 80kHz, τ = 1/144,000, A = 1. The signal diagram of partial discharge is shown in Figure 4.
[image: A graph showing a damped oscillation with an x-axis labeled "x (μs)" from 0 to 250 microseconds and a y-axis labeled "y" from -0.8 to 0.8. The curve displays rapid oscillations decreasing in amplitude, stabilizing after about 50 microseconds.]FIGURE 4 | Partial discharge signal diagram.
3.2 Governing equations
The governing PDE used by this module to solve the acoustic wave propagation is given by (Eq. 8):
[image: Equation involving derivatives and vector operations. The equation has terms with partial derivatives of \(p_t\) with respect to \(x^2\), inverse density \(\rho\), speed of light \(c\), applied field \(a_d\), and divergence operator \(\nabla\). It is set equal to \(Qm\) and labeled as equation \(8\).]
Where pt is the pressure of acoustic wave [Pa], ρ is the density of the material [kg/m3], c is the speed of the acoustic wave in the given medium [m/s], qd is the dipole domain source of the energy [N/m3], and Q is the monopole point source of the energy [m3/s].
3.3 Solver settings
Firstly, the thermal field at steady state is established to establish a transformer model of gradient oil temperature. Then, the sound field under transient conditions is established, and the propagation characteristics of ultrasonic waves in complex environments are analyzed, and the simulation time is set to 500 us, and the step time is 0.5 us.
3.4 Boundary conditions
The boundary equation is mainly used to define the boundaries of the transformer housing, and the specific expression is (Eq. 9):
[image: Mathematical equation showing the relationship between variables n, ρ, p_t, q_d, and z_t. The left side involves a negative product with a gradient term, and the right side is a fraction involving the derivative of p_t with respect to time, labeled as equation nine.]
Where the acoustic impedance z is expressed as the product of the density of the substance and the corresponding velocity. Table 4 shows the boundary conditions for the simulation.
TABLE 4 | Boundary conditions.
[image: Table showing materials, components, velocity, and density. Steel with iron core and enclosure has a velocity of 5,900 meters per second and density of 7,870 kilograms per cubic meter. Oil has a velocity formula of two thousand four hundred forty-eight minus three point five times T and density rho(T). Copper with winding has a velocity of 4,760 meters per second and density of 8,960 kilograms per cubic meter.]3.5 Results and discussion
During the initial stage of partial discharge, the sound pressure rapidly expands within the transformer model, but once the sound pressure fills the entire transformer, there is no significant change (Qi et al., 2015). Therefore, in this study, the sound pressure distribution at 30, 100, and 130 μs moments is selected to analyze the propagation characteristics of ultrasonic waves in the transformer, as shown in Figure 5.
[image: Three panels depict pressure distribution over time with a color scale from blue to red, representing varying pressure levels. Panel A shows concentric circles at 30 microseconds. Panel B displays wave propagation at 100 microseconds. Panel C illustrates further wave expansion at 130 microseconds.]FIGURE 5 | Spatial sound pressure distribution of transformer at each time. (A) 30 us. (B) 100 us. (C) 130 us.
At 30 μs, the ultrasonic signal propagates in an approximately spherical manner from the point source to the surroundings. At 100 μs, the ultrasonic signal propagates to the winding and the casing, undergoing reflection and refraction. It can be observed that after crossing the winding in the diameter direction, the sound wave has suffered significant attenuation, making it difficult for this signal to be used for sensor measurements. At 130 μs, diffraction occurs in the upper right corner of the winding, causing an increase in the time delay received at observation points 1 and 2. Multiple waveform overlap phenomena appear in the lower right corner of the transformer, indicating that the corner position of the enclosure is not suitable for installing ultrasonic sensors.
The average speed of ultrasonic wave propagation to each observation point will be affected by the transmission path and oil temperature. Simulations were conducted under conditions of varying oil temperature gradient, fixed oil temperature, with and without winding obstruction. The average speed of the signal transmission from the partial discharge source to each observation point was calculated based on the time delay, and the results are shown in Table 5.
TABLE 5 | Average sound velocity at each observation point.
[image: Table comparing values under different conditions of oil temperatures and winding considerations. Rows are numbered one to four. Columns are: "Gradient oil temperature, Consider winding," "Gradient oil temperature, Ignore winding," "20°C constant oil temperature, Consider winding," and "20°C constant oil temperature, Ignore winding." Values range from 755 to 1,362.5 m/s.]Since the transmission path from the partial discharge source to observation points 1 and 2 is roughly the same, regardless of the presence of winding obstruction, their average speeds can be approximately considered equal. Observation point 3 cannot receive the refracted signal that crosses the winding, but can only measure the waveform reflected multiple times from the transformer casing, resulting in a significant increase in time delay, which is not conducive to localization. Observation point 4, affected by the temperature gradient in the vertical direction, has a certain deviation in average sound speed.
Based on the above analysis, the ultrasonic sensor array should be installed near the center of the top of the transformer casing, and the spacing between the array elements should not be too large. Considering the array size and obtaining time delay, this study adopts a sensor spacing of 35 mm. The flange design drawing is shown in Figure 6:
[image: Technical drawing of a circular plate with multiple concentric circles and radial lines. Six bolt holes labeled M4 x 10 are evenly distributed around a central circle. Dimensions R50 and R15 are marked.]FIGURE 6 | Flange design drawing.
Assuming the top layer oil temperature is t1 and the bottom layer oil temperature is t2, if we neglect the winding diffraction, according to Eq. 3, the average sound speed of the ultrasonic wave should be between the wave speeds corresponding to the top layer and bottom layer oil temperatures, that is, [νeq (t1), νeq (t2)]. In reality, the diffraction caused by the winding can decrease the average sound speed by approximately 10%. Therefore, the average sound speed can be approximated as [0.9*νeq (t1), νeq (t2)] for localization calculations.
4 ALGORITHM OPTIMIZATION DESIGN
4.1 Firefly algorithm
The Firefly Algorithm (FA) is a heuristic algorithm developed by Yang (2008) based on the light emission behavior of firefly populations. The core ideas of this algorithm are as follows:
	(1) Initially, a certain number of fireflies are randomly generated in the search space, and their brightness is related to the objective function value. Fireflies closer to the global optimum are brighter. Assuming there are N fireflies in a D-dimensional space, the position vector of the i-th firefly is xi, and its relative brightness is calculated using (Eq. 10):

[image: It seems like you've entered a formula or equation rather than an image. If you have an image you'd like to describe, please upload it or provide a URL. If you have context for this formula that needs description, let me know!]
where I0 is the maximum brightness of the firefly, γ is the light absorption coefficient, and rij=||xi - xj|| represents the distance between firefly i and j.
	(2) Fireflies are attracted to each other, and the attraction force between two fireflies decreases with increasing distance. The attraction force from firefly i to firefly j is given by (Eq. 11):

[image: The equation shows beta equals beta nought times e raised to the power of negative gamma times r squared.]
where β0 is the maximum attraction force.
	(3) Fireflies with lower brightness will move towards brighter ones. The distance between two fireflies and their flying speed are inversely related. The movement of firefly i is given by (Eq. 12):

[image: Equation for updating \(x_i(t+1)\) based on \(x_i(t)\), with parameters \(\beta\), \(\alpha\), and a random component. Equation is labeled as (12).]
Here, α is the step size factor, and the random perturbation term introduces randomness to avoid premature convergence during the search process.
4.2 Algorithm improvement design
Particle Swarm Optimization (PSO) is a classical algorithm for partial discharge localization, known for its short computation time and fast convergence. However, it tends to get trapped in local optima. On the other hand, the FA accelerates flight through mutual attraction of fireflies, which helps to some extent in avoiding local optima, though its convergence speed is slower compared to PSO. Additionally, the accuracy of both algorithms is influenced by the choice of initial values.
Considering these factors, this paper combines FA and PSO algorithms, introducing the Tent chaotic mapping to form the Chaotic Firefly Particle Swarm Optimization (CFA-PSO) algorithm. The Tent mapping exhibits good distribution and randomness within the (0, 1) range, making it suitable for constructing initial individual distributions. The specific expression is (Eq. 13):
[image: Mathematical formula defining \( x_{n+1} \) with two cases: \( x_n/c \) for \( 0 < x_n \leq c \), and \( (1-x_n)/(1-c) \) for \( c < x_n < 1 \).]
The basic process of CFA-PSO is illustrated in Figure 7.
[image: Flowchart illustrating an optimization process. It begins with "Start" and proceeds to "Chaos initializes individual distribution" and "Population grouping." The process splits into two paths: "FA searches for the optimal value" and "PSO searches for the optimal value." The paths merge to "Replace the best individual with the other's worst" and then to "Save the better of the respective optimal values of FA and PSO." The decision box "Whether it is satisfied Termination Conditions" leads to "Output the optimal solution" and ends with "End."]FIGURE 7 | Algorithm flow chart.
The Shubert function, as a multimodal function, has multiple local optima within the interval [−2, 2], making it suitable for evaluating the local convergence performance of algorithms. Randomly generating 300 initial individuals within this interval, with a maximum iteration count set to 50, we observe the ability of each initial individual to retrieve the optimal value. Figures 8A, B depict the optimized individual distributions obtained by the PSO and CFA-PSO algorithms, respectively, after computation. In the figures, the red points represent the optimized individuals.
[image: Two three-dimensional graphs labeled A and B illustrate optimization surfaces. Graph A is labeled PSO and Graph B is labeled CFA-PSO. Both feature colorful, undulating surfaces with red points plotted across them, indicating different data points or solutions.]FIGURE 8 | Shubert function simulation. (A) PSO. (B) CFA-PSO.
The computation results indicate that the optimized individuals in the PSO algorithm tend to cluster in regions with relatively good results, while in the CFA-PSO algorithm, despite most of the optimized individuals converging near the optimal value, a portion still explores the external environment for optimization, thereby partially overcoming the drawback of PSO algorithm’s susceptibility to local optima.
5 EXPERIMENTAL VERIFICATION
The ultrasonic radiated frequency is related to the surrounding medium capacitance at the occurrence of partial discharge (Yanqing, 2003). According to the Technical Specification for Ultrasonic Detection of Partial Discharge Instruments (QGDW11061-2017), the central frequency of ultrasonic detection probes for oil-immersed transformers should ideally range from 80 to 200 kHz. Therefore, this study selected a commonly available piezoelectric ultrasonic probe with a central frequency of 200 kHz, specifically the model EU10PIF200H07T/R, with an operating temperature range of −30°C to +85°C. The study utilized an ultra-high-frequency sensor based on the horn antenna principle, constructed of conical brass, operating in the detection frequency range of 300 MHz to 3 GHz.
To simulate partial discharge defects inside the transformer, a typical needle-plate discharge model was employed. In this model, the needle electrode had a radius of 0.25 mm and was made of a needle tube, while the plate electrode was a smooth copper plate with a radius of 40 mm. A 2 mm thick insulating paper was placed between the needle and plate electrodes, and the gap between the needle and plate was set to 30 mm. The defect model is depicted in Figure 9.
[image: Diagram showing a needlepoint above a 2 millimeter thick insulating oiled paper, which rests on copper plate electrodes.]FIGURE 9 | Needle plate defect model.
In the laboratory, a typical needle-plate discharge model was employed inside an oil tank measuring 50 cm × 30 cm × 30 cm, simulating partial discharge defects in transformers to validate the effect of oil temperature on the localization of partial discharge defects. The layout of the oil tank model is depicted in Figure 10. The tank was filled with 25# insulating oil, covered with epoxy board to isolate external electrical signal noise interference, and a dielectric window was placed on the top left side of the tank for observation.
[image: A transparent tank filled with a yellowish liquid contains a coiled white cable. Several wires, some red and some white, are connected to the setup, extending out of the tank. The background shows a laboratory setting with equipment.]FIGURE 10 | Fuel tank model layout drawing.
The temperature signal and the acoustoelectric signal detected by the sensors were transmitted to the PC and oscilloscope, respectively, after amplification and filtering through the circuit. The needle-tip defect model was located on the right side inside the tank, with the needle electrode connected to the AC power source through a capacitive voltage divider and protective resistor. The ultra-high-frequency sensor was integrated into the dielectric window, while the temperature sensor and three ultrasonic sensors were in contact with the oil surface. The temperature sensor model was DS18B20, and the distance from the needle tip of the defect model to the center of the dielectric window was 272 mm. The experimental wiring diagram is shown in Figure 11.
[image: Diagram illustrating a test setup for detecting defects using electrical and acoustic methods. Featuring an AC source, protective resistor, and capacitor voltage divider connected to an oil-filled epoxy board chamber. Inside the chamber are a defect model, temperature sensor, and media window, with UHF and AE signals being monitored. Outputs are processed through electronic filters to a PC and oscilloscope for temperature and defect analysis.]FIGURE 11 | Experimental layout drawing.
Transformer oil was added to the oil tank up to 2/3 of its height, then heated to 80°C at the oil surface using electric heating rods. Subsequently, 30°C insulating oil was slowly injected into the bottom of the tank to reach 1/3 of its height. The needle-plate defect model was then pressurized at a rate of 0.1 kV/s, with partial discharge phenomena appearing at around 18 kV. As the oil temperature naturally cooled, partial discharge localization under different temperature gradients was simulated. A three-dimensional Cartesian coordinate system was established, with the bottom-left corner of the tank as the origin. Localization of partial discharge signals was then conducted under conditions with and without winding blockage, using constant acoustic velocities of 1,420 m/s and variable velocities within the range [0.9*νeq (t1), νeq (t2)]. The partial discharge signals were detected and calculated using the CFA-PSO algorithm. The localization results are shown in Tables 6, 7, respectively.
TABLE 6 | Partial discharge location without windings.
[image: A table compares variable and constant velocity localization against top oil temperatures of 40, 50, 60, 70, and 80 degrees Celsius. It shows coordinates for localization and errors in millimeters for each method. Variable velocity localization has errors of 29.9, 33.2, 31, 16.3, and 54.1 millimeters, respectively. Constant velocity localization errors are 32.1, 48.8, 50.2, 37.3, and 79.7 millimeters. The average error for variable velocity is 35.2 millimeters, and for constant velocity, it is 49.6 millimeters.]TABLE 7 | Partial discharge location with windings.
[image: Table displaying the localization and error in millimeters at various top oil temperatures in degrees Celsius. For variable velocity localization in millimeters, the values range from 438.8 to 502.2. The corresponding error ranges from 53.5 to 97.7, with an average error of 74.2. For constant velocity localization in millimeters, values range from 549 to 580.9. The corresponding error ranges from 141.5 to 241, with an average error of 178.2.]In the absence of winding blockage, the average localization error under variable acoustic velocity was 35.2 mm, with a maximum localization error not exceeding 55 mm, indicating good adaptability to temperature gradients. However, under constant velocity, the average localization error was 49.6 mm, and with increasing oil temperature, the error tended to increase. After introducing winding blockage, the average error under variable acoustic velocity was 74.2 mm, with a maximum localization error of no more than 100 mm. However, under constant velocity, the average localization error increased to 178.2 mm, failing to meet the accuracy requirements for localization.
Combining the experimental results with and without winding blockage, it can be concluded that the algorithm proposed in this study, based on variable acoustic velocity, effectively reduces localization errors under the influence of oil temperature and winding blockage. To validate the superiority of the algorithm proposed in this paper, the aforementioned delay data, based on variable acoustic velocity, were utilized to compare localization with and without winding blockage using the FA algorithm, PSO algorithm, and the algorithm proposed in this study. The error results are illustrated in Figures 12, 13.
[image: Bar chart comparing error rates in centimeters across different temperatures from 40 to 80 degrees Celsius. The chart features three methods: CPA-PSO (orange), PA (green), and PSO (purple). Error rates generally increase with temperature. CPA-PSO shows the lowest error at 80 degrees, while PA has moderate errors, and PSO shows higher errors across most temperatures.]FIGURE 12 | The positioning accuracy of different algorithms without winding occlusion.
[image: Bar graph comparing the error in centimeters for CFO-PSO, FA, and PSO across temperatures from 40 to 80 degrees Celsius. CFO-PSO is orange, FA is green, and PSO is purple, with varying error values at each temperature point.]FIGURE 13 | The positioning accuracy of different algorithms under the shielding of windings.
Comparing the localization results of different algorithms with and without winding blockage, it is evident that under variable acoustic velocities, the algorithm presented in this paper achieves lower localization errors than both the FA and PSO algorithms, with an overall reduction in error of about 20%.
Based on the above analysis, the localization method proposed in this paper, which optimizes both the algorithm and the equivalent acoustic velocity, enhances localization accuracy. This demonstrates that the method provided in this paper can offer effective guidance for online monitoring of partial discharges.
6 CONCLUSION

	1) Through COMSOL simulation, the propagation characteristics of ultrasonic waves under gradient oil temperatures were studied, demonstrating that using a non-fixed equivalent acoustic velocity in the localization algorithm more accurately reflects the real conditions for locating partial discharges in transformers. Additionally, using a sound-electric hybrid localization system based on a dielectric window at the transformer’s top shell is more beneficial in reducing the impact of gradient oil temperatures on localization.
	2) In response to the limitations of the FA and PSO algorithms, the CFA-PSO algorithm was designed. By computing the Shubert function, this algorithm is shown to maintain good optimization capabilities even in the presence of multiple local extrema.
	3) The localization of partial discharges under gradient oil temperatures was simulated within the oil tank. Experimental results demonstrate that utilizing the CFA-PSO algorithm based on a non-fixed equivalent acoustic velocity effectively mitigates the influence of oil temperature on partial discharge localization. Moreover, the maximum localization error without obstruction does not exceed 55 mm, while under winding diffraction with a core, it does not exceed 100 mm. This provides technical guidance for practical transformer partial discharge localization during operation.
	4) This technology can be put into on-site transformer partial discharge monitoring, combined with the transformer heating status and fault location under gradient temperature, to provide better technical support for transformer safety online monitoring, so as to conduct more in-depth research on temperature as an influencing factor in the future.
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Doemenburg ratio Uses four gas concentration ratios: §its, &4i2, Gifs, Gk ‘Thermal decomnosition, H,, GH,
method (DRM) PD, arcing CH,,
CaHe, GH,
Rogers ratio method (RRM) Uses three gas concentration ratios: & Normal aging, PD, arcing, low temperature fault, thermal | Hy, C,H,,
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thermal fault > 700°C C:He, CH,
IEC ratio method (IRM) Uses three gas concentration ratios: s, &, &t PD, low energy discharge, high energy discharge, H,, GH,,
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and > 700°C
Duval triangle method (DTM) | Uses three gas corresponding to the increasing energy PD, low energy discharge, high energy discharge, C;H,, CH,,
content or temperature of the faults thermal faults < 300°C, CaHy
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MAE 1,003.13 455.61 35275
R2 053 079 Lom
Maximum Error 5,991.21 4,837.08 445851
Effective Accuracy 84.82% 88.75% 88.95%

5 Characteristic Covariates RMSE 3,254.86 310703 2,856.14
MAE 973.62 617.71 42339
R2 0.64 Lo 083
Maximum Error 5,591.95 | 36199 3,495.65
Effective Accuracy 85.83% o0z 9LI7%
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Fault conditions Parameter

Fault location 05,1,15,2,2.5,3,3.5 km from the first section of feeder 1, point @, point @

DG access to faulty line ‘The distance between DG and the upstream and downstream s 1.5 km. When the distance is 0.5 and 3.5 km from the frst section, the
distance is changed t0 025 km

Fault phase angle 0°,30°,60°,90%120°,150°

00,500,1000,15002,2000,25002,3000,500€,7500,1000Q

Fault point grounding resistance
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‘ Positive sequence 00127 9.34E-4 1.27E-8
Overhead lines T

’ Negative sequence 03860 4.13E-3 7.75E-9

‘ Positive sequence 02700 25564 3.39E-7
Cable lines

’ Negative sequence 27000 1.02E-3 2.80E-7
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