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Single-phase grounding fault is the most common fault type in the distribution network. An accurate and effective single-phase grounding fault identification method is a prerequisite for maintaining the safe and stable operation of the power grid. Most neutral points of the active distribution network are grounded through arc suppression coils. In the active distribution network, the power supply in the network changes from one to multiple, which may change the direction of the fault current. In this paper, the superposition theorem is used to analyze the difference in the boosting effect of different types of distributed generators (DG) on line mode current in the sequence network diagram when DG is connected upstream or downstream of the fault point. Secondly, the composition of the zero-mode transient current of the fault line is analyzed. A judgment method based on the superposition diagram of transient zero-sequence voltage and current is proposed. Then, this paper improves the ResNest network and modifies the classifier of the last fully connected layer to SVM. Finally, the model in PSCAD is used to simulate single-phase grounding faults to obtain the training set and validation set. These datasets are used to train and test AlexNet, ResNet50, ResNeSt, and ResNeSt-SVM. The results show that under different fault points, transition resistances, DG access upstream and downstream of the fault point, and different fault initial phase angles, the ResNest-SVM model method can accurately identify the fault line and has better anti-noise ability than the other three network structures.
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1 INTRODUCTION
With the large-scale integration of inverter-interfaced distributed generators (IIDGs) into the distribution network, a new type of active distribution network with wind and solar power (ADNWS) has emerged, distinct from traditional rotational power sources (Meng et al., 2024; Shi et al., 2023; Yan et al., 2024). As the penetration of distributed generation into the distribution network continues to increase, it is important to study its impact on single-phase ground fault detection methods. In ADNWS, a small current grounding method is typically used, and in such systems, the probability of single-phase ground faults reaches up to 80%, similar to conventional distribution networks. Arc extinguishing coils are generally used to extinguish arcs, and to ensure safety, over-compensation is typically employed (Li et al., 2023). This makes the characteristics of faulty and non-faulty lines similar, thereby necessitating the development of new methods for detecting single-phase ground faults in ADNWS.
Currently, the types of distributed generation in active distribution networks are primarily focused on photovoltaic (PV) systems and wind turbines. The commonly used models for wind turbines are mainly divided into two types: one is the distributed generation model with asynchronous motor characteristics, and the other is the model with synchronous generator characteristics (Yan et al., 2023). Since the DC power generated by PV systems needs to be connected to the AC distribution network through inverters, PV power sources are classified as inverter-interfaced distributed generators. The use of inverters introduces higher-order harmonics, so filters are often installed between them and the main grid (Sajadi et al., 2023). The presence of both PV systems and wind turbines in ADNWS complicates the network and presents significant challenges for fault identification.
In traditional distribution networks, fault identification methods are typically classified based on electrical quantity characteristics into steady-state methods and transient methods. Steady-state methods usually rely on the magnitude or polarity of fault electrical quantities and different power flow directions for fault detection and line selection. Transient methods, on the other hand, utilize the magnitude and direction of transient electrical quantities (Pirmani et al., 2024). In (Li et al., 2021), the transient zero-sequence admittance method is employed, using the principle that the transient zero-sequence impedance upstream of the fault point is always greater than the transient zero-sequence impedance downstream of the fault point for the fault location. In (Li et al., 2020), the discrete wavelet transform algorithm is chosen to extract the wavelet energy entropy of zero-sequence currents as a criterion for detecting high-impedance grounding. This algorithm has led to an improvement in the accuracy of high-impedance grounding identification.
In an ADNWS system, researchers have analyzed how the integration of different types of distributed generation alters the line-mode network of a small current grounding system. The fault indicator is determined based on the relative rate of change between the zero-sequence current and the zero-sequence voltage (Zhang et al., 2022). In networks with inverter-based power sources, an active signal injection method is proposed to enhance the fault characteristics, making it easier to identify the faulty line (Xu et al., 2024). From the perspective of high-order harmonics generated by inverter-interfaced power sources, literature (Rustemli et al., 2023) notes that inverters produce the fifth and seventh harmonics, which improves the reliability of harmonic identification. However, the photovoltaic model is overly idealized and does not account for the effects of filters connected after the inverter in real scenarios. With the rise of artificial intelligence, some researchers have also utilized it for fault identification. Literature (Yuan and Jiao, 2023) employs the fundamental and harmonic components, along with wavelet energy from electrical transient quantities, to perform network fault detection. Due to the slow training of deep networks, literature (Wang, 2022) uses the artificial bee colony optimization algorithm to tune parameters of deep neural networks (DNNs) and improves the bee colony algorithm with network weight optimization methods. Literature (Yu et al., 2023) proposes a semi-supervised learning model based on Generative Adversarial Networks (GANs) to reliably identify fault feeders, enhancing fault detection accuracy through the adversarial game between the discriminator and the generator. Using neural networks from the perspective of image feature extraction is less common; literature (Zhang et al., 2023) constructs a fault line selection model with a convolutional neural network incorporating an attention mechanism, which first learns the zero-sequence current at the feeder’s initial segment before fault recognition. Literature (Guo et al., 2017) applies continuous wavelet transform (CWT) to the transient zero-sequence currents of each feeder to obtain the wavelet coefficient grayscale images for each feeder. These images are then fed into a convolutional neural network (CNN) for fault line selection. Literature (Hong et al., 2020) applies discrete wavelet packet transform (DWPT) to the three-phase voltages, zero-sequence voltage, and three-phase currents for time-frequency decomposition, resulting in time-frequency spectrograms. These spectrograms are then used as inputs to a convolutional deep belief network (CDBN) for fault identification. The article constructs the three-phase voltage and current data into two-dimensional matrices, which serve as input data for a CNN for fault identification. Literature (Wu et al., 2023) proposes using transient images as input to a multi-head Long Short-Term Memory Convolutional Neural Network (LSTM-CNN) for fault recognition, a method that can improve issues with white noise. Despite these advancements, there is still room for further improvement in the accuracy of AI-based fault recognition methods.
It can be seen that the identification of single-phase grounding faults in distribution networks is still primarily focused on traditional networks, with limited research on active distribution network scenarios. Meanwhile, the application of artificial intelligence methods in detecting single-phase faults in active distribution networks is still in its early stages. Therefore, this paper proposes a method for identifying single-phase grounding faults in active distribution networks based on an improved neural network architecture. Compared to existing neural network architectures, the proposed new architecture effectively improves the accuracy of the validation set.
This paper first introduces specific models of wind turbines and photovoltaics. Based on this, an active distribution network architecture is constructed, using the superposition theorem to illustrate the impact of distributed generation on line-mode current at the fault location. Subsequently, the characteristics of zero-mode current in fault lines within ADNWS are analyzed. Using the superimposed plots of zero-sequence current and voltage as a dataset for image recognition, an improved convolutional neural network method for identifying single-phase grounding faults in ADNWS is proposed. In the validation section, the improvement in accuracy of the enhanced model compared to previous models is analyzed. Considering the noise impact brought by inverters and other power electronic components in the ADNWS system, the method’s adaptability to noise is further verified.
2 THE MODEL OF A WIND-SOLAR HYBRID ACTIVE DISTRIBUTION NETWORK
2.1 Wind turbine model
The wind turbine model used in this study is an asynchronous squirrel-cage motor. The model consists of the wind source, wind turbine, pitch angle control, and the asynchronous squirrel-cage motor. The model of the asynchronous generator is illustrated in Figure 1.
[image: Figure 1]FIGURE 1 | Model of an asynchronous generator.
2.2 Photovoltaic model
The photovoltaic model consists of a solar PV array, Maximum Power Point Tracking (MPPT), DC-DC converter, and DC-AC inverter modules. The MPPT tracking algorithm used is the perturb and observe method. The inverter control strategy employs the PQ control method. After a single-phase ground fault occurs on the line, the phase-locked loop in the control section acquires the initial phase angle during the fault, allowing the control strategy to adapt accordingly (Li, J. et al., 2022). The PQ control method can independently and accurately regulate the active and reactive power output of the inverter. By setting reference values for p and Q separately, the inverter can flexibly respond to changes in load demand and the grid’s reactive power adjustment requirements, thereby helping to maintain voltage stability in the system. The model shown in Figure 2 is used for integrating IIDG into the distribution network.
[image: Figure 2]FIGURE 2 | Photovoltaic model.
2.3 Small current grounding system with wind and solar integration
Active distribution networks often use small current grounding systems to detect ground fault lines by collecting current and voltage data from the lines. A distribution network structure with integrated distributed generation sources is illustrated in Figure 3.
[image: Figure 3]FIGURE 3 | Distribution network structure with DG access.
In Figure 3, F represents the ground fault point, with k feeders connected to a 10 kV bus. T1 is the main transformer with a transformation ratio of 110/10. The high-voltage side of the main transformer is grounded through an arc suppression coil, indicating that this system is a small current grounding system. T1 … Tk represents grounding transformers, with a transformation ratio of 10/0.48 when DGn is an inverter-interfaced DG and 10/0.23 when DGn is a rotational DG. Fault points are shown on feeder 1, depicting the situation both upstream and downstream of the DG connection, while other lines are connected to several DGs.
3 ANALYSIS OF VOLTAGE AND CURRENT WAVEFORM CHARACTERISTICS AFTER DG INTEGRATION
After integrating distributed generation sources into the existing small current grounding system, it is necessary to analyze the line-mode and zero-sequence currents and voltages. Voltage can be derived from the current multiplied by the impedance through which the current flows; therefore, this study primarily focuses on the analysis of electrical quantities related to current.
3.1 Equivalent impedance analysis of DG and grid-connected transformers
The equivalent impedance of the feeder section with DG integration is generally the combined impedance of the DG and the grid-connected transformer. The combined equivalent positive-sequence impedance of the DG and the transformer is [image: image], as shown in Equation 1.
[image: image]
In the formula, [image: image] and [image: image] represent the leakage impedance and excitation impedance of the transformer, respectively, and [image: image] represents the equivalent impedance of the DG.
When a rotating-type DG is connected, its role in the line mode network is similar to that of a small-capacity power source (i.e., the main transformer), with the parallel impedance approximating the transformer’s leakage reactance. In this case, Equation 2 can be expressed as.
[image: image]
When an inverter-based DG is connected, its equivalent impedance [image: image] is much larger than the line impedance and the transformer’s magnetizing impedance. In this case, the equivalent impedance [image: image] in the analysis of ground faults can be considered nearly infinite. Thus, the impact of the DG’s impedance on the fault current is negligible, as shown in Equation 3:
[image: image]
The role of inverter-based DG in the line mode network is similar to that of a large-capacity load, having little to no impact on the line mode network. This Section 3.2 mainly focuses on rotating DG.
3.2 Analyzing the impact of DG integration on fault line current through sequence network diagrams
By analyzing the sequence network diagram of the line, the impact of multi-source distribution networks on the line mode current at the fault point is evaluated. In the distribution network structure shown in Figure 3, the DG on Feeder one is connected either upstream or downstream of the fault point. The equivalent circuit of a single-phase grounding fault in the line is illustrated in Figure 4A.
[image: Figure 4]FIGURE 4 | Diagram of Current Phase Sequence Composition.
Figure 4A, [image: image] represents the virtual source at the fault point, while [image: image], [image: image] and [image: image] denote the positive-sequence, negative-sequence, and zero-sequence voltages at the fault point, respectively. [image: image] is the transition resistance at the fault point. [image: image] and [image: image] are the positive-sequence impedances from the DG (Distributed Generation) access point to the fault point and the end of the line, respectively, when the DG is connected downstream. [image: image] and [image: image] are the positive-sequence impedances from the DG access point to the bus and the fault point, respectively, when the DG is connected upstream. [image: image] and [image: image] are respectively the positive-sequence impedances from the DG access point to the bus and the end of the line, assuming that DG exists in other lines. [image: image] represents the positive-sequence impedance of the healthy line without DG, and [image: image] represents the positive-sequence impedance of the main transformer. [image: image], [image: image] and [image: image] represent the positive-sequence impedances of the faulted line, healthy line [image: image], and healthy line [image: image], respectively. [image: image], [image: image] represent the combined positive-sequence impedances of the DG and its grid-connected transformer when connected upstream and downstream, respectively. [image: image], [image: image] represent the zero-sequence impedances of the upstream and downstream segments of the faulted line at the fault point, [image: image] and [image: image] represent the zero-sequence distributed capacitances of the fault lines L2 and Ln. [image: image], [image: image] represent the zero-sequence distributed capacitances of the fault lines L2 and Ln.
Figure 4B illustrates the composite network model for low-current grounding faults: From the perspective of the fault point, [image: image], [image: image] and [image: image] represent the first, second, and 0th mode impedances upstream (downstream) of the fault point, respectively; [image: image], [image: image] and [image: image] represent the first, second, and 0th mode currents upstream (downstream) of the fault point, respectively.
When the fault line does not include a distributed generator (DG), the upstream line mode impedance [image: image] at the fault point can be expressed as:
[image: image]
[image: image] represents the line mode impedance of the DG and its transformer connected in the normal feeder. In the line mode equivalent network of a conventional distribution network without DG, the line mode impedance of the main transformer is very small, so the impedance of the healthy line can be ignored. The equivalent impedance [image: image] of a single DG is significantly larger than the line mode impedance of the transformer. Therefore, Equation 4 can be approximated as [image: image].
When the fault line contains DG and the DG is connected downstream of the fault point, the upstream impedance at the fault point can be expressed as:
[image: image]
Based on Equations 4, 5, it can be seen that the impedance upstream of the fault point remains approximately unchanged, regardless of whether the DG is connected. When the fault line does not contain DG, the downstream sequence impedance [image: image] at fault point, as shown in Equation 6:
[image: image]
When the fault line contains DG and the DG is connected downstream of the fault point, the downstream impedance at the fault point can be expressed as:
[image: image]
Since the impedance of a rotating DG [image: image] is much smaller than that of the load and the line mode impedance, the downstream line mode impedance at the fault point can be approximated as the sum of the line mode impedance between the fault point and the DG, and the combined line mode impedance of the DG and its grid-connected transformer. Therefore, Equation 7 can be approximated as [image: image], which is smaller than the downstream impedance in the absence of DG.
When the fault line contains DG and the DG is connected upstream of the fault point, the upstream impedance at the fault point can be expressed as:
[image: image]
From Equations 8, 4, it is evident that the upstream impedance decreases when DG is connected upstream of the fault point. In this case, the downstream impedance remains the same as it was without the DG connection.
In summary, the integration of DG alters the line-mode network of low-current grounding faults, reducing both the resistive and inductive components of the line-mode impedance at both upstream and downstream of the fault point. Consequently, when a rotating-type DG is connected upstream of the fault line, the line-mode current at the fault point is slightly larger compared to the situation without DG.
As an example of DG integration upstream of the fault point, the simulation results of the line-mode current in the faulted line are shown in Figure 5.
[image: Figure 5]FIGURE 5 | Simulation diagram of the fault point at the upstream.
From the analysis and simulations, it can be observed that when the fault point is upstream, the rotating DG significantly increases the line-mode current in the faulted line. In contrast, when the inverter-interfaced DG is integrated, the line-mode current in the faulted line remains almost unchanged. This indicates that the integration of distributed generators affects the fault current in the distribution network. When the fault point is downstream, both the rotating DG and inverter-interfaced DG have an impact on the single-phase ground fault line-mode current [image: image], but the effect is minimal.
To study the characteristics of transient zero-sequence current, it is necessary to analyze the transient fault process. The simplified zero-sequence transient equivalent circuit diagram of a normal line, based on Figure 3, is shown below.
3.3 Transient zero-sequence current characteristics
Since the high-voltage side of the step-up transformer for the DG integrated into the grid is configured in a delta connection, and the low-voltage side in a star connection, the zero-sequence circuit of the DG is not connected to the grid, regardless of whether it is an inverter-interfaced DG or a rotating DG integrated into the ADNWS. Therefore, the steady-state and transient processes of the zero-sequence current experience minimal changes. Consequently, the analysis methods for small current grounding systems can still be applied to ADNWS networks. In this study, the distinction between faulted and normal lines is made using the waveform characteristics of zero-sequence voltage and zero-sequence current.
To study the characteristics of transient zero-sequence current, it is necessary to analyze the transient fault process. The simplified zero-sequence transient equivalent circuit diagram of the normal line is shown in Figure 6A.
[image: Figure 6]FIGURE 6 | The zero-sequence transient equivalent circuit diagram when no fault occurs.
[image: image] represents the zero-sequence fault voltage, and it is assumed that [image: image]. [image: image] represents the line’s capacitance to ground, while L and R represent the line’s inductance and resistance, respectively. The current in a normal line is generally represented by the capacitive current [image: image].
Based on the equivalent circuit diagram shown above, the following differential equation can be formulated, as shown in Equation 9:
[image: image]
The solution for the current in the normal line, derived from the differential equation provided earlier, as shown in Equation 10:
[image: image]
In this equation, [image: image] represents the amplitude of the transient capacitive current, and [image: image] is the attenuation factor, [image: image] stands for the system’s power frequency, while [image: image] is the main resonance frequency of the transient. Finally, [image: image] denotes the initial phase angle at the moment the fault occurs.
Based on Figure 3, the simplified zero-sequence transient equivalent circuit diagram for a faulted line in a system grounded through an arc suppression coil is shown in Figure 6B.
In this diagram, [image: image] represents the set zero-sequence fault voltage, and it is assumed that [image: image]. [image: image] represents the line’s capacitance to ground, while [image: image] and [image: image] represent the line’s inductance and resistance. [image: image] and [image: image] are the inductance and resistance of the arc suppression coil, respectively. The zero-sequence current in the faulted line can be expressed as the sum of the capacitive current from other lines [image: image] and the inductive current through the arc suppression coil [image: image], as shown in Equation 11:
[image: image]
The differential equation corresponding to the equivalent circuit diagram shown above is expressed as follows, as shown in Equation 12:
[image: image]
The solution for the faulted line current is given by, as shown in Equation 13:
[image: image]
In this equation, [image: image] and [image: image] represent the amplitudes of the transient capacitive and inductive currents, respectively. [image: image] and [image: image] are the decay time constants for the capacitive and inductive circuits, [image: image] is the system’s power frequency, [image: image] is the main resonance frequency of the transient, and [image: image] denotes the initial phase angle at the moment of the fault. From the above equation, it can be inferred that the transient zero-sequence current in a healthy line is primarily composed of transient capacitive current, whereas the transient zero-sequence current in a faulted line includes both transient capacitive and inductive currents. Therefore, there is a significant difference between the transient zero-sequence currents of healthy and faulted lines.
The simulation results yield the superimposed plots of zero-sequence current and zero-sequence voltage for both types of lines. Analyzing Figure 7, it is observed that as the time approaches the moment of fault occurrence, the zero-sequence current and the derivative of the zero-sequence voltage in the faulted line are in the same direction, whereas in the healthy line, they are in the opposite direction (Gao et al., 2018; Su X et al., 2023). This indicates a significant difference in transient characteristics between faulted and non-faulted conditions, suggesting that neural networks can be employed for fault identification.
[image: Figure 7]FIGURE 7 | The images of zero-sequence voltage and zero-sequence current superposition when a fault occurs or does not occur on the line.
In summary, the impact of both synchronous DG (Distributed Generation) and inverter-based DG on the line-mode current is minimal when the fault point is either upstream or downstream. However, the transient process during the fault contains a wealth of characteristic information, and these transient components are not affected by the neutral grounding method. Therefore, this study selects a time window after the fault occurrence as the observation period to analyze the transient quantities and extract characteristic components. Compared to using steady-state information, this approach offers higher feasibility for fault identification in low-current grounding systems.
4 FAULT IDENTIFICATION BASED ON CONVOLUTIONAL NEURAL NETWORKS
4.1 Convolutional Neural Networks
Convolutional Neural Networks (CNN) are a type of machine learning method used for image recognition. Classic CNN models include LeNet-5 (LeCun et al., 1998), AlexNet (Krizhevsky et al., 2017), and the ResNet neural network introduced by Kaiming He (He et al., 2016; Mirza et al., 2023), among others.
CNNs focus on capturing local features through the convolution of kernels and reduce the number of model training parameters while extracting local features from images using pooling kernels or global pooling kernels (Huang et al., 2023). In current CNN architectures, unsaturated nonlinear functions, such as the ReLU function, are commonly used as activation functions in convolutional layers. The mathematical formula for the ReLU function is as follows, as shown in Equation 14:
[image: image]
CNN learns image features through a combination of linear layers and nonlinear activation functions.
4.2 Overview of SVM basic principles
Support Vector Machines (SVM) are binary classification models that operate as linear classifiers with maximum margin in the feature space, distinguishing them from perceptrons (Wang et al., 2023). SVMs also incorporate kernel techniques, which fundamentally transform them into nonlinear classifiers. The learning method of SVM aims to maximize the margin, which can be formulated as a convex quadratic programming problem, equivalent to minimizing a regularized hinge loss function. Essentially, SVM learning methods are optimal algorithms for solving convex quadratic programming problems.
The reference indicates that the Radial Basis Function (RBF) kernel has a broad convergence range, making it adaptable to various sample distributions (Anyanwu et al., 2023). Unless the unique distribution of the samples is well understood and a specific kernel function is chosen accordingly, the RBF kernel is considered an ideal mapping function. Additionally, the RBF kernel is well-suited for addressing binary classification problems.
4.3 ResNest and its improvements
Although ResNet stacks many network layers, its effective depth remains insufficient. The network’s receptive field is not large enough, which may lead to overfitting in certain cases. To address these issues, researchers have proposed the ResNest50 neural network, which introduces a split-attention module and divides the base group into R smaller groups (Wang et al., 2020). This adjustment ensures that the channel dimension input into each residual block is G [image: image] . Finally, each residual block outputs the required dimension for the next block through weighted fusion.
This paper is inspired by the ResNest50 network architecture, the SVM-RBF classifier, and the self-calibrated convolution (SCConv) module in SCNet. In our approach, we replace the convolutions in the group module with self-calibrated convolutions. Additionally, we connect the SVM classifier with an RBF kernel after the final fully connected layer to output the probability of the label, where the highest probability indicates the fault line identified by the machine learning model. The ResNest50-RBF-SVM network structure is illustrated in Figure 8. The network first performs convolution using a 7 × 7 kernel, followed by 16 residual layers. After passing through a fully connected layer and a classifier layer, it outputs the identification results. The residual layers incorporate the self-correcting convolution module from SCNet.
[image: Figure 8]FIGURE 8 | ResNest-SVM network structure diagram.
The processing formula for self-calibrated scale space is as follows, as shown in Equation 15 and Equation 16:
[image: image]
[image: image]
Where [image: image] represents the input and [image: image] denotes the output features. “Down” and “Up” refer to the downsampling and upsampling operations, respectively, while K is the scale transformation coefficient.
The self-calibrated branch significantly enhances the perceptual range of the output features, leading to richer feature information. This branch primarily focuses on spatial positional information, which helps avoid overlooking data from areas that do not require management, thereby reducing time consumption. The self-calibrated branch has the capability to encode feature information at various scales, making the feature content more comprehensive. By utilizing the RBF-SVM, the model can better leverage the information from the fully connected layer for binary classification tasks.
4.4 Identification process
Thanks to the high sensitivity of secondary devices, zero-sequence voltage and zero-sequence current on the feeder can be obtained during the initial stages of a fault. The fault identification process illustrated in Figure 9 ultimately provides the line judgment results. The specific identification steps are as follows.
(1) Simulation Data Acquisition: Using the simulation model in PSCAD, zero-sequence voltage and zero-sequence current are calculated from the electrical quantities at the beginning of each feeder. The identification algorithm is triggered if the zero-sequence voltage exceeds a predetermined threshold, typically set to be greater than 0.15UN (Wang et al., 2019; Fan et al., 2021).
(2) Data Visualization and Preprocessing: After the algorithm is initiated, data from the first quarter cycle of the zero-sequence voltage and zero-sequence current are recorded, with a sampling frequency of 40 kHz. Preprocessing includes denoising, normalization. The denoising method used is the moving average method, and the normalization method is the maximum value normalization. The formula for maximum value normalization is as follows, as shown in Equation 17:
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