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In recent years, distributed photovoltaic facilities and distributed energy storage are widely connected to a low-voltage distribution network, which makes the topology of the low-voltage distribution network change faster, and the online identification and monitoring of the impedance of each branch are becoming more difficult. With the widespread installation of new distribution automation terminals and smart electricity meters, the technical gap of power data collection has been filled, the state perception ability of the distribution network has been improved, and the data support for further exploration of the topology and impedance of the distribution network has been provided. Therefore, the low-voltage distribution network topology and impedance identification method based on smart meter measurements, the physical topology model of distribution transformer-branch-meter box-user and the impedance exclusion model are proposed. Line loss and branch node power flow are calculated on the basis of the two models. Finally, the low-voltage distribution network topology recognition algorithm and power flow partition backtracking impedance estimation technology are developed based on the data mining method of distribution transformer terminal and smart meter. The example results show that the physical topology model of distribution transformer-branch-meter box-user and the impedance exclusion model proposed in this study can effectively identify the branch topology and impedance distribution in the low-voltage distribution network with a large amount of measurement information, realize the online perception of the distribution network, and provide the basis for the fine management of the power grid and line loss.
Keywords: low-voltage distribution network, line impedance identification, topology identification, distributed generation, smart meter measurements
INTRODUCTION
A distribution network is one of the main components of a power system. According to the voltage grade, it can be divided into a high-voltage distribution network, medium-voltage distribution network, and low-voltage distribution network. With the increasing complexity of the power grid structure and the gradual expansion of scale year by year, problems such as serious voltage fluctuations, unqualified power quality, and unclear topology of low-voltage distribution networks are becoming more severe. Meanwhile, distributed photovoltaic facilities and distributed energy storage are widely connected to a low-voltage distribution network, which makes the topology of the low-voltage distribution network change faster, and the online identification and monitoring of the impedance of each branch are becoming more difficult. Power researchers are committed to solving relevant problems. For example, a record-based topological identification method simplifies the communication process between the transformer terminal units and the topological equipment (Xu et al., 2020), and an automatic identification strategy combined with a neural algorithm enables topological identification and real-time dynamic update of distribution network topology (Zhang et al., 2020).
At the same time, using the node branch incidence matrix to represent network topology can improve the disadvantages of large amount of matrix calculation and a slow calculation speed (Zhang et al., 2017). In addition, Wu (2021) investigated finite time topological identification and verifies the effectiveness by designing state feedback controllers. Zhang et al. (2018) proposed a topological identification method based on a smart meter to determine the upstream and downstream relationship between customers. With the change of measured value uploaded by terminal intelligent device, how to give real-time decision to realize online estimation and monitoring of branch node power flow has become one of the problems that a large number of power workers and electrical engineers pay close attention to (Coutino et al., 2021).
This study presents the low-voltage distribution network topology and impedance identification method based on smart meter measurements. First, a simplified typical low-voltage distribution network model with smart meters is constructed, the voltage correlation coefficient matrix is formed based on the node voltage measurement data sequence, and the Kruskal minimum spanning tree algorithm was introduced to generate low-voltage distribution network topology. Second, the voltage drop model of the distribution network line is proposed and the impedance identification of the low-voltage distribution network is completed. Thus, the physical topology model of distribution transformer-branch-meter box-user and the impedance exclusion model are established. The line loss and branch node power flow are calculated on the basis of the two models. Finally, the low-voltage distribution network topology recognition algorithm and power flow partition backtracking impedance estimation technology are developed based on the data mining method of distribution transformer terminal and smart meter, the online power flow estimation and monitoring of branch nodes and the segmented calculation of hierarchical line loss are realized too.
TOPOLOGY IDENTIFICATION METHOD OF LOW-VOLTAGE DISTRIBUTION NETWORK BASED ON CORRELATION COEFFICIENT ANALYSIS
In the distribution network, the voltage often fluctuates due to the uncertainty of loads everywhere. The voltage fluctuation curves of the loads with relatively close electrical distance are more similar (high correlation), while the voltage fluctuation curves of the loads with relatively far electrical distance are less similar (low correlation) (Li et al., 2019). By comparing the correlation coefficient between voltage curves of smart electricity meters of power users at different nodes, the topological connection between two users is verified. Therefore, this study selects Kendall rank correlation coefficient and uses the classification technology based on similarity measurement in the field of data mining to solve the verification problem of topological connection relationship between distribution network users.
Kendall’s Tau as a coefficient is often used to describe the correlation coefficient of two sequences in mathematical statistics (Taiwo et al., 2017). Kendall rank correlation coefficient applies the difference between the probability of cooperative consistency and non-cooperative consistency of the two random variables X and Y to represent the correlation (Huang et al., 2016). Suppose that the random variables X and Y have two groups of samples (x1,y1) and (x2,y2). If the size relationship between the two samples of variable X is maintained on variable Y at the same time, that is, if (x1–x2) (y1–y2) >0, the two samples are said to be consistent. The Kendall rank correlation coefficient is defined as follows:
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where distribution (Xm,Ym) and distribution (X,Y) obey the same distribution, and distribution (Xm,Ym) is the median of distribution (X,Y). In general, Kendall’s Tau coefficient ranges from −1 to 1 in a square contingency table with the same number of rows and columns.
The voltage sampling values of each node at different times of the day are defined as the node time series data vector set. Furthermore, after obtaining the Kendall rank correlation coefficient of each node in the vector set, the strength of voltage correlation between each node is described in the form of matrix. If n is the total number of nodes in the topology, the node voltage correlation matrix Mn×n can be written as follows:
[image: image]
where i, j∈{1, 2, ..., n}, and τij is the Kendall rank correlation coefficient of each node. Kendall correlation considers the rank correlation of variables, not the value of variables. Therefore, it is not sensitive to outliers, which makes the judgment result of correlation more reliable.
Aiming at the sparsity of node voltage correlation matrix, Kruskal algorithm is used to solve the minimum spanning tree with maximum node correlation (Yan et al., 2020). The minimum spanning tree is the spanning tree with the smallest sum of the weights of all edges. After simple modification, it can be changed to be the spanning tree with the largest sum of the weights of all edges to generate the topology with the largest sum of correlation in the network. The Kruskal algorithm is a machine learning algorithm for solving weighted sub networks (Kusuma et al., 2017). It first sorts all connection weights in descending order, selects the maximum connection weight, adds the two nodes corresponding to the maximum connection weight to the initial minimum spanning tree network, and then continues to add maximum spanning tree connection weight value to the constructed spanning tree until all n nodes are added to the sub network. As shown in Figure 1, (a) graph represents the topology generated according to the maximum connection weight; (b) graph is the adjacency matrix of the entire topology network, and the two subgraphs are correlated and corresponding to each other.
[image: Figure 1]FIGURE 1 | Topology identification based on node correlation. (A) Topology Generation. (B) Node Correlation Matrix.
LINE IMPEDANCE BACKTRACKING IDENTIFICATION METHOD OF LOW-VOLTAGE DISTRIBUTION NETWORK BASED ON VOLTAGE LINEAR REGRESSION
Line parameters are important information in the topology of power supply network and the basis of analysis and application of power supply network (Fernandez et al., 2018). Based on the variation of line impedance parameters, work such as line loss analysis, tide ebb calculation, and electric theft detection can be carried out, and the lean management level of operation and maintenance can be improved. With the installation and application of a large number of smart electricity meters, electric power companies have been provided with a large number of measured data with high frequency, wide coverage, and time stamps, which make it become possible to calculate the line impedance of low-voltage power supply network.
This chapter is on the basis of collecting time series data of voltage, active power and reactive power, and identifying network topology through voltage correlation to establish a mathematical model of line impedance estimation and estimate line impedance parameters in segments according to the line voltage drop equation. On the basis of ignoring the difference of voltage phase angle, the impedance backtracking identification method of the low-voltage distribution network based on voltage linear regression is established, and the voltage linear regression equation is established according to the physical topology model of the distribution transformer-branch-meter box-user of the low-voltage distribution network, so as to gradually improve the reliability of line impedance calculation.
Model of Single Power Supply Line Between Nodes
The low-voltage power supply networks in China are mostly radial and the actual topology is relatively complex. For the distribution system with urban tree structure and rural trunk structure, the line impedance is estimated by uniformly modeling the phase separation of single-phase line (Hasan et al., 2020). The equivalent circuit between any two connected nodes can be modeled as shown in Figure 2.
[image: Figure 2]FIGURE 2 | Model of single power supply line between nodes. (A) Circuit Diagram. (B) Phasor Diagram.
The line voltage drop equation is as follows:
[image: image]
In the formula, angle marker b∈{1,2}, where angle markers 1 and 2 represent the electrical quantity at the head and end of the circuit, respectively. Considering the characteristics that X/R and reactive power of nodes are relatively small in low-voltage power supply lines, the difference of the voltage phase angle is ignored. So, the voltage drop in the circuit of adjacent nodes is approximately as follows:
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where
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Model of Parent Node Parallel Circuit
This section considers the calculation of line parameters when some nodes in the power supply network are not equipped with measuring equipment. For example, in the circuit model shown in Figure 3, if the voltage U0 of the upstream node is unknown and the voltage, active power, and reactive power of the terminal parallel node can be measured, the measured data of the terminal node can be relied on.
[image: Figure 3]FIGURE 3 | Model of parent node parallel circuit.
Impedance Exclusion Model of Low-Voltage Distribution Network
A multiple linear regression equation is established by calculating the voltage drop at the head and end of the circuit, in which ε represents the error at both ends of Eq. 7.
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In Eq. 6, U1, U2, IR1, IX1, IR2, and IX2 can be calculated from the measured value. At this time, R1, X1, R2, and X2 to be estimated in the parallel circuit can be regarded as the regression coefficients of the regression equation. By substituting the sampling values at different times in the time series into Eq. 6, the overdetermined equations are formed and solved by least square estimation. If the electrical quantity at the head end of the line is unknown, the regression equation could be constructed according to the measured data of the end parallel node to calculate the line impedance.
After calculating the impedance of the parallel line, the voltage value of the unknown upstream node can be further calculated, as shown in Eq. 8.
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Finally, the mean square error between the estimated voltage and the real voltage is calculated to quantify the estimation effect of the voltage, and the calculation formula is shown in Eq. 9.
[image: image]
CASE ANALYSIS
In this study, the problems of topology identification and impedance identification under a low-voltage distribution network with limited measurement information are considered, and the physical topology model and impedance model of distribution transformer-branch-meter box-user are established according to the voltage, current, and phase information of all nodes. The establishment and calculation of the model used 64 bit Intel Core i7-8750 CPU@2.20 GHz, 16 GB memory computer, Windows 10 Pro, and Python 3.6 (64 bit).
This study uses a branch box wiring structure of an urban station area. The correlation between the voltage measurement data of any two user nodes is calculated by Eq. 1, and the node correlation matrix is formed. Then the topology of the low-voltage distribution network in the urban area can be reconstructed by the maximum spanning tree algorithm. In Figure 4, 1) is the original topology of the urban station area, and 2) is the topology formed after correlation calculation based on the measured data.
[image: Figure 4]FIGURE 4 | Topology of urban station area (A,B).
In order to test the sensitivity of the algorithm, we analyzed the data sets with different data lengths in different time periods to get the reconstructed topology, and then we compared it with the actual topology to get the distribution of sampling points by accuracy. From Figure 5, it can be seen that the method proposed in this study can better reconstruct the original topology when there have few measurement data points.
[image: Figure 5]FIGURE 5 | The distribution of sampling points.
On the basis of identifying the topology of the distribution network, the impedance backtracking identification is carried out according to the impedance exclusion model. After using the model algorithm to calculate the impedance value, we can get Figure 6. It can be seen that the estimated impedance value is similar to the real impedance value. The calculated RMSE value of the estimated impedance value and the real impedance value is 2.27, and the deviation between them is small. So, the proposed method has good estimation effect. Using the line impedance calculation method proposed in this study, the impedance estimation of the low-voltage distribution network can be updated continuously on the basis of calculating the unknown impedance of the line. Therefore, this method can help to realize the online estimation and monitoring of branch node power flow and the subsection calculation of hierarchical line loss.
[image: Figure 6]FIGURE 6 | Real impedance value and predicted impedance value.
To sum up, the prediction results of the physical topology model of distribution transformer-branch-meter box-user proposed in this study are closest to the actual results, and the topology identification results are relatively accurate and robust. The results show that the model can accurately identify the topology and impedance in the low-voltage distribution network with a large amount of measurement information. It realizes the online perception of the distribution network and provides the basis for the fine management of the power grid and the treatment of line loss. The flow chart of the overall algorithm is shown in Figure 7.
[image: Figure 7]FIGURE 7 | Algorithm flow chart.
CONCLUSION
This study proposes a topology and impedance identification method of a low-voltage distribution network by establishing impedance exclusion and physical topology model based on smart meter measurements. First, a simplified typical low-voltage distribution network model with smart meters is constructed, then the voltage correlation coefficient matrix is formed based on the node voltage measurement data sequence, and the Kruskal minimum spanning tree algorithm was introduced to generate the low-voltage distribution network topology. Based on the generated topology structure, the voltage drop model of the distribution network line is proposed, and the impedance identification of the low-voltage distribution network is completed based on the voltage linear regression characteristics. The physical topology model of distribution transformer-branch-meter box-user and the impedance exclusion model are established, and the line loss and branch node power flow are calculated on the basis of the two models. Finally, the low-voltage distribution network topology recognition algorithm and power flow partition backtracking impedance estimation technology are developed based on the data mining method of the distribution transformer terminal and smart meter, online power flow estimation, and monitoring of branch nodes, and the segmented calculation of hierarchical line loss are realized too.
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