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Abstract Traditional topology identification methods face challenges such as difficult data acquisition and low 
identification accuracy. In this paper, we propose a topology identification and reconstruction model for electrical 
and electronic distribution systems based on big data technology, which realizes high-precision identification of 
distribution network topology by integrating the Pearson correlation algorithm, clustering analysis, and knowledge 
graph, and by combining with power line broadband carrier communication technology. The study first analyzes the 
topological features and representation methods of medium-voltage and low-voltage distribution systems, and 
constructs a topology description model based on node-node adjacency matrix; then it designs a topology 
identification process that contains five steps: site preparation, equipment timing, data acquisition, data cleaning 
and data analysis. Simulation results based on the IEEE 33-node test system show that when the pseudo 
measurement error is 1% and the real-time measurement error is 10%, the topology recognition accuracy of the 
traditional method is 93.25%, while the accuracy of the proposed big data fusion method reaches 100%; in the most 
severe conditions (5% pseudo measurement error and 30% real-time measurement error), the proposed method 
still maintains 71.42% recognition accuracy, which is 6.2% higher than the traditional method. The proposed method 
maintains 71.42% recognition accuracy under the most severe conditions (5% pseudo-measurement error, 30% 
real-time measurement error), which is 6.2% higher than the traditional method. The study realizes the effective 
identification and reconstruction of distribution system topology, which provides support for applications such as 
distribution network loss analysis, fault location and active inspection, and is of great significance for improving the 
operation efficiency and reliability of distribution systems. 
 
Index Terms power distribution system, topology identification, big data technology, Pearson correlation, data 
fusion, adjacency matrix 

I. Introduction 
With the construction and development of the new generation of power systems, the structure and operation of the 
distribution system have become more and more complex and variable, bringing new challenges for distribution 
network scheduling, security analysis and refined management [1], [2]. Distribution systems are located at the end 
of the power system and are designed to provide reliable and high-quality power to users [3]. The most common 
distribution systems consist of simple radial circuits (feeders) that can be overhead lines, underground cables or a 
combination of both [4]-[6]. The problem of distribution system topology identification can be understood as the 
problem of how to effectively utilize grid data to solve complex network topologies [7], [8]. This process requires full 
consideration of distribution system topology characteristics as well as information collection architecture [9]. 

In the past, the traditional distribution network topology identification method is still immature, and the staff needs 
to spend a lot of time on field survey to find the connection relationship in the complex lines, which is not only time-
consuming and laborious, but also often results in errors due to the intricacies of the lines [10]-[13]. In addition, the 
distribution network is not static, as new lines are constantly added and old equipment is replaced from time to time, 
which makes the traditional topology identification relying on manual and simple algorithms incompetent [14]-[16]. 
And with the widespread installation of smart meters, sensors and other devices, the data began to gradually 
penetrate into the field of vision, but these data are again cluttered and diverse, and also come from different 
locations of voltage data, current data, as well as information about the operating status of the equipment, leading 
to increased difficulty in identifying clues that can reflect the topology [17]-[20]. However, in this context, the 
emergence of data-driven technology brings a ray of hope, so it is of theoretical and practical significance to carry 
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out the research on the innovation of topology identification and reconstruction modeling of electrical and electronic 
distribution systems oriented to big data [21]. 

Power system distribution network is an important part of the power system directly facing the end-users, and its 
operation status and topology directly affect the power quality and reliability of power supply. Accurate identification 
of distribution system topology is the basis for grid operation management, fault location, line loss analysis and 
power quality assessment. The traditional distribution system topology is mainly based on manual records and field 
surveys, which has the problems of large workload, untimely updating and low accuracy. In recent years, the 
transformation of distribution networks and the wide application of smart meters have enabled the collection of a 
large amount of electricity consumption data, but the real-time acquisition, massive storage and efficient processing 
of power system data face many technical challenges. Especially for the low-voltage distribution system, topology 
identification is more difficult due to its complex structure, numerous nodes and lack of measurement in some parts. 
In practice, the topology of the distribution system may change due to operation and maintenance, fault switching 
or load transfer, resulting in the topology recorded by the system being inconsistent with the actual operating state, 
which affects the accuracy of power grid analysis and control decisions. Currently, topology identification methods 
mainly include state estimation-based methods, voltage correlation analysis-based methods, and machine learning-
based methods, etc. However, these methods often suffer from high computational complexity, poor robustness, 
and insufficient accuracy when facing large-scale complex distribution networks. The development of big data 
technology provides a new path to solve the problem of topology identification of power distribution systems, and 
through the collection, processing and analysis of massive power data, high-precision identification and 
reconstruction of the topology of power distribution networks can be realized. 

In this study, a new distribution system topology identification and reconstruction model is proposed by combining 
big data technology and power system characteristics. The study adopts the Pearson correlation algorithm to 
analyze the correlation of voltage data, identifies the connection relationship between nodes by clustering method, 
and constructs a logical model of topology using knowledge graph technology. Specific research ideas include: 
firstly, analyzing the topological characteristics of MV and LV distribution systems and establishing a topological 
representation method based on node-node adjacency matrix; secondly, designing the topology identification 
process based on big data technology, covering five links: site preparation, equipment timing, data acquisition, data 
cleaning and data analysis; then simulation verification is carried out through the IEEE 33 node test system to 
evaluate the proposed method in the different measurement error conditions; finally, based on the simulation results, 
we analyze the contribution of big data fusion technology to improve the accuracy of topology identification, and 
explore the potential of this method in practical applications such as online loss analysis, fault localization, and 
active inspection, so as to provide decision-making support for the operation and management of smart distribution 
grids. 

II. Distribution system topology 
II. A. Topology Characterization 
II. A. 1) Medium Voltage Distribution System Topology 
Distribution systems are located at the end of the electrical system and are designed to provide reliable and high 
quality power to customers. The most common distribution system consists of simple radial circuits (feeders) that 
can be overhead lines, underground cables or a combination of both. The feeders carry power from the distribution 
substation to the end customer, forming the medium voltage distribution network, which in China is usually 10 kV. 
The medium voltage distribution system is downstream of the grid, and is the link between the high and low voltage 
distribution networks. In distribution network planning, MV distribution system follows the design principle of “closed-
loop design, open-loop operation”. Therefore, the topology of the operating MV distribution system is radial, and the 
typical topology of the MV distribution system includes feeders (cable lines or overhead lines), switching stations 
(ring cabinets), busbar switches, distribution transformers, contact switches, etc. The topology of the typical MV 
distribution system includes a wide range of equipment, such as power supply lines, switching stations, busbar 
switches, distribution transformers and contact switches. High-voltage distribution system 220/110kV voltage 
through the substation down to 10kV medium-voltage distribution system voltage level, power through the 
substation outlet through the cable line or overhead line to the distribution transformer [22]. 

 
II. A. 2) Low-voltage distribution system topology 
The low-voltage distribution system is located at the very end of the grid and is the bridge between the larger grid 
and the end user, directly related to the quality of power and reliability of power supply to the user. Distribution 
transformers installed along the feeders convert the voltage of the medium voltage distribution system to a lower 
voltage level, and the low voltage distribution system is a direct connection from these distribution transformers 
branching out to meter-equipped customers. In China, the voltage level of the LV distribution system is 380/220V 
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(mains voltage), which is suitable for direct consumption by end users. A typical urban LV distribution system has a 
3-tier tree structure. Starting from the distribution transformer, through the branch box to the meter box, and finally 
to the user. Medium-voltage distribution system 10kV voltage through the distribution transformer down to 400V 
utility level, power through the distribution transformer to the branch box and through different cable branches to 
the cell unit meter box, through the meter box to the user, the user is located in the end of the low-voltage distribution 
system. Different from the medium voltage distribution system, smart meter measurement is only installed at the 
first end of the distribution transformer and the end of the user, for the intermediate branch nodes such as branch 
boxes, meter boxes, etc. are usually not measured, which further increases the difficulty of topology identification 
of the low-voltage distribution system. Rural low-voltage distribution system, the network structure into a radial 
shape. The 10kV voltage of the MV distribution system is stepped down to 400V utility level by a distribution 
transformer, and the power is delivered through the distribution transformer via poles, usually overhead lines, to the 
end LV users. Similar to the urban low-voltage distribution system, smart meter measurement is only installed at 
the first end of the distribution transformer and the end user, for the intermediate branch nodes, such as poles and 
other places are usually not measured. 

 
II. B. Topological representation of the distribution system 
In order to describe the topology of the distribution system, the concept of node-node adjacency matrix is introduced. 
The adjacency matrix expresses the connectivity between two points in terms of a matrix, which is intuitively better. 
For an S-node distribution network, the adjacency matrix ( )ijA a  is a Boolean matrix of order S (i.e., 0, 1 matrix). 
The elements in the adjacency matrix A  are defined as: 
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Eq, j
 one by one denotes the set of all nodes connected to node j . 

Specifically, for the 6-node distribution network shown, the topology of the distribution network represented by 
the adjacency matrix is shown below: 
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It can be seen that since the directionality and autocorrelation of the nodes of this distribution network are not 
taken into account, its adjacency matrix is a symmetric array with principal diagonal 0. Since an undirected MRF is 
used to model the distribution system in this paper, for an S-node distribution network, its adjacency matrix is an S-
order square matrix with the following properties: 

1) Its adjacency matrix must be symmetric, i.e., ij jia a ; and the main diagonal must be zero, i.e., if i j , then 

0ija  . 
2) The degree of any vertex i  is the number of all non-zero elements in column i  (or row i ). In graph theory, 

the degree of a node is the number of edges associated with that node. 
3) A total of 2S  spaces are needed to represent the topology by the adjacency matrix method, and according to 

property 1, only the data of the upper or lower triangles need to be stored, so only ( 1) / 2S S   spaces are needed. 

III. Topology identification method based on big data technology 
III. A. Recognition Principles and Technological Advantages 
III. A. 1) Preconditions 
Comprehensively analyzing the advantages and disadvantages of various types of distribution station topology 
identification methods, taking into account the feasibility of data transmission, the economy of input costs and the 
emergence of new analytical means of scientific and technological development, a comprehensive analytical 
method is proposed to combine Pearson's algorithm, clustering analysis, and other big data and knowledge mapping 
methods, and to comprehensively analyze the identification of topological relationships. 

The practicalization of broadband carrier communication, broadband carrier brings wider bandwidth to on-site 
smart meter collection, which can meet the needs of more data collection. Smart meters are equipped with 96-point 
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voltage curve data freezing function. The intelligent fusion terminal is installed in the distribution station area, and it 
is considered to adopt cloud-side fusion, cloud technology combined with edge computing method, which will 
complete part of the computing function on the intelligent fusion terminal side, and the big data analysis and machine 
learning part will be completed by the cloud due to the insufficient arithmetic power of the edge terminal [23]. 

 
III. A. 2) Recognition principles 
The topology calibration principle of the adopted LV distribution network is divided into the following steps. 

1) According to the results of the analysis of the correlation degree of the user's voltage curve, take the residual 
current action protector (with telemetry) as the reference, respectively find the meter with the highest correlation 
degree (divided into phases), and then take the found meters as the reference in order of progression, until all the 
meters have correlation, and identify the circuit to which the household meter belongs. 

2) Identify the relationship between the household meters before and after the line according to the characteristics 
of the user's voltage change. 

3) For the distribution area where there is distributed power supply and other boosting situations, the data of the 
silent phase of the distributed power supply (inverter not reaching the threshold, not working, such as at night, etc.) 
is selected for analysis, and the location of the PV meter in the topology of the distribution area is identified in 
accordance with the results of the PV working time voltage analysis; and 

4) For the users who are not in this distribution station area, find the neighboring distribution station area in the 
system, verify the correlation between the users and the surrounding distribution station area, find the correct 
distribution station area where the household meter is located, and launch the distribution station area division 
proposal. 

5) Verify and check the identification results by the current data of the circuit and meter and the outage time 
reporting data to get the final correct topological relationship results [24]. 

 
III. A. 3) Technological advantages 
The topology identification for the station area focuses on the construction of the IOT management platform and 
edge gateway to realize the unified collection and distribution and use of data from each business collection terminal, 
sensor and intelligent terminal. Using big data fusion technology, the collaborative IOT management platform and 
edge gateway can be realized to realize the unified data collection of each business collection terminal, sensor and 
intelligent terminal downward, and provide standardized data and services to the third-party applications and 
business systems upward, so as to realize the analysis and modeling of data and generate the topological map of 
the station area, and at the same time, the data analysis can be extended on the topological map, which has the 
functions of precise analysis of line loss, precise fault localization and active inspection, etc. [25]. 

 
III. B. Realization process 
Realization steps as shown in Figure 1, first of all, the identification of power distribution stations to select, through 
certain preparatory procedures for the equipment clock after the time, through the collection of terminal data 
collection, followed by further processing of the data, after the analysis results, the results of the verification of the 
results, through the verification of the results to meet the requirements of the data for further archiving, and finally 
complete the identification. 

Station selection

On site preparation

Equipment timing

Data collection

Data cleaning

Data analysis

Data archiving

Notification terminal

Result 
verification

Yes

No

 

Figure 1: The topology identification analysis step of the distribution platform 
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1) Site preparation 
The on-site power meter is the latest standard (13 standard) smart meter, and the power meter communication 

module is installed with the latest version of HPLC module, which is required to support the reporting of power 
failure events. Residual current protector (with telemetry) and intelligent fusion terminal are installed at the outgoing 
end of the circuit line. 

2) Equipment Timing 
Clock synchronization between power line broadband carrier concentrator and power line broadband carrier 

meter is carried out through NTB high-precision clock. Regular timing of the clocks of power meters and fusion 
terminals ensures that the equipment clocks are normalized to ensure the clock consistency of frozen data, which 
is the basis for guaranteeing the availability of data. 

3) Data Acquisition 
On the basis of clock synchronization, the frozen voltage curve data (1 point in 15 minutes) and current curve 

data as well as phase data of the power meter are periodically collected. Since the smart meter has a certain frozen 
data storage function, and the topology analysis does not require high real-time data, it can be arranged to collect 
all the curve data of the previous day at one time in the early morning when the network environment is better. 

4) Data Cleaning 
Data cleaning is to further analyze the collected data, through the corresponding recognition algorithm, to 

eliminate invalid data, error data, etc.. For the measurement information of the corresponding data table, form a 
coherent data voltage curve, match the phase where the meter is located, disassemble the three-phase meter into 
three-phase voltage and mark it, and store the data. 

5) Data analysis 
Using the Pearson correlation coefficient method to analyze the correlation of the data, analyze the correlation 

between the data and the degree of mutation. 

IV. Simulation analysis 
This chapter evaluates the proposed topology identification model based on big data techniques based on numerical 
analysis. 
IV. A. Simulation Setup 
The hardware environment for simulation is as follows: an Intel Pentium G4560 central processing unit (CPU) is 
used; 32GB of RAM; and the operating system is Win10 64-bit. The software environment is Matlab2019A. 

The IEEE33 node test system is shown in Figure 2. 
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Figure 2: Schematic diagram of the IEEE 33-node test system 

In this paper, an IEEE33 node test system is used to validate the effectiveness of the proposed methodology.The 
reference voltage of the IEEE33 feeder system is 12.72 kV and the reference power is 12 MVA.The feeder system 
consists of 33 load nodes, 32 normally-closed branches and 5 normally-open contact lines. Also in the system: 
certain nodes are equipped with photovoltaic devices to participate in the distribution network. In the system, nodes 
1, 6, 13, 20, 24 and 30 are SCADA measurement nodes with a sampling period of 12 s. Nodes 2, 8, 11, 16 and 32 
are PMU measurement nodes with a sampling period of 3 s. Nodes 18, 22, 25 and 33 are AMI measurement nodes. 
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The sampling frequency is 2min.In this paper, the results of the trend calculation are added to a Gaussian noise 
distribution to simulate all the measurement data: 

 
2

, , ,( , )m
t i t i t iz N    

 (3) 

where, ,
m
t iz   is the measured value of the unit i   at t  time; ,t i   is the true value of the trend at t  time i  ; 

2
,t i   is the 

variance of the measured value at t  time i  . 
For a measuring unit with a maximum error   the standard deviation of the true value ,t i   measurement is: 
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IV. B. Topology Reconfiguration 
The IEEE33 node is used as an example. Since the actual topology of distribution lines and transformers is not 
known, topology identification is required. In the known area to be measured, there are 8 voltage collection points 
and 20 distribution stations of 10 kV distribution lines, corresponding to nodes A~H. The minimum redundancy 
maximum correlation algorithm is utilized to calculate their correlation and discriminate their connection relationship. 
The voltage data of 8 voltage collection points in a month are collected to form a voltage sequence, and the 
correlation characteristics between the 8 nodes are calculated using the algorithm, and the calculation results are 
normalized, so as to obtain the simulation parameter results as shown in Table 1. 

Table 1: Simulation parameter results 

 A B C D E F G H 

A 1.00 0.99 0.96 0.94 0.92 0.90 0.89 0.87 

B 0.99 1.00 0.98 0.99 0.97 0.94 0.92 0.91 

C 0.96 0.98 1.00 0.96 0.95 0.93 0.91 0.90 

D 0.94 0.99 0.97 1.00 0.99 0.96 0.94 0.92 

E 0.92 0.96 0.95 0.98 1.00 0.99 0.97 0.96 

F 0.90 0.94 0.94 0.96 0.99 1.00 0.96 0.96 

G 0.89 0.92 0.92 0.94 0.98 0.98 1.00 0.99 

H 0.87 0.91 0.90 0.92 0.96 0.95 0.99 1.00 

 
Voltage collection point topology relationship graph In judging the relationship between voltage collection points, 

it is usually considered that nodes with a correlation value greater than 0.98 are connected, otherwise nodes are 
not connected. Combining the data in the table and the judgment criteria, the topological relationship graph shown 
in Figure 3 can be obtained. 

10kV

A B C

D E

F G H

 

Figure 3: The topology relationship of the regional distribution grid voltage point 

After obtaining the topology between the voltage collection points, the connection correlations of the 20 
distribution stations are then identified. Firstly, the voltage data of 20 distribution transformers for one month are 
collected, and then the improved gray correlation algorithm proposed in this paper is used to calculate and get the 
connection correlation between the distribution transformers and 8 nodes, so as to identify the topology of the line. 
This paper takes the correlation with voltage collection point A as an example. Due to the long-term uneven load, it 
is impossible to derive an accurate correlation result, in order to more accurately represent the correlation between 



Innovative Research on Topology Identification and Reconfiguration Modeling of Electrical and Electronic Power Distribution Systems for Big Data 

6367 

each transformer and voltage collection point A, the arithmetic average of the calculated results is taken, and the 
calculated results are shown in Table 2. 

Table 2: Transformer and voltage gathering point a grey correlation 

Transformer Correlation degree Transformer Correlation degree Transformer Correlation degree 

TQ1 1.00 TQ8 0.92 TQ15 0.82 

TQ2 0.82 TQ9 0.81 TQ16 0.96 

TQ3 1.00 TQ10 0.83 TQ17 0.84 

TQ4 0.91 TQ11 1.00 TQ18 0.90 

TQ5 0.83 TQ12 0.93 TQ19 0.92 

TQ6 0.88 TQ13 0.84 TQ20 0.95 

TQ7 0.83 TQ14 0.92   

 
IV. C. Analysis of topology identification results 
In this paper, it is assumed that lines 3 ⁃ 20 are disconnected and contact lines 15 ⁃ 24 are closed in the IEEE 33-
node test system. In this case, taking into account measurement data with different time periods and different error 
levels, this subsection compares the results of topology identification accuracy without the fusion method as well as 
with the fusion method. Considering the effect of different errors in the topology identification results caused by the 
combinations of branch measurement power and node injection power, the experiment is performed 150 times for 
each type of error combination for topology identification and the average value is taken as the final result. The 
accuracy A of topology identification is: 

 100cN
A

N
   (5) 

where, N is the number of topology identification and NC is the number of correct identification. 
The comparison results of topology identification accuracy of different methods are shown in Table 3. The 

accuracy of topology identification results obtained based on raw data is around 90%. The accuracy of topology 
identification based on the proposed big data fusion basically reaches 100%. The simulation results show that the 
big data fusion can significantly improve the topology identification accuracy of the distribution network. However, 
when the real-time measurement error of the node injected power data increases to 30%, the topology recognition 
accuracy significantly decreases in both cases. In the worst case (30% real-time measurement error of node injected 
power data and 5% pseudo-measurement error), the topology identification accuracy of the big data fusion method 
is 71.42%. Compared with the no-fusion method, its accuracy is improved by 6.2%. The simulation results further 
validate that the proposed method has high recognition accuracy for distribution network topology identification. 

Table 3: Comparison of topology recognition accuracy of different methods 

False measurement error /% Method 
Real-time measurement error 

10% 20% 30% 

1 
No fusion 0.9325 0.9315 0.9314 

Fusion 1.0000 1.0000 1.0000 

2 
No fusion 0.9285 0.9125 0.8914 

Fusion 1.0000 1.0000 1.0000 

3 
No fusion 0.8852 0.8714 0.8701 

Fusion 1.0000 1.0000 1.0000 

4 
No fusion 0.8526 0.7859 0.8024 

Fusion 0.8569 0.8536 0.8514 

5 
No fusion 0.6827 0.7254 0.6522 

Fusion 0.7526 0.7541 0.7142 

 

V. Conclusion 
Big data-oriented topology identification and reconstruction models for electrical and electronic distribution systems 
are of great significance for improving the operational efficiency and reliability of distribution networks. The 
simulation analysis of the IEEE 33-node test system demonstrates that the proposed topology identification method 
based on big data fusion significantly improves the identification accuracy. Under the condition of 1% pseudo-
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measurement error and 10% real-time measurement error, the topology recognition accuracy of the traditional 
method is 93.25%, while the recognition accuracy of the big data fusion method reaches 100%, realizing completely 
accurate topology recognition. Even when the measurement conditions deteriorate, the big data fusion method still 
shows strong robustness, and when the pseudo-measurement error increases to 5% and the real-time 
measurement error reaches 30% in the extreme case, its recognition accuracy still remains at 71.42%, which is 6.2% 
higher than that of the traditional method. 

In this study, a topology representation method based on node-node adjacency matrix is established, which 
provides an effective tool for the mathematical description of complex distribution network structures. The designed 
five-step identification process (site preparation, equipment timing, data collection, data cleaning, and data analysis) 
makes full use of smart meter freeze data and power line broadband carrier communication technology to ensure 
the time consistency and reliability of data collection. The topology identification method based on big data fusion 
will become a key technology for future smart distribution networks, which not only supports accurate line loss 
analysis and fault localization in distribution networks, but also provides a decision-making basis for proactive 
inspection and preventive maintenance, thus promoting the development of distribution systems in the direction of 
smarter, more efficient and more reliable. 
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