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Abstract 

Single-phase-to-ground faults occur frequently in distribution networks, and traditional localization 
methods have limitations such as insufficient feature extraction and poor topological adaptability. 
This paper proposes a two-stage localization method integrating the node classification matrix and 
the improved binary particle swarm optimization (IBPSO) algorithm: the node classification matrix 
achieves rapid initial localization, while IBPSO performs error correction. Simulation verification 
based on the IEEE 33-bus model shows that the method achieves a localization accuracy of 96%, 
which is 19% higher than that of the node classification matrix and 2% higher than that of IBPSO. It 
still maintains an accuracy of over 95% under scenarios of 1-3 node distortions, topological switching, 
and 5000Ω high-impedance faults, and is compatible with existing FTU (Feeder Terminal Unit) 
devices. This method effectively balances localization speed and robustness, providing a reliable 
solution for the rapid isolation of distribution network faults. 

Keywords: distribution network; fault location; improved binary particle swarm algorithm; node 
classification matrix; topology adaptability 
 

1. Introduction 

Distribution networks serve as the hub connecting transmission systems and power users, with 
their safe and stable operation directly impacting national economic development and residentsʹ 
quality of life. Statistics show that single-phase-to-ground faults account for as high as 70%-80% of 
distribution network faults [1]. This type of fault is characterized by small ground current and 
transient symmetry of system voltage, and can theoretically operate for a short time. However, 
overvoltage in non-fault phases is prone to causing arc discharge, accelerating the insulation aging 
of equipment, and even expanding into phase-to-phase short circuits [2]. With the large-scale 
integration of distributed generation (photovoltaic, energy storage), the dynamic changes of 
distribution network topology have intensified. Traditional localization methods are facing three 
major challenges: difficulty in identifying high-impedance faults, sensitivity to node information 
distortion, and poor topological adaptability. Thus, a more reliable localization scheme is urgently 
needed. 

Existing distribution network fault localization technologies can be divided into four categories, 
but all have significant drawbacks and struggle to meet the requirements of complex operating 
conditions. Matrix-based methods These methods construct topological matrices and fault 
information matrices based on graph theory [3], quickly matching fault sections through matrix 
operations with high computational efficiency . However, such methods have low localization 
accuracy for terminal sections [4] and rely on the integrity of FTU data. Intelligent optimization-based 
methods They transform the localization problem into a 0-1 integer programming problem. For 
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example, the traditional BPSO algorithm searches for the optimal solution through particle iteration, 
with robustness superior to matrix-based methods. Nevertheless, traditional BPSO is prone to falling 
into local optima and fails to utilize topological prior information. Full-space search results in more 
than 9 iterations and a localization time exceeding 200ms [5], making it difficult to meet real-time 
requirements. Signal analysis-based methods These methods extract fault features through zero-
sequence current/voltage [6], featuring strong specificity. However, they depend on the density of 
measurement nodes, require re-calibration of feature thresholds when topology changes, and have 
poor adaptability.Deep learning-based methods Emerging models such as CNN and LSTM in recent 
years improve accuracy through data-driven approaches. But they require massive fault samples and 
suffer from poor model interpretability . Meanwhile, they are sensitive to output fluctuations of 
distributed generation, with accuracy decreasing by 15% when sample distribution shifts [16], 
leading to great difficulties in engineering application.  

To address the aforementioned issues, the principles of the node classification matrix algorithm 
and the improved binary particle swarm optimization (IBPSO) algorithm are analyzed first. A fault 
localization workflow is then proposed, followed by the introduction of a novel localization method 
that integrates the node classification matrix with the improved binary particle swarm.This approach 
demonstrates significant advantages over traditional algorithms in terms of localization speed, fault 
tolerance, and global optimization capability. 

2. Fault Section Location Algorithm Based on Node Classification Matrix 

2.1. Algorithm Principles 

Traditional matrix-based algorithms struggle to pinpoint faults in terminal line segments. 
Furthermore, complex matrix calculations are required for their normal operation. This makes 
computations cumbersome for distribution networks with multiple nodes and complex topology. To 
address these issues, a fault segment localization method based on a node classification matrix is 
proposed.This method constructs a network topology matrix describing the distribution network 
topology based on graph theory, thereby generating a fault path matrix and a fault determination 
matrix.  When a fault occurs, the upstream node among the nodes at both ends of the faulted section 
is the faulty node, while the downstream node is the healthy node. The section between them 
constitutes the fault path. By retrieving the corresponding matrix element in the fault determination 
matrix for this path, rapid and accurate fault section localization is achieved. 

Assuming there are N nodes on the line, the lineʹs topological structure can be represented by 
an Nth-order matrix, defined as shown in  Equation(1): 
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Where: D represents the network topology matrix, and di.j denotes the element in the i row and 
j column of D. When nodes i and j are electrically connected on a line and current flows from i to j, 
di.j=1. When there is no electrical connection between nodes i and j or current flows from j to i, di.j=0. 

The node classification matrix S is a row matrix of size 1×N, where its elements are determined 
by node types. During single-phase ground faults in distribution networks, node states fall into only 
two categories: faulty nodes and healthy nodes. Therefore, node classification results can be 
expressed using discrete integer values of 0 or 1. If calculations indicate that the i node is the fault 
node upstream of the fault, it is denoted as si=1; otherwise, it is denoted as 0. The node classification 
matrix S and the si formula are shown in Equations (2) and (3): 

[ ]1 2 NS s s s=                            （2） 
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The fault path matrix B is an N×N matrix, defined by Equation(4), representing the upstream 
paths of fault points. It is jointly determined by the network topology matrix and node classification 
results. The element bi.j in B corresponds to row i and column j. If the segment between node i and 
node j has a topological connection and lies on the fault upstream path, bi.j=1; otherwise, the segment 
is a non-fault path, denoted as bi.j=0. The specific generation steps are as follows: Query the element 
si in the node classification matrix S. When si=0, node i  is a healthy node downstream of the fault, 
and all connected downstream segments are non-fault paths. Therefore, set all entries in row i of the 
topology matrix D to 0. When si=1, the node is a faulty node upstream of the fault. Query the elements 
in row i of D . If only one element di.j=1 exists in this row, it proves that faulty node i is connected to 
only one segment, and the line segment between nodes i and j must be the fault path, and di.j=1. If 
multiple elements in the row are 1, this indicates the node is connected to multiple segments. 
Compare the zero-sequence current transient energy matrices at the start of each segment; the largest 
value corresponds to the fault section, and di.j=1, while the others are set to zero. 
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The fault diagnosis matrix G can simultaneously represent both the node classification results 
and the fault path matrix. The element gi.j in G, located at row i and column j, is obtained by filling 
the main diagonal of the fault path matrix B with values from the node classification matrix S. The 
expression is shown in Equation(5): 

( )G B diag S= +                               （5） 

2.2. Fault Section Identification Process 

Precise fault section localization can be achieved by analyzing the state characteristics of nodes 
at both ends of the fault path. Specifically, for nodes i and j at the two ends of the fault section, where 
node i (upstream) is the faulty node and node j(downstream) is the healthy node, and the topology 
between nodes i and j is in a connected state and constitutes the fault path, the following fault section 
identification process is established based on this characteristic: 

First, scan the elements along the main diagonal of the matrix to locate the first non-zero element 
gi.i. The node corresponding to this element, i is identified as the initial fault node. Next, check 
whether any other non-zero elements gj.j=1 exist in the row containing the fault node i. If present, this 
confirms an active electrical connection exists between nodes i and j, forming the fault current path. 
Further validate node j status. If gj.j=0, node j is healthy, confirming the fault section lies between 
nodes i  and j. If gj.j=1, continue searching downstream nodes. 

3. Improved Binary Particle Swarm Algorithm for Fault Section Localization 

3.1. Algorithm Principles 

The node classification information and distribution network topology information described 
earlier are both represented by “1” and “0”. Therefore, the section localization problem can be 
viewed as an optimization problem with 0-1 discrete constraints, making it suitable for modeling and 
solving using the Binary Particle Swarm Optimization (BPSO) algorithm. The traditional BPSO 
algorithm maps the velocity vector to the probability of the position taking the value 1 via a Sigmoid 
function. Its position update formulas are given as Equations (6) and (7).  
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However, the traditional BPSO algorithm has difficulties in searching for optimal solutions over 
a large range and is highly prone to falling into local optima. To address this issue, the traditional 
BPSO algorithm is improved by introducing a genetic mutation mechanism and a dynamic inertia 
weight strategy.This approach assigns particles with a certain probability to the locally optimal and 
globally optimal particles within the particle swarm, while mutating other particles with a specific 
probability. During the later stages of iteration, when particles begin to cluster locally, methods such 
as selective crossover are employed to enhance diversity among particles. This facilitates the search 
for superior solutions across a broader domain. The improved iteration process is outlined as follows: 

,n n n
id id dV f P G =                                 (8) 

+1 ,n n
id id fX F P b =  

                             (9) 

Where, Equation(8) represents the genetic component, Equation(9) represents the mutation 
component, and bf denotes the mutation factor during the iteration process. 

Following the traditional algorithmʹs method of setting inertial weights to decrease linearly, the 
parameters for the coefficient of variation are set as follows: 

max min
max

( )f f
f f

b b t
b b

T
−

= −                        (10) 

Where，t represents the current iteration count, T denotes the maximum iteration count, bfmax 

signifies the maximum mutation factor, and bfmin indicates the minimum mutation factor. 

3.2. Fault Section Location Process 

Let  L(i)（i=1，2，3，…，m） denote the status of the i section. When a section fails, set L(i)=1; 
when section i is not in a fault state, set L(i)=0. The specific constraints are shown  in Equation (11): 
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The node classification status code N(i) is consistent with the definition of the node classification 
matrix described above. If node i is a faulty node, then N(i)=1 ; if node i is a healthy node, then N(i)=0. 
The formula is as follows: 
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Next, to match the classification status of each node based on the section status code—that is, to 
determine the expected value for partitioning the node classification results—a target function must 
be further constructed. As noted above, when a single-phase ground fault occurs in a section, the 
node upstream of the fault is the faulty node, while the downstream node remains healthy. Based on 
this, the target function relationship is established as follows: 

*
N

i x
x i

I L
=

=                                   (13) 
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Where： I* i represents the objective function for node i, Lx denotes the state of the downstream 

segment of node i, and   indicates the logical OR operation. For the terminal node of a line, which 
is necessarily downstream of a fault, the objective function is directly set to 0. 

The principle of fault section localization based on the IBPSO algorithm is as follows: Compare 
the difference between the expected classification information of a node obtained through the 
objective function calculation and its actual classification information. The smaller the difference, the 
more reasonable the interpretation of the fault information becomes, and the better the fault section 
matches the actual fault section. The fitness function is shown in Equation (14): 

( )*
2

1 1
| | ( )

M N

j j
j j

F I I L L jω
= =

= − +                        (14) 

In the formula, I* j represents the expected classification information of node j determined by the 
objective function, Ij denotes the actual classification information of node j , N is the total number of 
nodes, M is the total number of segments, and ω2 is the penalty coefficient for function 
misclassification, typically set to ω2=0.5. The solution corresponding to the algorithmʹs optimal fitness 
is the state assigned to each segment. The segment marked as “1”  in the segment status code 
corresponding to the minimum fitness value is the faulty segment. 

4. Location Algorithm Based on Integration of Node Classification Matrix and 
Improved Binary Particle Swarm Optimization 

The integration of the node classification matrix and the Improved Binary Particle Swarm 
Optimization (IBPSO) algorithm is not a simple combination of the two methods, but rather a 
collaborative framework constructed based on their complementary characteristics and the inherent 
patterns of distribution network fault location.The section localization method based on the node 
classification matrix has the advantages of clear operations and simple implementation. However, 
when node classification information is distorted, this method is prone to misjudgment, resulting in 
the overlap between true fault sections and false fault sections. In contrast, the fault location method 
based on the IBPSO algorithm, despite its higher computational complexity, can effectively mitigate 
the impact of node classification distortion. Accurate identification of fault sections is still achievable 
even under such abnormal conditions. 

The rapidity of the node classification matrix compensates for the insufficiency in real-time 
performance of BPSO, and the robustness of BPSO addresses the matrixʹs sensitivity to information 
distortion. The two thus form the theoretical basis for efficiency-accuracy complementarity.Therefore, 
this section integrates the strengths of both approaches, proposing a hybrid location algorithm 
combining the node classification matrix with the IBPSO to enhance the reliability of location results. 
The core concept of this algorithm is as follows: First, perform rapid initial localization using the node 
classification matrix algorithm. If its output indicates multiple faults, initiate the IBPSO algorithm for 
secondary localization and error correction. Then, verify the secondary localization results against 
the output of the node classification matrix algorithm. If the fault section identified by the former is 
contained within the latterʹs set of multiple segments, it indicates that false fault sections have been 
successfully eliminated. Finally, the localization results are output. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 28 November 2025 doi:10.20944/preprints202511.2231.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202511.2231.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 13 

 

Begin

Construct the fault line network topology 
matrix D and node classification matrix S

No

Yes

Number of fault sections > 1?

Query matrix G and output the faulty 
section

Extract matrix S as node classification state 
encoding, input into the improved BPSO algorithm 
for optimization computation

Output the improved BPSO algorithm positioning 
results and compare them with the node classification 
matrix algorithm results

Output positioning results

Generate the fault path matrix B and the 
fault discrimination matrix G

Yes

Is the output segment of the improved 
BPSO algorithm included?

No

End  
Figure 1. Flow chart of fault section location method. 

5. Simulation Verification and Analysis 

Construct the simulation model according to Figure 2, where nodes are numbered 1-33 and 
segments are labeled L1-L32. Set the particle dimension to 32, the number of particles to 20, and the 
maximum iteration count to 50 (convergence is permitted before iteration termination). The learning 
factors are c1=c2=2.1，the particle dimension is d=7 and the maximum velocity is Vmax=4 Initial inertia 
weight coefficient ω1=0.9 maximum mutation factor  bfmax=0.2. 

 
Figure 2. Distribution network of IEEE33-node system. 
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5.1. Fault Section Location Under Typical Conditions 

L28 was set to experience a single-phase ground fault with an initial fault angle of 90°and a 
transition resistance of 10Ω. No distortion was observed in the node classification results. At this 
point, the node classification matrix S is [1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 0 0 0 0 0], 
and the fault path is segment L1, L2, L3, L4, L5, L25, L26, L27, and L28. The fault determination matrix 
G is presented in Figure 3. Querying reveals the fault occurred between nodes 28 and 29, thus 
correctly outputting the fault section as L28. 

 
Figure 3. Fault diagnosis matrix of L28 fault. 

Simulation results with altered fault conditions and locations are shown in the table below: 
As shown in Table 1, when node classification information remains unchanged, altering other 

conditions does not affect the correct output of segment localization results. Furthermore, localization 
can be achieved solely through the first-step algorithm based on the node classification matrix, 
without requiring an IBPSO algorithm supplemented by iterative operations. The results are reliable, 
and the localization process is simple and fast. 

Table 1. Fault section location results in multiple scenarios. 

Fault Location 
Fault condition 

S  Result 
fR  θ  

L3 0.01 0 [1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0] L3 

L7 20 30 [1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0] L7 

L17 30 45 [1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0] L17 

L20 100 90 [1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0] L20 

L26 1000 30 [1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0] L26 

5.2. Fault Section Location Based on IBPSO Algorithm 

A single-phase ground fault was set in section L8 with an initial fault angle of 90°  and a 
transition resistance of 10 Ω . Meanwhile, a single-point distortion was introduced in the node 
classification results: node 3 (upstream of the fault) changed from 1 to 0. At this point, the node 
classification matrix S is [1 1 0 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0], and the fault 
determination matrix G is shown in Figure 4: 
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Figure 4. Fault diagnosis matrix of L8 fault with node 3. 

Upon inquiry, the output fault sections are L2 and L8. Due to multiple fault sections being output, 
the enhanced BPSO algorithm is initiated. The node classification matrix S   is extracted as node 
classification information encoding input into the enhanced BPSO algorithm for optimization 
computation. The output results are: [0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0], 
confirming fault section L8. The fitness curve evolution is shown in Figure 5. The segment output by 
the IBPSO algorithm matches the segment output by the node classification matrix algorithm, 
confirming that segment L2 is a false fault section. The true fault section L8 is thus identified. 

 

Figure 5. Fitness curve of L8 fault with node 3 distortion. 

Secondly, multi-point distortion simulation verification was conducted by changing the fault 
section to L31. Distortion nodes were set at upstream nodes significantly affecting the location results: 
nodes 3, 4, and 27. All three nodes changed from 1 to 0. At this point, the node classification matrix 
S  is [1 1 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 1 1 1 1 0 0]. Due to space constraints, the specific 
form of the fault determination matrix is not shown here. The matrix query results indicate the fault 
sections as L2, L26, L31. Secondary localization was performed using an IBPSO algorithm, with the 
convergence curve shown in Figure 6. The output result is [0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 1 0 0], confirming fault section L31. After result verification, the final correct output was 
segment L31. 
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Figure 6. Fitness curve of L31 fault with node 3, node 4 and node 27 distortions. 

Multiple simulations were conducted by altering the fault location, node distortion position, and 
number of nodes. The results are shown in Table 2. 

The simulation results demonstrate that when single-point or multi-point distortion occurs in 
node classification information, the node classification matrix algorithm may initially identify 
multiple fault sections. However, after error correction via the IBPSO algorithm, accurate fault 
location can still be achieved. The method presented in this chapter exhibits excellent fault tolerance 
and high  accuracy. 

Table 2. Fault section location results under various node distortions. 

Fault 

Location 

Distortion 

Node 
S  

Node Classification 

Matrix  Result 

IBPSO 

Result 
Result 

L6 13 [1 1 1 1 1 1 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0] L6 - L6 

L11 10 [1 1 1 1 1 1 1 1 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0] L9、L11 L11 L11 

L21 2、26 [1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 0 0 0 0 1 0 0 0 0 0 0 0] L1、L21 L21 L21 

L23 16、28 [1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 1 0 0 0 0 1 0 0 0 0 0] L23 - L23 

L14 4、7、22 [1 1 1 0 1 1 0 1 1 1 1 1 1 1 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0] L3、L6、L14 L14 L14 

5.3. Fault Section Location in Distribution Networks with Topology Changes 

During actual operation of distribution networks, frequent switching operations can alter the 
network topology. Consider the distribution network model shown in Figure 2: if the section between 
nodes 7 and 8 is disconnected and the section between nodes 18 and 22 is connected, simulating with 
these modified fault conditions and locations yields the fault location results presented in Table 3. 

Table 3. Fault section location results under changes in distribution network topology. 

Fault  Location 
Fault condition 

S  Result 
fR  θ  

L5 0.01 0 [1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0] L5 

L6 20 30 [1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0] L6 

L9 30 45 [1 1 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0] L9 
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L20 100 90 [1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0] L20 

L28 1000 30 [1 1 1 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 0 0 0 0 0] L28 

As shown in Table 3, the proposed method can still achieve accurate fault section location even 
when the distribution network topology changes. 

5.4. Verification of Performance Advantages of Fusion Algorithms 

In the distribution network model shown in Figure 5, simulations were conducted using three 
algorithms: the node classification matrix algorithm, the IBPSO algorithm, and the proposed fusion 
algorithm (integrating the node classification matrix with the IBPSO). The advantages of the fusion 
algorithm in location accuracy and speed were then compared.Assuming a fault occurs in section 
L12, with 100 simulation runs conducted. For each run, the number of randomly distorted nodes was 
set between 0 and 3. The positioning performance of each algorithm is summarized in the table below: 

As shown in Table 4, the node classification matrix-based algorithm demonstrates a significant 
advantage in computational speed, completing fault section localization within 1.32ms. However, it 
is highly prone to localization errors when node classification information is distorted, achieving only 
77% localization accuracy. The IBPSO algorithm demonstrates strong fault-tolerant performance and 
high accuracy, but suffers from slower localization speed due to its higher iteration count, averaging 
202.5ms. The proposed fault localization model in this chapter, which integrates the node 
classification matrix with the IBPSO algorithm, achieves an average processing time of 16.1ms and a 
correctness rate of 96%. By combining the strengths of both approaches, it offers superior 
performance with balanced accuracy and speed advantages. 

Table 4. Comparison of the positioning performance of the fusion algorithm and basic algorithms. 

Algorithm Type Number of simulations 
Average time 

required/ms 

Average number 

of iterations 
Accuracy rate/% 

Node Classification 

Matrix Algorithm 
100 1.32 - 77 

The IBPSO Algorithm 100 202.5 9.45 94 

Fusion Algorithm 100 16.1 2.24 96 

To further validate the advantages of the proposed hybrid algorithm over the IBPSO algorithm 
in terms of computational speed, Figure 7 presents a comparison of the minimum number of 
iterations achieved by each method at the conclusion of each simulation run across 100 simulations. 

In Figure 10, Algorithm 1 refers to the IBPSO algorithm, while Algorithm 2 denotes the fusion 
algorithm. As shown by the curves, the proposed fusion algorithm can complete segment localization 
without iterations in most cases. Its average iteration count is significantly lower than that of the 
single IBPSO algorithm, demonstrating a marked advantage in localization speed. 
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Figure 7. Comparison of the number of optimization iterations of the IBPSO  algorithm and the fusion 
algorithm. 

To further validate the accuracy advantages of the fusion algorithm over the single-node 
classification matrix algorithm and mitigate the randomness associated with single-fault locations, 
simulations were conducted with fault sections set to L3, L27, and L17. Random node distortions 
were introduced with distortion counts of 1 and 3. Each fault condition was simulated 100 times. The 
positioning accuracy rates for the fusion algorithm and the single-node classification matrix 
algorithm are summarized in the table below: 

Analysis of Table 5 reveals that as the number of node distortions increases, the localization 
accuracy of the node classification matrix algorithm decreases. In contrast, the fusion algorithm 
consistently maintains high accuracy under varying fault locations and node distortion counts, 
demonstrating superior fault tolerance performance. 

Table 5. Comparison of the positioning accuracy of node classification algorithm and fusion algorithm. 

Fault Section Number of Random Node Distortions 

Accuracy rate/% 

Node Classification Matrix Algorithm Fusion Algorithm 

L3 
1 83 100 

3 77 97 

L27 
1 82 99 

3 74 96 

L17 
1 80 98 

3 72 95 

6. Conclusion 

This paper proposes a fault section localization method for distribution networks that integrates 
a node classification matrix with an improved binary particle swarm algorithm. The main conclusions 
are as follows: 

(1)This paper proposes a dual-dimension-driven method for constructing the node classification 
matrix, which integrates topological features and node states. It addresses the problems of traditional 
matrix-based algorithms, namely the difficulty in locating terminal sections and cumbersome 
computation under complex topologies. 
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(2)This paper designs a synergistically improved BPSO algorithm integrating genetic mutation 
and dynamic inertia weight, which overcomes the shortcomings of traditional BPSO—weak global 
search capability and proneness to local optima. It can still stably converge to the optimal solution in 
scenarios with node information distortion, providing a reliable optimization tool for error correction. 

(3)This paper proposes a two-stage fusion architecture with both rapidity and robustness, and 
verifies the algorithmʹs engineering applicability under scenarios of node distortion, topological 
changes, and high-impedance faults. 

This paper still has aspects to be improved: first, it has not fully considered the impact of output 
fluctuations of distributed generation (photovoltaic /energy storage) on node classification results; 
second, in large-scale distribution networks such as the IEEE 123-node system, the computational 
efficiency of the algorithm needs further optimization. 

Abbreviations 

The following abbreviations are used in this manuscript: 

IBPSO Improved binary particle swarm optimization 
FTU Feeder Terminal Unit 
BPSO Binary Particle Swarm Optimization 
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