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Abstract

This paper focuses on the problems of poor fault localization and easy leakage
and false alarms of power communication monitoring system for distribution
network segments. A new improved method based on whale optimization
algorithm (WOA) is proposed to counter poor fault localization. The new
method uses a feeder unit system for power grid data feedback, and enhance
the adaptability of the model. The study also conducts iterative performance
tests of the model in several distribution network segments. It also compares
the performance of the improved WOA model with traditional genetic algo-
rithm (GA), particle swarm optimization (PSO) and other algorithms, and
conducts simulation analyses of voltage deviation and fault location time,
as well as evaluation of fault location accuracy at different grid nodes. The
results show that the improved WOA model is significantly better than the
traditional algorithms in terms of iteration speed, and its longest time to
reach the optimal solution is 3.12 ms after 6 iterations; this is 3.73 ms
less than when compared to the GA. In the comparison test of different
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sections of the grid, the new proposed model is able to achieve a better
objective function value in fewer iterations, and the smallest deviation value
in grid Node 3 is only 0.05 pu, the localization time is shortened by 0.10 s
compared with the GA, and the localization accuracy is improved by 7.9%.
The new proposed algorithm offers better advantages in fault localization,
communication monitoring and provides effective technical support for fault
monitoring in a power communication monitoring system.

Keywords: WOA, fault detection, distribution network, supervision, sus-
tainable development.

1 Introduction

In the electrical power industry, the stability and effectiveness of the com-
munication systems are crucial to ensuring the reliable operation of the
power system [1]. With the increasing global demand for Sustainable Devel-
opment (SD), the power system not only needs to operate effectively, but
also needs to comply with environmental and energy-saving standards [2].
The continual expansion and aging of the power network have made fault
detection and communication monitoring in the system more complex, thus
requiring the use of more advanced technologies to ensure the continuous
smooth operation of the power system [3]. In the context of SD, the power
industry is increasingly emphasizing environmental protection and resource
efficiency [4]. The monitoring and fault detection technology of the power
communication system also needs to follow the principles of environmental
friendliness and resource conservation to support the green transformation of
the entire power industry [5]. Therefore, using intelligent algorithms for fault
prediction and system optimization in power systems is an important strategy
for achieving SD and fault detection in power systems.

Whale Optimization Algorithm (WOA) is an emerging intelligent opti-
mization technology that is widely used due to its excellent performance
in various optimization problems. In a study using WOA, Wu Z et al. [6]
implemented a method based on WOA-Extreme Learning Machine (ELM)
to improve the efficiency and accuracy of micro-grid fault diagnosis. By
performing wavelet packet decomposition on a 3-phase fault voltage and
calculating the energy entropy feature vector of the wavelet packet, combined
with the input weights and hidden neuron thresholds of WOA-ELM, an effi-
cient fault diagnosis model was established. This model had a faster learning
speed, stronger generalization ability, and higher recognition accuracy when
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compared to other techniques such as Back Propagation Neural Network
(BPNN), Radial Basis Function Neural Network (RBFNN), and ELM [6].
Yang P et al. [7] developed a hybrid multi-strategy WOA and RBFNN-based
Electronic Current Transformer (ECT) fault diagnosis model to improve the
reliability and accuracy of ECT fault diagnosis. By optimizing the param-
eters and network size of the RBFNN model, its classification accuracy
and robustness were improved. The improved method has shown excellent
performance in ECT fault diagnosis, with an accuracy rate of up to 97.77%,
significantly better than other methods, demonstrating good engineering prac-
tical value [7]. To solve the dynamic problems caused by the penetration
of renewable energy in hybrid power systems, Nayak PC and others [8]
proposed an innovative method based on h-WOA-SA algorithm, which com-
bines WOA and Simulated Annealing (SA). Through evaluation, h-WOA-SA
algorithm was verified to be efficient in computing time and adjustment of
adaptation function, and was applied to the scaling of a fuzzy fractional-order
Proportional-Integral-Derivative (PID) controller for load frequency control
of hybrid power systems. The h-WOA-SA algorithm was highly effective in
improving system stability and exhibited unparalleled advantages compared
to traditional methods [8].

In summary, most previous optimization studies have been limited to
improving a single algorithm and have not fully utilized the potential of multi-
algorithm fusion to further improve effectiveness and accuracy. Moreover,
previous research has often focused on the detection and diagnosis of power
system faults, while there has been less research on the reliability and real-
time performance of data transmission in power communication and super-
vision systems. Therefore, this study proposes an improved algorithm based
on the WOA. The proposed algorithm uses an innovative multi-algorithm
fusion which results in an improved model. It proposes to use a feeder unit
system for power grid data feedback to enhance the accuracy and real-time
performance of the algorithm in processing power communication data, in
response to the problems of poor fault location effect and data parameters
are prone to misstatements, omissions, etc. At the same time, the algorithm
introduces a new fitness evaluation criterion to more accurately evaluate the
performance in different power grid sections. This study is divided into four
main parts, the first part focuses on briefly describing the background of the
study and domestic and international research, the second part introduces the
content of the methodology used in the current study, the third part verifies the
feasibility of the study through experiments, and the fourth part summarizes
the content of the article.
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2 Methods
2.1 The Impact of Power Distribution on Power Grid Fault
Monitoring

In the power industry, the overlap of distributed energy sources in the system
has a significant impact on the operation and maintenance of the distribution
network. The traditional fault monitoring and regional positioning methods
for distribution networks locate fault points through the direction of current
flow. When a short circuit occurs in the distribution network, a section of
the line will have some current and another part will have no current passing
through it, thus indicating whether a fault has occurred. Due to the fact that
the direction of current in traditional distribution networks traditionally flows
from the main source to the load, the overlap of distributed energy sources
affects the direction of current flow, thereby affecting the fault localization
technique of the distribution network [9]. Therefore, for fault detection in
distribution networks, further analysis is needed to consider the impact of
distributed sources on the distribution network.

In Figure 1, the proposed power system uses photovoltaic cells as the
main source for system operation, transmitting power to various modules
through direct current (DC). The controller controls the conversion and
inversion of electricity. The inverter in the system converts the electricity to
alternating current (AC) and feeds the AC load of the system and connects
to the power grid. Presently, fault data information in distribution networks
is generally fed back and located based on feeder terminal units. When the
distributed power supply is not connected, when a fault occurs, the feeder
terminal units installed at different positions on the segment transmit the fault
information to the main system through a data acquisition system. The data
acquisition system determines the type and status of faults in the current
distribution network based on information. If the segment of the feeder
terminal unit is normal, it is marked as 1. Otherwise, if a fault occurs, it is
marked as 0.

After building a distributed power source, when a fault occurs in the
distribution network, the direction of the current at the fault point diverges in
two directions. To accurately locate faults, the direction of current is defined
as the forward current flowing from the power supply direction to the feeder
unit direction [10]. Figure 2 shows the fault model of the power grid with
overlapping distributed power sources.

In Figure 2, S represents the main power supply of the system, and S1-
S9 represent different connecting switches. M1-M9 represent the feeders,
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Figure 2 Image of power grid fault model with overlapping distributed power sources.

where each switch is connected. B1 and B2 represent power switches, while
D1 and D2 represent distribution network switches. When configuring the
distribution network normally, assuming a fault occurs in the M5 and M7
sections, current is displayed in M1, M2, M5, and M7, and the direction of the
current is opposite to the normal flow direction. The input data information
in the system is —1. If positive current is detected on M8, M9, and M6, the
input data in the system is 1. If no current change is detected, the input data
information is 0. The location of faults in the distribution network is located
through current sequence information.

Due to the fact that the power supplied in a distribution network is
generally from one power source, the direction of current is unidirectional.
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When a fault occurs, the fault detection can be determined based on the
direction of the obtained current. Therefore, switch functions can be used
to determine the occurrence of faults, as shown in Equation (1) [11].

N
= (1

In Equation (1), I7 (r) represents the expected value of the current switch
j. r; indicates that the current switch j is in the lower position of the fault
point. va r; represents the logical operation of the switch. ¢ represents
the feeder area. After connecting multiple distributed power sources in the
power grid, there are two directions of current possible due to the existence
of multiple power sources. The data information changes of the model are
shown in Equation (2) [12].

15 (r) = I (r) — I (r) 2)

In Equation (2), I7,(r) and I7,(r) represent the expected data values for
the upper and lower sections respectively of the switch. The expected value
of system data can be used to determine the fault location in the distribution
network. In the data collection module of the power communication system,
the collected data information is used to analyze the transmitted data and
determine the localization of the fault area.

Figure 3 shows the fault location flowchart. The distribution network will
first build fault location functions, according to Equations (1) and (2), and
then transmit the detection signal to the data acquisition system through the
feeder terminal unit. The system encodes and evaluates the data information,
inputs it into the overall system module, processes the information, calculates
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Figure 3 Fault localization flowchart.
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the optimal solution of the current data, and finally outputs the parameters of
the fault area.

2.2 Fault Area Localization in Power Supervision System Based
on Improved WOA

Determining the fault location is crucial for determining the entire fault area
in the process of fault localization in the distribution network. Analyzing
it solely through a data acquisition system can lead to localization bias.
Therefore, this study uses an improved WOA to analyze the power super-
vision system to find the optimal solution for the parameters of the fault area,
in order to achieve fault localization in the distribution network. Equation (3)
is the WOA parameter update formula [13].

a(t) = (@max — Gmin) * rand + orandn 3)

In Equation (3), amax and api, represent the maximum and minimum
values, respectively, of the convergence factor; rand represents a range of
random values from O to 1; o represents the degree of deviation; randn rep-
resents a random normal distribution value. As the model iterates to the end,
it gradually loses the diversity of the population. To ensure the diversity of
the algorithm, interference is applied to the model through Equation (4) [14].
— XJ

best

X7

best +N(0,1) % X}, (4)

In Equation (4), X {)est represents the best individual in the j-th dimension
of the algorithm. N (0, 1) represents a normal distribution, with a normal
distribution value of 0 and a variance value of 1. Due to the tendency of WOA
to have a concentrated population during parameter updates, the diversity of
the population decreases significantly. Therefore, to avoid WOA falling into
local optima in the later stages of iteration, the model iteration update formula

shown in Equation (5) is obtained [15].
X/ (t4+1) = D? s ry x e cos(2ml) +sin(X7 (1) + X/ (t) (5

In Equation (5), D/ represents the optimal position distance in the j-
dimensional space of the ¢-th whale; r, represents the size of the local cosine
value region of an individual. a represents a constant; ¢ represents the iteration
number of the algorithm; the r, value will decrease as the number of itera-
tions increases; e” represents the time index. By narrowing the search range
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Figure 4 Improved WOA algorithm flowchart.

of the algorithm, the algorithm can achieve global optimization. Figure 4
shows the flowchart of the improved algorithm.

In Figure 4, the improved WOA algorithm (also called the proposed
algorithm, or IWOA) first initializes the algorithm parameters, sets the initial
population size, population search space, and maximum iteration number.
The population is initialized, and the fitness of the population is calculated.
Information such as the position of individuals in the population is recorded.
By updating the parameters of the algorithm through the convergence factor
of the population, it is determined whether the position probability of the cur-
rent algorithm is greater than Half of the population size. If it is greater than
Half of the population size, a randomly generated population is generated;
and, if it is less than Half of the population size, the random individuals are
updated. Finally, by calculating and analyzing the fitness of the population,
it is determined whether the current iteration has reached the maximum
iteration limit. If it reaches the maximum iteration limit, the calculation is
terminated and the population position and fitness are outputted. If it does
not reach the maximum iteration limit, the iterative calculation continues.

By improving WOA to locate and analyze the fault area, the fault location
flowchart shown in Figure 5 is obtained.
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Figure 5 Fault localization flowchart.

In Figure 5, during the fault location process of the power system, it is
necessary to first collect data information through the feeder unit, and then
locate the population and individual information through the collected data
information, set the maximum iteration number of data parameter sizes, etc.
to calculate the opposing positions of individuals based on the randomly
generated individual positions, and calculate their fitness. The optimal fitness
is calculated as the initial fitness of the population, and the subsequent process
of convergence factor in Figure 4 is repeated. Finally, the optimal value
obtained will be subjected to binary analysis to determine the size of the
binary output value in the current region, and then analyze the fault situation
in the current region. Due to the fact that in the calculation process of the
algorithm’s adaptability, the size of the adaptability will affect the evaluation
of algorithm faults. Therefore, to reduce the deviation caused by false alarms
in the feeder unit, the positioning adaptability is re-analyzed according to the
calculation formula given in Equation (6) [16].

M M M 2 M 4
Fa)=c |1 -+ [ ] lesl +es [TTT 11 +ea [T T lewf
j=1 7j=1 ik Tk

(6)
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In Equation (6), M represents the total number of switches; I ]1 represents
the expected value at the j-th switch when there is an error or omission in
the feeder unit; lf and wf both represent the variable values when an error
occurs; €, represents the weight size of the algorithm. The weights from &3
to €4 are set to 20, 0.5, 1 and 1, respectively. The logical expression formula
of the feeder terminal system after receiving the encoded signal is given in
Equation (7) [17]. o

QIZQIQI =1 (7)

In Equation (7), lz1 represents the received signal of the feeder unit; and 2
represents logical operation. There are three types of signals received in the
algorithm: “0”, “1”, or “—1”. When the received signal is “-1”, the expression
of the system’s error variable is given in Equation (8) [18].

WQE =1 (8)

In Equation (8), both wz2 and wf’ represent the variable values under error
conditions. The constraints of the overall algorithm obtained by combining
the above formulas are shown in Equation (9).

(IFQEZQIBQH Q2 i =1 )

In Equation (9), the variable constraint situation when the output parame-
ter of the algorithm code is “—1”. When the encoding output is “0”, then lf =
0, and the logical expression of the algorithm is given in Equation (10) [19].

W QP i = 1 (10)

When the encoding output parameter of the algorithm is “1”, the expres-
sion of the algorithm is given in Equation (11) [20].

(D Q2 Qi Qi QIIQI? = 1 (11)

Based on the constraints of the algorithm, the values of different variables
in the current algorithm can be determined. Reducing the dimensionality of
the algorithm by taking values can help improve the fault localization accu-
racy of the algorithm [21-23]. By locating faults in the power supervision
system, fault detection and analysis can be achieved.

Figure 6 shows the flowchart of the fault location and monitoring system.
Here, it is necessary to first determine the fault areas in different parts, locate
the fault section, and collect information on the feeder units on different
switches through the feeder terminal system. The faulty state information
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Figure 6 Flow chart of fault location and supervision system.

parameters are encoded and an improved WOA algorithm is used for initial
population analysis. Calculating the adaptability based on the error situation
of different feeder units, and determining whether the current algorithm can
complete the termination iteration based on the positioning situation of the
improved algorithm. If it is completed, it is used to locate the fault area. If it is
not completed, it is necessary to recalculate the adaptability. When the best fit
is finally obtained, it confirms the current optimal individual position and then
determines whether the best individual is consistent with the fault location:
if it is consistent, it outputs the result; if it is inconsistent, it is necessary to
re-encode through an improved algorithm.

3 Results

To verify the actual performance of the improved WOA, the algorithm used
the hardware based on an Intel (R) Core (TM) i7-10510U central processor
for data processing, with the operating memory size of the system is 32 GB.
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Windows 10 was selected as the computer operating system and MATLAB
R2020a was the simulation program for the algorithm. The maximum number
of iterations of the algorithm was set to 1000, and the number of whale
populations was 40.

The following tests are used to compare the performance of four different
algorithms:

1. Performance comparison of different algorithms: Testing the perfor-
mance of the algorithms used in the research (Figure 7).

2. Comparison of iterative performance of different algorithm models in a
single segment: Testing the iterative performance of different methods
(Figure 8).

3. Comparison of multi segment changes in distribution networks: Analyze
the objective function changes in distribution networks using different
methods, and evaluate the performance of different methods in power
grid testing (Figure 9).

4. Comparison of voltage changes at different nodes: Testing the stability
of power grid operation using different methods (Figure 10).

5. Comparison of fault localization time: Testing the localization efficacity
of different methods (Figure 11).

6. Comparison of fault diagnosis accuracy in different road sections: Test-
ing the fault recognition effect of different distribution network lines
(Table 1).

3.1 Analysis of Performance Comparison Results with Four
Algorithms

The following four optimization algorithms were compared to find the opti-
mal performance solution: Traditional Particle Swarm Optimization (PSO),
Genetic Algorithm (GA), WOA and improved WOA (proposed method or
algorithm, IWOA). The comparison results for the four algorithms are shown
in Figure 7; the graph shows the time required (in ms) to reach an optimal
solution versus the number of iterations. Note that in the comparison of the
four algorithms, the shorter the time required for each algorithm to reach its
optimal solution the fewer the data parameters that are required. It can be
seen that in the comparison of the four algorithms, the optimal solution of the
proposed algorithm (Improved WOA) provides the best performance.

In Figure 7, it can be seen that in the comparison of the optimal solution
situation of different algorithmic model iterations, the optimal iteration of
the model used for the study will be the first to appear in different iteration
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Figure 7 Performance comparison of four algorithms for optimal solution of the algorithm.

numbers. The standard deviation of the optimal solution of the model at 1
and 3 iterations is 0.00 ms, which indicates that the model will directly carry
out the optimal solution iteration in the process of data iteration. Out of the 6
iterations, the study used the shortest time for the model to enter the optimal
solution. Where the shortest time occurs when the number of iterations is 1.
The optimal solution time of the four models increases with the number of
iterations, where the longest time to enter the optimal solution is for the
GA algorithm model, where the longest time occurs when the number of
iterations is 6. The average value of the time to enter the optimal solution
is 6.85 ms, which is an increase of about 3.73 ms compared to the optimal
solution time of the research use model of 3.12 ms.

In order to test the effect of iterative localization of the model in different
distribution network fault monitoring, the algorithmic analysis of the single-
area localization case of the distribution network is obtained. is shown in
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Figure 8 Comparison of iterative performance of different algorithms in a single segment.

Figure 8. For multi-point fault location analysis, considering the randomness
of different numbers of DG connections and fault sections, multiple fault
scenarios were selected. Based on the DC distribution network system, condi-
tions of two fault areas were analyzed. When the fault area is 1, the function of
the distribution network is represented as k; = 0, kg = 0, kg = 0. The order
of the power grid fault report information is [1,1,0,0,0,0,0,0,0], indicated at
feeder M1.

In Figure 8(a), in the comparison of algorithm iteration effects in Posi-
tioning Section (or Segment) 1, the objective function value of the algorithms
shows a stepwise decreasing trend, and after reaching a certain iteration
number value, a relatively stable objective function value appears. Among
the four algorithms, the initial value of the objective function of the proposed
algorithm is relatively small (i.e., objective function value of 4.2), but the
downward trend is more rapid. When the number of iterations is 7, the
minimum objective function value of 0.5 is reached. This indicates that
the proposed algorithm has the best performance of processing distribution
network parameters.

In Figure 8(b), in the testing of Positioning Section 2, the minimum
objective function value of the proposed algorithm reaches the minimum
value of 0.4 at 5 iterations, while the initial minimum objective function is
1.5. Compared to Positioning Section 1, the algorithm in Positioning Section
2 has a smaller objective function value during initialization and a shorter
number of iterations to achieve the minimum objective function value. This is
due to the fact that Positioning Section 2 is further away from the distributed
power sources.

Comparing the situation of multiple sections in the distribution network,
the changes are shown in Figure 9. In Figure 9(a), in the multi-segment
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Figure 9 Comparison of changes in multiple sections of the distribution network.

algorithm localization analysis, the objective function value of the proposed
algorithm reaches the minimum objective function value of 0 at 10 iterations.
In the comparison of the four algorithms, the initial minimum objective
function value of the proposed algorithm is the smallest, and the number
of iterations to achieve the minimum objective function value for segment
positioning is shorter. This indicates that in the process of multi-segment
localization, the performance of the proposed algorithm and the effective-
ness of fault localization are better. In Figure 9(b), when locating faults
in section 2, the initial objective function value of the proposed algorithm
is smaller (i.e., only 1.3), and the minimum objective function value (0)
of the algorithm is reached in 5 iterations. Compared to other algorithms,
the proposed algorithm has the smallest number of iterations to achieve the
minimum objective function value. Compared to the 23 iterations of the
GA algorithm, the iterations decreased by 18, indicating that the proposed
algorithm has a good segment localization effect during the localization
process.

3.2 Comparison of Section Positioning Effects

The section situation of the distribution network is simulated and analyzed.
The voltage intensity of the power grid is set at 12.88 kV, the reference power
is 12 MVA, and the load size of the power grid is 3845+j2300 kVA. The test
nodes are shown in Figure 2, The power grid losses of different nodes are:
201.548 kW without using distributed power sources, 160.284 kW for Node
1, 125.485 kW for Node 2, 105.485 kW for Node 3, and 95.358 kW for Node
4. The power size of the distributed power supply connected to the node is
600 kW.
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The voltage comparison test of power grid energy consumption under
the four different grid node conditions mentioned above is shown in the
Figure 10. The ratio of voltage represents the deviation between the actual
voltage and the reference voltage. The closer the deviation value is to 1
pu, the better the stability of the node and the less likely it is to fail. In
Figure 10, during the voltage variations testing for four different nodes, the
voltage deviation values for different node conditions first decrease, then
begin to rise linearly, and finally show a downward trend in the connected
voltage deviation. In the comparison of different nodes, the voltage deviation
value of Node 3 varies less, and the maximum deviation from maximum to
minimum is 0.05 pu. The maximum deviation of nodes that are not connected
to distributed power sources can reach 0.09 pu. This indicates that the voltage
deviation of the algorithm becomes more severe as the network loss increases.
This may be the reason for node failures caused by severe network loss, which
also indicates that the more severe the network loss, the more likely nodes are
to fail.

Comparing the fault localization time of the four algorithms mentioned
above, Figure 11 is obtained. In Figure 11(a), in the single section fault time
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localization of the algorithm, the proposed algorithm has a shorter localiza-
tion time, which is basically stable between 1.90 s. The positioning time of
GA varies greatly, with a maximum time span of 0.10 s, and its average
positioning time is approximately 2.10 s. The single area positioning time of
GA is longer compared to the proposed algorithm, with an increase of about
0.20 s in time. This may be due to the longer data processing time of GA. In
Figure 11(b), during the multi-segment positioning process, the positioning
time of the proposed algorithm is basically stable at around 1.85 s, and the
GA is between 1.95 s. Compared to the proposed algorithm, GA increases the
multi-segment positioning time by about 0.10 s. However, the multi-segment
positioning time in all algorithms is shorter than that of a single segment,
which may be due to the installation of more distributed power sources in
multi-segment positioning, resulting in faster data processing efficiency. In
summary, the proposed algorithm has better fault localization performance
in different sections. Due to significant deviations in the testing results of the
later sections, 8 sections in the power grid are selected for testing, all of which
are close to the distributed power supply section. The fault area is mainly
represented by the feeder area in Figure 2, where feeder M1 corresponds to
fault area L1, feeder M2 corresponds to fault area .2, and so on.

In Table 1, the four algorithms show differences in the accuracy of section
fault testing. Among them, the fault localization accuracy of the proposed
algorithm is the best; for example, it reaches the highest accuracy (94.7%)
in fault localization of fault section L2. Compared with GA (86.8%), its
accuracy has improved by about 7.9%. The positioning accuracy at fault
section L6 is the smallest, with an accuracy of 90.2%, which is about 16.3%
higher than GA’s 73.9%. In summary, in the fault location of power grid
sections, the proposed algorithm has the best monitoring and positioning
performance on the power grid.



350 Yang Li et al.

Table 1 Comparison of fault diagnosis accuracy in different sections

Positioning Accuracy (%)
Fault Node  Fault Section GA PSO  WOA  Proposed Algorithm

1 L1 89.2% 90.1% 92.3% 93.5%
2 L2 86.8% 88.6% 91.7% 94.7%
3 L3 84.8% 87.4% 90.6% 94.5%
4 L4 812% 803% 91.4% 93.7%
5 L5 78.6% 83.5% 91.1% 93.4%
6 L6 71.5% 82.8% 90.2% 90.2%
7 L7 739% 749% 89.4% 91.4%
8 L8 66.8% 69.7% 90.3% 91.5%

4 Conclusion

The study proposes a new algorithm based on the Improved Whale Optimiza-
tion Algorithm (IWOA) in response to the challenges of power communica-
tion monitoring systems in fault location in distribution network segments.
The algorithm provides real-time feedback of grid data through the feeder
unit system, which enhances the accuracy and real-time data processing.
A new fitness evaluation criterion is also introduced to more accurately
assess the performance of the algorithm in different grid segments. In addi-
tion, the study conducts comparative tests on the algorithm performance of
different algorithms and iterative performance tests on several distribution
grid segments. The results indicate that in multi-stage fault localization, the
objective function value of the proposed algorithm reaches the minimum
objective function value of 0 after 10 iterations. Among different algorithms,
the segment localization effect of the proposed algorithm was the best, and
the number of iterations to achieve the optimal objective function were the
smallest.

In the comparison of node voltage deviation, the minimum deviation
value of Node 3 was only 0.05 pu. The more severe the network loss, the
higher the probability of power grid failure. In single segment fault local-
ization, the maximum time localization difference of the proposed algorithm
could reach 0.10s, which was 0.20s shorter than the localization time of GA.
In multi-segment positioning, the proposed algorithm shortened the time by
0.10s compared to GA. In terms of the change in fault localization accuracy of
the algorithm, the highest accuracy of the proposed algorithm at Fault Section
L2 was 94.7%, which was 7.9% higher than that of GA. It can be seen that
the new algorithm not only improves the fault monitoring effect of the power
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communication monitoring system, but also has great significance for the
sustainable development and green transformation of the power industry.

Despite the results achieved, there are still some shortcomings in the
study, such as how to perform data feedback without using too many feeder
units, and the algorithm can only locate the faults without identifying the
fault types at present. Therefore, subsequent studies will investigate the use
of a limited number of feeder cells for analysis and improve the algorithm
performance to enable it to monitor fault types.
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