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Abstract The frequent occurrence of extreme rainstorms leads to an increase in urban flooding disasters, and
flooding damage to power system equipment can cause large-scale power outages, affecting social production and
life. This paper discusses the power system recovery and intelligent operation and maintenance equipment
scheduling after extreme rainstorms triggering flooding disasters. By constructing a grid fault diagnosis alarm model
based on decision tree algorithm, a hierarchical fault information diagnosis algorithm is applied to realize rapid
power system recovery. The study utilizes ID3, CART, and C4.5 decision tree algorithms to construct the grid
scheduling alarm model, and the experiments show that the C4.5 decision tree model has an accuracy of 96.91%
on the training set, which is 2.66% higher than that of the ID3 algorithm; the weighted W-C4.5 decision tree's
accuracy rate for the “safe” state can reach 98.11%, and the recall rate for the “risky” state can be increased to
79.65%. The recall rate for “risky” states increased to 79.65%. The single-factor analysis shows that the load has
the greatest influence over the number of risks, with an average K-value of 0.4578. This study provides theoretical
foundation and technical support for power system recovery decision-making and intelligent operation and
maintenance equipment scheduling under the flooding disaster, and is of great significance for improving the post-
disaster recovery capability of urban distribution networks.

Index Terms flooding disaster, decision tree algorithm, power restoration, intelligent operation and maintenance,
fault diagnosis, grid scheduling

. Introduction

With the growing problem of global climate change, there has been a significant increase in the frequency of extreme
natural disasters, and the resulting large-scale power system failures have occurred frequently, leading to severe
shortages in energy supply [1], [2]. Taking extreme rainstorms as an example, heavy rainfall can cause waterlogging
disasters in cities, resulting in flooding damage to transmission and substation equipment, and such systematic
failures not only destroy the power network topology, but also cause regional large-scale persistent power outages,
which affects industrial production, residential life, and commercial activities [3]-[5]. Extreme rainstorms in Henan
in July 2021 caused severe flooding in several cities, including Zhengzhou, leading to large-scale failures in the
local power system [6]. In July 2023, under the influence of exceptionally heavy rainfall, a total of 70 distribution
lines of 10 kV and above were damaged and out of service in the city of Beijing, and more than 9,600 power
distribution equipment was damaged [7]. In September of the same year, heavy rainfall led to extensive flooding in
the city of Shenzhen, power supply and communications and other urban lifeline projects suffered from the impact
of flooding of one in 200 years, and flooding failures occurred in a number of power distribution houses [8].

China is at the peak of urbanization, especially in coastal cities, where not only the frequency of extreme
rainstorms is higher, but also the risk of urban flooding is exacerbated by the greater hardening of urban surfaces,
which leads to a reduction in the amount of rainwater infiltration in urban areas [9]-[11]. While the urban distribution
network has a large number of important loads concerning socio-economic stability, such as key municipal
infrastructures like medical institutions, administrative command centers, and 5G base station clusters, the mid-
range of its power supply can result in the dysfunction of the social operation mechanism, and even a crisis of
confidence in the public service may also occur [12], [13]. Therefore, improving the resilience of urban distribution
grids in the face of extreme flooding disasters is an urgent issue that needs to be addressed.

Currently, there has been some progress in the study of enhancing power resilience of distribution networks
through distribution network reconfiguration under extreme disasters.Duffey, R. B conducted a comprehensive
analysis of power resilience prediction under extreme disaster events and quantified the benefits and impacts of
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deploying standby or emergency power systems for nuclear reactors [14]. Duffey, R. B studied power restoration
after catastrophic damage caused by various extreme events and disasters and came up with trends in restoration
time and probability of non-recovery dependent on the level of damage and the level of social disruption [15]. Moglen,
R et al. proposed a methodology for optimal restoration of power grids in the context of disasters with environmental
hazards, i.e., generating optimal restoration strategies by mixed integer linear programming (MILP) and comparing
it with heuristic strategies [16]. Che, L et al. proposed an adaptive microgrid formation strategy with mobile
emergency resources to improve the resilience of critical power service restoration under extreme disaster
conditions, which consists of a load-switching sequence to ensure the dynamic performance of the system during
the restoration process [17]. Chen, C et al. proposed an integrated solution in the form of a decision-support tool
and utilized the grid to improve distribution system restoration and achieve grid resilience to extreme weather events
[18]. Poudel, S and Dubey, A proposed a method for restoring critical loads in distribution networks after a major
disaster using distributed energy resources (DERSs) with the goal of maximizing the reliability and duration of the
restoration while restoring as many critical loads as possible [19]. Arab, A et al. used a post-disaster decision model
to search for optimal maintenance schedules, unit commitment solutions, and system configurations to improve the
resilience of the grid by responding quickly and effectively to damage caused by natural or man-made disasters
[20]. However, the fault environment after inland flooding is complex, and there are uncertainties on both sides of
the repair work, such as the uncertainty of travel demand in the transportation network, the uncertainty of repair
time of the damaged roadway and the fault point of the distribution network, and other factors [21], [22]. Existing
studies, most of which only consider the impact of unilateral uncertainties, are insufficient in terms of comprehensive
analysis of multiple uncertainties in coordinated emergency repair on both sides of power traffic [23]-[25].

As the global climate change problem becomes more prominent, extreme natural disasters occur frequently,
resulting in a significant increase in large-scale power system failure events. In particular, urban flooding disasters
triggered by extreme rainstorms have caused transmission and substation equipment to suffer flooding damage,
resulting in persistent regional power outages.2021 Extreme rainstorms in Henan Province in July 2021 led to large-
scale failures of the power system in Zhengzhou and many other cities; in July 2023, extraordinarily heavy rainfall
in Beijing caused the shutdown of 70 10 kV and above distribution lines across the city; and in September of the
same year, heavy rains in Shenzhen triggered extensive flooding across the city, which In September of the same
year, heavy rainfall in Shenzhen triggered extensive flooding in the city, which led to the failure of power distribution
houses in many places. Urban distribution networks contain many important loads, such as medical institutions,
administrative command centers, and 5G base stations and other critical municipal infrastructures, whose power
supply disruptions will seriously affect the normal operation of the society. Most of the existing researches only
consider the influence of unilateral uncertainties, and there is insufficient comprehensive analysis of multiple
uncertainties in collaborative emergency repair on both sides of power traffic. This paper proposes to establish a
grid scheduling alarm model through decision tree algorithm, combined with hierarchical fault information diagnosis
algorithm and alarm information knowledge graph construction method, to realize rapid diagnosis and processing
of power system faults under flooding disaster. Firstly, we analyze the causes of flooding disaster and its impact
mechanism on the power system, and then we construct the alarm information analysis framework based on
knowledge graph and the grid data association rule optimization algorithm, and then we establish the grid scheduling
alarm model. The performance of different decision tree algorithms in fault diagnosis is verified through experiments,
and the key factors affecting power restoration are identified using single-factor K-value analysis.

Il. Flooding
Il. A.Flooding
Flooding is a phenomenon that occurs when the intensity of rainfall exceeds the existing drainage capacity of a
town, resulting in waterlogging in the town area. Although the flooding disaster is almost synchronized with the
rainstorm events, but not the occurrence of heavy rainfall events will necessarily lead to the occurrence of flooding,
so the occurrence of flooding disaster has a certain degree of randomness and unpredictability, but in time has a
certain degree of concentration. At the same time, the flooding disaster also has a certain rapidity, short calendar
time rainstorms can cause waterlogging of many roads, resulting in traffic disruption, sunken overpasses and
underground parking lots and other low-lying areas in a short period of time to become a country of zephyr [26],
[27].

The determination of the level of flooding disaster is directly related to the depth of waterlogged roads. In this
paper, based on the reference to the relevant literature on the classification of flooding disaster, the flooding disaster
is divided into three levels. The evaluation criteria for the grading of flooding disaster are shown in Table .
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Table 1: Evaluation criteria for classification of flood disaster

Evaluation criteria
Urban flood
Water
level Hazard level
depth/cm
A 0~14 Mild waterlogging, a slight effect on the water area, The speed of the car fell slightly, and a small number
of cars chose to go around.
B 15~29 Moderate waterlogging, most of the vehicles choose to go around, small partsThe vehicle is driven by a
low speed.
c =30 Severe internal water and water, the operation function of the water road is failed, The vehicle chooses
- the adjacent section of the road.

Il. B.Analysis of the causes of heavy rainfall and flooding disasters

Il. B.1) Natural factors

Since the middle of the twentieth century, human activities have led to an increase in greenhouse gas (GHG)
emissions, thus contributing to the global warming trend. The 6th Assessment Report of the United Nations
Intergovernmental Panel on Climate Change (IPCC) indicates that global surface temperatures between 2011 and
2020 will increase significantly by 1.1°C compared to the 1850-1900 baseline period, and that this global warming
trend is altering the global water cycle, with the effects reflected in accelerated hydrological cycle processes and
increased evaporation from the oceans.

At the same time, as atmospheric temperatures continue to rise, the water-holding capacity of the atmosphere
increases significantly, a phenomenon that suggests that the atmosphere needs to accumulate more water vapor
in order to reach a saturated state, which in turn triggers precipitation.

Since a moist and warm atmosphere is less stable, it is highly susceptible to the formation of heavy rainfall
processes. This change makes precipitation events, when they do occur, more intense than in the past, thus
increasing the frequency and intensity of extreme weather events. Therefore, in the context of global warming,
climate anomalies are becoming more prominent, extreme weather events are occurring frequently, and
meteorological disasters are occurring more frequently, especially the increase in heavy rainfall processes and the
severity of rainfall and flooding disasters, which have become a major challenge to be addressed on a global scale.

Il. B.2) Social factors

In cities, the frequency of heavy rainfall and flooding disasters is inextricably linked to human activities. With the
acceleration of urbanization, the urban environment has undergone significant changes, exacerbating the potential
for storm waterlogging disasters.

First, rapid urbanization has led to a significant reduction in the area of green space, which has been replaced by
artificial surfaces such as buildings and impervious paved surfaces. This change directly reduces the permeable
area of the ground, which in turn reduces the amount of rainwater infiltration, while increasing the amount of runoff
generated, creating conditions for the frequent occurrence of heavy rainfall and flooding.

Secondly, the density of high-rise buildings in the city has created an “urban heat island” effect. The “urban heat
island” effect exacerbates the development of thermal convection over the city, creating a difference in air pressure
from the surrounding area that favors the formation and intensification of extreme weather events, such as heavy
rainfall.

Furthermore, cities emit large quantities of pollutants that create a “turbidity island” effect in the air. The “turbid
island” effect promotes the formation of condensation nuclei, which results in higher precipitation in urban areas
than in surrounding areas, further exacerbating the risk of flooding from heavy rainfall.

In summary, social factors such as land hardening, increased impermeability of the subsurface, and the city-
specific “heat island” and “turbidity island” effects are also contributing to the high frequency of urban storm flooding,
with a particular impact on urban transportation.

Il. B.3) Urban stormwater system factors
With the continuous optimization and expansion of urban layout, the pattern of urban drainage system gradually
reveals the problem of difficulty in matching the needs of urban construction, which in turn exacerbates the
vulnerability of the drainage system. As a complex system, the urban stormwater system usually consists of three
key components: the source reduction system, the stormwater drainage system and the flood prevention system.
However, in current practice, there are significant irrationalities in the interface and coordination between these
three systems, leading to a series of drainage problems. For example, the interface and coordination between
pipelines and river drainage is not perfect, and frequent changes in drainage paths, disorganization of drainage
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patterns, and the inadequacy of the drainage system itself are becoming more and more prominent. These problems
are particularly prominent when the area lacks an effective source abatement system and flood prevention system.
In such cases, rainfall runoff from road surfaces is mainly diverted by the stormwater drainage system, which
undoubtedly increases the pressure on the operation of the stormwater drainage system. In addition, due to
insufficient routine maintenance and frequent occurrence of extreme rainfall events, the existing stormwater system
is already struggling to meet the increasing drainage demand. This has led to more and more serious waterlogging
on roads, which in turn has led to flooding, causing serious impacts on urban transportation and residents' lives.

lll. Use of decision tree algorithms in grid scheduling

lll. A. Construction of decision tree algorithm

The basic principle of the ID3 algorithm is to filter the features according to the criterion of information gain [28]. If
the objective is a categorized result and its result corresponds to values 0,1,~ K -1, let m be the proportion of g
class observations in the node, and if it is the most terminal node refer to Eq:

P =1/N, D I(y=k) (1)
y=0m
In the above equation m is the number of nodes, Q is the region of observations and N  is the number of
observations. Typically in the ID3 algorithm, the information entropy of the set p is defined as the share of the
current sample set p occupied by the samples of the g thclassis p:
Iv
Ent(D)=-)P,log, P, (2)
k=1
Suppose the current discrete attribute o« has 7 possible values [al,a2,....,aV]. Then the set of samples of
values of attribute ¢ is defined as py, then the division of & will produce an information gain see Eq:

Gain(D,a) = Ent(D)— i‘ Ent(D") 3)

The C4.5 algorithm is improved from the ID3 algorithm, which uses information gain as a filtering rule, and the
result of using information gain is that it is easy to filter those attributes with more values to be used as nodes. The
C4.5 algorithm does not take the information gain but uses the information gain rate as a filtering condition, i.e., the
ratio of the information gain to the information entropy in the attributes [29]. Namely:

Gain _ratio(D,a) = Gain(D,a) (4)
1V (a)
where the information gain entropy of the attribute is:
IV(a) = Z ‘log(D ) ()

lll. B. Flow of diagnostic alarms for power grid faults

Grid fault diagnosis warning system, using automation, intelligent means, rapid search to determine the equipment
that has failed, and give processing recommendations. The means and key technologies include fault diagnosis
algorithms, fault inference and analysis library (expert knowledge base), inference control strategy, fast search and
localization algorithms, and comprehensive display.

In the process of reprocessing and reanalysis of real-time data, the grid fault diagnosis and alarm system has to
discover the correlation between signals by means of specialized signal processing and analysis software for
discrete grid signals. Intelligent grouping of signals and inductive reasoning, and the design of a specialized fault
analysis knowledge base for the capture of grid fault analysis, to give the possible causes of faults and processing
recommendations.

This new approach can provide timely early warning of defects and faults in the grid, thus effectively assisting
dispatchers in detecting and handling grid faults and defects. On this basis, statistics of alarm information and fault
retrieval function can be provided to realize automatic recording and query management of power grid faults.

The data processing flow is shown in Fig. [1. After receiving and preprocessing the signals (after filtering out the
signals of maintenance, debugging, cold standby, blocking, etc.), the regional grid fault diagnosis and alarm system
carries out the rule-based analysis and matching and draws conclusions. Rule-based analysis is the main core point
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that distinguishes this system from the traditional alarm signal processing function, which not only contains a rule
logic library, but also contains improved algorithms to support logic matching as well as control strategies.

4>| Receive alarm signals |

Signal preprocessing: non-
operating devices, notification
multipliers, etc.

No—>| Enter the signal queue

Yes

l¢

| Based on rule analysis €

Are there any
analysis results?

Yes
\ 4

Result output

Figure 1: Data processing process

lll. C. Hierarchical fault information diagnosis algorithm
The equipment position signals, protection information and telemetry information directly uploaded from the remote
management machine or the letter-protecting sub-station are characterized by real-time accuracy. While the fault
recording system can record the detailed information at the time of fault, its timeliness is poor, and the waveform
files generated by the recording device can generally be used for multi-factor combination analysis, or after-the-fact
cause analysis. Based on the characteristics of power grid equipment signals, the use of hierarchical fault
information diagnosis algorithm can be a good solution to the contradiction between “flexible and fast” and “accurate
and reliable” diagnostic methods. Layered fault diagnosis algorithm is studied as follows:

1) Grid fault diagnosis and processing strategy is divided into three layers

(1) Fast fault diagnosis layer, (2) protection logic diagnosis layer, and (3) fault combination diagnosis layer.

2) Fast fault diagnosis layer

The principle of the rapid fault diagnosis layer is: when the circuit breaker tripping alarm signal is received, based
on the grid hierarchical model quickly utilizes and initiates the check of the grid topology connectivity relationship,
and based on the topology charged state and the circuit breaker's switching and closing information, the faulty
equipment can be quickly localized to find the faulty equipment. This strategy is simple and efficient. Assuming that
the fault point is unique, the fault diagnosis and analysis can be completed by this strategy. If the fault point is not
unique, then turn on layer (2), that is, the protection logic diagnosis layer.

3) Protection Logic Diagnosis Layer

The principle of protection logic diagnostic layer is: in the power system, protection devices and primary
equipment have close logical correlation, in the same time period, the use of circuit breaker equipment and the
action of the protection device with the relationship between the regional power grid can be based on the protection
action alarm information for fault diagnosis. This strategy has the technical characteristics of accurate fault location
and complex logic, and can complete the analysis and diagnosis of most faults.

4) Fault combination diagnosis layer

The principle of fault combination diagnostic layer is that the waveform file of fault recording device, the change
information of circuit breaker and the action information of protection device are used to carry out combination
diagnosis and identify the faults, which involves the complex logic relationship between switch displacement, safety
automatic device and protection equipment. As the efficiency of the generation, summoning and parsing process of
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the fault wave recording file is relatively low, and its real-time performance is poor, it is generally used to deal with
the fault diagnosis of the complex system is very high.

lll. D. Construction of Knowledge Graph of Alarm Information

lll. D. 1) Alarm information knowledge graph construction process

Alarm information is the basic information collected by grid dispatch through SCADA system, which can indirectly
describe various abnormal events in the system. Aiming at the characteristics of the text of alarm information, this
paper makes the following modifications when constructing the knowledge graph of alarm information:

(1) This paper focuses on the study of the adjacency of the fault event description clauses in the alarm information,
each fault clause is an entity, and a single piece of alarm information generally contains no less than three entities,
and the connection between the entity objects forms a characterization of the fault event.

(2) Alert information is the description of grid operation events in the grid dispatch operation EMS system, the
knowledge graph of alert information belongs to the domain knowledge graph, the lexical meaning of entities is
limited to the electric power domain, with a clear naming specification, entity disambiguation and co-reference
disambiguation problems basically do not exist, without knowledge fusion step.

(3) In the relationship extraction, according to the neighboring frequency between the previous fault participle and
the next fault participle, the fault event description participle correlation matrix is established, and the neighboring
frequency between the fault participles is used as the relationship between entities.

(4) Perform data integration to organize a triad of head entity-adjacent frequency relationship between entities-
tail entity (entity 1-relationship-entity 2) type. Utilize Neo4j graph database to build knowledge graph based on alarm
information. The construction process of the knowledge graph of alarm information is shown in Figure @

| Alarm information text

v
Character decomposition N Establish a fault word
clustering segmentation library
v
Establish the fault word

segmentation correlation matrix

| Neo4j Visualization |

Alarm information
knowledge graph

Figure 2: The construction process of the information knowledge map

lll. D. 2) Entity extraction
The main task of entity extraction is to extract the fault event description participle in the text of the alarm message
as an entity and number the obtained fault event description participle. The specific steps are:

(1) Firstly, the text of the alarm information is processed by word division, which is based on the conventional
dictionary and viterbi algorithm, and then corrected by manual intervention using customized dictionaries.

(2) De-weighting and filtering the text of the alarm information after word separation, and constructing a lexicon
of fault event descriptions of the alarm information. Based on the fault event description sub-word dictionary, the
words are numbered according to the order of appearance of the fault event description sub-word in the dictionary.

lll. D. 3) Relationship extraction

To obtain the fault event description clauses correlation matrix, the obtained fault clauses are numbered and the
fault clauses correlation matrix is created by using the numbers as the rows and columns of the matrix:
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Annz”' (6)
e B
n |cor, cor, - cor, - cor, |

4, denotes the fault event description participle correlation matrix, where the diagonal elements are all zero.

i,j=12,...,n denotes the number of the fault participle in the fault event description participle dictionary, and
cor,, denotes the number of times the fault participle ; follows the fault participle ;. The magnitude of the value
of how often two fault participles appear next to each other determines the correlation between them, the larger
cor; is, the stronger the correlation between the fault participles. The 4 is an asymmetric matrix, i.e., cor, # cor, .

The operation is initialized by initializing the matrix so that cor, = 0(;, j = 0,1,...,n) . lterate through the text of the
warning message after the disambiguation, and when the fault event description disambiguation numbered ;
occurs once after the fault event description disambiguation numbered ;, perform the following operation:

A, =4, +E, (7)
Among them:
J n
o0 0 -
2 10 0 0
E, - ®)
i |0 0 1 0
n |n 0 .. 0 .. O]

lll. E. Grid dispatch alarm modeling using decision tree algorithm

The decision tree algorithm is used to optimize the association rule generation algorithm for grid data based on
knowledge graph, and then the optimized algorithm is used to analyze the grid dispatch alarm signals and construct
the grid dispatch alarm fusion set.

In the process of data mining, there is an association between each attribute within the decision tree. If the rule
attributes in the traditional association rule algorithm are centrally trained using the decision tree structure, the
association relationship between each attribute is analyzed and simplified, the computing efficiency of the
association rule algorithm can be effectively improved under the premise of ensuring its classification accuracy.
According to the above idea, the association rule generation algorithm for grid data based on knowledge graph is
optimized and designed as follows:

Step 1: Based on the C4.5 decision tree structure, construct the decision tree model of association rule g as

S .
Step 2: In the decision tree § therule g is arule path from a root node to a leaf node in the decision tree, i.e.:

R:1{r | if Cond, nCond, A A Cond, then class C} ()

where “/\” is the “per-positional different-or” operator.

Step 3: Simplify the rules g in the decision tree § by combining the decision rule parameters r for each
association rule r, . The different constraints Cond, and Cond,; corresponding to ; and ; commands
correspond to the attributes 4 , 4 , respectively. When there is no association rule property between 4 . 4 , then
Cond, and Cond; are not kept. If there is association rule data between 4, 4 , the attribute relationship
probabilities are calculated respectively.

Step 4: Based on the size of the obtained probabilities, determine whether Cond, and Cond, are retained or

not. The decision tree association rule threshold P(Cond,, A Cond,) is obtained, and the rule set is reconstructed
by the newly designed association rule threshold to obtain a new dataset 7 with association attributes.
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Through the above knowledge graph-based grid data association rule optimization algorithm, the grid dispatch
alarm signals are analyzed and the grid dispatch alarm signal association rule fusion set is constructed with the
following expression:

x'(1) :%Jx(mv —h(t) (10)

where x(¢) is the correlation parameter of the alarm information of grid dispatch. a(r) is the fault information
characteristic value of grid dispatch. v is the command-assisted decision coefficient.
Then the knowledge graph grid data layer decision tree data set is:

s, = Hx'(t)° (11)

where Q is the fault point being monitored weight.

According to the constructed knowledge graph data layer, the fault information feature association rules in the
alarm information are mined and analyzed, and the feature offset coefficient of the grid dispatch intelligent alarm is
obtained as:

s'(r)=G+Zw (12)

where ¢'(r) is the offset coefficient of the grid dispatch alarm information. S(¢) is the monitoring quantization
index of grid dispatch smart alarm. ¢ is the alarm time.
Under the condition of ensuring stable operation of the grid, the resonant frequency S (¢) is obtained as:

_S®, H
) ()

where p () is the virtual alarm value of grid scheduling.
In the region where the alarm fault exists, the region-wide calculation function for the existence of the grid dispatch
fault point is obtained by using the normal grid dispatch information value ¢, obtained above as:

S.(t) (13)

0 o+ -3 0, (14)

where p(f,) is the fault region matching function for grid dispatch. £, is the current frequency of the fault region,
and g is the fault distribution coefficient.

Through the above-determined fault characteristic quantities of grid scheduling information, as the association
rules of intelligent alarm, the intelligent alarm model of grid scheduling is constructed in the grid data layer of the
knowledge graph:

sink
= 2__ > 1
o) 2 [a, +S®)] Sn[2(0)] +R (15)

where z(k) is the density distribution function of the grid dispatch intelligent alarm.
By calculating the resulting grid scheduling intelligent alarm model, combined with Eq. (8), the grid scheduling
intelligent alarm fault detection output function is obtained:
S()

H, :G(U\yk,k)—m (16)

Among them:
T.(t) =, 12++/S(0) (17)

where G(U | ,,k) is the set of intelligent alarm fault features for grid dispatch. 7, (¢) is the attribute relationship
function between the monitoring quantization indices.

The grid scheduling intelligent alarm fault output function is detected to complete the accurate judgment of the
location of the grid scheduling alarm fault point, and finally realize the grid scheduling alarm.
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IV. Experiments and simulations

IV. A. Data preparation

The data source of the experiment is a large amount of power data in the database of OPEN3000 power monitoring
system of a power supply bureau of the Southern Power Grid.

After the preliminary cleaning of the data, 14 features including "operation type", "voltage level", "equipment type",
"equipment (line, transformer, generator) load rate", and "equipment exceeding limits" were selected to construct
the dataset. Five experts and dispatch personnel were invited to add risk assessment labels based on the local
power grid's topology and overall safety situation, in order to align with the actual safety risk status of the power
grid.

Since real power grids are generally in normal operation and dangerous accidents rarely occur, there are almost
no negative samples in the data. When used for training, although the correct rate is very high, but due to the lack
of negative samples can not distinguish the dangerous situation better, so we need to construct negative samples
based on real data to meet the real situation.

In order to simulate the real situation and test the training effect of unbalanced samples, the final construction of
the dataset has a large gap between the proportion of “safe” samples and “dangerous” samples, which is about
11:1.

IV. B. Analysis of results

The experiment constructed a total of 2,000 pieces of data, which were randomly divided into training set and test
set, of which 80% as the training set, 20% as the test set, and the training set and the test set of various types of
samples accounted for basically the same ratio. In the test set, there are 320 “safe” samples, 60 “risky” samples
and 20 “dangerous” samples, which are unbalanced samples.

The decision trees were constructed respectively using the ID3 algorithm, the CART algorithm and C4.5. Firstly,
ten-fold cross-validation and grid search are utilized for "max_depth" (the maximum depth of the tree),
"min_samples_split" (the minimum number of samples required for splitting nodes), "min_samples_leaf" (the
minimum number of samples required for leaf nodes), and "max_leaf _nodes" The four parameters (the maximum
number of leaf nodes) are tuned based on the accuracy rate of the training set. After obtaining the optimal
parameters, they are used to train the decision tree, and the training effect of the weighted decision tree
(represented by "W-") is compared with that of the general decision tree.

For the random forest algorithm, the parameter “n_estimators” (number of spanning trees) also needs to be
trained and the random forests based on general decision trees and weighted decision trees are compared. The
training results are shown in Figure .

ID3 algorithm, CART algorithm, and C4.5 constructed decision trees, among which the accuracy of C4.5 decision
tree model is better. On the training set, the accuracy of C4.5 decision tree model is 96.91%, which is 2.66% and
1.37% higher than ID3 algorithm and CART algorithm, respectively. After the decision tree was weighted, the model
accuracy of W-C4.5 decision tree increased to 97.15%.

Training set Test set
W-C4.5-RF 99.61 97.87 | W-C4.5-RF
C4.5-RF R 97.45 C4.5-RF
W-CART-RF T T es.27 96.75 W-CART-RF
CART-RF | 9s04 96.68 CART-RF
W-ID3-RF 98.55 96.25 W-ID3-RF
ID3-RF | 924 96.11 ID3-RF
W-C4.5 L Joris W-C4.5
cas 9691 c4.5
W-CART | ]9s.87 W-CART
CART | 95.54 CART
W-1D3 95.16 W-ID3
1D3

D3 [ 94.25]
T T

T T T T T T T
90 92 94 96 93 100 90 92 94 96 98 100 102
Model accuracy/%

Figure 3: Training results
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The accuracy rates of the models for the other metrics on the test set are shown in Figure 4. The accuracy of the
decision trees for each category is higher for “Safety” than for “Risk” and “Hazard”. The accuracy of W-C4.5 decision

tree for “safety” is 98.11%.

For general decision trees, the CART algorithm outperforms the ID3 algorithm, and the C4.5 algorithm

outperforms both.

safety risk peril
W-C4 5-RT 98.97 94.15 94.22
C4.5-RF | J9sss 93.89 [ 94.51
W-CART-RF | 9704 62.78 | 93.04
CART-RF | |96.26 92,54 | 92.85
W-ID3-RF 1] 96.24 91.24
ID3-RF | 9725 9234
W-C4.5 s 91.75
C4.5 | |95 92.12 92.34
W-CART 7] 96.25 [ ss.46
CART 9542 91.82
W-1D3 | |9s.63 91.19 |
1D3 o412 85.96
80 90 100 100 s 90 100

Precision/%

W-C4.5-RF
C4.5-RF
W-CART-RF
CART-RF
W-ID3-RF
1D3-RF
W-C4.5
C4.5
W-CART
CART
W-1D3

1D3

110

Figure 4: The accuracy rate of other indicators in the test set is counted

The recall of each model for other metrics on the test set is shown in Figure . The models have higher recall for
“safety” and “hazard” and lower recall for “risk”. The ID3 algorithm has a 66.33% recall of “Risk”, which is lower than
the C4.5 algorithm's recall of “Risk”. When the C4.5 algorithm is trained with a weighted decision tree, the recall
rate of the W-C4.5 decision tree model for “risk” can be increased to 79.65%.

safety risk peril
W-C4.5-RP s 85.66 | |97 | w-casRF
C4.5-RF | Jees 85.64 L C4.5-RF
W-CART-RT  |wwe 83.15 19954 | W-CART-RF
CART-RF | 9947 30.57 | Jons7 CART-RF
W-ID3-RF e 80.54 | |99.64 | W-ID3-RF
ID3-RF | w4 5375 | Jons2 ID3-RF
W-C4.5 [ o7 | 765 I w72 | wcas
cas EZES 5236 ez |cas
W-CART 98.15 | 79.87 | |ew.s5 | W-CART
CART ECY CART
W-1D3 | 9961 | W-ID3
D3 66.33 D E D3
60 80 100 80 100 60 80 100 120

Recall rate/%

Figure 5: The recall rate of each model in the test set

IV. C. Grid fault alarm simulation

The correlates and risk value sign-control relationships are shown in Table 2.
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Table 2: Correlation factors and wind risk values

Embody Source Factor composition Field name (n=1,2,3,4)
Controlled risk value CF,
Total length of repair TR,
Factor 1 : .
Power failure controlled risk value C,
Total length of power failure T
Factor
Affect the total number of households N,
Factor 2 Release the supermarket oT,
Whether or not D,
Factor 3 The risk of load ratio R
Dependent variable - Guarantee number Viu
Results Calculate Forecast risk V.

Adjusting for a single factor of 0 and leaving the other variables unchanged yields ' . The slope is calculated
as shown in equation (18):

Kn:ym—yxn (18)
0—x

Judgment is made by K value, which has a greater impact on the number of guarantees, and 6 hours are taken
as a time period, and the day is divided into 4 time periods, and the value of risk change is calculated for each time
period.

The factors that have an impact on the number of guarantees are represented by the 4 time periods, including
the fault controllable risk value, the number of load ratio risks, and the outage controllable risk value. The minimum
3 factors in the first, third, and fourth time periods are whether the release is overtime, the total number of customers
affected, and the total duration of outages.

Simply put, whether the grid company can release blackout information according to the set time at 6:00 ~ 12:00,
the user perception is more sensitive, if there is no timely release of blackout information, the user is unprepared
when the power outage of the station area will increase the number of times the user's security.

The single-factor K-value analysis is shown in Table . It can be seen that after averaging the slopes of the fourth
time period for each factor, the overall average K-value for all factors is obtained. Load has the highest K-value than
the number of risks, with an average K-value of 0.4578, which is ranked first, indicating that load has a greater
influence than the number of risks.

Table 3: Single-factor k analysis

Factor First time section Second time section Third time section Fourth time section Mean K K
K value K value K value K value value sort
The risk of load ratio 0.4780 0.4553 0.4419 0.4558 0.4578 1
Fault controlled risk
0.2311 0.3212 0.3723 0.4171 0.3354 2
value
Total length of repair 0.0133 0.0211 0.0242 0.0235 0.0205 4
Power failure controlled
. 0.0410 0.0362 0.0395 0.0366 0.0383 3
risk value
Total length of
laliength of power 0.0012 0.0010 0.0012 0.0031 0.0016 6
failure
Affects the total b
ects fhe fotal number 0.0008 0.0007 0.0007 0.0017 0.0010 8
of users
Wheth ttoi
eiher ornotfoIssue 0.0002 0.0022 0.0001 0.0000 0.0006 7
timeout
Whether or not 0.0099 0.0261 0.0173 0.0103 0.0159 5

The distribution and importance of the single time period of each factor in the number of times of impact coverage
is analyzed by sorting to determine whether there is a significant difference and to determine whether the impact of
load is stronger than the number of times at risk. For the user, if all the station equipment fails, the user has to bear
the added risk of power outage, and if the power outage is perceived, the user will immediately report to the grid
company.
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Through the establishment of the decision tree-based grid scheduling alarm model, it is clear to know how each
factor affects the value of fault risk, so as to provide a reference for the maintenance of the power sector and the
decision-making of the power system. Combined with the results of simulation experiments using the decision tree-
based grid scheduling alarm model, it can be applied to flooding and other disasters to improve the efficiency of the
power sector maintenance work.

V. Conclusion

In this study, we constructed a grid fault diagnosis and warning model based on decision tree algorithm for the
problem of power restoration and intelligent operation and maintenance equipment scheduling under flooding
disaster. The experimental analysis shows that the C4.5 decision tree model outperforms ID3 and CART algorithms,
with an accuracy of 96.91% on the training set, which is 2.66% higher than ID3 algorithm and 1.37% higher than
CART algorithm. After weighted processing, the accuracy of W-C4.5 decision tree model is further improved to
97.15%. On the test set, the accuracy of the W-C4.5 decision tree for the “safe” state reaches 98.11%, and the
recall rate for the “risky” state increases to 79.65%, which is significantly better than the unweighted model. The
results of single-factor K-value analysis show that, among the factors affecting the number of times of power security,
the load ratio has the greatest impact on the number of times of risk, with an average K-value of 0.4578; followed
by the controllable risk value of faults, with a K-value of 0.3354; and the third is the controllable risk value of power
outages, with a K-value of 0.0383. The experiment also reveals that, in different time periods (from 6:00 a.m. to
12:00 p.m.), the users are more sensitive to the timely release of outage information by the power grid company.
The perception is more sensitive. The hierarchical fault information diagnosis algorithm combined with the alarm
information knowledge graph construction method effectively improves the accuracy and efficiency of grid fault
diagnosis.

The study provides theoretical support for maintenance decision-making and operation and maintenance
scheduling of the power sector under the flooding disaster, which is of positive significance for improving the disaster
prevention and mitigation capability of urban distribution networks. Future research can further explore the optimized
scheduling strategy under the synergistic effect of multiple factors to enhance the resilience of the power system
under extreme weather conditions.
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