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Abstract

The distribution network is a complex dynamic system comprising
various types of equipment and involving extensive operational data
across different time periods, which poses challenges for accurate
real-time detection of operational failure risks in such equipment.
To obtain full lifecycle operational data of dynamic distribution net-
work equipment and accurately detect its failure risk in real time,
a method based on a support vector machine (SVM) and risk char-
acteristics is proposed for detecting operational failure risks in dis-
tribution network equipment. Digital twin technology is employed
to construct a dynamic model of the distribution network. The up-
dated dynamic model, combined with load analysis and equipment
condition awareness, enables accurate real-time acquisition of lifecy-
cle operational data from distribution network equipment, thereby
providing comprehensive and accurate data support for subsequent
detection. The Randomized Lasso algorithm is used to extract key
risk characteristics associated with equipment operational failures
from the data, forming a key risk feature set. Using this feature set
as input, a least squares support vector machine (LSSVM) model is
constructed to detect and provide early warnings for operational fail-
ure risk categories of distribution network equipment. Experimental
results demonstrate that the proposed method can effectively detect
all categories of operational failure risks in the test distribution net-
work equipment. The detection results are consistent with actual
conditions and allow early risk warning based on the detection out-
comes. The Kappa coefficient of the detection results reaches above
0.9, the coverage rate is close to 100%, and the average bandwidth

remains below 0.8, indicating high detection accuracy and coverage.
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1. Introduction

Distribution network equipment operation faults of var-
ious types included disconnection, short circuit, ground-
ing, overload, and other line faults, as well as faults in
transformers, circuit breakers, distribution cabinets, and
other equipment [1]. When these faults occurred during
the operation of the distribution network, power outages
may result, causing inconvenience and economic losses to
users [2]. Simultaneously, distribution network equipment
may undergo aging and damage, leading to reduced per-
formance and service life, which adversely affects the safe
and stable operation of the entire power grid [3]. Fault
risk detection for distribution network equipment was es-
sential to avoid these problems and ensure power grid sta-
bility. To identify and address fault risks during distri-
bution network operation, appropriate methods were re-
quired to guarantee detection accuracy and efficiency [4].
Through real-time monitoring and detection of distribu-
tion network equipment, potential faults could be identi-
fied and resolved promptly to prevent their occurrence or
escalation, thereby ensuring grid safety and stability [5].
Based on real-time monitoring results, equipment failure
points could be quickly located during fault events, emer-
gency response procedures could be activated, and effec-
tive measures could be taken to isolate fault areas, min-
imizing the impact on grid-wide operation. This process
provided critical data support for future grid maintenance
projects requiring precision investment [6]. Additionally,
timely fault detection and repair helped to shorten outage
durations, reduce affected areas, improve power supply re-
liability, and decrease economic losses experienced by users
due to power outages [7].
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At present, research on this aspect has included the se-
ries DC (Direct Current) arc fault detection method 8]
proposed by Xiu, Y, and others. This method used the
graphical information of the target arc to build a micro-
grid linear system model. With the power supply and load
of the model as inputs, an unknown input observer net-
work was constructed, through which fault lines could be
identified. This method employed an unknown input ob-
server to detect series DC arc faults in DC microgrids, ac-
curately capturing weak signal changes when an arc fault
occurs, thereby improving detection sensitivity and accu-
racy. However, the detection performance of this method
depended heavily on the accuracy of the system model. If
a significant deviation existed between the system model
and the actual system, the detection accuracy and reli-
ability may be compromised. Current research in this
field has also included the distribution network fault lo-
cation method [9] proposed by Zhao, M. et al., extract-
ing measured feature vectors from distribution lines and
using these vectors as inputs to a deep convolutional neu-
ral network model for classifying distribution network line
faults. This method enabled automated processing and
reduced the need for manual intervention and human er-
rors. However, in practical applications, this method often
suffers from insufficient training data, and the deep con-
volutional neural network model used is overly complex,
making it prone to overfitting and exhibiting poor gener-
alization capability. Noushin, D. et al. studied an early
fault diagnosis method for distribution lines [10]. They
used CoroCam 6D2 ultraviolet imaging technology to ac-
quire ultraviolet and visible light video data of distribu-
tion lines. The observation distance, gain of the imager,
air pressure, and humidity were considered as effective pa-
rameters for characterizing the discharge area of distri-
bution lines in the video data. Video frames were ex-
tracted at a specified rate based on the nominal voltage
of the line. The extracted video frames were input into
a Faster R-CNN (Faster Region-based Convolutional Neu-
ral Network) model. Line faults were detected in each
video frame, enabling fault diagnosis. The UV (Ultravio-
let) imaging technology used in this method did not require
direct contact with operating equipment, did not affect
the normal operation of the power system, and eliminated
the need for power outage detection, thereby improving
convenience and security. However, environmental factors
such as temperature, humidity, and altitude influenced the
corona discharge intensity in UV imaging technology. Ab-
solute calibration of the detection results was difficult in
practical applications, which could lead to significant vari-
ations under different environmental conditions, affecting
diagnostic accuracy. Ahmadi, H. et al. studied a clas-
sification method for transformer short-circuit faults [11].
This method classified transformer short-circuit faults by
constructing a three-phase voltage-current difference tra-
jectory curve of the transformer. The trajectory curve
changes and the number of terminals were monitored in
real-time, combined with the finite element method. The
finite element method accurately solved the electromag-
netic field distribution and electromagnetic parameters in-

side the transformer through fine mesh generation and nu-
merical calculation, aiding in the precise diagnosis of fault
types and locations. However, the finite element method
required fine mesh generation in the solution space, ne-
cessitating the solution of a large number of algebraic
equations. This resulted in substantial computational bur-
den, high resource requirements, and increased time costs,
thereby reducing the timeliness of transformer fault classi-
fication and detection.

Digital twin technology was an innovative method based
on digital technology. It created a corresponding vir-
tual representation, called a ”digital twin”, by implement-
ing comprehensive digital modeling of physical entities
or systems [12]. A digital twin refers to the integration
of multi-disciplinary, multi-physical quantity, multi-scale,
and multi-probability simulation processes. It utilized
physical models, sensor updates, operational history, and
other data to complete mapping in virtual space, thereby
reflecting the entire life cycle process of the correspond-
ing physical equipment [13]. SVM was a powerful su-
pervised learning algorithm mainly used for classification
and regression tasks [14]. As a generalized linear classi-
fier, it performed binary classification of data according
to supervised learning, with its decision boundary being
the maximum-margin hyperplane for learning samples [15].
SVM implemented classification by finding the optimal
boundary between data points. This boundary, called a
hyperplane, maximized the margin between different cat-
egories. SVM mapped data to a high-dimensional space
through kernel functions, enabling it to handle nonlinear
classification problems. SVM offered advantages including
high efficiency, capability to handle nonlinear problems,
strong robustness, and good interpretability [16].

In summary, this study combines digital twin technol-
ogy and SVM to investigate a risk detection method for
distribution network equipment operation faults based on
risk characteristics.

2. Distribution Network Equipment Operation
Fault Risk Detection Methods

2.1 Dynamic Modeling of Distribution Networks

The digital twin technology is used to construct a ”time-
space-state” multidimensional distribution network dy-
namic model. This model integrates temporal, re-
gional, meteorological, future grid planning information,
and equipment operational data, covering ”planning-
construction-operation” multi-temporal aspects [17]. The
model realizes dynamic simulation of the distribution net-
work’s entire lifecycle and provides more comprehensive
and accurate data support for detecting operational fault
risks in distribution network equipment. The dynamic
model of the distribution network constructed based on
digital twin technology is shown in Figure 1.

The dynamic model of the distribution network con-
struction mainly comprises three parts: the physical
model, the Bus/Breaker model, and the calculation model,



Data grid i
Physical model !

The Bus/Breaker i

) model |
v i

Topological
mapping

» Calculation model |€———

_____________________________________________

services

Figure 1. Dynamic Model of Distribution Network

along with the topological mapping relationships among
these components [18]. The description of each part is as
follows:

(1)

Physical model: The distribution network node/switch
model describes the parameters and connection rela-
tionships of physical equipment in the distribution net-
work, including switches, transformers, and other de-
vices. This model corresponds to the measurement
information from the data acquisition and monitor-
ing system, as well as the switch setup information.
It maps the real-time operational status of the actual
physical equipment in the distribution network.
Bus/Breaker model: The online analysis data model
contains state estimation results. This model is gen-
erated by the control cloud system from D5000 or QS
files in CIM/E format.

Calculation  model: The distribution network
bus/branch model is generated from the PSASP
file, which contains the basic data of distribu-
tion network equipment, such as buses, branches,
transformers, and generators. This model provides
real-time distribution network power flow section
data and enables simulation analysis of distribution
network equipment based on in-memory computing.
The calculation model is shown in Figure 2.

The calculation model employs an object-oriented
modeling approach. The distribution network is repre-
sented as a graph object. Bus objects serve as vertex
objects that connect groups of branch objects. Branch
objects function as edge objects, with each branch con-
necting two bus objects at its terminals. The network
acts as the object container for the distribution net-
work diagram, allowing the definition of bus vertex
objects and branch edge objects. These components
collectively form a network diagram model suitable for
distribution network simulation calculations and anal-
ysis.

Mapping relationship: The topological analysis estab-
lishes mapping and automatic collaborative updating
relationships among the physical model, Bus/Breaker
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Figure 2. Calculation Model of Distribution Network Dy-
namic Model

model, and computing model. To obtain an ac-
curate dynamic distribution network model, auto-
matic updates to the calculation model are required
when the operational status of the distribution net-
work’s physical equipment changes. The calculation
model update implementation scheme uses physical
model updates as triggering events. The complex
event-processing engine subscribes to these model up-
date events and coordinates corresponding calcula-
tion model updates. Physical model updates incor-
porate load analysis and state perception of distribu-
tion network equipment. These updates fully consider
temporal, regional, climatic, and other external fac-
tors to implement dynamic adjustments. This pro-
cess produces a dynamically updated distribution net-
work model that maintains consistency with the tar-
get distribution network throughout its lifecycle and
accurately mirrors the real-time operational status of
the distribution network and equipment. The physi-
cal model updates in real-time when reading changed
operational measurement information from distribu-
tion network equipment. Concurrently, the calculation
model updates through topology mapping, achieving
real-time distribution network ”mirroring”. This en-
ables accurate real-time acquisition of equipment pa-
rameters, operational statuses, defects, potential haz-
ards, weather data, historical fault records, and main-
tenance records. These capabilities establish founda-
tions for subsequent distribution network equipment
operational fault risk detection.

During the process of updating the physical model, ex-
ternal influencing factor data and equipment state percep-
tion data are relatively easy to obtain through measuring
devices and sensor equipment. Load analysis data of distri-
bution network equipment proves more difficult to acquire.
This study combines the exponential smoothing method to
obtain load prediction data for distribution network equip-
ment. The exponential smoothing method extrapolates
from historical load data of distribution network equip-



ment. Equipment load forecast data are obtained through
this method. The exponential smoothing method essen-
tially functions as a moving average technique. It primar-
ily depends on the algorithm assigning weights to historical
load data. The weights for recent historical load data of
distribution network equipment are set greater than those
for long-term historical data. The quadratic exponential
smoothing algorithm is selected to implement probabilistic
load forecasting for distribution network equipment. The
load forecasting process using the quadratic exponential
smoothing algorithm follows these steps:

(1) For raw historical load data U of distribution network
equipment, implement primary exponential smoothing
to obtain a primary exponential smoothing result Ut(l)
for such historical load data.

(2) On this basis, after the quadratic exponential smooth-
ing operation, the quadratic exponential smoothed se-
ries Ut@) of such historical load data is obtained. The
equation for the quadratic exponential smoothing op-
eration is:

{Ut(l) = Ut(i)l(l —¢) + gar
U = U2, (1 - ) + o}

In Equation (1), ¢ denotes the smoothing coefficient,
where 0 < ¢ < 1, and a; indicates the load value of
the distribution grid equipment at time period ¢, with
t=1,2,...,T, where T indicates the total number of
periods for which equipment loads are forecasted. Uy
represents the load data for the t-th period, which is
used to predict the value of the equipment load for the
(t+1 )-th period.

(3) Calculate the intercept and slope of the load forecast-
ing line in the quadratic exponential smoothing oper-
ation, both of which can be expressed as:

e =20 — U
dy=¢ (U =02 /(1 - 9)

In Equation (2), ¢; and d; represent the intercept and
slope of the load forecasting line.

(4) Based on the calculation results obtained from Equa-
tion (2), the load forecast value of the distribution net-
work equipment for the next K years can be obtained.

(2)

AT+K:CT+dTK,K:1,2,...,M (3)

In Equation (3), M represents the projected future
lifespan of the distribution network equipment.

2.2 Extraction of Key Risk Characteristics of Dis-
tribution Network Equipment Operation Fail-
ure Based on Randomized Lasso Regression.

Through the analysis and preprocessing of operational
data obtained from the dynamic model of the distribution
network, the fault characteristics of distribution network
equipment can be classified into four categories: fault fac-
tors, external factors, self-factors, and operational factors,

comprising a total of 24 characteristics as shown in Table
1.

Combined with the Randomized Lasso regression algo-
rithm, the key features of the operational failure risk of
distribution network equipment are extracted from these
operational failure features to form a key risk feature set.
Lasso regression is an extension of linear regression. It
achieves the selection of key risk characteristics of equip-
ment operational failure by adding an L1 regularization
term, which can reduce the coefficients of some risk char-
acteristics to zero while fitting data to accomplish the pur-
pose of selecting key risk characteristics [19]. The opera-
tional fault characteristics of distribution network equip-
ment belong to high-dimensional features, and the compu-
tational complexity of Lasso regression in high-dimensional
feature operations may be high. It is necessary to intro-
duce randomization to reduce the dimensionality of such
high-dimensional characteristics and improve the efficiency
of selecting the key risk characteristics of the equipment.
For this reason, this study selects the Randomized Lasso
regression algorithm, which projects the high-dimensional
features of distribution network equipment operational
faults into a low-dimensional space by constructing a ran-
dom matrix to generate a random projection feature ma-
trix. In addition, the Lasso regression model is applied
to select key risk characteristics of equipment in the low-
dimensional space after random projection [20]. The key
risk characteristics extraction process of distribution net-
work equipment operational failure based on the Random-
ized Lasso regression algorithm is as follows:

(1) Let the multiple linear regression model satisfying the
classical assumptions be as follows:

B=p+as (4)

In Equation (4), a denotes the objective function of the
regression model; u represents the coefficients of each
residual in the model, which are independent and iden-
tically normally distributed;s denotes the fault charac-
teristics of the distribution network equipment opera-
tion. Thus, the response variable of this regression
model is:

B~ L (as, 1*Q) (5)

In Equation (5), L indicates the number of response
variables; ) denotes the unit matrix. The objective
function of this underlying regression model is:

i (127 2418) o

By taking the objective function of Equation (6) to
its extremes, the ordinary least squares estimation is
obtained as follows:

o =s's7's'B (7)

(2) Assuming that the rows and columns in the distribu-
tion network equipment operation fault risk character-
ization matrix are denoted as w and o, respectively, if



Table 1

Classification of Distribution Network Equipment Operation Fault Characteristic Variables

Feature type Feature name Characteristic variable
Monthly average feeder load sl
Average time of fuse operation s2
Average operation time of sectional cable s3
Operational factor  Average operating time of load switch sd
Average operation time of branch lines sH
Average operation time of transformer s6
Average service time of insulated conductors s7
Number of transformers s8
Number of fuses s9
Length of segmented insulated conductors s10
Self factor type Number of segmented insulated wires s11
Cable length s12
Number of feeder branch lines s13
Mean monthly temperature sl4
Mean monthly precipitation s15
Extreme high temperature s16
External factor type Extreme low temperature s17
Month gale day grading s18
Monthly thunderstorm day classification s19
Daily precipitation classification s20
Total loss of load s21
Monthly number of failures s22
Fault factor type Feeder substation s23
Down time s24

w < o, it indicates that the sample size of distribution
network equipment operation fault risk characteristics
is smaller than the number of explanatory variables.
At this time, rand (s's) < rank(s) < w, where (s's) is
a squares of o line o columns. Due to the non-existence
of ( s's ) in this case, ordinary least squares estima-
tion cannot be implemented. Therefore, by adding the
L1 regularization term to Equation (6), the objective
function of the Lasso regression model is constructed
as follows:

(1B - as|3 7Ha||1>
mé“( 2 T3 ®

Here, v denotes the penalty parameter, which is pos-
itively related to the penalty intensity. ||«||; denotes
the L1-norm, satisfying |||y = |oa| + |ag|+ -+ |az]-
In Equation (8), the first term within the parenthe-
ses is the loss function, which measures the regression
model’s fitting performance on the equipment oper-
ation data; the second term is the penalty function,
which compresses the coefficients of some insignificant
equipment risk features to zero.

Therefore, the key risk feature selection in the Lasso
regression model can be determined by whether the
risk feature coefficient is zero.

§={i:a;#0} (9)
In Equation (9), S c {1,---,q} represents a random
projection feature set that enters the Lasso regression

model after feature selection, where ¢ denotes the num-
ber of features in the set.

In the random projection feature matrix of Equa-
tion (9), by optimizing Equation (8), the Randomized
Lasso regression constraint equivalent to Equation (8)
can be obtained as follows:

{ win, (125 o

st flally <n

In Equation (10),  denotes the constraint parameter
corresponding to the penalty parameter ~, which is
negatively correlated with the penalty intensity. The
optimal solution, i.e., the key risk characteristics of the
operational faults of the distribution network equip-
ment, can be obtained by utilizing Equations (8) and
(10), and the key risk characteristic set S is con-
structed. The key risk features are ranked by assigning
weights to each key risk feature in the resulting set.

2.3 Distribution Network Equipment Operation
Fault Risk Detection Based on Key Risk
Characteristics and LSSVM

Taking the set of critical risk features for operational fail-
ures of distribution network equipment after the weight
ordering in the previous section, denoted as S, as an in-
put, the LSSVM model is used to construct a detection
and early warning model for the operational failure risk of



distribution network equipment to achieve real-time and
accurate monitoring and warning of such risks. In the
LSSVM model, the least-squares linear system is employed
as the loss function to accelerate the solution process of
nonlinear function estimation and improve the operational
efficiency of the overall risk detection and early warning
model. The key risk feature set S of distribution network
equipment is divided into N groups of feature samples,
ie, {(x1,91),(z2,92), -, (xN,yn)}. Through LSSVM,
the regression problem of SVM for these feature samples
is transformed into a convex optimization problem as de-
scribed in the following equation:

N 2
: R A S
vgr,lgl,r}éw’f)_ y * 2 (11)

st. o ()4 g=vy;— f5,i=1,2,---, N

In Equation (11), f; denotes the error variable; A denotes
the regularization parameter, which adjusts the accuracy
and generalizability of the LSSVM model to avoid over-
fitting; ¥ denotes the normal vector to the hyperplane;
g indicates the bias term; 0 represents the hyperplane;
and o denotes the nonlinear transformation function of the
LSSVM model. To avoid the computational challenges in
high-dimensional space, the Lagrangian method is gener-
ally employed to solve the problem, and the solution equa-
tion is as follows:

N
Lagrange (9,9, f,8) = 6(9, /)= _ 8; {0 o (z;) + g+ f; — s}
j=1

(12)

In Equation (12), 8 = [81,02, - ,BN]T denotes the

Lagrange multiplier. Combined with the duality theory,

Equation (12) can be transformed into the following ma-
trix form:

Q0 0 —o][9 0
00 0 1T ||g] o
00X Q|| F|7 10 (13)
c 1 @ 0 B Yy

After eliminating the variables ¥ and f in the equation,
the following system of equations can be obtained:

0 17T g] [0
1 Q+>\*1QHB _{y} 14
In Equation (14), ;; = O’((Ej)T + o(x;),i =

1a25"' aNa and Yy = (?/17y27"' 7yN)T~

After calculating the values of parameters g and g using
Equation (14), the estimated prediction function for the
feature sample x is:

N
h(z) =Y g+ P (z,2;)B; (15)
j=1

In Equation (15), P (z,z;) denotes the kernel function.
The kernel function used in this paper is the Gaussian
radial basis function, expressed as:

P(z,x;) =exp {'2”2]”} (16)
In Equation (16), v denotes the kernel width of the ker-
nel function.
The fault risk detection process of the distribution net-
work equipment operation based on the LSSVM model is
as follows:

(1) The LSSVM model is constructed using the least
squares method;

(2) The key risk feature set S of distribution network
equipment extracted by the Randomized Lasso regres-
sion algorithm is divided into N groups of feature sam-
ples {(x1,91), (z2,92), -+, (xN,yn)}, which are used
as input to the LSSVM model to train the model;

(3) During the training process, using the selected Gaus-
sian radial basis kernel function P (x,x;) with the reg-
ularization parameter A, optimize the performance of
the LSSVM model;

(4) The real-time operation data of the distribution net-
work equipment collected by the distribution network
dynamic model are input into the trained and opti-
mized LSSVM model, and the operational failure risk
classification results of the equipment are obtained;

(5) Based on the results of risk classification, the real-time
operating status of distribution network equipment
is determined, potential operational failure risks are
timely detected, and early warnings are issued to re-
alize equipment operational failure risk detection and
warning.

Multi-parameter estimation significantly improves the
lag problem of traditional single-parameter control by in-
tegrating multidimensional real-time data. Traditional
methods only monitor a single parameter, while multi-
parameter estimation simultaneously analyzes various
characteristics such as equipment load, environmental fac-
tors, and historical failures, forming a dynamic collab-
orative evaluation system. The multidimensional model
established through digital twin technology achieves real-
time updates of topology mapping relationships, enabling
the system to perceive the coupling risk of temperature
spikes and insulation aging in advance. The random re-
gression method further screens key features, combined
with the kernel function of SVM, to reduce the response
delay from minutes to seconds. This multi-dimensional
parameter coupling analysis effectively overcomes the per-
ception blind spot of single-parameter systems for compos-
ite faults. The system achieves early warning and precise
positioning of potential risks by comprehensively consid-
ering the mutual influence of various factors, significantly
improving the reliability and safety of the power system.

3. Analysis of Experimental Results

Using the distribution network in Zhengding County as
an example, this method is employed to detect the opera-
tional failure risk of distribution network equipment. The



application effectiveness of this method is evaluated based
on actual detection results. Zhengding County belongs to
Shijiazhuang City, Hebei Province, and is located in the
central area of Shijiazhuang, with a total area of 486 km?.
It features a temperate monsoon climate with distinct con-
tinental monsoon characteristics and four distinct seasons.
The distribution network in Zhengding County is operated
by the State Grid Zhengding County Power Supply Com-
pany and serves as part of a comprehensive demonstration
project for a new type of power system that aims to pro-
mote the transformation and upgrading of traditional en-
ergy resources through an innovation-driven development
strategy. It enhances the capabilities of ”station, line,
transformer, household” hierarchical classification and in-
tegrated ”source, network, load, storage” scheduling, en-
abling the visualization, measurement, adjustment, and
control of second-level photovoltaic distributed power sup-
ply, energy storage, and user load. The Zhengding County
distribution network is shown in Figure 3.

Figure 3. Experimental Positive Definite County Distribu-
tion Network

A set of experimental visualization platforms is con-
structed to clearly demonstrate the application effective-
ness of this method. The platform is based on a dynamic
map of the distribution network in Zhengding County, and
the multi-dimensional and multi-state operational data of
experimental distribution network equipment are superim-
posed in a hierarchical manner to realize the visualization
of the results of detecting and early warning of the oper-
ational failure risk of experimental distribution network
equipment using the method proposed in this paper in
real time. The effectiveness of the constructed experimen-
tal distribution network equipment detection visualization
platform is shown in Figure 4.

The experimental dataset consists of collected and or-
ganized data related to the equipment operation of the
experimental distribution network from January 2021 to
December 2022. The experimental dataset is randomly
divided into training and test datasets, where the train-
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Figure 4. Experimental Visualization Platform

ing dataset is used to train and continuously optimize the
risk detection model of the proposed method, while the
test dataset is employed to evaluate the risk detection and
early warning effectiveness of the method presented in this
study. First, the method used in this study utilizes digi-
tal twin technology to construct a dynamic model of the
experimental distribution network, and the construction
result is shown in Figure 5.

Figure 5. Digital Twin-based Dynamic Model of the Ex-
perimental Distribution Network Constructed by the Pro-
posed Method.

The key risk characteristics of the distribution net-
work equipment operational failures extracted using the
methodology of this study are listed in Table 2.

It can be seen from Table 2 that the number of key risk
characteristics of operational failure of distribution net-
work equipment extracted by the method in this study
is 19, and five risk characteristics of s10, s11, s12, s13,
and s 15 corresponding to the length of sectional insulated
conductors, the number of sectional insulated conductors,
cable length, the number of feeder branch lines, and the
monthly average precipitation are excluded. The weight
values of the 19 extracted key risk characteristics are shown
in Figure 6.



Key Risk Characteristics of Distribution Network Equipment Operation Failure Extracted by the Proposed Method

Feature type Feature name

Characteristic variable

Monthly average feeder load sl
Average time of fuse operation s2
Average operation time of sectional cable s3
Operational factor Average operating time of load switch sd
Average operation time of branch lines s5
Average operation time of transformer s6
Average service time of insulated conductors s7
Number of transformers s8
Self factor type Number of fuses s9
Mean monthly temperature s14
Extreme high temperature s16
Extreme low temperature s17
External factor type Month gale day grading s18
Monthly thunderstorm day classification s19
Daily precipitation classification s20
Total loss of load s21
Monthly number of failures s22
Fault factor type Feeder substation s23
Down time s24

S1 S2 S3 S4 S5 S¢ S7 Sg So Si14 Si6 S17 S18519 S20 S21 S22 S23 S24
Eigenvector symbol

Figure 6. Weight Values of Key Risk Characteristics

After the optimization training of the detection model of
this study through the experimental training dataset, the
method proposed in this study is applied to detect the op-
erational failure risk of the experimental distribution net-
work equipment. Taking the transformer equipment in the
distribution network as an example, the detection results
of the proposed method are presented. The operational
failure risk of the transformer can be classified into four
types: high-energy discharge risk, low-energy discharge
risk, high-temperature overheating risk, and medium-low-
temperature overheating risk. Using the detection results
obtained by the method of this study from January to
December 2022 as an example, the detection results are
compared with the actual failure risk of transformers in
each month, and the performance of the proposed method
is evaluated, as shown in Table 3, with the results summa-

rized as follows.

As can be seen from Table 3, the method proposed in this
paper can detect various types of operational failure risks
in experimental distribution network transformer equip-
ment, and the detection results are fully consistent with
the actual situation, enabling risk early warning based on
the detection results. The early warning results are accu-
rate and unbiased.

Kappa statistical index, detection interval coverage in-
dex, and detection interval average bandwidth index are
selected as evaluation metrics to assess the detection per-
formance of the proposed method. The description and
operation of each index are as follows:

(1) Kappa statistical index: This index is used to eval-
uate the agreement between the detection results of
the proposed method and the actual situation, which
is calculated from the values in the error matrix. A
higher value indicates greater accuracy of the detec-
tion results. Let the error matrix used in the calcu-
lation of the Kappa statistical index be an m, x m,.
matrix, where m, denotes the number of classifica-
tions. The rows of this matrix represent the reference
classification categories, the columns represent the de-
tected categories, and the diagonal elements represent
the number of detection samples where the reference
classification exactly matches the detection category
obtained by the proposed method. The equation is:

(M, 30520 @i — iy Tilti]
(M2 =370 2]

In Equation (17), w denotes the number of rows in

the error matrix; xz;; indicates the value in row ¢ and

column 4, i.e., the value on the main diagonal; Z; indi-

cates the sum of the i-th row; Z; indicates the sum of

the i-th column; and M, indicates the total number of

Kappa = (17)



Table 3

Comparison Between the Detection Results of Transformer Operation Fault Risk Obtained by This Method and the Actual

Situation

Month Actual situation The method in this paper detects the results Early warning or not
January Risk-free Risk-free No
February Risk-free Risk-free No
March Risk of moderate and low temperature overheating Risk of moderate and low temperature overheating Yes
April Risk of low energy discharge Risk of low energy discharge Yes
May Risk-free Risk-free No
June Risk-free Risk-free No
July High energy discharge risk High energy discharge risk Yes
August High temperature overheating risk High temperature overheating risk Yes
September  Risk of low energy discharge Risk of low energy discharge Yes
October Risk of low energy discharge Risk of low energy discharge Yes
November  Risk-free Risk-free No

Risk of moderate and low Risk of moderate and low Yes
December  temperature overheating temperature overheating Yes
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Figure 7. Comparison of Evaluation Index Values for Detection Results Across Different Methods

tested samples. The value range of Kappa is [0, 1].
Detection interval coverage index: This index is used
to evaluate the reliability of the detection interval ob-
tained by the proposed method, reflecting the prob-
ability that the actual value falls within the upper
and lower boundaries of the detection interval. Let
Picp denote the indicator of detection interval cover-
age, which is defined as:

(2)

M. .
Picp = Lﬂl 2
(18)
0,2; € [ﬁi,ffi]
v =

1,5'81' S [ZA)Z, Ul]

In Equation (18), &; indicates the i-th real value; D;
and U; denote the lower and upper bounds of the detec-
tion interval, respectively; and ; indicates the prob-
ability that the actual value ¢ falls within the upper
and lower bounds of the detection interval.

Detection interval average bandwidth metric: This
metric, when combined with Picp, enables a com-
prehensive evaluation of the performance of the pro-
posed method. For the same value of index Picp, a
lower value of the detection interval average bandwidth

metric indicates a narrower detection interval width,
meaning higher clarity of the detection results. Let
Pinaw denote the average bandwidth metric of the de-
tection interval, which is defined as:

M, (7 ~
ity (Ui - Di)
M, ¢
In Equation (19), ¢ indicates the variation interval of
the detection target value, which is used to apply nor-

malization to the average bandwidth.

Pinaw = (19)

To verify the superiority of the proposed method, the
observer-based fault detection method (method from ref-
erence [8]), the deep convolutional neural network fault
localization method (method from reference [9]), the UV-
visible video corona fault diagnosis method (method from
reference [10]), and the finite element-based fault detection
method (method from reference [11]) are selected as com-
parative methods. The evaluation index values of various
methods for the experimental distribution network equip-
ment operational failure risk detection results from Jan-
uary to December 2022 are compared, and the comparison
results are shown in Figure 7.

It can be concluded from Figure 7 that, in comparison,
the Kappa index values and picp index values of the pro-
posed method, the deep convolutional neural network fault



Table 4
SOC Balance, Response Time, and False Positive Cost Savings Results

Diagnosis method for UV Fault detection method based
visible video corona fault on finite element method

Test metrics Proposed method

SOC balance mean (%) 82.5 + 3.2 88.2 + 2.1 95.6 + 1.3
Range of fluctuation (%) 75.4 - 86.7 83.5-91.8 92.1 - 97.8
Response time 95% percentile (ms) 350 + 25 210 + 18 85+ 6
Maximum latency (ms) 420 255 102
False reporting cost savings rate (%) 15.3 + 2.4 28.7 + 3.1 452 £ 1.8
Annual savings (10000 yuan) 38.2 71.8 113.0
Table 5

Comparison of Test Results
Test scenario Time scale False alarm rate of ~ False alarm rate of ~ False alarm rate) Response

observer-based deep convolutional  of the method delay

fault detection neural network proposed in this

method (%) fault location paper (%)

method (%)

Photovoltaic power fluctuation Minute-level 8.2 7.8 1.5 3.28
Motor starting impact subsecond 12.6 10.3 0.8 0.5s
Composite fault of temperature  Hour level 15.4 14.9 2.1 8.7s
rise and overload
Transient interference caused by  Millisecond 6.3 8.9 0.3 0.1s

lightning strikes

localization method, and the UV-visible video corona fault
diagnosis method for detecting operational failure risks of
various equipment in the experimental distribution net-
work are higher, indicating that the detection results of
these three methods are more accurate and the reliability
of the obtained detection intervals is also higher. How-
ever, compared with the other two methods, the two index
values of the proposed method are slightly higher, with al-
most all Kappa index values exceeding 0.9 and picp index
values approaching 100%. In addition, the Pinaw index
values of the proposed method are significantly lower than
those of the two comparative methods, indicating that the
detection intervals of the results obtained by the proposed
method are narrower, closer to the real situation, and more
clearly presented.

The testing of SOC balance, response time, and false
alarm cost savings rate is critically necessary for the risk
detection of operational failures in distribution network
equipment. The SOC balance directly reflects the stabil-
ity of the charging and discharging states of the energy
storage system, and its testing ensures the continuity of
energy supply during fault detection, avoiding detection
failures caused by power fluctuations. The response time
determines the system’s ability to quickly respond to sud-
den faults, especially in complex distribution network con-
ditions where millisecond-level delays may cause cascad-
ing failures. The false alarm cost savings rate quantifies
the economic benefits resulting from improved detection
accuracy, including reduced unnecessary downtime losses,
lower manual troubleshooting costs, and avoided equip-
ment misoperation losses. These three indicators respec-
tively validate the practical application value of the fault
detection scheme from three dimensions: system reliabil-
ity, real-time performance, and economic efficiency, and
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all are indispensable. The performance of the proposed
method, along with the UV-visible video corona fault diag-
nosis method and the finite element-based fault detection
method, in terms of SOC balance, response time, and false
alarm cost savings rate, is shown in Table 4.

Data analysis shows that the method proposed in this ar-
ticle demonstrates significant technical advantages across
all indicators. The SOC balance not only reaches an aver-
age of 95.6%, but also maintains fluctuations within a 5.7%
range, significantly exceeding industry benchmark require-
ments. The 95" percentile response time is 85 ms, with
a maximum delay of only 102 ms, fully meeting the real-
time requirements of distribution network operations. Re-
garding false alarm costs, the proposed method achieves a
savings rate of 45.2%, resulting in an annual cost reduc-
tion of 1.13 million yuan and substantial economic ben-
efits. The stability metrics (& values) for all indicators
are superior to those of comparative methods, indicating
enhanced robustness of the proposed approach. The com-
prehensive evaluation demonstrates that the method ef-
fectively balances system stability and economic efficiency
while maintaining high accuracy, showing significant value
for engineering applications.

The complexity and dynamism of modern power systems
require fault detection methods to possess multi-time-scale
adaptability and strong anti-interference capability. The
intermittent output of renewable energy sources - such as
photovoltaic and wind power fluctuations - may introduce
voltage or frequency disturbances ranging from seconds to
minutes, while abrupt load changes, such as the switching
of large industrial equipment, may lead to current step
variations. Moreover, composite faults (e.g., high tem-
perature combined with overload) involve multi-parameter
nonlinear coupling, whereas conventional single-parameter



detection is prone to misjudgment due to parameter sensi-
tivity imbalance. Therefore, this experiment simulates var-
ious dynamic scenarios to validate the reliability of the pro-
posed method across multiple time scales and under com-
plex disturbance conditions. The test results of the pro-
posed method, the observer-based fault detection method,
and the deep convolutional neural network-based fault lo-
calization method under different scenarios are presented
in Table 5.

As shown in Table 5, the proposed method exhibits sig-
nificant advantages across all test scenarios. Compared
with the observer-based method and the deep convolu-
tional neural network approach, the proposed method sig-
nificantly reduces the false alarm rate, achieving only 1.5%
in photovoltaic fluctuation scenarios - much lower than the
7.8% and 8.2% of the other two methods. For composite
faults and transient interference, the false alarm rates are
controlled at 2.1% and 0.3%, respectively, demonstrating
excellent capability in handling nonlinear coupling. The
response speed is also remarkable, with detection delays for
second-level and millisecond-level events controlled within
0.5 s and 0.1 s, respectively, verifying its adaptability to
multiple time scales. Overall, the proposed method outper-
forms existing technologies in terms of accuracy, stability,
and real-time performance.

4. Conclusion

During the operation of distribution network equipment,
faults may occur due to various reasons, which can af-
fect the equipment’s performance and service life, and may
even lead to blackout accidents, thereby impacting the se-
cure and stable operation of the power system. In this
study, a risk detection method based on a support vec-
tor machine (SVM) and risk features is investigated for
distribution network equipment operation. By using dig-
ital twin technology to obtain a real-time dynamic model
of the distribution network, comprehensive and accurate
lifecycle operational data of the equipment are acquired.
Key risk features associated with operational faults are
extracted from these data and used as input to construct
an SVM model for fault risk classification. Taking the dis-
tribution network in Zhengding County as an example, the
real-time dynamic modeling performance, feature extrac-
tion effectiveness, and the final detection and early warning
capability of the proposed method are validated through
practical application. The classification results of fault
risk categories are consistent with actual situations, and
the method can accurately warn against various types of
fault risks. It ensures effective detection and early warning
capabilities for operational failure risks in the Zhengding
County distribution network, and meets the requirements
for secure and stable grid operation as well as precise in-
vestment planning for future overhaul and technical reno-
vation projects.
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