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ABSTRACT Heavy rains pose a great threat to the reliable and secure power supply of urban distribution
networks. A knowledge-informed data-driven resilience assessment approach is proposed to evaluate urban
distribution networks’ abilities to resist heavy rains. Firstly, the rainstorm waterlogging process is simulated
to obtain the rainstorm intensity and rainfall process, providing the input for the data-driven model. Then,
input variables are grouped guided by expert knowledge, and a dynamic and static data-driven model is
constructed to predict the line outages based on historical data. Finally, the Monte Carlo simulation method
integrated with the data-driven model is developed to assess the resilience of urban distribution networks and
the number of line outages is selected as the evaluation metric. The effectiveness of the proposed method is

sufficiently validated by the historical data of an urban distribution network.

INDEX TERMS Data-driven, resilience, assessment method, heavy rains, distribution network.

I. INTRODUCTION

In recent years, extreme natural disasters which occur fre-
quently have seriously affected people’s daily life and the
safe operation of power system. The 2008 southern China ice
disaster hit more than 20 provinces and left hundreds of towns
without power. In 2012, Hurricane Sandy caused massive
power outages in the eastern United States. Except for the ice
disaster and hurricane, rainstorm has also seriously affected
people’s lives. In July 2021, an unusually heavy rainstorm
occurred in Henan Province, leading to severe waterlogging
in several cities and heavy economic losses and casual-
ties [1]. In July 2022, heavy rainfall hit Zhengzhou again,
causing water flooding in many roads, posing challenge to
the safety of urban power supply. In May 2023, 10 coun-
ties in Chinese Jiangxi province have been hit by heavy
rainstorms, resulting in swollen rivers and flooded farmland.
Large-scale urban waterlogging has affected 536,000 people
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and caused a number of transmission lines were damaged.
Power outages caused by heavy rainstorms have exposed the
weakness of the power system’s ability to cope with low
probability and high impact events [2]. Therefore, an effective
resilience assessment of the power distribution network’s
ability to withstand rainstorms will be meaningful to prevent
and reduce losses [3].

However, there are relatively few studies on the resilience
evaluation of distribution network for rainstorm disaster at
home and abroad. The existing studies mainly focus on
disaster science and urban safety. At present, some studies
use uncertain methods to assess the flood disaster risk, such
as fuzzy mathematics method and gray system method [4],
[5], [6]. Some studies also use GIS technology to build
storm flood simulation model and loss assessment model [7],
[8]. Most of the above studies require detailed geographic
information data and hydrological information, etc. The
established models mainly reflect the loss at the social and
economic level, but can’t reflect the impact of rainstorm
and waterlogging on the urban distribution network, nor
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the dynamic evolution process of rainstorm and waterlog-
ging. Urban rainstorm waterlogging disaster is the result of
the disaster causing factor’s risk and disaster undertaker’s
vulnerability. Disaster causing factor risk refers to disaster
intensity and occurrence probability. Vulnerability refers to
the resistance ability of disaster affected body to disaster fac-
tors [9]. Problems to be solved are to determine the rainstorm
waterlogging model which can effectively describe rainstorm
intensity and the evaluation method which can reflect the
disaster situation of distribution network.

At present, there is no unified standard for the establish-
ment of rainstorm waterlogging model at home and abroad.
The current urban flood models include hydrologic model,
hydrodynamic model and simplified model [10]. Hydrologi-
cal model mainly includes Storm Water Management Model
(SWMM), University of Cincinnati Urban Runoff Model
(UCURM) and Illinois Urban Drainage Area Simulator
(ILLUDAS). Up to now, some studies use GIS technol-
ogy to conduct coupling modeling with SWMM [11], [12].
No matter what kind of hydrological model can’t provide
the flood dynamic process at the non-node of the model,
so it is not suitable to assess the resilience of the distribution
network. In order to improve the accuracy and credibility
of the model, some studies have proposed hydrodynamic
models [13], [14]. However, most of these models require
complex data, difficult modeling, and low computational effi-
ciency. Compared with the other two models, the simplified
model requires fewer data and is relatively simple, which can
simulate the spatio-temporal process of runoff. Zeng et al.
combined cellular automata model (WCA2D) with SWMM
model to rapidly simulate urban rainstorm waterlogging [15].
References [16] and [17] put forward a submergence model
applicable to large urban waterlogging area based on GIS
digital topographic analysis, which effectively simulates the
submergence range and submergence depth of the study area,
and provides scientific and technological support for disaster
warning and forecast.

In recent years, some achievements have been made in the
research of damage mechanism, risk assessment and counter-
measures of power system caused by extreme disasters [18].
However, the assessment and countermeasures of extreme
rainstorm disasters on urban distribution network are still in
the initial stage, and relevant studies are relatively few [19].
The existing research about distribution network disaster
assessment mainly focuses on typhoon disaster. The evalu-
ation methods can be divided into physical methods based
on disaster mechanism and data-driven methods based on
historical data. However, the disaster mechanism of extreme
disasters which is difficult to describe by definite explicit
physical laws is complex, so the application of physical meth-
ods is limited [20]. In recent years, with more and more data
collected from Electric power companies, data-driven meth-
ods have been applied to power system fault prediction under
typhoon disasters. Reference [21] applied the accelerated
failure time model to predict the downtime in the case of hur-
ricane and ice storm, and the model performance is compared
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with different combinations of input variables. Guikema et
al. employed a data mining method to predict the number
of customers without power based on meteorological data,
geographic data and power grid data [22]. Random forest
algorithm was applied in reference [23] to predict the number
of customers’ power outages and damaged poles. Compared
with traditional physical mechanism methods, data-driven
methods have advantages in prediction accuracy and scala-
bility [24], [25]. However, the existing data-driven methods
are not interpretable and can’t be directly applied to assess
the disaster bearing capacity of the distribution network.

Considering the shortage of existing research, this paper
proposes a knowledge-informed data-driven method to real-
ize urban resilience assessment under rainstorm disasters.
The main innovations of this paper include the following
points,

1) Propose a rainstorm waterlogging model aiming at the
rainfall condition of China.

2) Establish a two-channel model to predict transmission
line interruptions caused by rainstorms based on static and
dynamic data.

3) Integrate the data-driven line outage prediction model
with Monte Carlo simulation to implement the resilience
assessment of urban distribution networks under rainstorms.

The rest of the paper is organized as follows: Section II
designs the rainstorm waterlogging model. Section III illus-
trates the dynamic-static data-driven method. Section IV
explains the Monte Carlo simulation to assess the resilience
of distribution networks. Then, section V demonstrates the
developed method in an actual distribution network of a city
in southern China. Finally, section VI draws the conclusion.

Il. RAINSTORM WATERLOGGING MODEL

The urban rainstorm waterlogging disaster with features
of strong rain, short duration, linkage and mutability of
loss is mainly reflected in the rainfall process and the
runoff-producing with flow confluence process. In order to
better simulate the rainstorm, the rainstorm waterlogging
model is constructed according to three parts: the rainstorm
intensity, rainfall process and runoff-producing with flow
confluence.

A. RAINSTORM INTENSITY
Up to now, the expression form of the basic rainstorm inten-
sity formula in reference [26] is generally accepted,

_A(1+ClgP)
T (t+by

where A and C are the rainfall intensity parameter and inten-
sity changing parameter; Pis the rainfall return period (year);
b is the rainfall duration correction parameters; n is the
rainstorm attenuation parameter; gis the rainstorm intensity
(mm/min); #is rainfall duration (min).

According to the historical rainfall data in different regions,
the parameters of the rainstorm intensity formula are also
different [27], [28]. In this paper, the parameters based on the
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historical rainfall data of a city in southern China are available
on the public platform [29], and the final calculation formula
is as follows,
_ 21.6672(1 + 0.4381g P)
I (¥ 11.259)07%0

@)

B. RAINFALL PROCESS

There is no universally agreed rain pattern for the design
of rainfall processes. The existing rainfall process includes
uniform rain type, triangular rain type and Chicago rain type.
Among them, the calculated result of uniform rain pattern
is smaller than the actual precipitation and the peak flow
of the triangular rain type process is obviously affected by
the rainfall duration value [30]. According to the relationship
between intensity duration and frequency, the Chicago rain
type process can obtain the uneven rain pattern and simulate
the rainstorm well in most cities [31]. Therefore, in this paper,
the Chicago rain type is selected for the design of rainfall
process.

Compared with bimodal rainfall, unimodal rainfall is more
likely to cause heavy rain due to its rainfall concentration and
distribution network faults. Therefore, this paper focuses on
the unimodal rainfall. On the basis of calculating the rainfall
amount, the rainfall process is designed, and the designed
rainfall intensity at every moment during the rainstorm is
expressed as the pre-peak rainfall process and post-peak rain-
fall process respectively [26],

P kg = — A o
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where #; is the pre-peak duration; #, is the post-peak dura-
tion (min); g(t;) represents the rainfall intensity at the
pre-peak moment #{(mm/min); g(t;) represents the rainfall
intensity at the post-peak moment #;(mm/min); the values
of index A, b, and n are local experience parameters. r €
(0, 1) is the rain peak coefficient of rainstorm, represent-
ing the time of peak rainfall. The rain peak coefficient
of rainstorm divides the whole rainfall time series into
pre-peak time series and post-peak time series, whose value
is obtained by local rainfall data statistics. The following
figure shows the typical rainfall process of Chicago rainfall
type with 2h rainfall duration under four different return
periods.

Post — peak : q(ty) =

C. RUNOFF-PRODUCING WITH FLOW CONFLUENCE

After the rainstorm falls to the ground, part of the rainfall will
infiltrate into the ground and not participate in the process of
runoff producing with confluence. So, the remaining rainfall
will become the rainfall runoff generated by the rainstorm.
Rainfall runoff of the same intensity in different land types
is different as a result of different land types in cities have
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FIGURE 1. The schematic diagram of typical rainfall process of chicago
rainfall pattern.

different soil infiltration rates. In this paper, the rainfall which
deduct the runoff coefficient is used to simulate the flow
production.

The form of waterlogging caused by heavy rain is ““passive
inundation” that all points with elevation lower than the given
water level are included in the flood inundation area. There-
fore, in this paper, the equal volume method after rasterization
is adopted to calculate the water depth of flooded area [32].
The calculation formula of the equal volume method is as
follows,

N
W =" [Ey— Ei)] Ao 4)

i=1

where Wrepresents the volume of water within the flooded
area; N is the total number of grids; E,, is the water surface
elevation; E,(7) is the ground elevation; i expresses the ith grid
and Ao is the waterlogged area unit.

In this paper, the dichotomy method is used to solve the
elevation of ponding water surface. Firstly, define the value
range of Ey (Emin, Emax) to ensure the value of Ep, is less
than or equal to the minimum ground elevation of the ponding
area and FEn,x is greater than or equal to the sum of the
maximum ground elevation and the rainfall height in this
period. Secondly, update the elevation value of ponding water
surface according to the following steps.

1) Set the initial value of Ey as Ey, = E; = (Emin +
Emax)/ 2.

2Q)If Ey > Eq(i), W adds [Ey — Eg(i)]Ao. Otherwise, the
value of W remains unchanged.

3) Update the total water volume value after all grid calcu-
lations are completed W.

4) Compare W with the calculated surface runoff Q. If the
difference between Q and W meets the allowable error, the
elevation value of ponding water surface E, can be obtained.
Otherwise, go to the next step.

5)If 0 > W, update Eny, = E,. Otherwise, update
Emax = E,, return to step 2) for calculation.

After the water surface elevation Ey,is calculated, the cor-
responding ponding water depth value for each grid can be
calculated as D = Ey, — Ej.
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D. SUMMARY

In this section, the selection of rainstorm intensity formula
is introduced at first, then the typical rainfall process used is
introduced, finally the simulation of runoff-producing with
flow confluence process based on rainfall process results is
elaborated in detail. In view of the lack of rainstorm waterlog-
ging data in some areas, the rainstorm intensity calculation,
rainfall process and runoff producing with flow confluence
simulation can provide effective input data for the data driv-
ing link, and improve the accuracy of the evaluation model.

IIl. LINE OUTAGES ESTIMATION OF URBAN
DISTRIBUTION NETWORK

Aiming at multivariate disaster data, this section uses feedfor-
ward neural network and gate recursive unit (GRU) to extract
features of static variables and dynamic variables respec-
tively, and then uses a multi head attention network to fuse
all features to establish a mapping relationship with the total
number of line interruptions [33], forming a dynamic-static
dual driven distribution network disaster prediction method.

A. DYNAMIC AND STATIC VARIABLES

The static variable and dynamic variables form the disaster
causing characteristic vector as the input, meanwhile the
response variable forms the predictive value as the output.
The relationship between them is shown in Fig.2. According
to the time domain change feature of the characteristic vari-
ables, the input characteristics of the distribution network line
interruption prediction model are divided into static variables
and dynamic variables. Considering the difference of the
time series characteristics of the two groups of variables, the
deep features are extracted through the multi-layer perceptron
model and long-short-term memory network respectively,
and the number of disconnected lines is obtained through
the multi-head attention network. This dynamic and static
dual driven method improves the prediction performance
and interpretability of distribution network line interruption
model through the combination of expert domain knowledge
and data driven method.

Disaster-causing

. Lo Predicted Value
Characteristic

Dynamic Variablel

Static Variabl
tatic I[l-d e -fs,uf;)‘lz n12
j; fz : : Line Interrupti
: uption
S Ja

Fulfulm]

FIGURE 2. The schematic diagram of dynamic and static data.

B. RESPONSE VARIABLES

The objective of this prediction method is to help determine
the line interruptions situation of urban distribution network
under rainstorm disaster, to formulate relative emergency
response plan and element strengthening plan for rainstorm
disaster. Therefore, it is our research goal to predict the total

63744

number of disconnected lines during the whole process of
rainstorm disaster. To realize this goal, the total number of
power distribution network line interruptions caused by each
rainstormZiTzl n; is taken as the response variable in this
paper, meanwhile, n; represent the number of line interrup-
tions in each period, and T is the duration of rainstorm.

On the basis of selected variables, outliers are removed
from the dataset. Then we fill the missing data with linear
interpolation, and then uses minimum-maximum normal-
ization to process the eigenvalues of all samples to avoid
the problem of model convergence caused by feature level
deviation.

C. PREDICTION MODEL FOR LINE DISCONNECTED

In order to predict the total number of line interruptions
in the distribution network under rainstorm disasters, this
paper proposes a dual path deep neural network to conduct
collaborative analysis on static data and dynamic data. The
overall structure of the model is shown in Fig.3. Dual path
prediction model mainly includes three parts: static feature
extraction, dynamic feature extraction and feature fusion pro-
cess. The structure and parameter optimization method of the
prediction model are described below.

1) STATIC FEATURE EXTRACTION

For the static feature extraction, time invariant static variables
constitute the input data. The feedforward neural network is
densely connected and does not have any feedback loop, and
the corresponding information propagation process is uni-
directional. Therefore, feedforward neural network (FFNN)
is applied to deal with static data without time correlation.
In this paper, the feedforward neural network is composed
of stacked linear layers with nonlinear activation functions.
Considering that LeakyReLU function can effectively avoid
the problem of gradient disappearance and ReL.U deactiva-
tion, so it is used as a nonlinear activation function after the
linear layer. Meanwhile, batch normalization layers are added
after each linear layer to accelerate the training process and
mitigate the vanishing gradient phenomenon.

2) DYNAMIC FEATURE EXTRACTION

For the dynamic feature extraction, the corresponding input
is composed of dynamic variables in the continuous process
of rainstorm disaster. A variant of the recurrent neural net-
work (RNN), GRU can extract, store, and pass the useful
information of time series data along the neural network, and
has better ability in analyzing sequence data with long-term
dependencies. Thereby, GRU network [34] illustrated in Fig.3
is used to extract and analyze the time-varying characteristics
of dynamic data. Furthermore, in order to reduce over fitting,
the dropout layer is added after each hidden layer of GRU
network. A GRU cell contains two gates, namely the reset
gate and the update gate. The reset gate r; determines how
much the preceding hidden state /;_; contributes to the can-
didate hidden state &,. The update gate z; controls how much
the preceding hidden state s, can be directly brought to the
current state #,. The specific information processing in the
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GRU cell at time step ¢ can be described as follows,

ry =o(Upxy + Wehi—1 + b))

z =oUx + Whi—1 + by)

hy = tanh(Upx, + Wi(ry © hy—1) + bp)
hh=0-z)Oh-1+zOh &)

where o is the sigmoid activation function, U,, W,, U, W,,
U, and W, are weight matrices, b,, b, and by, are bias vectors.

®© © ©

GRU Layer |y I |
7, AT LR =Y o LR 2 N
T 1 i

FIGURE 3. The structure of GRU networks.

3) FEATURE FUSION PROCESS

For the feature fusion process, the extracted features of static
data and dynamic data are cascaded to form the input data,
and the multi-head attention network [35] is used for dynamic
and static feature fusion analysis. Multi-head attention net-
work is composed of multiple representation subspaces,
and the corresponding number in this paper is h in Fig.3.
In each representation subspace, Q, K and V are matrices
formed by static and dynamic features, and then the attention
function based on scaled dot-product function is used to ana-
lyze the potential relationship between them from different
perspectives.

The formula can be written as,

. )<
Attention(Q, K, V) = softmax( T

where dj is the dimension of the matrix K.
Multi-head attention firstly maps the input to different rep-
resentation subspaces and then compute outputs of attention
functions in parallel. Finally, multi-head attention concate-
nates them and obtains the final output through a linear layer.

The corresponding equations are as follows,

V) (6)

head; = Attention(QW2, KWK, vw)
Multihead = Concat(head,, . . ., head,)W° @)

where, WiQ, Wl.K , Wl.v are matrices mapping to the subspace
of head; and i = 1,2, ..., h, h is the number of heads and
WO is the final linear layer.

Finally, the outputs of different representation subspaces
are cascaded into vectors, and mapped into model outputs.
In Fig.3, the total number of disconnected lines in the dis-
tribution network is the output of the dual path prediction
model.

In order to solve the parameters of the dual path prediction
model, the mean square error function is selected as the loss
function to measure the difference between the predicted

VOLUME 11, 2023

number of line interruptions and the actual number of line
interruptions. The formula is as follows,

N
1
L= 0p—y) ®)
i=1

where Lis the value of loss function; Nis the total training set
data; y,, is the predictive value of the number of disconnected
lines; y, is the actual value of the number of disconnected
lines.

On the basis of Eq. (8), the error over time back propa-
gation algorithm is applied to obtain the gradient value of
each parameter in the model by the loss function, and the
parameter value is updated with the gradient descent strategy.
The gradient descent strategy chosen in this paper is Adam
algorithm [36], and the parameter update formula is,

m; = (Bim—1 + (1 — B1)VeL)/(1 — B1) )
v = (Bavic1 + (1= B)(VeL))/(1 = o) (10)
Or = Or—1 — am; [(/V; + €) (11)
wherem; and v; are biased first moments and biased second

moments respectively, «, 81 and B, are the hyperparameters
of Adam algorithm.

. MLP Multi-head Attention
Static data
ST EERER R A 9 ?
LL 111k & x & % %
v Concat _ Predicted
time step — - - 0K VoK ¥ Value
=Y, —
xt X/+lx/+2xt+ | );l y:r] J)Tﬁz_‘y:}
X X X X Zl ZZ
Dynamic data GRU

FIGURE 4. The structure of two-channel prediction model.

D. EVALUATION METRICS FOR PREDICTION MODEL

In order to assess the performance of the dual channel predic-
tion model, the mean square error (MSE) and mean absolute
error (MAE) are selected to evaluate the model prediction
performance using test set samples.

1 n
MSE = D op =) (12)
1 ljl
MAE:;Zb},,—yr] (13)
i=1

where nrepresents the total number of data in the test dataset;
v, and y, represent the real value and predicted value of line
interruptions data, respectively.

E. SUMMARY

In this section, we first introduce the dynamic data, static
data and response variables used in the data driven link. Then
we introduce the dual path model of distribution network
line interruption prediction through dynamic and static dual
data-driven. Finally, evaluation indexes are given to measure
the effectiveness of the prediction model.
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IV. ASSESSMENT PROCESS OF URBAN DISTRIBUTION
NETWORK RESILIENCE

In this paper, the Monte Carlo simulation method is used to
sample the rainstorm in different rainfall return periods. After
each sampling, the rainstorm waterlogging model is calcu-
lated. Then, the dynamic static dual data-driven model is used
to estimate the disaster situation of the distribution network.
Finally, the evaluation result of the resilience of the urban
distribution network with the number of line disconnected as
the indicator is obtained. The specific process is as follows.

1) Establish a probability model and set up the probabil-
ity model of rainstorm occurrence in different return
periods according to the return period of rainstorm with
different intensity.

2) Judge whether rainstorm in different return periods
occurs in this cycle by comparing the generated random
numbers with the reciprocal of the return period.

3) Substitute the rainstorm return period corresponding to
the occurred rainstorm in 2) into the rainstorm intensity
formula according to (2) for calculation.

4) Calculate the rainfall process according to (3) and
runoff-producing with flow confluence process accord-
ing to (4) in terms of the return period of the current
rainstorm.

5) Take the rainstorm intensity, rainfall process calcula-
tion results and accumulated water depth calculated in
the process of runoff-producing with flow confluence
as the data driven input of prediction model for line
disconnected to assess the disaster situation of the dis-
tribution network.

6) Repeat the steps 2) - 5) for many times to calculate
the mean and variance of the number of disconnected
lines in the distribution network based on the predicted
results of line outages in each simulation.

The flow chart is shown in Fig.5.

V. CASE STUDY

This paper selects the data of a city in southern China as
historical training and test data to solve the parameters of
the dynamic-static data-driven prediction model, and then
generates a rainstorm of certain intensity randomly through
the rainstorm waterlogging model to assess the resilience of
the distribution network at the district level.

A. DATA DRIVEN MODEL

The static variables used in the case study mainly include
geographic data and power grid data. In terms of geographical
data, terrain type and forest coverage are selected to represent
the geographical environment, which can be collected from
the public information platform. Considering that terrain
types are category variables, if only assign fixed values to
each category, it is easy to cause the problem of partial order.
Therefore, this paper adopts the unique heat coding to deal
with terrain types. In terms of grid data, the number of users
is an important factor affecting the interruption of distribution
network lines, because the number of users represents the
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FIGURE 5. The process of resilience assessment.

TABLE 1. Static variables and dynamic variables.

Variable type Variable name Data source
Terrain type Public information platform
. Forest coverage rate ~ Public information platform
Static . . . .
. Rainstorm intensity Electric power company
variable
Number of Electric power compan;
customers P pany
Rainfall process Rainstorm Waterlogging
Dynamic Model
variable Ponding water depth ~ Rainstorm Waterlogging
Model

power consumption level of the study area, to a certain extent.
At the same time, the rainstorm intensity should also be
selected to express the disaster characteristics of the rain-
storm. Because the static variable is time invariant, that is, the
impact on the line interruption under the rainstorm disaster
is stable during the rainstorm duration. Therefore, this paper
selects the above four static variables, namely, scalar data fi
to f1, to form the static part of the disaster causing feature
vector in Fig.2.

Dynamic variables mainly include meteorological data
that can describe precipitation characteristics. The precip-
itation characteristics mainly include the rainfall per ten
minutes (rainfall process) in the study area and the ponding
water depth value of the studied area. The value of water
depth is the value at each moment, with ten minutes as the
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time interval. During the duration of rainstorm disaster, the
dynamic variable is time-varying, so the impact on line
interruptions is time-varying and cumulative. Therefore, the
dynamic data will constitute the dynamic part of the disaster
feature vector. In Fig.2, f5 ; and fs ; respectively represent the
above dynamic variables during the rainstorm duration, and i
represents the time index.

The dataset is divided into training, validation and test
dataset according to the ratio of 6:2:2, which are used to fit

model parameters, determine model hyperparameter and
test model performance respectively. According to the
method proposed in Section III of this paper, the data-driven
model is trained. The effectiveness of the model is mainly
evaluated by mean square error and mean absolute error.

In order to better compare the effectiveness of the proposed
methods, this paper compares the index calculation results of
the proposed methods with those of random forest algorithm,
support vector machine method, XGBoost method and two
ablation experiments. The hyperparameter configuration of
the proposed method and other three comparison methods
are provided in Table 2, and the specific results are shown
in Fig.6.

TABLE 2. The hyperparameters of all methods.

Method HYPERPARAMETER

Proposed methods
Ablation experiment!
Ablation experiment2
Random forest

Support vector machine

XGBoost

GRU: (3, 64), MLP: (3, 128), Attention: 8
MLP: (3, 128)

GRU: (3, 64)

Tree: 100, Min_samples_leaf: 5
Regularization: 20, Kernel: RBF

Tree: 100, Max_depth: 4

In terms of the proposed method, the num of layers of GRU
and MLP network are both set to 3, and the number of each
hidden neuron are determined to 64 and 128, respectively.
The subspace of the attention network is set to 8 after param-
eter tuning. In terms of the Support vector machine, 20 is
selected as the regularization parameter to punish the over-
fitting phenomenon, and the radial basis function is adopted
as the kernel function for the intrinsic nonlinear relationship.
In terms of the random forest and the XGBoost, the number
of trees are both set to 100, and 5 samples are required to be
split into an internal node for random forest. The maximum
tree depth of XGBoost is set to 4 and the ablation experiments
are conducted using the GRU and MLP networks with the
same num of layers as the proposed method respectively.

The results show that the mean square error and mean
absolute error of the proposed method are better than those
of other methods. In terms of mean square error, the pro-
posed method is nearly 2 times smaller than the random
forest algorithm, 2.5 times smaller than the support vector
machine algorithm, nearly 2 times smaller than the XGBoost
algorithm, and smaller than the two ablation experiments.
Meanwhile, in terms of the average absolute error, the pro-
posed method is the smallest of the six algorithms, but
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Ablation experiment 2 95576 2.4722
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FIGURE 6. The result of the test set.

the difference between the six algorithms is not significant.
Therefore, the dynamic-static dual data-driven model pro-
posed in this paper is more feasible to assess the resilience
of distribution network under rainstorm.

B. ASSESSMENT RESULTS OF DISTRIBUTION NETWORK
RESILIENCE

In order to ensure the accuracy of the prediction results, the
simulation time is selected as 1000 years in the Monte Carlo
simulation experiment of this example. Then, in each year,
judge whether there is rainstorm of this return period in this
year according to the probability of rainstorm occurrence in
each return period. If there is rainstorm in this year, cal-
culate the rainstorm intensity according to Eq. (2) and (3)
with the corresponding return period. After the calculation
is completed, conduct runoff-producing with flow confluence
simulation to calculate the ponding depth. In order to simplify
the calculation, the typical rainfall duration of each rainstorm
is 120 minutes, and the rainstorm return period is selected
as 1 year, 5 years, 10 years, 20 years, 30 years, 50 years
and 100 years. After the calculation of relevant parameters of
the rainstorm waterlogging model in one year is completed,
the calculation results will be input into the dynamic static
dual data driven model proposed in this paper to predict
the number of distribution network interruption caused by
rainstorm in this return period in this year. The process of
Monte Carlo is shown in Fig.7.

After calculating the number of distribution network line
interruptions caused by rainstorm in each return period of this
year, the number of line interruptions caused by rainstorm in
this year can be summed up. The average number of discon-
nected lines caused by each rainstorm can be calculated after
1000 years simulation, which reflects the bearing capability
of distribution network to rainstorm.

The Fig.8 shows the real-time varying process of rainfall
and ponding water depth during the 120-minute rainfall dura-
tion, with a time interval of 10 minutes. It can be seen from
the figure that with the increase of return period, rainfall
intensity and ponding water depth become larger, and the
change of ponding water depth lags behind the change of
rainfall process.

The following figure shows the number of rainstorm occur-
rences, the value of the average rainfall intensity of rainstorm
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FIGURE 7. The process of monte carlo.
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FIGURE 8. The time-varying process of simulation.

and the ponding water depth value in each return period the timescale of 1000 years, which conforms to the objective

during the simulated 1000-year time length. law. In addition, the static variable rainstorm intensity value
It is easy to find from the figure that with the return as the data-driven input is also shown in the figure. The
period of rainstorm increase, the fewer times it occurs in simulated average rainfall intensity of rainstorm in different
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in different return periods.

return periods increases with the increase of return periods,
which is consistent with our cognition. Meanwhile, it can be
found from the figure that the simulated 120-min average
ponding depth increases with the increase of the rainstorm
return period. The average ponding depth caused by the
100-year return period rainstorm is about twice than that of
the 1-year return period rainstorm.

In Fig.10, the average number of disconnected lines
caused by simulated 1000 years, with 1-year, 5-year, 10-year,
20-year, 30-year, 50-year and 100-year return period rain-
storm is given respectively.

It can be found in the figure that with the increase of
the return period of rainstorm, the number of disconnected
lines in the distribution network also increases. By comparing
the number of line interruptions, it can be concluded that
the number of disconnected lines caused by rainstorm with
the 100-year return period is nearly twice as many as that
with the 1-year return period. The reason is that in the rain-
storm waterlogging model, the 100-year return period rainfall
calculated by the rainstorm intensity calculation formula is
nearly twice as strong as the 1-year return period rainfall.
Therefore, it also reflects the effectiveness of the proposed
method to a certain extent. At the same time, the comparison
result of the rainstorm with a rainfall duration of 240 min
is presented in Fig.10. It can be concluded that the average
number of disconnected lines increases with the increase of
rainfall duration.
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The final result of the example shows that the average
number of disconnected lines in the county-level unit area
caused by the rainstorm with a rainfall duration of 120 min
is 8.778, while that caused by the rainstorm lasting 240 min
is 14.877. Compared with the historical data, this result is in
line with the actual situation.

VI. CONCLUSION

In this paper, a knowledge-data-driven method for assessing
the resilience of urban distribution network under rain-
storm is proposed. The rainstorm waterlogging model is
established by using rainstorm intensity, unimodal rainfall
process and equal volume method, which depicts the dynamic
time-varying process and overall static characteristics of
rainstorm waterlogging, and provides input data for the data-
driven model. By combining expert domain knowledge and
data driven method, a dynamic-static dual data-driven model
is proposed, which improves the prediction performance
and interpretability of the distribution network line interrup-
tion model. Through Monte Carlo simulation, the resilience
of urban distribution network under rainstorm disaster is
assessed. The results of an example of a city in southern China
shows that this method can effectively assess the ability of
distribution network to withstand disasters.

In general, there exists following shortcomings in the work
of this paper. Although the simulated scenes are typical, they
are not comprehensive enough. The trained model may only
fit to a single application area, that is, it is difficult to assess
the resilience of urban distribution networks in other regions
through the historical data of a typical area.

Therefore, according to the difference of rainstorm and
precipitation data in different regions, how to comprehen-
sively consider the impact of rainstorm with different rainfall
duration on the distribution network will be the main work
direction in the future. In addition, the improved method
of Monte Carlo simulation algorithm should be studied to
improve the calculation efficiency.
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