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Abstract—As a vital component of the power system, the
safe and reliable operation of the transmission system is a
crucial guarantee for stable electricity delivery. As the frequency
of extreme weather conditions increases gradually, the secure
operation of the transmission system faces significant challenges.
Enhancing the resilience of the power system during extreme
natural disasters has become a hot research topic. This paper
focuses on studying the impact of ice disasters on transmission
lines and presents a method for predicting the fault probability
of transmission lines, namely the HFAPSO-BPNN prediction
model. This method offers faster computation speed compared
to traditional model-driven fault rate calculation methods and
plays a pivotal role in addressing the resilience of the power
system. Finally, through two sets of simulation experiments, the
paper confirms the advantages of the proposed method in terms
of predictive accuracy and speed.

Index Terms—BPNN, ice disasters, prediction, resilience, trans-
mission system

I. INTRODUCTION

The impact of natural disasters on the electrical power
systems has long been a matter of significant concern. Ice
disasters are a type of high-impact, low-probability disaster
event, prone to causing extensive power disruptions when they
occur [1]. For instance, in 2021, a highly severe ice disaster
took place in the northeastern region of China. This disaster re-
sulted in the cumulative shutdown of over 400 power lines with
a voltage of 10 kV or higher in Jilin Province, causing damage
to over 180 power lines with the same voltage level in Liaoning
Province. Furthermore, it impacted the electricity supply for
more than 170,000 households. The increasing dependence on
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and Coordinated Emergency Technology of Supply and Network for the
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B32342210001).

electricity in modern society highlights the critical importance
of the reliability and stability of the electrical power systems
for the normal functioning of society and the economy. The
probability of transmission line failures, serving as a resilience
indicator to assess the system’s ability to withstand disasters
and severe faults, plays a crucial role [2]–[4]. Predicting the
failure probability of transmission lines before disasters occur
and implementing corresponding enhancement measures can
reduce the losses caused by extreme disasters to the system.

Traditional calculation methods are mainly model-driven.
Jones establishes an ice accretion model to estimate the
amount of ice accretion on circular objects, which can be used
to calculate the impact of ice disasters on power lines [5].
Brostrom takes factors such as wind speed, rainfall rate, and
ice thickness into account to build an ice disaster model [6].
While these methods can accurately calculate the results, they
suffer from slow computation speeds. The sluggish computa-
tional speed means that even if disaster data are predicted in
advance, it may not be possible to take appropriate response
measures. Therefore, there is a need to develop an efficient
method for calculating the fault probability of transmission
lines.

With the development of artificial intelligence, numerous
machine learning algorithms have been applied across vari-
ous domains, including the Backpropagation Neural Network
(BPNN) [7], [8]. BPNN does not require complex design
or coding but rather involves data processing and analy-
sis. By training on historical datasets, it can establish the
mapping relationship between inputs and outputs, resulting
in a predictive model that achieves data-driven efficiency.
As a result, this method has found wide application in the
field of power system research. Zhang presented a method
based on the Levenberg-Marquardt Backpropagation Neural
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Network (LM-BPNN) and derived a power routing lifespan
extension approach for DC-DC boost conversion systems [9].
In order to achieve high-precision power system load fore-
casting, introduced an optimization model based on Particle
Swarm Algorithm (PSO) [10]. In comparison to traditional
model-driven calculation methods, this kind of method exhibits
efficient computation speed. However, the algorithm itself has
limitations such as a susceptibility to falling into local minima,
resulting in lower predictive accuracy. To address these issues,
this paper introduces a ice disaster-induced transmission line
fault probability prediction method based on Hybrid Firefly
Algorithm and Particle Swarm Algorithm (HFAPSO)-BPNN.
First, by analyzing the characteristics of traditional Firefly
Algorithm (FA) [11] and PSO [12], HFAPSO is proposed.
Next, HFAPSO is used to optimize the BPNN model, creating
the HFAPSO-BPNN model to overcome the drawbacks of
traditional models. Finally, HFAPSO-BPNN is integrated into
the research of transmission line fault probability under ice
disasters. The accuracy and speed of this method are validated
through two comparative experiments.

II. PREDICTION MODEL FOR TRANSMISSION LINE FAULT
PROBABILITY UNDER ICE DISASTERS

A. Transmission Line Fault Probability Model under Ice Dis-
asters

The primary harm inflicted by ice disasters on the trans-
mission system occurs when freezing rain descends onto the
transmission lines, leading to the formation of ice coatings.
These ice coatings exceed the load-bearing capacity designed
for the lines. The increase in ice thickness and the enlarged
wind-exposed surface area of the lines cause mechanical fail-
ures, resulting in line breakages and, consequently, economic
losses [5].

The model for the growth of ice thickness along a unit
length of a transmission line can be expressed as follow.

Reqi,t =
T

πρI

√
(ri,tρw)

2
+ (3.6νi,tWi,t)

2 (1)

Wi,t = 0.067× r0.846i,t (2)

qi,t =

∫ t

0

Reqi,udu (3)

In the equation, Reqi,t and qi,t represent the increment
and thickness, respectively, of ice covering a unit length of
transmission line i at time t. T stands for the duration of
freezing rain in hours. ri,t, νi,t and Wi,t denote the freezing
rain amount, wind speed, and liquid water content in the air at
the location of line i at time t, respectively. ρw is the density
of water, while ρI represents the density of the ice cover.

During ice disasters, transmission lines are primarily sub-
jected to two types of forces: vertical forces caused by ice
accumulation on the lines and horizontal forces induced by
the wind. When constructing a fault probability model for
transmission lines, it is crucial to consider both ice and wind

forces simultaneously. Based on the ice accumulation model
for transmission lines and the wind speed under ice disaster
conditions, the representations for the unit length transmission
line’s ice load and wind load are as follows.

LIi,t = 9.8× 10−3ρIπ(Di + qi,t)qi,t (4)

LWi,t = CSiv
2
i,t(Di + 2qi,t) (5)

In the equation, LIi,t and LWi,t represent the ice load and
wind load, respectively, on a unit length of transmission line
i at time t. Di is the diameter of line i, and C is a constant
coefficient set to 6.964 ∗ 10−3. Si is the span factor for line i.
The magnitude of wind load is typically dependent on the wind
speed in the vicinity of the transmission line. However, under
ice disaster conditions, the wind load considers the variation in
ice thickness on the transmission line, causing this load type
to accumulate similarly to the ice load.

Considering that the two types of loads acting on the trans-
mission line are applied in different directions, it’s necessary to
consider load synthesis, which involves the combined effects
of ice load and wind load. Therefore, under ice disaster
conditions, the ice load and wind load on the transmission
line are illustrated in Fig. 1.

Fig. 1. Illustration of Ice Wind Load on Transmission Lines.

Based on the synthesis of the ice load LIi,t and the wind
load LWi,t in their respective force directions, the ice-wind
load on unit length transmission line i at time t, LWi,t, is
determined as follows.

LWIi,t =

√
(LIi,t)

2
+ (LWi,t)

2 (6)

When constructing transmission lines, appropriate anti-icing
design standards are usually adopted based on the region’s
characteristics to ensure that the transmission system has a
certain level of resistance to ice accumulation. During ice
disasters, if the ice thickness exceeds this design standard,
it may lead to line breakages. The unit length line fault
probability is given as follows.
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pf =


0

e

[
0.6931(LWIi,t−aWI)

bWI−aWI

]
− 1

1

LWIi,t ≤ aWI

aWI < LWIi,t < bWI

LWIi,t ≥ bWI

(7)
In the equation, aWI and bWI represent the first and second

threshold values for the ice-wind load, respectively. According
to the definition of a series network, based on the unit length
line fault probability, the fault probability of line i with a
length of l at time t can be calculated as follows.

pi,t = 1− (1− pf )l (8)

B. Hybrid Firefly Algorithm and Particle Swarm Algorithm

Establish the mathematical model for the traditional FA as
follows:

• Set the parameters for FA, which primarily include the
maximum attractiveness of firefly individuals β0, light
absorption coefficient γ, and the maximum number of
algorithm iterations, among others.

• Initialize the population of fireflies and calculate the
relative luminance of each individual firefly based on the
formula for relative luminance.
Each firefly generates its own luminance I , which affects
the attractiveness β of the firefly. According to the design
rules of FA, the luminance generated by each firefly
individual i is related to its objective function value.
Therefore, when searching for solutions to an optimiza-
tion problem, the luminance of a firefly individual can be
simply considered proportional to the objective function.
Additionally, the luminance of a firefly individual is also
influenced by the distance between itself and the target
individual. Hence, when the distance between firefly i
and j is denoted as rij , their relative luminance Iij can
be expressed as follows.

Iij = I0 · e−γrij (9)

In the equation, I0 represents the maximum luminance
of the firefly individual, and rij represents the spatial
distance between firefly i and j. In FA, since the relative
luminance of a firefly individual is typically directly
proportional to its fitness function value, the relative
luminance of an individual is often substituted with its
fitness function value in practice.

• Based on the comparison of the fitness function values
of firefly individuals, the movement direction of each
firefly is determined. When firefly j has a higher relative
luminance compared to firefly i, individual i will move
toward j.

• Calculate the attractiveness of the firefly individuals.
Assuming that, under the condition of a spatial distance
r between fireflies i and j, the formula for their attrac-
tiveness is as follows.

β = β0 · e−γrij (10)

• Calculate the new position of the firefly individuals after
their movement and update their positions. After deter-
mining the movement direction of the firefly individuals
and calculating their attractiveness, the formula for the
new position of individual i after its movement is as
follows.

xi (t+ 1) = xi (t) + β (xj (t)− xi (t)) + α (11)

In the equation, t represents the current iteration count,
xi (t) and xj (t) stand for the spatial positions of firefly
individuals i and j at their current locations, xi (t+ 1)
denotes the spatial position of firefly individual i after
displacement, and α represents the step size factor.

• Increment the iteration count by 1, check whether the
termination condition is met, and if it’s not met, proceed
to the next iteration. Otherwise, output the optimization
result.

Establish the mathematical model for the traditional PSO as
follows.

• Configure the parameters for PSO, primarily including
the number of particles in the population (pop), particle
dimension (D), the number of iterations (itermax), inertia
weight (ω), and learning factors (c1 and c2).

• Randomly initialize the population to obtain the position
of each particle (Xi) and its velocity (Vi), and calculate
the fitness function value (f (Xi)) for each particle.

• Determine the individual best solution (pbest) and the
global best solution (gbest).

• Update the individual positions and velocities based on
Eq.(12) and Eq.(13).

vi = ωvi + c1r1 (pbest − xi) + c2r2 (gbest − xi) (12)

xi = xi + vi (13)

In the equations, ω represents the weight, indicating
the degree to which the particle’s current behavior is
influenced by its past motion state. c1 and c2 are learning
factors, reflecting the proportion of learning from ”self-
experience” and ”social experience”. r1 and r2 are ran-
dom numbers within the range [0,1].

• Update pbest and gbest based on the fitness function
values of each particle.

• Increment the iteration count by 1, check whether the
termination condition is met, and if it’s not met, proceed
to the next iteration. Otherwise, output the optimization
result.

Through the analysis of FA and PSO, it is observed that
FA can escape local optima by diversifying the population,
while PSO is better at converging towards global optima.
Therefore, by combining these two algorithms and leveraging
their respective strengths, HFAPSO is developed, ultimately
enhancing the optimization performance of the algorithm.
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The specific workflow and mathematical model for
HFAPSO are as follows.

• Initialize the parameters for FA and PSO.
• Randomly generate the initial population and calculate
pbest and gbest.

• Calculate the relative luminance (Iij) between particle i
and j.

• Calculate the distances between particle i and pbest, as
well as between particle i and gbest, based on Eq.(14)
and Eq.(15).

rpi =

√√√√pop∑
k=1

(pbesti − xi)
2 (14)

rgi =

√√√√pop∑
k=1

(gbesti − xi)
2 (15)

• Determine the attraction relationship between particle i
and j. For particles with higher relative luminance, apply
random perturbation based on Eq.(16). For particles with
lower relative luminance, update their positions using
Eq.(17).

xi (t+ 1) = xi (t) + α (16)

xi (t+ 1) = xi (t) + β0 · e−γr
2
pi (pbesti − xi (t))

+β0 · e−γr
2
gi (gbesti − xi (t)) + α

(17)
• Calculate the current pbest and gbest based on the posi-

tions of the particles after movement.
• Increment the iteration count by 1, check whether the

termination condition is met, and if it’s not met, proceed
to the next iteration. Otherwise, output the optimization
result.

C. Fault Probability Prediction Model for Transmission Lines
Based on HFAPSO-BPNN

The traditional BPNN is an artificial neural network model
introduced in 1986. It effectively addresses the issue of up-
dating connection weights within the neural network. BPNN
consists of three main components: the input layer, the hidden
layer, and the output layer, as depicted in Fig. 2.

The number of nodes in the input and output layers is
determined by the dimensions of the input and output data
in the dataset. However, the number of nodes in the hidden
layer is calculated using an empirical equation. The specific
empirical equation is as follows.

k =
√
nin + nout + r (18)

In the equations, nin and nout represent the number of
nodes in the input and output layers, and r represents a random
integer from [1,9].

Traditional BPNN heavily relies on the proper setting of
initial weights and thresholds. Inadequate settings can lead
to BPNN easily getting stuck in local minima, resulting

input layer Hidden layer output layer

..
.

..
.

..
.

Fig. 2. The schematic diagram of traditional BPNN.

in low prediction accuracy. Therefore, this paper introduces
HFAPSO as an optimization approach to determine the optimal
initial values for weights and thresholds of traditional BPNN.
Using a dataset that includes different ice storm quantities,
wind speeds, ice storm durations, and transmission line fault
probabilities during such disasters, the model is trained. The
dataset is partitioned into training and testing sets in a specific
proportion. Through continuous training of the model, a fault
probability prediction model for transmission lines based on
HFAPSO-BPNN is developed. The specific flowchart of the
fault probability prediction model for transmission lines based
on HFAPSO-BPNN is illustrated in Fig. 3.

The algorithm stops running when the maximum number of
iterations is reached or when the desired prediction accuracy
is achieved. At this point, the final prediction results are
generated.

III. EXPERIMENTAL RESULTS AND DISCUSSION

In this article, we conduct simulation analysis and validation
using the IEEE RTS 79 system as an example. The topological
diagram of the IEEE RTS 79 system is shown in Fig. 4.

The IEEE RTS 79 system consists of 24 nodes, 38 transmis-
sion lines, and a maximum load of 2850 MW. It is assumed
that all nodes and transmission lines in the system are exposed
to an outdoor environment susceptible to icing. A dataset of
line failure rates under ice disaster scenarios is generated,
comprising 5000 sets of data. This dataset is split into a
training set and a test set with a 4:1 ratio for training the
BPNN prediction model based on the HFAPSO.The model is
compared with traditional BPNN, FA-BPNN, and PSO-BPNN.
The specific parameter settings for the simulation experiments
are recorded in Tab. I.

All simulation results were obtained using the PyCharm
2019.3.3 platform on a PC equipped with an Intel(R)
Core(TM) i9-13900K CPU operating at 3GHz and 32GB of
RAM.
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Fig. 3. Flowchart of HFAPSO-BPNN Prediction Method for Transmission
Line Fault Probability.

TABLE I
PARAMETER CONFIGURATION

FA PSO HFAPSO
pop = 80 pop = 80 pop = 80

itermax = 1000 itermax = 1000 itermax = 1000
β0 = 1 c1 = c2 = 2 β0 = 1
γ = 1 ω = 0.9 γ = 1

A. Accuracy Analysis

The MSE was used as the criterion to calculate the com-
putational accuracy of each method in the IEEE RTS 79
testing system. The specific comparative experimental results
are recorded in Tab. II.

B. Efficiency Analysis

Simulation experiments for the IEEE RTS 79 system were
conducted using the traditional model-driven approach to
determine the line failure rates. The computation time for the
HFAPSO-BPNN prediction results was compared to validate
the speed of this approach. A comparison was made using

Fig. 4. Topology Diagram of IEEE RTS 79 System.

TABLE II
THE EXPERIMENTAL RESULTS FOR MSE COMPARISON

Algorithm MSE
BPNN 0.178

FA-BPNN 0.092
PSO-BPNN 0.098

HFAPSO-BPNN 0.062

500 sets of data from the test set, and the results were
averaged. Specific comparative experimental results are shown
in Tab. III.

TABLE III
THE EXPERIMENTAL RESULTS FOR COMPUTATION TIME COMPARISON

Model-driven HFAPSO-BPNN
577.61s 0.0106s

The above case results indicate that the method proposed in
this paper meets the required accuracy in predictions. Further-
more, compared to the traditional method, the computational
efficiency has been improved by 99.981 percent.

IV. CONCLUSION

The impact of extreme natural disasters on the power
system cannot be ignored, as severe disasters can lead to
widespread power outages and significant property losses. This
paper focuses on the study of the impact of ice disasters on
transmission lines and proposes a method for predicting the
fault probability of transmission lines. This method utilizes
HFAPSO to optimize the traditional BPNN, overcoming the

2730
Authorized licensed use limited to: b-on: Universidade de Coimbra. Downloaded on April 27,2025 at 07:02:06 UTC from IEEE Xplore.  Restrictions apply. 



drawbacks of traditional methods that tend to get stuck in
local minima. Compared to traditional model-driven fault rate
calculation methods, this method offers faster computation
speed, making it crucial for addressing the resilience of the
power system. Through simulation experiments, this paper
compares the predictive accuracy of four BPNN models and
conducts simulation experiments to compare the speed of the
proposed method against traditional methods, confirming its
advantages.
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