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Abstract: To improve the accuracy of the icing prediction model for overhead transmission
lines, a physics-guided Fast-Slow Transformer icing prediction model for overhead trans-
mission lines is proposed, which is based on the icing prediction model with meteorological
input characteristics. First, the ice cover data is segmented into different time resolutions
through Fourier transform; a transformer model based on Fourier transform is constructed
to capture the local and global correlations of the ice cover data; then, according to the
calculation model of the comprehensive load on the conductor and the conductor state
equation, the variation law of ice thickness, temperature, wind speed, and tension is ana-
lyzed, and the model loss function is constructed according to the variation law to guide
the training process of the model. Finally, the sample mixing enhancement algorithm is
used to reduce the overfitting problem and improve the generalization performance of the
prediction model. The results show that the proposed prediction model can consider the
mechanical constraints in the ice growth process and accurately capture the dependence
between ice cover and meteorology. Compared with traditional prediction models such as
LSTM (Long Short-Term Memory) networks, its mean square error, mean absolute error,
and mean absolute percentage error are reduced by 0.464–0.674, 0.41–0.53, and 8.87–11.5%,
respectively, while the coefficient of determination (R2) is increased by 0.2–0.29.

Keywords: icing prediction; Fourier transform; attention mechanism; physical
guidance; Mixup

1. Introduction
As the “artery” of the power system, the safe operation of overhead transmission lines

is of great significance. However, China’s terrain is complex and diverse. In the natural
environment, transmission lines are prone to icing disasters, threatening the safe operation
of transmission lines. For example, in 2023, the power transmission lines in the North
China country were severely iced, causing 4 high-voltage transmission lines to fail and
more than 100,000 households to lose power.

At present, domestic and foreign scholars have conducted extensive research on the
prediction of icing on overhead transmission lines. Ice prediction models are mainly
divided into models based on physical mechanisms, models based on statistical methods,
and models based on neural networks. Based on thermodynamics and fluid mechanics,
some scholars have studied the physical process of ice formation on transmission lines,
explored its physical mechanism, and established prediction models based on physical
mechanisms, such as the Goodwin model [1] and the Makkonen model [2], etc. However,
due to the complexity of the wire icing process, the overhead transmission line icing
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prediction model based on physical mechanisms has been simplified to a certain extent, and
important parameters in the model, such as droplet size, are not correct in the actual process
as they are difficult to measure, which makes such models less accurate. Some scholars
have established an icing prediction model based on statistical methods by analyzing
the linear relationship between icing time series and meteorological time series. Sun Wei
et al. [3] used wavelet transform to denoise the original ice data and used an extreme
learning machine optimized by the bat algorithm to predict the ice thickness, and Chen
Yong et al. [4] used principal component analysis to extract effective information from
meteorological data and established an ice prediction model based on LSSVM. However,
icing prediction models based on statistical methods often require data distribution and
variable distribution to meet certain assumptions and have limited prediction capabilities
for nonlinear and high-dimensional complex data. They cannot adapt to modeling complex
ice processes and have insufficient prediction accuracy.

In recent years, the use of neural networks to predict the icing of overhead transmission
lines has attracted increasing attention. Wang Xunting et al. [5], Li Xianchu et al. [6], and
D Niu et al. [7] established an ice prediction model based on the BP neural network.
They used the powerful nonlinear mapping ability of the BP neural network to learn the
nonlinear mapping relationship between ice and meteorological data. Li Bo et al. [8], L
Li et al. [9], and Chen Lifan et al. [10] established an ice prediction model based on the
convolutional neural network. By stacking convolutional layers and pooling layers, they
captured the local correlation of ice data in time and space, learned multi-scale feature
representation, and thus achieved accurate modeling of ice and meteorological data. Su
Renbin et al. [11], Chen Bin et al. [12], and Yu Tong et al. [13] established an ice prediction
model based on the recurrent neural network, predicting future ice risks by capturing the
time correlation between variables. In addition, some scholars combined the physical laws
of the ice process with neural network models. For example, Yu Tong et al. [14] conducted
a force analysis on the transmission line, established a comprehensive load calculation
model for the line, analyzed the changing laws of ice thickness, wind deflection angle,
and comprehensive load, and constructed a model loss function based on the changing
laws to guide the model training process. Wang F et al. [15] tried to introduce physical
laws into the prediction process of GRU to avoid conflicts between the prediction results
and the changing laws between the tension and ice thickness of the transmission line.
However, the above prediction models have limited modeling capabilities and cannot
adapt to the complex icing process. It is difficult to accurately capture the correlation
between icing thickness and meteorological factors. The prediction results do not match
the actual icing law.

Therefore, this paper proposes a physically guided FSFormer (Fast-Slow Transformer)
overhead transmission line icing prediction model. First, the features are segmented
according to different scales through the Fourier transform, and FSFormer is used to
capture local correlation and overall correlation, respectively; then, the changing law of
icing thickness, temperature, wind speed, and tension of transmission lines is studied, and
the loss function is constructed based on this law. In the model training process, the sample
mixed data enhancement algorithm (Mixup) is combined. The research results can provide
guidance for the power sector in formulating anti-icing and de-icing measures.

2. Materials and Methods
2.1. Ice Cover Prediction Model Based on Physical Laws

For traditional icing prediction models, meteorological factors are generally used as
features to predict wire icing thickness. However, some physical parameter data such as
tension that can be collected by the transmission line monitoring system are not effectively
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used. Therefore, this article attempts to combine the transmission line mechanics model to
analyze the change rules between the conductor ice thickness, temperature, wind speed,
and tension, and combine the change rules with the model to play a correction role in the
ice prediction process so that the model prediction process is more accurate. This complies
with the ice formation process and avoids prediction results that violate the rules.

2.1.1. Static Model of Wind and Ice Loads on Transmission Lines

First, the stress analysis of the overhead transmission line is carried out. It is usually
subjected to three kinds of loads in the outside world, namely the deadweight of the
conductor, the weight of ice caused by icing, and the lateral load caused by wind pressure.

In Figure 1: d is the conductor diameter, b is the ice thickness, γ3 is the vertical-specific
load when the ice thickness is b, γ5 is the horizontal-specific load when the ice thickness is
b and the wind speed is v, and γ7 is the comprehensive specific load when the ice thickness
is b and the wind speed is v.
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Figure 1. Transmission line stress model.

1. Vertical comprehensive load ratio of ice-covered conductor

For the comprehensive load ratio of the conductor under ice conditions, to simplify
the calculation, the shape of the ice coating is approximately considered to be circular, and
its calculation equation is:

γ3(b, 0) = 27.728
b(b + d)

A
× 10−3 +

qg
A
× 10−3 (1)

where q is the mass of the conductor per unit length; g is the acceleration of gravity; and
A is the cross-sectional area of the overhead line.

2. Wind pressure load ratio during ice cover

The specific load caused by wind pressure during ice cover is calculated as follows:

γ5(b, v) = βcαfµscB(d + 2b)
0.625v2

A
sin2 θ × 10−3 (2)

where βc is the wind load adjustment coefficient; αf is the wind speed unevenness coeffi-
cient; µsc is the wind load shape coefficient; v is the wind speed; θ is the angle between the
wind direction and the conductor; and B is the ice-wind load enhancement coefficient.

3. Comprehensive load ratio

The calculation formula for combining the vertical-specific load and the horizontal-
specific load is:

γ7(b, v) =
√

γ2
3(b, 0) + γ2

5(b, v) (3)
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Assuming that the transmission line is an ideal flexible line, the load on the overhead
line is evenly distributed, and the overhead line is a completely elastic body with its elastic
coefficient remaining unchanged, the state equation of the conductor can be obtained
as follows:

σ2 −
Eγ2

2l2 cos3 β

24σ2
2

= σ1 −
Eγ2

1l2 cos3 β

24σ2
1

− αE cos β(t2 − t1) (4)

where σ is the horizontal stress of the transmission line; E is the elastic modulus; γ2 is the
specific load of state 2; l is the span; β is the horizontal angle of the span; and α is the linear
expansion coefficient.

Equation (4) can be used to obtain the variation patterns of ice thickness, temperature,
wind speed, and tension of transmission lines under different meteorological conditions.

2.1.2. Correction Method for Physical Guidance

According to the above rules, the model is corrected during the training process. The
correction is implemented in the form of a comprehensive loss function. The model’s
current predicted value of ice thickness, wind speed, temperature, and tension monitoring
data and the actual ice thickness, wind speed, temperature, and tension data at the previous
moment are substituted into Equation (4). The absolute value of the calculation result is
defined as the degree of violation of the physical law. This is used to correct the model’s
training process to make it more consistent with the actual conductor icing process. At
the same time, considering that some factors are ignored in the analysis process, a certain
threshold value is set for the degree of violation of the physical law to increase the stability
of the training process.

Assume that the loss function equation during model training is:

losstrain = lossmodel + αlossphy (5)

where losstrain is the comprehensive loss function; lossmodel is the model loss function, which
indicates the closeness between the predicted value and the actual value; lossphy is the
physical law loss function; and α indicates the weighting of the physical law loss function.

The model loss function uses the mean square error, and its equation is:

lossmodel =
1
N

N

∑
i=1

(yi − ŷi)

2

(6)

In the process of model training, in order to make the prediction process of the
prediction model and the actual conductor ice growth process as consistent as possible,
the predicted ice thickness, temperature, wind speed, tension at the current moment, and
the actual ice thickness, temperature, wind speed, tension at the previous moment are
substituted into the conductor state equation to obtain the loss function that introduces
physical laws. The calculation equation is:

lossphy =

[
σ2 −

Eγ2
2l2 cos3 β

24σ2
2

− σ1 +
Eγ2

1l2 cos3 β

24σ2
1

+ αE cos β(t2 − t1)

]2

(7)

lossphy = max(lossphy, a) (8)

where a is the set positive threshold value.
The structure of the comprehensive loss function is shown in Figure 2.
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2.2. Prediction Model Structure

The overall structure of the prediction model proposed in this paper is shown in
Figure 3, which includes the Mixup data enhancement module, FSFormer, and a loss
function containing physical laws. The Mixup data enhancement module is used to enrich
the training samples, then the correlation between ice cover and meteorological factors is
extracted through FSFormer, and the model prediction results are corrected by introducing
a loss function containing physical laws.
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2.3. FSFormer

The Transformer model is widely used in the field of time series prediction. It relies
on the self-attention mechanism to calculate input and output. The network structure of
the Transformer model is divided into an encoder and a decoder. In order to identify the
position information of the time series, position encoding is generally added to the input.
More and more studies have shown that using an encoder to extract features and using a
fully connected layer as a decoder can achieve the same effect as the original Transformer.
This article uses an encoder to extract the correlation between meteorological data and ice
thickness. We use a fully connected layer to predict ice thickness based on the extracted
features. Its overall structure is shown in Figure 4.

2.3.1. Adaptive Segmentation Based on Fourier Transform

Fourier transform is a common signal processing method that can convert signals
from the time domain to the frequency domain. The Fourier transform equation is:

F(jω) =
∫ ∞

−∞
f (t)e−jωtdt (9)

where f (t) represents the original time signal and F(jω) represents the frequency domain
representation of the original time signal.
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For discrete signals that cannot be continuously integrated, the discrete Fourier trans-
form is often used. The formula for the discrete Fourier transform is:

X[k] =
N−1

∑
n=0

x[n]e
−j

2π

N
nk

(10)

where x[n] represents the original discrete time signal; N represents the number of original
time signals; and k represents the signal period.
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For a time series X, whose shape is T × C, the frequency domain representation of X is
obtained by the Fast Fourier Transform, and the result is averaged to obtain the frequency
domain representation of X [16]. The calculation formula is:[

y1 · · · yT

]
= Avg(FFT(X)) (11)

where X represents the historical ice cover data; FFT represents the Fast Fourier Transform;
and Avg represents the average function.

Take the first k values with the largest modulus value to obtain the representative
period of the historical ice cover data. According to the representative period P, the ice
cover data is segmented. The original ice coverage data is converted into the form of
B × C × P × N, where P is the period length and N is the number of segments.

2.3.2. Dual Attention Mechanism

For the converted time series, a dual attention mechanism is adopted. The local
attention module is used to extract the local correlation within the segment, and the
global attention module is used to extract the global correlation of the entire sequence.
The transmission line ice data is decomposed into subsequences of different fragment
sizes through the Fourier transform. Under the guidance of fragment division, the time
dependency is modeled from different scales, thereby achieving an accurate capture of the
correlation of ice data [17].
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As shown in Figure 4, for local attention, based on each segment of shape C × P, the
trainable query matrix Q, key-value matrix K, and value matrix V are used to calculate the
local attention within the segment. The calculation process is as follows:

Attenlocal
i = Sotfmax

(
Qlocal

i
(
Klocal

i
)T

√
dm

)
Vlocal

i (12)

where Q, K, V are the query matrix, key-value matrix, and value matrix within the segment,
and dm is the vector dimension.

For the global attention between segments, each segment is first flattened into a vector
and then restored to its original shape after calculating the global attention. The calculation
process is as follows:

Attenglobal = Sotfmax

(
Qglobal(Kglobal)T√

d′m

)
Vglobal (13)

where Q, K, V are the global query matrix, key-value matrix, and value matrix, and d′m is
the vector dimension.

Then the local attention result is added to the global attention result to get the final
attention result.

2.4. Mixup Data Augmentation

The performance of the data-driven neural network prediction model is affected by
the quality of the training samples. However, due to the limited observation cost, it is
difficult to obtain relevant data on the icing of overhead transmission lines. This results in
the icing prediction model being prone to overfitting and poor generalization performance.
Therefore, this paper adopts the data enhancement Mixup algorithm [18] to improve the
generalization performance and robustness of the prediction model.

Data enhancement is commonly used in the field of computer vision [19,20]. In recent
years, Mixup has received increasing attention in the field of time series prediction [21,22].
The Mixup data enhancement method is based on the principle of neighborhood risk
minimization and generates virtual data by linearly interpolating the original data. The
Mixup algorithm improves the model’s ability to predict unknown samples. The specific
method is as follows:

x̃ = λxi + (1− λ)xj (14)

ỹ = λyi + (1− λ)yj (15)

where λ ∈ [0, 1], x̃, and ỹ are the generated virtual samples and labels; λ ∈ Beta(α, α); and
α controls the degree of linear interpolation.

2.5. Experimental Data and Experimental Settings

The experimental data used in this paper comes from the online monitoring system
for icing transmission lines. The monitoring time is from 17 January to 25 January 2012,
and the monitoring data collection frequency is once every 20 min, including a complete
ice coating process. Some data are shown in Table 1. There are 539 sets of monitoring data.
Among them, the minimum ice thickness is 0 mm, the minimum temperature is −16.12 ◦C,
the minimum humidity is 60.07%, the minimum wind speed is 0 m/s, the minimum
light intensity is 60.61 Lux, and the minimum pressure is 66.46 kPa. The maximum ice
thickness is 30 mm, the maximum temperature is 2.43 ◦C, the maximum humidity is 93.96%,
the maximum wind speed is 14.53 m/s, the maximum light intensity is 162.51 Lux, and
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the maximum pressure is 66.50 kPa. The average ice thickness is 11.17 mm, the average
temperature is −7.22 ◦C, the average humidity is 74.45%, the average wind speed is
3.09 m/s, the average light intensity is 70.35 Lux, and the average pressure is 66.48 kPa.
The standard deviations of ice thickness, temperature, humidity, wind speed, light intensity,
and pressure are 9.83 mm, 4.10 ◦C, 7.37%, 2.67 m/s, 20.70 Lux, and 0.01 kPa, respectively.

Table 1. Ice monitoring data.

Serial
Number

Icing Thickness
(mm)

Humidity
(%)

Temperature
(◦C)

Wind Speed
(ms−1)

Illumination
(Lux)

Air Pressure
(kPa)

Tension
(N)

1 0.03 62.86 0.17 4.54 63.79 66.47 28,621
2 0.39 62.11 0.12 5.51 62.04 66.47 29,094
3 0.22 61.99 0.07 5.93 64.90 66.47 28,888

. . . . . . . . . . . . . . . . . . . . .
537 4.85 65.95 2.43 1.94 62.97 66.47 35,471
538 4.75 65.96 2.33 0.63 61.87 66.46 35,307
539 4.65 66.93 2.30 3.03 62.03 66.46 35,149

In this paper, the time step is set to 10, the step feature is set to 6, including ice thickness,
temperature, humidity, wind speed, light, and pressure, and the output sequence length is
set to 1. The first 60% of the data is used as the training set, the second 20% of the data is
used as the validation set, and the third 20% of the data is used as the test set. Obviously,
abnormal data were removed, missing data were interpolated and supplemented, and the
maximum normalization method was used to unify the dimensions of each feature.

This paper uses mean square error (MSE), mean absolute error (MAE), mean absolute
percentage error (MAPE), and coefficient of determination (R2) as evaluation indicators of
experimental results. The calculation equation is:

MSE =
1
N

N

∑
i=1

(yi − ŷi)

2

(16)

MAE =
1
N

N

∑
i=1
|yi − ŷi| (17)

MAPE =
1
N

N

∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (18)

R2 = 1−

N
∑

i=1
(yi − ŷi)

2

N
∑

i=1
(yi − yi)

2 (19)

where ŷii is the model prediction value; yi is the actual ice thickness; N is the number of
samples; and yi is the mean icing thickness.

All models are implemented in Python 3.7, with epoch set to 300, batch size set to
32, and learning rate set to 0.002. During the training process, the model in this article
uses a comprehensive loss that introduces the physical laws function, while other models
use the mean square error as the loss function. We use the Adam optimizer to update the
parameters of the model. Prediction models such as BP neural network, RNN, LSTM, TCN,
CNN-LSTM, Attention-BiLSTM, and CNN-BiGRU were selected for comparison. The main
parameter settings of each model are shown in Table 2.
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Table 2. Prediction model parameter table.

Prediction Model Main Parameters of the Model

Proposed model α = 0.5, k = 3, n_layers = 3, alpha = 5, hidden_size = 256, num_heads = 8
BP hidden_size = 256

RNN n_layers = 3
hidden_size = 256

LSTM n_layers = 3
hidden_size = 256

TCN n_channels = 32, n_layers = 3
CNN-LSTM hidden_size = 256, n_layers = 3, kernel_size = 2

Attention-BiLSTM n_layers = 3, hidden_size = 256, num_heads = 8, n_layers = 3
CNN-BiGRU hidden_size = 256, n_layers = 3, kernel_size = 2

3. Results
3.1. Performance Comparison of Traditional Prediction Models

Each transmission line icing prediction model is trained on the data set, and the
prediction error indicators of the model are shown in Table 3.

Table 3. Model evaluation indicators.

Model MSE (mm2) MAE (mm) MAPE R2

Proposed
model 0.096 0.24 4.87% 0.96

BP 0.75 0.69 14.74% 0.68
RNN 0.77 0.77 16.37% 0.67
LSTM 0.71 0.71 15.03% 0.70
TCN 0.76 0.72 15.04% 0.67

CNN-LSTM 0.66 0.67 14.07% 0.72
Attention-
BiLSTM 0.56 0.65 13.74% 0.76

CNN-BiGRU 0.63 0.65 14.34% 0.73

As shown in Table 3, compared with the traditional ice cover prediction model, the
model in this paper has the smallest prediction error and the best model performance.
Compared with other models, its MSE is reduced by 0.464–0.674, MAE is reduced by
0.41–0.53, MAPE is reduced by 8.87–11.5%, and R2 is improved by 0.2–0.29.

In order to show the prediction results more clearly, the comparison between the
prediction results of each model and the true value on the test set is shown in Figure 5, and
Figure 6 is the error box plot of each model result.
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As shown in Figure 5, compared with other models, the prediction model proposed
in this paper can better fit the real ice thickness data, especially in the interval where
the ice thickness changes more dramatically. The reason is that the Fourier transform
divides the input data into segments, which helps FSFormer capture the local correlation
within the segments and the global correlation between the segments respectively; secondly,
starting from the state equation of the transmission line, this paper introduces physical law
constraints in the model loss function, which makes the prediction process of the model
closer to the real ice change process. At the same time, the Mixup algorithm also enriches
the distribution space of the training data, which helps to achieve accurate prediction of ice
on the transmission line under data scarcity.

As shown in Figure 6, the box corresponding to the prediction error of the model
proposed in this paper is flatter, and the error median is closer to 0, indicating that the
volatility of its prediction error is the smallest. The error distribution medians of the model
proposed in this paper are close to 0, indicating that the error stability of this model is better.
The median errors of other models are far from 0, indicating that they are less capable of
capturing the correlation of ice cover processes and have poor prediction stability.

3.2. Ablation Experiment

In order to verify the effectiveness of each module of the prediction model proposed
in this paper, an ablation experiment was conducted on the original data set, and the
parameters of the ablation experiment were consistent with the previous article.

The first ablation experiment conditions are shown in Table 4, which are, respectively,
removing the loss function introduced with physical laws, FSFormer and Mixup modules
(De-FS&Mix&Phy), removing FSFormer and Mixup modules (De-FS&Mix), removing
Mixup modules (De-Mix), and the model proposed in this paper. The inputs of each model
are kept consistent. The prediction results of each model are shown in Table 4.

Table 4. Ablation experiment 1 indicators.

Working Conditions Model MSE (mm2) MAE (mm) MAPE R2

1 Proposed model 0.096 0.24 4.87% 0.96
2 De-Mix 0.21 0.36 7.67% 0.91
3 De-FS&Mix 0.48 0.53 11.49% 0.80
4 De-FS&Mix&Phy 0.75 0.69 14.74% 0.68

As shown in Table 4, the model in this paper achieved the best results. After removing
the Mixup module, the MSE, MAE, MAPE, and R2 of the model decreased by 0.114, 0.12,
2.8%, and 0.05, respectively, indicating that the Mixup algorithm generates new samples
by mixing samples, which expands the distribution space of the training set. For the ice
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prediction model with scarce training data, it significantly improves the accuracy and
generalization performance of the model; after removing the FSFormer module, the MSE,
MAE, MAPE, and R2 of the model decreased by 0.27, 0.17, 3.82%, and 0.11, respectively,
indicating that the use of the Fourier transform to segment the input features helps the
model extract the correlation of the sequence and effectively improves the accuracy of wire
ice prediction; after removing the loss function that introduces physical laws, the MSE,
MAE, MAPE, and R2 of the model decreased by 0.27, 0.16, 3.25% and 0.12, respectively,
indicating that the introduction of the ice change process constraints derived from the
state equation in the loss function helps the model learn the correlation between ice and
meteorology, making its prediction process more in line with the actual ice process.

In order to verify the effectiveness of the FSFormer proposed in this paper, the second
ablation experiment was conducted, and five working conditions were set. The calculation
results are shown in Table 5. Among them, FSFormer_2, FSFormer_3, FSFormer_4, and
FSFormer_5 represent the prediction models with segment lengths artificially set to 2, 3, 4,
and 5.

Table 5. Ablation experiment 2 indicators.

Working Conditions Model MSE (mm2) MAE (mm) MAPE R2

1 Proposed model 0.096 0.24 4.87% 0.96
2 FSFormer_2 0.56 0.56 11.28% 0.76
3 FSFormer_3 0.49 0.58 13.13% 0.79
4 FSFormer_4 0.57 0.60 11.79% 0.75
5 FSFormer_5 0.58 0.59 13.34% 0.75

As shown in Table 5, when the length of the segment is artificially set to 2, 3, 4,
and 5, the MSE of the model decreases by 0.464, 0.394, 0.474, and 0.484, respectively,
which shows the effectiveness of using Fourier transform to adaptively segment the input
data. The strategy of manually selecting the segment length will significantly reduce
the accuracy of model prediction; at the same time, the traditional direct extraction of
correlation from the original sequence is converted to Fourier-assisted segmentation to
extract local correlation and global correlation respectively, which improves the model’s
ability to capture time dynamics.

In order to further illustrate the effectiveness of the physical law loss function proposed
in this paper, the physical law loss function is added and removed in this model and the
traditional model, respectively, and MSE and lossphy are used as evaluation indicators. The
experimental results are shown in Table 6 and Figure 7.

Table 6. Ablation experiment 3 indicators.

Model MSE (mm2) MAE (mm) MAPE R2

Proposed model 0.27 0.43 8.99% 0.88
PG_Proposed model 0.096 0.24 4.87% 0.96

BP 0.75 0.69 14.74% 0.68
PG_BP 0.48 0.53 11.49% 0.80
RNN 0.77 0.77 16.37% 0.67

PG_RNN 0.57 0.66 13.94% 0.75
LSTM 0.71 0.71 15.03% 0.70

PG_LSTM 0.48 0.56 11.64% 0.79
TCN 0.76 0.72 15.04% 0.67

PG_TCN 0.57 0.62 13.02% 0.76
CNN-LSTM 0.66 0.67 14.07% 0.72

PG_CNN-LSTM 0.51 0.56 12.13% 0.78
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Figure 7. Model physical inconsistency.

It can be seen from Table 6 that, compared with the original model, the MSE of our
model, BP, RNN, LSTM, TCN, and CNN-LSTM introduced into the loss function are
reduced by 0.174, 0.27, 0.2, 0.23, 0.19, and 0.15, MAE is reduced by 0.19, 0.16, 0.11, 0.15, 0.1,
and 0.11, MAPE is reduced by 4.12%, 3.25%, 2.43%, 3.39%, 2.02%, and 1.94%, respectively,
and R2 increased by 0.08, 0.12, 0.08, 0.09, 0.09, and 0.06, respectively. This shows that the
introduction of physical laws into the loss function of the model is not only applicable to
the model proposed in this paper but also to traditional models such as BP and LSTM. As
shown in Figure 7, the lossphy of each prediction model is reduced by introducing physical
laws into the loss function. Introducing physical laws into the loss function makes the
prediction model closer to the actual ice growth process, thereby improving the accuracy
and authenticity of ice prediction.

3.3. Model Parameter Sensitivity

The amount of historical ice cover data input into the model has a significant impact
on the performance of the model. If the data is too little, the model cannot capture trends
and changes, and the prediction results are unstable; if the data is too long, too much noise
and irrelevant information will be introduced, which may lead to overfitting.

The Fourier component number k value in the prediction model determines the
number of components retained after the Fourier transform. If the k value is too small, the
high-frequency information and complex features of the ice data will be ignored; if the
k value is too large, unnecessary details and noise of the ice data will be retained, which
is not conducive to the prediction of the model. In order to select the optimal historical
ice data length T and the value of the Fourier component number k, MSE is used as the
evaluation index. The results of the comparative experiment are shown in Figure 8.
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Figure 8. Comparison of performance between different T and k.

As shown in Figure 8, among the historical ice data lengths of 6, 8, 10, and 12, the
model with 10-time steps of historical ice data as input has the best performance; for
historical ice data inputs of different lengths, as k increases, the MSE of the prediction
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model first decreases and then increases; the best prediction model is when T is 10 and
k is 3.

The probability density of Beta distribution in the Mixup algorithm is shown in
Figure 9. As shown in Figure 9, different values of enhancement parameters result in
different probability densities of Beta distribution and different effects of the Mixup en-
hancement algorithm.
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Figure 9. Probability density of Beta distribution at different α.

Using MSE as an indicator, the error of conductor ice coverage prediction when
different parameters are added is calculated, and the results are shown in Figure 10.
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Figure 10. Comparison of different α performances.

As α increases, the MSE of the prediction model shows a trend of first decreasing and
then increasing. When α is set to 5, the prediction performance of the model is the best.

4. Discussion
The above experimental results show that the prediction model constructed in this

study effectively improves the accuracy and stability of ice thickness prediction. Compared
with the traditional prediction model, MSE is reduced by 0.464–0.674, MAE is reduced
by 0.41–0.53, MAPE is reduced by 8.87–11.5%, and R2 is increased by 0.2–0.29. The main
reasons are as follows:

• A transmission line stress model is established, and the law of ice change is analyzed
according to the conductor state equation. By introducing the physical law constraint
into the loss function, the ice prediction process is more in line with the actual ice
growth process, which improves the accuracy and authenticity of transmission line
ice prediction.

• In view of the complex line icing process, the input historical data is segmented
through the Fourier transform, local attention is used to capture local correlation, and
global attention is used to capture global correlation. Compared with the traditional
model that directly models the input data, the complex problem is decomposed and
the accuracy of the icing prediction model is improved.
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• Taking into account the difficulty in collecting ice cover monitoring data and the
insufficient data for model training, the Mixup data enhancement algorithm is used
to expand the distribution space of training data and improve the generalization
performance of the model.

The icing process of power transmission lines involves multiple fields such as thermo-
dynamics and fluid mechanics. The process is complex and difficult to model. However,
this paper introduces the conductor state equation into the icing prediction model. Through
the mechanical constraints of the conductor itself, the prediction process of the icing pre-
diction model is more in line with the actual icing growth process. At the same time,
experiments have proved that this method also has a certain effect on the traditional model.
However, the physical laws introduced in this paper are simplified and can only consider
the constraints of four factors: temperature, wind speed, ice thickness, and tension. They
are not applicable to more meteorological factors, such as rain in the actual ice-covering
process, and can only consider the ideal circle for the shape of ice. Therefore, in the future,
we will consider establishing a more accurate conductor state equation based on more
accurate monitoring data, combining more data and features, further enhancing the appli-
cability of physical laws, and providing more accurate support for the safe operation of
transmission lines.

5. Conclusions
Aiming at the problem of icing prediction for overhead transmission lines, this paper

proposes a prediction model of FSFormer based on physics guidance. The model introduces
the conductor mechanical state equation in model training to constrain the prediction
process of the icing prediction model, which contributes to the field of disaster prevention
and mitigation of transmission lines.
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