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Abstract: Concerning the problem that the coupling relationship in substation scenarios is
complex and the Transformer model makes it difficult to capture the correlation between
multiple variables of grounding current, resulting in low accuracy of grounding current
prediction, a ground current prediction method based on frequency-enhanced Transformer
is proposed. Firstly, in the data preprocessing stage, the best frequency domain decompo-
sition algorithm is designed to obtain the high-frequency and low-frequency component
data containing different component features so as to enhance the initial features that the
model focuses on. Secondly, the data slicing and embedding module is designed to replace
the original embedding module of the Transformer to realize the enhanced extraction of
local features of the data. Finally, in the feature extraction stage, an enhanced attention
mechanism is introduced to replace the standard attention mechanism to capture the in-
trinsic features of the sequence time dimension and the variable dimension in parallel so
as to improve the extraction ability of Transformer multivariate features. Experimental
results on the self-built grounding current dataset and the public dataset show that the
proposed method outperforms existing advanced methods, verifying the effectiveness of
the proposed method.

Keywords: time series; attention mechanisms; grounding current prediction; transformer

1. Introduction

As important data in the quality of electrical energy, the ground current at the ground-
ing site of the substation can reflect the operating status of the power station equipment
in real-time [1]. Mastering its dynamic change law [2] is essential for the safe and stable
operation of the substation and the fault prevention of the equipment [3]. The grounding
current predictive task refers to the historical ground current data collected by the different
location sensors. It is a prediction of the ground current data of the ground locations by
establishing a predictive model to find its potential laws [4].

Grounding current data generally exhibit a strong periodicity, with brief disturbance
fluctuations, and is a form of time-series information [2]. Therefore, this prediction task
can be viewed as the application of time-series forecasting in the power industry. In actual
forecasting work, the accurate prediction of grounding current faces two main challenges:
(1) Grounding current is influenced by external factors such as temperature, region, and
electromagnetic interference [5], showing high-frequency and nonlinear characteristics.
This not only increases the difficulty of feature extraction for the model but also affects
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prediction accuracy. (2) Due to the interconnection characteristics of the grounding net-
work [6], there exists a dynamic correlation between the grounding currents at different
grounding points, which further complicates the prediction task.

In response to this task, Early traditional methods, such as manual analysis and
prediction [3] as well as machine learning methods [4], face challenges in handling the
high-frequency nonlinear features and multivariate dynamic correlations in large and
complex datasets when tasked with predicting grounding currents. This is primarily
due to their heavy reliance on human expertise. In contrast, deep learning models can
deeply explore the underlying relationships within the data, effectively addressing this
issue. Currently, in the power scenario, mainstream deep learning methods for time
series prediction can be roughly divided into two categories: one is based on recurrent
neural network (RNN) architectures, such as RNNs, LSTMs, and their variants; the other
is based on encoder-decoder architectures like Transformer models and their variants [7].
Although methods based on RNNs and their variants [8-10] can effectively extract potential
patterns in the time dimension of the data during time series prediction, they face issues
like gradient explosion and vanishing when dealing with long input—output sequences,
such as ground current prediction tasks. Transformer models, however, can address these
issues more effectively. This paper will focus on predicting ground current based on
Transformer models.

The Transformer series models effectively capture the dependencies between time
series through their attention mechanism, making them widely used in various time
prediction tasks. Mainstream neural network models based on the attention mechanism,
such as DSFormer [11], Informer [12], Autoformer [13,14], Reformer [15], Fedformer [16],
and TimesNet [17], primarily focus on modeling temporal dependencies in data. However,
they lack analysis of the underlying interdependencies between data points, making them
unsuitable for scenarios like ground current prediction, where nonlinear dependencies need
to be considered. In recent years, with the development of Graph Convolutional Networks
(GCNs), some researchers have utilized graph structures to capture spatial features between
variables, offering new solutions to the aforementioned problems. References [18,19]
addressed the spatial relationships between samples and features by constructing graph
structures, capturing interdependencies between features to some extent. However, the
graphs used in these methods are usually static and based on prior human knowledge,
while the spatial dependencies between nodes are dynamic. Therefore, these methods have
significant limitations in tasks like ground current prediction. References [20-22] have
dynamically captured both temporal and spatial features of each data time-stamp using
spatial attention mechanisms, greatly improving prediction accuracy in related scenarios.
However, they fail to fully consider the contextual semantic features between adjacent
time-stamped variables. Moreover, the combination of these attention mechanisms with
LSTM networks also limits their application in long time series prediction tasks. Therefore,
effectively learning the dependencies of each time-stamp variable in long time series
prediction remains a challenging task.

Moreover, the aforementioned single prediction models are unable to fit subsequences
with varying volatility, which affects their predictive performance. Decomposing time
series into subsequences with different characteristics for separate modeling has become a
common approach. References [23,24] utilized empirical mode decomposition (EMD) and
variational mode decomposition (VMD), respectively, to decompose time series data and
then combine these with neural networks for prediction. This approach is more suitable for
forecasting tasks involving complex feature time series than other methods. However, these
decomposition techniques may encounter modal mixing issues during data processing,
which can affect the results of the component data.
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To address the aforementioned issues, this paper proposes a frequency-enhanced trans-
former for ground current prediction (Fdeformer) aimed at improving the model’s ability to
extract features from multivariable time series data. In response to the high-frequency char-
acteristics of ground current, a best frequency domain decomposition algorithm (BFDD)
is introduced to obtain the high and low-frequency component data of ground current.
Compared to traditional time series decomposition methods, this module can more accu-
rately decompose the ground current time series data, reducing the interference of modal
stacking issues on the component data. To tackle the existing challenge where attention
mechanisms struggle to adequately model the dependencies between variables, we first
introduce a data slicing and embedding module(DSAE) to perform regional partitioning
of the time series data. This results in time series segments that contain more contextual
information. Then, enhanced attention is used to simultaneously capture the relationships
between the time dimension and variable dimension of these segments, thereby improving
the model’s ability to extract local features and contextual information from the time series
data. The proposed model is validated across different datasets, with results indicating
that its predictive accuracy surpasses that of several existing Transformer-based baseline
models across various evaluation metrics.

2. Research Methodology and Fdeformer
2.1. Transformer and Its Problems

The Transformer model is a deep learning model based on the self-attention mecha-
nism, primarily used for sequence-to-sequence tasks. This model abandons the frameworks
commonly used in traditional sequence-to-sequence tasks, such as recurrent neural net-
works (RNNs) and convolutional neural networks (CNNs), and instead relies entirely
on self-attention mechanisms and positional encoding strategies to analyze and model
long-term complex dependencies in the input sequences. The model is mainly composed
of stacked encoders and decoders, and its architecture is illustrated in Figure 1.
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Figure 1. Transformer model.

2.1.1. Encoder Layer

The encoder is composed of N identical sub-layers stacked together, each containing
two modules: one is a multi-head attention layer, which captures long-term dependencies in
the temporal dimension of the sequence, and the other is a feedforward layer, which applies
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a nonlinear transformation to each position. The encoder can capture global dependency
information from the input sequence for subsequent decoder calculations. Additionally,
the self-attention mechanism allows the model to process all positions in the sequence
simultaneously, significantly improving the model’s efficiency.

2.1.2. Decoder Layer

The decoder is composed of M identical sub-layers stacked together, each containing
three modules. The masked multi-head attention is similar to the encoder’s attention
but employs a masking mechanism to ensure that when generating each target token, it
can only attend to all positions before the current one. The cross multi-head attention is
primarily used to aggregate the global dependency features captured during the encoder
phase and the features learned through masked attention. Finally, the output from the
encoder is processed through a feedforward layer.

However, the Transformer series models face some issues during prediction. For
example, the model directly fits the dependencies between variables using a single linear
layer, which is then added to the embedded information in the temporal domain to serve
as the input for the self-attention module. This approach makes it difficult for the model to
account for the semantic relationships among multiple variables, affecting the allocation
of weights within the self-attention module and resulting in degraded performance when
applying Transformers to multivariable datasets such as grounding current predictions.

2.2. Fdeformer Model

To address the issues present in traditional Transformer models, this paper proposes
the Fdeformer model. This model builds upon the Transformer framework by improving
the original embedding module, thereby enhancing the model’s ability to extract local
features. Additionally, this paper introduces an enhanced attention mechanism to replace
the traditional point attention mechanism, improving the model’s expressive power in
time series analysis and multivariable feature extraction. Furthermore, to strengthen the
model’s ability to capture the original characteristics of the data, a best-frequency domain
decomposition module is introduced, which decomposes the input data into high-frequency
and low-frequency components that reflect different features. Its specific structure is shown

in Figure 2.
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Figure 2. Model structure of Fdeformer.

First, the input grounding current data are passed through a best-frequency domain
decomposition module to obtain high- and low-frequency component data that reflect the
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different characteristics of the original data. Then, in the slicing and embedding module,
the high- and low-frequency component data are sliced, stacked, and embedded to obtain
embedding vectors of subsequences for different time segments. Afterward, the high- and
low-frequency embedding vectors are fed into M serial encoders and N serial decoders
for iterative training to obtain the prediction results for the high- and low-frequency
components. Finally, the results are combined to obtain the final prediction.

The encoder parallelly captures the relationships between subsequence blocks in both
the time and variable dimensions through an enhanced attention module, generating a key
matrix K and value matrix V that contain the source sequence information. The decoder’s
input consists of zero-initialized vectors that have been enhanced through the data slicing
and embedding module. The enhanced attention is then used to extract the query matrix
Q for the target sequence, and cross-attention is applied to aggregate the results from
the encoder. Finally, the prediction results are generated through a forward propagation
mapping process.

2.2.1. Best Frequency Domain Decomposition (BFDD)

Through Fast Fourier Transform (FFT), the grounding current data can be decomposed
into low-frequency components and high-frequency components, as shown in Figure 3.
It can be observed that the low-frequency component data of the grounding current is
relatively stable and regular, effectively representing the periodic and trend components of
the historical data, whereas the high-frequency component data are significantly affected
by noise, representing the random components within the historical data.
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Figure 3. Schematic diagram of the data of the high- and low-frequency components at the random
cut-off point.

The difference in the cut-off point between high and low frequencies directly affects the
similarity between the resulting high and low-frequency component data and the original
data. This paper uses the distance correlation coefficient [25] to calculate the correlation
between the component data and the original data. This correlation coefficient improves
upon the Pearson coefficient, as it can simultaneously represent both linear and nonlinear
relationships between variables. The calculation method is as follows:

D*(X,Z)

2 _
(X, Z) = VDX(X,X)D2(Z,Z)
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Among them, X and Z are two vectors, which are used here to represent component
data vectors of the grounding current and raw data vectors of the grounding current. n
denotes the length of vectors X and Z. X,,u C {i, ], k,1} represents the u-th element in
the vector X. Z,,u C {i,j,k, 1} represents the u-th element in the vector Z. p>(X, Z) is the
distance correlation coefficient between the two vectors; both D?(X,Z) and D?(Z,Z) can
be calculated using the above formula.

In order to more accurately decompose the low-frequency and high-frequency compo-
nent data, this paper selects the optimal frequency boundary point from the perspective of
the correlation between the component data and the original data. As shown in Figure 4,
when performing frequency domain decomposition of the grounding current, a larger
selected frequency leads to a stronger correlation between the low-frequency component
and the original data, while the opposite is true for the high-frequency component. The
low-frequency component represents the fundamental trends and periodic changes in the
data, offering higher predictability. In contrast, the high-frequency component mainly
contains rapid changes, noise, and non-periodic fluctuations, making it more difficult
to predict. If the proportion of low-frequency components in the data can be increased,
accurately predicting the low-frequency components to balance the prediction errors of
the high-frequency components will enhance overall prediction accuracy. Therefore, the
optimal frequency cut-off selection approach proposed in this paper is to choose the highest
possible frequency cut-off for the low-frequency component while ensuring that it occupies
a significant proportion. However, the frequency cut-off cannot be too high, as this would
render the high-frequency component unpredictable. Otherwise, it would be difficult to
achieve a certain level of balance in the predictions.
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Figure 4. The correlation coefficient between the high and low-frequency components of different
cut-off points and the original data.
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In addition, as shown in Figure 4, when the frequency reaches a certain value, the
correlation between the low-frequency component of the grounding current and the original
data does not increase significantly as the frequency cut-off point increases, while the
correlation between the high-frequency component and the original data continues to
decrease. Therefore, this paper seeks to determine the optimal cut-off point for high
and low frequencies by minimizing the difference in correlation coefficients between the
high and low-frequency components and the original data. This can be regarded as a
minimization optimization problem. The objective function is as follows:

0= argmin‘Lf — Hy|, f € [O, I;]] ®)

In the above equation, O represents the objective function. When the objective function
reaches its minimum value, the correlation between the low-frequency component and the
original data, as well as the correlation between the high-frequency component and the
original data, achieves optimal balance. Lf and Hy represent the correlation coefficients
of the low-frequency component and high-frequency component with the original data at
frequency f, respectively. N denotes the length of the input samples.

The frequency component corresponding to the minimum value m of the objective
function is selected as the optimal frequency cut-off point. Then, the inverse Fourier trans-
form is applied to convert the frequency domain data into time domain data, thereby ob-
taining the time domain data of the grounding current for both the high-frequency and low-
frequency components. The specific implementation process is shown in Equations (6)—(8).

F = FFT(X) (6)
Z;, = iFFT(F[: m]) 7)
Z; = iFFT(F[m +1 ) 8)

In the above equation, F represents the frequency domain component of the original
data, FFT denotes the Fourier transform, Zj, represents the high-frequency time domain
component of the grounding current, iFFT denotes the inverse Fourier transform, and Z;
represents the low-frequency time domain component of the grounding current.

2.2.2. Data Slicing and Embedding (DSAE)

For multivariate time series forecasting, the information provided by a single time
point is limited. A period of time contains more local feature information, and extracting
and utilizing these local features can effectively enhance the model’s predictive accuracy.
Additionally, when calculating the dependencies among multiple variables, considering
only the associations between variables at a single time-stamp lacks contextual information,
which can impact the effectiveness of multivariate predictions. This paper introduces a
data slicing and embedding block that not only improves the temporal attention module’s
ability to extract features from local temporal information in sequences but also enables the
model to better capture the relationships among multiple variables in the data.

After obtaining the high-frequency and low-frequency component data of the ground-
ing current, they are input into DSAE, respectively, to obtain the feature-encoded vectors.
The specific formulas are as follows:

L
1, L} ,d €[1,D] )

s

[z;f,zg,...,z;.’] — DSAE(Z4),i € [
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In the equation, Z* represents the vector of the d-th dimension of the component data,
z4 denotes the encoded result of the i-th sequence block in the dimension of d, L represents
the length of the input sequence, L; denotes the segment length of the sequence, and D
represents the total number of variable dimensions in the input sequence.

First, the time series of the same dimension in the component data is extended using
boundary value replication to ensure that the lengths of the segmented sequences remain
consistent. Then, the sequences are sliced, which can be expressed by the following formula:

g7 = unfold(padding(Z%)),i € [1, LL} ,d € [1,D] (10)
S
In the equation, qf represents the slicing result of the i-th sequence block in the d-th
dimension, unfold denotes the slicing operation on the sequence, and padding indicates
the extension of the sequence.
Finally, the segmented sequences undergo value embedding and position embed-
ding [14], resulting in the stacked embedded vectors e,,:. The specific computation is
shown in Equation (11).

Cout = ValueEmbedding(q:.” )
+positionEmbedding(qf’

) (11)
eowt = [24,25,...,28],i¢€ [ll%]d € [1,D]

2.2.3. Enhanced Attention Mechanism

Unlike univariate prediction tasks, in multivariate prediction tasks, variables from
different dimensions influence each other. Therefore, while considering temporal depen-
dencies, it is also necessary to account for the interrelationships among the time series
data variables. To address this issue, this paper proposes an enhanced attention module
that captures spatiotemporal features. This module primarily utilizes temporal attention
and variable attention to capture the relationships between the segmented sequences’ time
dimensions and variable dimensions output by the DSAE module. A gating unit is then
employed to merge these two dimensions’ features, thereby enhancing the model’s feature
extraction capabilities. Its specific structure is shown in Figure 5.

< , ’ , —» | Temporal attention
<20
did

Variable

Non-
linear

—> | Variable attention

Figure 5. Enhanced attention mechanism.

Temporal attention primarily relies on an autocorrelation mechanism [14] to extract
features across the time dimensions of the input sequence. Compared to the point attention
mechanism used in Transformer, the autocorrelation mechanism offers higher computa-
tional efficiency and is better at capturing the periodic dependencies of time series. Its
specific structure is shown in Figure 6.
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First, the result e,,+ output by the DSEB module is mapped through the time dimension
multi-head to obtain the query matrix Q,, the key matrix K¢, and the value matrix V;. The
specific formulas are shown in Equations (12)—(14).

d
Q; = eout X W, Wg, € R%*% (12)
d
K¢ = eout X Wi,, W, € R%*S (13)
t t
d
Vi = eout X Wy, Wy, € RUXT (14)

In the above formula, Wo,, Wk, and Wy, are the weight matrices that can be learned
by the model, di represents the model depth and s represents the number of attention
heads.

Then, frequency domain conversion is performed through FFT, and the autocorrelation
coefficient between Q, and the lag sequence K; which is shifted backward by T time points,
is calculated. The specific calculation method is shown in Equation (15).

R, k, (T) = iFFT(FFT(Q,) - FFT*(K;)), T € {1,..., Ls} (15)

In the above formula, T represents the translation length and FFT* represents per-
forming FFT on the input vector first and then finding its conjugate vector. Next, obtain
the K translation lengths with the largest autocorrelation coefficients, and normalize them
through softmax to obtain the attention weight matrix S; between sequences under different
translation lengths. This process can be described as follows:

T, ... T = argTopk(Rg, k, (7)) (16)

S1,..., Sk = softmax(RQt,Kt (Tl), ey, RQt,Kt (Tk)) (17)

In the above formula, argTopk represents obtaining the K largest translation lengths.
Finally, based on the obtained K translation lengths, the vector V; is shifted backward and
then multiplied by its attention weight to obtain the data characteristics after time-delay
aggregation. The specific calculation process is as follows:

m
AutoCorrelation(Qy, K¢, Vi) = ) Roll(Vy, 7;)S; (18)
i
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Among them, Roll represents the operation of shifting the input sequence backward.
Based on the above process, the dependency relationship Z'"* of the input sequence in the
time dimension can be obtained.

ztime — AutoCorrelation(Z. 4,Z. 4,Z. 4) (19)

In the equation, AutoCorrelation represents the autocorrelation mechanism and Z, 4
denotes all the time series vectors in the variable dimension of 4.

This paper employs a variable attention mechanism to learn the interrelationships
between grounding currents at different connection points, and its specific structure is
shown in Figure 7.

eﬂll’
i
Multi-head mapping
+ +
Vl Kl QJ

]

Point multiplication

l

Softmax

—l_l

Point multiplication

+
zﬂ-

Figure 7. Variable attention mechanisms.

First, the output from the DSAE block is processed through variable multi-head
mapping to obtain the query matrix Q, key matrix K, and value matrix V; corresponding
to the input vector. Then, the dot product of Q; and Kj; is computed to obtain the attention
weight scores A between variables. After normalization using an activation function, this is
multiplied by the value matrix V; to obtain the high-dimensional features of the variable
dimension. The calculation formula for this attention module is as follows:

QdXK£

Vd

Based on the aforementioned self-attention module, the dependencies Z#" among the

MSA(Q,, Ky, V) = softmax( ) x Vg (20)

variable dimensions of the input sequence can be obtained.
z4" = MSA(Zi;, Zi, Z,,) (21)

In the equation, Z;, represents the vectors of all dimensions at the time step i.

To combine the feature information from the two attention modules, a gating unit is
used to allow each attention module to obtain a learnable weight. First, the dimension
of the feature-extracted vector Z4" is transformed to align with the dimension of vector
Z!me_ Then, they are concatenated directly, followed by a linear projection layer and
softmax function to obtain the weight distributions h; and hy corresponding to the two
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attention modules. Based on this distribution, the output of the enhanced attention module
is obtained through concatenation. The specific computation process is as follows:

G = W Concat(Z%m, ztime) 4 p )
h1, hy = softmax(G) 23)
Xart = Concat(hy x Z9™ hy x Ztme) ”

In the equation, W and b are the weight matrices that can be learned by the model, G
is the feature matrix obtained from linear mapping, and X, represents the output result of
the enhanced attention module.

2.3. Encoder Layer

As shown in Figure 2, the encoder consists of an enhanced attention module and a
forward propagation module. The input to the encoder is the high- and low-frequency
component data obtained after best frequency domain decomposition. The component data
are first segmented and embedded through data slicing and embedding, and then features
are extracted by the enhanced attention module to produce the output of the different
component data encoders. This process can be described in detail as follows:

eS,: = DSAE(Z,) @)
X’én = ENAttn(ef,ut, egut/ efmt) (26)

In the above equation, Z.,c € {I,h} represents the high-frequency time-domain
component and the low-frequency time-domain component while X, denotes the output
of the encoder and ENAttn represents the enhanced attention mechanism.

2.4. Decoder Layer

The decoder is responsible for interpreting the high-dimensional features extracted by
the encoder in both the time and variable dimensions. It aggregates the initialized sequences
into predicted values and then merges the predicted values from different components into
the final prediction result.

The input to the decoder is a zero matrix with the same shape as the prediction target.
Similar to the encoder, it first passes through the data slicing and embedding module to
obtain sequence blocks de, for different time regions. The specific process can be described
as follows:

dec = DSAE(p,) (27)

In the equation, p_, ¢ € {low, high} represent the initial values for the low-frequency
and high-frequency components during the decoding phase, which are zero vectors. Then,
the enhanced attention module is used to extract time-dimensional features from the input
data and learn the relationships between variables, resulting in the features X§, after
attention-enhanced extraction. This can be expressed as follows:

X5, = ENAtin(de., de., de,) (28)

Subsequently, the enhanced cross-attention module aggregates the source sequence
features outputted by the encoder and the features extracted by the enhanced attention in
the decoder. Finally, a fully connected layer produces the predicted sequences for different
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components, resulting in the final prediction outcome. The specific calculation process is as

follows:
Yfile = ENAttn(Xfle/ Xgn' Xgn) (29)
rc = FeedForWard (Y3, ) (30)
T = Yiow + Thigh (31)

In the equation, Y3, represents the output of the enhanced cross-attention, FeedForWard
denotes the forward propagation, r., ¢ € {low, high} represent the predicted results for the
low-frequency and high-frequency components, respectively, and r is the final prediction
result.

3. Experimental Analysis
3.1. Experimental Datasets

To validate the method presented in this paper, a simulation experiment was conducted
based on the actual equipment conditions of a 220 kV substation in northern China. A
simulation model of the grounding current collection system for the 220 kV substation,
as shown in Figure 8, was constructed in MATLAB(R2021a)/Simulink. This simulation
model includes five types of equipment from left to right: circuit breakers, lightning
arresters, current and voltage transformers, and transformers. The grounding network
model is composed of multiple horizontal and vertical grounding electrodes, where each
pair of parallel (or vertical) horizontal grounding sections forms a 7-type circuit. The
grounding currents (current) at six grounding points labeled a, b, ¢, d, e, and £, as shown
in Figure 8, are collected and denoted as Ia, Ib, Ic, Id, Ie, and If, respectively. Additionally,
all equipment used in the model is consistent with the parameters of actual substation
equipment, ensuring the rigor of the experimental data.
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Figure 8. Simulation model of the grounding current collection system for the 220 kV substation.

In the simulation model, the grounding resistance is set to 3 x 10’Q by default to
simulate the grounding conditions of the substation equipment during normal operation.
Additionally, considering the actual operating conditions of the substation, variable resis-
tors are added at each equipment grounding point to dynamically adjust the grounding
resistance, with a variation range of [3 x 1070y, 1 x 1070] . An RMS module is included at
the current output terminal to record the effective value of the current every minute.
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To assess the correlation between the grounding currents at different grounding points,
this study employs the Pearson correlation coefficient for analysis, as shown in Figure 9. It
is clear that there is a significant correlation between the grounding currents at different
points, which supports the validation of the proposed model’s performance in multivariable

prediction tasks.

El b c d e f

Figure 9. Pearson correlation coefficient between grounding currents at different grounding points.

In addition, to verify the generalization ability of Fdeformer, this paper also selects the
transformer temperature (ETT) [14] and exchange rate (Exchange) [14] datasets to analyze
the effect of the proposed method in this paper in the multivariate prediction task. The
transformer temperature dataset consists of six different types of power load characteristics
and the predicted target value “oil temperature”, and the exchange rate dataset consists of
the exchange rates of 8 countries. All datasets are divided into the training set, validation
set, and test set according to a ratio of 7:1:2. The information on different datasets is shown

in Table 1.

Table 1. Description of the experimental dataset.

Dataset Time Frame Time Step Sampling Interval
current 15 December 2023-5 January 2024 30,000 1 min
ETT 1 July 2016-26 June 2018 69,680 15 min
Exchange 1 January 1990-10 October 2010 7588 24h

3.2. Data Preprocessing

During the collection of grounding current information for substation equipment,
the data can be affected by factors such as sensor malfunctions, transmission equipment
issues, and external environmental interference, leading to problems like outliers and
abrupt changes. This paper employs the robust quartile method [26] to detect and remove
outliers that are minimally influenced by extreme values. Given the strong correlation
between adjacent data points in the time series, missing values are filled using interpolation,
replacing the missing values with the average of the nearest preceding and succeeding data
points at equal intervals. Some of the processed monitoring data are shown in Table 2.
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Table 2. Some monitoring data after exception handling.
Time Ia/mA Ib/mA Ic/mA Id/mA Ie/mA If/fmA
24 December 2023 T(09:30:00 0.74 3.24 0.65 0.18 2.55 0.35
24 December 2023 T09:31:00 0.51 3.59 0.20 0.58 3.56 0.64
24 December 2023 T(09:32:00 0.66 2.60 0.32 0.56 5.57 0.31
24 December 2023 T09:33:00 1.01 242 0.43 0.33 3.49 0.12
24 December 2023 T(09:34:00 0.92 1.59 0.12 0.43 2.33 0.48
24 December 2023 T(09:35:00 0.58 3.12 0.56 0.22 1.74 0.51
24 December 2023 T(09:36:00 0.47 227 0.45 0.36 2.79 0.20

3.3. Experimental Environment and Evaluation Metrics

The model is implemented using the PyTorch 2.0.1 framework and Python 3.8. The
hardware environment consists of an NVIDIA GeForce RTX 3060 Ti GPU and an Intel
Core i7-12700F CPU. The prediction results in this paper are evaluated using three metrics:
Mean Square Error (MSE), Mean Absolute Error (MAE), and Mean Absolute Percentage
Error (MAPE). A smaller value for these evaluation metrics indicates better predictive
performance of the model.

1& A2
MSE= ) (vi— ) (32)
i=1
1& A
MAE =) |vi—¥i (33)
i=1
100% ¢4 | y; — 4

MAPE = — Y. (34)

- Yi

A
In the equation, y; represents the predicted result of the model, y; represents the true
value of the data.

3.4. Model Parameter Settings and Benchmark Model Selection

Before training the Fdeformer model, it is necessary to set the basic parameters for
each part of the model. The number of encoder layers, decoder layers, attention heads,
and batch size are set to 2, 1, 8, and 32, respectively. The Adam optimizer is chosen, and
the GELU activation function is used. During training, the learning rate is set to 0.0001,
with a maximum of 10 training epochs. After each epoch, the validation set is tested,
and training is stopped if the validation loss increases for three consecutive epochs. The
weights corresponding to the best performance on the validation set are used for subsequent
predictions. For grounding current prediction, the hyperparameter Ls is set to 20, while for
predicting the public datasets, it is set to 24.

In order to objectively evaluate our method, we used five popular transformer-based
time series prediction models as the benchmark: Reformer (Kitaev N et al., 2020) [15],
Informer (Zhou et al., 2021) [12], Autoformer (Wu et al., 2021) [14], Fedformer (Zhou et al.,
2022) [16] and TimesNet (Wu et al., 2023) [17]. In order to enhance the competitiveness of
benchmark models, their hyperparameters have been adjusted to ensure that they are in
their best-fit state.

3.5. Analysis of Experimental Results
3.5.1. Best Frequency Domain Decomposition Algorithm

In Section 2.1.1, this paper constructs an objective function with the goal of minimizing
the difference in the correlation coefficients between the high-frequency and low-frequency
components and the original data. The frequency spectrum range of the input grounding
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current data is searched to find the point where the objective function reaches its minimum
value, which is taken as the high-low frequency division point. The variation function
of the objective value is shown in Figure 10. When the objective function reaches its
minimum, the correlation between the high-frequency and low-frequency components and
the original data is optimally balanced. The determined decomposition point can effectively
separate steady-state and transient features, enhancing the component features contained in
the data.

1.0 1

0.84

0.6

0.4 4

Objective function value

0.24
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0 500 1000 1500 2000 2500 3000 3500 4000
Frequency component f

Figure 10. Curve of change in target value.

To verify the effectiveness of the proposed time-series decomposition algorithm, the
original data are processed using four strategies: no decomposition, decomposition us-
ing the EMD algorithm [23], decomposition using the VMD algorithm [24], and decom-
position using the best frequency domain decomposition algorithm to obtain high and
low-frequency component data. The proposed model is then used to predict the decom-
posed component data. The comparison results of the prediction models for different
decomposition algorithms are shown in Table 3.

Table 3. Comparison of the prediction performance of grounding current in different decomposition

models.
Method MAE MSE
No Decomposition 0.421 0.346
EMD 0.403 0.339
VMD 0.382 0.322
BFDD 0.360 0.313

From Table 3, the following conclusions can be drawn:

(1) Compared to predicting directly with the original data without decomposition, using
the EMD algorithm, VMD algorithm, and optimal frequency domain decomposition
algorithm yields better results. The MAE accuracy decreased by 4.5%, 10.2%, and
16.9%, respectively, while the MSE accuracy decreased by 2.1%, 7.5%, and 10.5%. It
can be observed that decomposition before prediction improves prediction accuracy;

(2) Compared to the EMD and VMD algorithms, the proposed optimal frequency domain
decomposition algorithm shows a reduction in MAE accuracy of 11.9% and 6.1%,
respectively, and a reduction in MSE accuracy of 8.3% and 2.9% on the self-constructed
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grounding current dataset, validating the effectiveness of the proposed decomposition
algorithm.

3.5.2. Low-Frequency Component Prediction

To validate the effectiveness of the predictions made by Fdeformer on the low-
frequency components obtained after optimal frequency domain decomposition, we con-
ducted experimental comparisons with classical time series prediction models: Autoformer,
Informer, Reformer, Fedformer, and TimesNet.

Figure 11 shows a comparison of the prediction results for the low-frequency com-
ponents of the grounding current at the grounding point across different models. It is
evident that Fdeformer outperforms the other time series prediction models in predicting
the low-frequency components of the grounding current. At most time points, Fdeformer’s
predicted values are nearly consistent with the actual values. In contrast, Fedformer, Aut-
oformer and TimesNet exhibit significant prediction errors at certain time points. For
instance, at the 43rd minute, the predicted values of Fedformer, Autoformer and Times-
Net differ from the actual values by 0.11 mA, 0.13 mA and 0.13 mA, respectively, while
Fdeformer’s prediction deviates by only 0.08 mA. Informer and Reformer, compared to
the other models, can only provide a rough trend of the actual values and fail to achieve
accurate predictions.
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Figure 11. The prediction results of the low-frequency components of each model.

Table 4 presents the prediction errors of each model for the low-frequency components
of the grounding current. As shown in the table, Fdeformer demonstrates lower evaluation
metrics compared to the other models when predicting the low-frequency components of
the grounding current. Specifically, the MAE is reduced by 8.1%, 66.2%, 46.6% and 1.3%
compared to Autoformer, Informer, Reformer, and Fedformer, respectively. Additionally,
the MSE is reduced by 16.1%, 61.3%, 56.2%, 8.5% and 1.3% compared to Autoformer,
Informer, Reformer, Fedformer and TimesNet, respectively.

In summary, when predicting the low-frequency component of grounding current,
using the Fdeformer proposed in this paper can achieve higher prediction accuracy.
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Table 4. Comparison of prediction performance of low-frequency components of grounding current
in different models.

Model MAE MSE
Informer 0.389 0.350
Autoformer 0.253 0.252
Fedformer 0.237 0.229
Reformer 0.343 0.339
TimesNet 0.234 0.220
Fdeformer 0.234 0.217

3.5.3. High-Frequency Component Prediction

To validate the effectiveness of Fdeformer in predicting the high-frequency component
obtained after optimal frequency domain decomposition, experimental comparisons were
conducted with classical time-series forecasting models such as Autoformer, Informer,
Reformer, Fedformer, and TimesNet.

Figure 12 shows the comparison of the prediction results of the high-frequency com-
ponent of the grounding current at grounding point a for each model. Although the
aforementioned models struggle to achieve accurate predictions when dealing with the
clearly nonlinear characteristics of the high-frequency component, Fdeformer’s predicted
values are closest to the actual values at the most extreme points, demonstrating the
best-fitting performance.

0.30 - —_— true
—— Fdeformer
—— Informer
0.25 —— Autoformer
—— Fedformer
—— Reformer

0.20 1 TimesNet

0.15 A

0.10 4

0.05

High-frequency ground current (mA)

0.00

Predicted length(min)

Figure 12. The prediction results of the high-frequency components of each model.

Table 5 presents the prediction errors of each model for the high-frequency component
of the grounding current data. It can be seen from the table that Fdeformer outperforms
other models in predicting the low-frequency component of the grounding current, with
all evaluation metrics being lower than those of the other models. Specifically, compared to
Fedformer, Informer, Reformer, Autoformer and TimesNet, the MAE is reduced by 8.3%,
59.2%, 60.4%, 16% and 1.5%, respectively, while the MSE is reduced by 5.7%, 61.7%, 62.5%,
8.8% and 1.7%.
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Table 5. Comparison of prediction performance of high-frequency components of grounding current
in different models.

Model MAE MSE
Informer 1.568 1.163
Autoformer 0.762 0.488
Fedformer 0.697 0.472
Reformer 1.612 1.187
TimesNet 0.642 0.453
Fdeformer 0.639 0.445

In summary, when predicting the high-frequency component of grounding current,
choosing the Fdeformer, which considers the dependencies between variables, achieves
higher prediction accuracy compared to other models.

3.5.4. Comparison and Analysis of the Proposed Model with Other Models

To validate the overall predictive performance of Fdeformer, predictions were made
using both the aforementioned single models and the proposed method on both a self-
constructed grounding current dataset and a public dataset. The input data length for the
self-constructed dataset was 300 min, with predictions made for the grounding current for
the next 100, 200, and 300 min. The error comparisons of the models on the self-constructed
dataset are shown in Table 6. For the public dataset, the input length was 96, and the
output lengths for predictions were 96, 192, 336, and 720. The error comparisons of the
models on the public dataset are shown in Table 7, with bold black indicating the best
prediction performance.

Table 6. Comparison experiment of self-built dataset models.

100 min 200 min 300 min
Dataset Model
MAE MSE  MAPE  MAE MSE MAPE MAE MSE MAPE
Reformer 0.875 1077  2590%  0.899 1120 2658% 0.906 1132 26.91%
Informer 0.672 0.813  22.73%  0.662 0749  2331% 0.873  0.743  24.35%
Autoformer 0.398 0348  1542%  0.406 0357 15.89% 0.409 0362 16.47%
current g qformer 0.384 0338  13.41%  0.395 0354  14.17% 0.404 0357 14.73%
TimesNet 0.365 0317  12.89%  0.379 0350 13.84% 0.390 0352 14.01%
Fdeformer 0.360 0313  1237%  0.372 0343  1332% 0381 0346 13.89%
Table 7. Comparison of experimental results of public dataset models.
96 192 336 720
Dataset Model

MAE MSE MAE MSE MAE MSE MAE MSE

Reformer 0.619 0.658 0.827 1.078 0.972 1.549 1.242 2.631

Informer 0.453 0.365 0.563 0.533 0.887 1.363 1.388 3.379

Autoformer 0.339 0.255 0.340 0.281 0.372 0.339 0.419 0.422

ETTm2 Fedformer 0287  0.203 0.328 0.269 0.366 0.325 0415 0.421

TimesNet 0.283 0.201 0.324 0.265 0.351 0.321 0.413 0.418

Fdeformer 0.281 0.201 0.324 0.269 0.359 0.318 0.408 0.417

Reformer 0.829 1.065 0.906 1.188 0.976 1.350 1.016 1.510

Informer 0.752 0.847 0.895 1.204 1.036 1.672 1.310 2.478

Exchange Autoformer 0.323 0.197 0.369 0.300 0.524 0.509 0.941 1.447

Fedformer 0.278 0.148 0.380 0.271 0.500 0.460 0.841 1.195

TimesNet 0.254 0.137 0.348 0.226 0.468 0.389 0.832 1.148

Fdeformer 0.255 0.132 0.348 0.225 0.462 0.397 0.822 1.144
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Experiments were conducted on a dataset with interrelated variables related to ground-
ing current. The results indicate that the proposed model achieved the lowest loss value.
Compared with TimesNet, which performs best among the comparison models, the MSE
index of Fdeformer decreased by an average of 1.68%, the MAE decreased by an average
of 1.88%, and the MAPE decreased by an average of 2.98%. This demonstrates that Fde-
former effectively considers the dependencies between variables and fully leverages the
advantages of the enhanced attention mechanism in handling multivariate data. To further
validate the generalization capability of the proposed method, experiments were con-
ducted on a public dataset. The experimental results showed that our proposed Fdeformer
achieved 12 top-1 and 4 top-2 results out of a total of 16 cases, significantly outperform-
ing the comparison methods. This result confirms the strong predictive capability of the
Fdeformer model on multivariate public datasets.

Figure 13 shows the grounding current prediction results for the next 100 min at
grounding point f for different models. It is evident that both Informer and Reformer fail to
accurately predict the changes in grounding current. While Autoformer can predict the
trend of grounding current changes accurately, it struggles to fit the data during abrupt
changes. In contrast, Fedformer and TimesNet better capture the data at the points of abrupt
changes; however, as the prediction horizon increases, the performance of Fedformer and
TimesNet starts to decline. The prediction results of the proposed model show a closer
alignment with the actual data over time, particularly after 60 min. By this point, Fedformer
is unable to fit the fluctuations in the inflection points, while the proposed model continues
to capture the changes in the data effectively.
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Figure 13. The prediction results of the ground current of each model.
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3.5.5. Ablation Studies

To validate the effectiveness of the best frequency domain decomposition module
in the Fdeformer model, as well as the data slicing and embedding module and the
enhanced attention mechanism, this paper conducted ablation experiments. A 100 min
prediction task was performed on a self-constructed dataset, using the Fdeformer model as
the baseline. It was compared with variants of Fdeformer, where the optimal frequency
domain decomposition module was removed, where the data slicing and embedding
module was removed, and where the autocorrelation mechanism was used instead of
the enhanced attention mechanism. The results are shown in Table 8. Here, the average
increase in error refers to the average increase in MAE and MSE metrics for each model
variant compared to Fdeformer.

Table 8. Comparison of the performance of Fdeformer with its various variants.

Model MAE MSE Average Increase in Error
Fdeformer 0.360 0.313 -—--
Remove BFDD 0.421 0.346 13.7%
Remove DSAE 0.367 0.322 2.4%
Auto-Correlation 0.398 0.348 10.9%

It can be observed that (1) the optimal frequency domain decomposition module plays
a positive role, as it effectively decomposes the data, allowing the model to better extract
features from different components; (2) the data slicing and embedding module contributes
to improved prediction accuracy, as it fully exploits and utilizes the local temporal infor-
mation in the time series data; (3) the Fdeformer with the enhanced attention mechanism
outperforms the Fdeformer using the autocorrelation mechanism, as the enhanced atten-
tion mechanism can better extract the implicit associations between the time dimension
and variable dimension of the time series data. These experiments demonstrate that each
module of the Fdeformer model can enhance the model’s predictive performance.

3.5.6. Hyperparameter Sensitivity Analysis

Figure 14 verifies the impact of key hyperparameters L; on model performance in
the prediction task of 100, 200, 300 time steps of grounding current. The setting of these
parameters affects the model’s ability to extract localized features. As the value of L;
increases, the model’s prediction error first increases and then decreases. This is because,
initially, as the segment length increases, the model can capture more localized features
in the sequence. However, a longer segment length Ls; does not necessarily yield better
results, as excessively long segments can lead to model overfitting, resulting in decreased
performance. Experimental validation shows that when Ls; = 20, a balance is achieved
in capturing multi-scale local features in the grounding current prediction task. This
setting neither overemphasizes the microscopic variations caused by high-frequency noise
interference nor overlooks the key trend information in the low-frequency components. It
effectively prevents the performance degradation caused by feature extraction bias in the
complex and variable grounding current data. Therefore, we select the value of 20, where
the error is at its lowest, as the segment length for grounding current prediction.
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4. Conclusions

This paper presents a frequency-enhanced transformer method for grounding current
prediction, which effectively captures the dependencies in both the time and variable
dimensions of the data for accurate forecasting. The proposed method first determines
the optimal boundary between high- and low-frequency components during the data
preprocessing stage by minimizing the difference in correlation coefficients between these
components and the original data, addressing the issue of mode stacking that can occur
with traditional time series decomposition methods. Next, a data slicing and embedding
module is designed to facilitate sequence-level analysis of the time series data. Finally, an
enhanced attention mechanism is proposed to achieve synchronous extraction of features in
both the time and variable dimensions of the time series data, improving the model’s feature
extraction capability. Extensive experiments conducted on both a self-built dataset and
public datasets demonstrate that, compared to traditional attention models, this method
achieves higher prediction accuracy in multivariate time series forecasting tasks. Ablation
studies on the self-built dataset validate the effectiveness of the proposed modules.

Although Fdeformer has achieved good results, it still has limitations in extremely
complex scenarios. For example, in substations affected by strong and fluctuating electro-
magnetic interference, frequent random electrical faults, and harsh natural environments,
the grounding current data may exhibit rare, complex, and irregular fluctuation patterns. In
such cases, Fdeformer may experience a decline in prediction accuracy due to the difficulty
in covering all extreme operating conditions in the training data. This is particularly evident
when there are sudden sharp changes or prolonged abnormal fluctuations in the current,
leading to deviations between predicted and actual values. Future research will focus on
improving the model’s adaptability to extreme and complex conditions, expanding the
diversity of training data, optimizing the model structure and parameters, and further
enhancing the robustness and generalization capability of Fdeformer.
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