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The challenges of limited sample size and anomalies in the life cycle cost (LCC) 
data of substation GIS equipment make it difficult to achieve accurate LCC 
estimation. To address these issues, this paper introduces similar substation GIS 
equipment LCC data and incorporates a self-attention mechanism to expand 
the sample size. Additionally, a GRU algorithm is applied to predict time series 
data and mitigate the impact of anomalies on the prediction. A novel SA-GRU-
based model for substation GIS equipment LCC data prediction is proposed. 
Considering the discrepancies in data characteristics between similar substation 
GIS equipment LCC data and existing sample data, the self-attention mechanism 
is utilized to enhance data features. The influence weights between similar 
and sample data are quantified based on these enhanced features to ensure 
consistency in data characteristics. Furthermore, the GRU algorithm is employed 
to alleviate gradient vanishing and exploding issues during training, ultimately 
enabling LCC data prediction over the entire life cycle. Validation using LCC data 
from a 110 kV GIS equipment substation in Henan Province demonstrates that 
the proposed method significantly improves prediction accuracy compared to 
other prediction approaches.
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 1 Introduction

The results of Life Cycle Cost (LCC) estimation directly determine the selection of GIS 
equipment in substations (Cai et al., 2011; Su et al., 2012). Traditional LCC estimation 
methods, which rely on manual calculations, have gradually been replaced by predictive 
methods based on LCC data. However, the accuracy of LCC data prediction depends heavily 
on the continuous collection of substantial economic data generated by GIS equipment 
throughout its lifecycle. Currently, the collection of LCC data for GIS equipment in 
substations in China started relatively late, and the data typically suffers from issues such 
as anomalies and insufficient sample size. These challenges hinder accurate LCC estimation 
(Shi et al., 2020; Li et al., 2023). Therefore, developing a prediction method suitable for LCC 
data of substation GIS equipment is critical for addressing the economic evaluation and 
selection of GIS equipment under existing conditions (Du, 2013).

In recent years, extensive research has focused on substation LCC prediction. 
Xiong Z. et al. (2021) developed a substation LCC prediction model by optimizing a 
least-squares support vector machine (LS-SVM) with quantum-behaved particle swarm
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optimization (QPSO), effectively improving accuracy under small-
sample conditions. Qiao et al. (2015) used a genetic algorithm (GA) 
to tune LS-SVM hyperparameters, further enhancing generalization 
and predictive stability. Addressing the unique environment of 
high-latitude frigid regions, Liu L. et al. (2020) constructed an 
LCC prediction model in which LS-SVM is optimized by the 
salp swarm algorithm (SSA), achieving a marked gain in region-
specific accuracy. To handle data uncertainty, Liu S. et al. (2020) 
incorporated fuzzy theory into the LCC estimation process, 
improving the reliability of the estimates. Wang et al. (2021) 
established an LCC mathematical model for a specific substation 
type and conducted sensitivity analysis to identify key drivers.

Despite these advances in traditional model optimization and 
uncertainty handling, challenges remain for GIS equipment LCC in 
substations, a task characterized by small samples and nonstationary 
time series. Early studies (Wang et al., 2020) based on optimized 
least squares are susceptible to missing values and outliers, leading 
to substantial errors (Kong et al., 2020). Although fuzzy neural 
networks (Yang et al., 2017; Zhu et al., 2024) can mitigate the impact 
of anomalies, directly applying neural networks to GIS LCC time 
series often results in parameter instability during training, making 
vanishing or exploding gradients more likely (Xiong Y. et al., 2021).

In the related domain of wind power forecasting—where 
data exhibit similar characteristics—research is comparatively 
mature (Peng et al., 2016; Tao et al., 2018). For instance 
(Xue et al., 2019), introduced the gated recurrent unit (GRU), whose 
gating mechanism strengthens temporal dependencies. However, 
GRU models require sizable training datasets, and their accuracy is 
difficult to guarantee in small-sample settings (Zhang et al., 2022). 
To address this (Wang et al., 2022), integrated an attention 
mechanism with GRU and enlarged the training set using data 
from similar wind farms. Nevertheless, the method relies on manual 
feature extraction; when data distributions are complex, feature 
design becomes challenging and subjective, and accuracy remains 
insufficient (Yang et al., 2023).

Contributions. This paper makes the following contributions to 
LCC forecasting for substation GIS equipment: 

1. Model design for data scarcity and anomalies. We propose SA-
GRU, a self-attention–enhanced GRU tailored to LCC time 
series with scarce samples and outliers.

2. Attention-weighted similar-station integration. The self-
attention module automatically learns feature representations 
and assigns data-driven weights to existing and similar-station 
samples, yielding effective sample augmentation and improved 
robustness.

3. Real-world validation and deployment. We evaluate the 
approach on real LCC data and report a successful deployment 
in a technical retrofit and major-overhaul project at a 
substation in Henan Province, demonstrating practical utility.

For clarity, our forecasting target is the annualized life-cycle cost 
(LCC), which serves as the decision-level quantity for substation 
equipment selection and budgeting. As LCC aggregates capital 
expenditure, routine/corrective maintenance, overhaul, outage-
related loss, and end-of-life components, modeling it directly 
matches operational practice. The remainder of this paper is 
organized as follows. Section 2 describes the dataset and formalizes 
the problem; Section 3 details the SA-GRU methodology; Section 4 

reports the experimental setup and comparative results; Section 5 
concludes and discusses future work. 

2 LCC data of GIS equipment in 
substations and data prediction 
methods

This chapter establishes the foundational groundwork for GIS 
equipment LCC prediction by addressing two key prerequisites: 
first, analyzing the inherent characteristics of LCC data to support 
the design of effective methods; second, examining the limitations 
of current data prediction techniques and suggesting targeted 
improvements. 

2.1 LCC data of GIS equipment in 
substations

The economic performance of GIS equipment is typically 
assessed based on its Life Cycle Cost (LCC). As shown in Figure 1, 
the LCC of GIS equipment consists of several types of costs: initial 
investment cost, operation cost, maintenance cost, failure cost, and 
decommissioning cost. Among these, the initial investment cost 
and decommissioning cost can be largely determined when the 
substation is completed, making them fixed costs. However, the 
operation, maintenance, and failure costs require annual statistics 
and are considered variable costs.

From the perspective of actual data collection on variable annual 
costs, GIS equipment in substations only began to be widely used 
in China in the 21st century, and related data collection activities 
started relatively late. As a result, the quantity of LCC data collected 
across different years is limited, leading to a sparse overall LCC 
data sample. Additionally, in the early stages of LCC data collection 
and transmission, manual recording methods were commonly relied 
upon. Consequently, issues such as insufficient cost materials, data 
loss, and recording errors have occurred, resulting in anomalies 
within the collected LCC sample data.

In summary, these data issues have created significant challenges 
for accurately calculating LCC data. Therefore, it is necessary 
to identify an appropriate data prediction method based on the 
characteristics of the LCC data for GIS equipment in substations. 
This method should aim to expand the data sample size while 
minimizing the impact of anomalous data on the predictions. 

2.2 Limitations of existing data prediction 
methods and proposed improvements

As discussed in Section 1.1, to achieve accurate predictions 
of LCC data for GIS equipment in substations, it is essential 
first to expand the sample size as much as possible to address 
the issue of limited data samples. Then, the characteristics of 
the data samples should be analyzed to resolve the issue of data 
anomalies.

Currently, under the condition that sample data exhibit certain 
regular variations, an effective approach to address the issue of 
limited sample data for prediction is to introduce similar data 
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FIGURE 1
LCC data and issues of GIS equipment in substations.

of the same scale as the existing sample data, thereby expanding 
the original dataset (Zhang et al., 2022; Wang et al., 2022; 
Yang et al., 2023; Cheng et al., 2022). However, considering that 
the data characteristics of the existing samples and the similar 
data may not be entirely consistent, an attention mechanism with 
focused characteristics is employed to quantify the influence weights 
between the existing sample data and similar data. The weighted 
data is then used as the expanded sample dataset (Tao et al., 2018). 
However, the attention mechanism requires manually assigned 
data feature vectors to process and analyze the data around these 
vectors. Given that LCC data for GIS equipment in substations 
belongs to cost data, which is significantly influenced by the actual 
operational conditions of the equipment, the data distribution 
pattern is complex, and the data features are not prominent. 
Therefore, manual feature extraction lacks a solid basis and accuracy. 
As a result, directly using the attention mechanism to obtain 
influence weights between data may lead to low accuracy. If a 
method could calculate vector weights between data to automatically 
extract feature vectors, enhancing the reliability of feature extraction 
results, it would avoid the subjectivity associated with manual 
feature vector extraction. This would provide an objective basis 

for quantifying the influence weights between existing sample 
data and similar data, thus improving the accuracy of data 
predictions.

Regarding the issue of anomalous data, after performing 
data preprocessing based on data distribution characteristics, 
it is important to consider that GIS equipment LCC data 
is collected and arranged in chronological order, making it 
sequential data. Therefore, a Recurrent Neural Network (RNN), 
which can capture temporal relationships, is employed for time-
series data prediction (Ye et al., 2023; Li and Lin, 2018). In 
processing time-series data such as LCC data, RNN adjusts neural 
network parameters by calculating gradients according to the 
backpropagation algorithm and the chain rule (Kong et al., 2020) 
to minimize the loss function (Kong et al., 2020), thereby reducing 
the overall error in the prediction results. However, according to the 
chain rule, each parameter’s gradient expression in RNN is a product 
of terms, which often causes the calculated values to converge 
exponentially toward zero or infinity as the period increases. This 
leads to the gradient vanishing or exploding problem in the LCC 
data, raising concerns about the accuracy of the predictions. The 
fundamental cause of gradient vanishing or exploding in RNN 
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lies in the linear nature of its information transfer structure. 
Therefore, by optimizing the internal structure of the network to 
selectively retain long-span information, the non-linear relationship 
between data points can be enhanced, suppressing the occurrence 
of gradient vanishing or exploding during the network training and 
updating process.

In summary, to achieve accurate LCC data predictions for GIS 
equipment in substations, we can first introduce a self-attention 
mechanism to enhance the feature representation of existing sample 
data, quantifying the influence weights between existing sample data 
and similar data, thereby expanding the sample size. Then, a GRU 
model can be employed, leveraging its gated structure to suppress 
the gradient vanishing or exploding issues, further improving the 
accuracy of the prediction results and enabling precise LCC data 
predictions. 

3 SA-GRU model for LCC data 
prediction

This chapter details the development of the SA-GRU model 
for LCC prediction, targeting two core challenges in substation 
GIS equipment LCC forecasting: the insufficiency of sample sizes 
and the presence of gradient anomalies in time-series data. 
The former challenge is addressed by quantifying the influence 
weights of data from similar substations through the self-attention 
mechanism, thereby expanding the sample dataset. The latter 
challenge is alleviated via the gated structure of the GRU, which 
suppresses gradient vanishing and exploding phenomena during 
model training. 

3.1 Sample expansion based on 
self-attention mechanism

Given the limited number of existing sample data, it is 
feasible to introduce LCC-similar data from GIS equipment in 
substations of the same voltage level and similar environments 
to expand the sample size. However, since similar data cannot 
fully represent the characteristics of the existing sample data, 
directly adding similar data to the existing samples for cost 
prediction would fail to achieve precise LCC calculations. Therefore, 
it is necessary to apply weighting to similar data based on the 
characteristics of the existing samples. This approach addresses 
the issue of reduced prediction accuracy caused by the incomplete 
consistency between similar data and existing sample data 
characteristics.

Due to the complex distribution patterns of LCC data for GIS 
equipment in substations, identifying correlations between data for 
weighting purposes requires transforming both existing sample data 
and similar data into matrix form. Different years are used as the row 
labels of the data, and various types are used as the column labels 
of the matrix. Based on this, a matrix representation of the existing 
sample data is constructed as follows:

HLCC =
[[[[

[

h11 ⋯ h1n

⋮ ⋮

ht1
⋯ htn

]]]]

]

. (1)

In this expression, HLCC represents the constructed matrix of 
existing sample data; htn denotes the LCC data of the n-th type in 
the t-th year for GIS equipment; n = 1,2,3…,N; t = 1,2,3…,T.

Considering that the similar data includes LCC data from 
multiple GIS equipment in substations of the same scale, the 
matrix is divided into sub-blocks by different substations as column 
references. Each sub-matrix is constructed in a manner consistent 
with the matrix representation of the existing sample data. To 
facilitate correlation comparisons between different data sets, the 
existing sample data is included as a reference value within the 
similar data, so that the matrix form of the similar data can be 
represented as follows:

LLCC = [HLCC,H
1
LCC,H

2
LCC,⋯,H

m−1
LCC,H

m
LCC]. (2)

In this expression, LLCC In this expression; Hm LCCdenotes the 
similarity data sub-matrix composed of the LCC data from the m-
th GIS equipment in substations of the same scale. The number of 
rows and columns in Hm LCC matches those of the existing sample 
data matrix.

Based on the matrix constructions in Equations 1 and 2, 
it can be seen that the task of identifying correlations between 
existing sample data and similar data has been transformed into 
a problem of determining correlations between matrix column 
vectors (Zhang, 2021). According to the attention mechanism’s 
solving algorithm (Yin et al., 2021), the correlation between matrix 
column vectors can be obtained using an attention scoring function, 
specifically:

αm = Softmax(s(Hm
LCC,HLCC)). (3)

In this expression,αm represents the weight coefficient matrix 
between the m-th similar data sub-matrix and the existing sample 
data matrix, indicating the correlation between matrices; Softmax is 
a normalization function; and s(·) is the attention scoring function, 
Considering the long time sequence of LCC data and the suitability 
of the dot-product model for calculating vector weight coefficients 
between matrices, the attention scoring function in Equation 3 
employs a scaled dot-product model.

In solving matrix correlations using the scoring function, the 
attention scoring function performs calculations directly based on 
the matrix elements. Given that the LCC data of GIS equipment 
has inconspicuous data features, the scoring results of the attention 
function may lack accuracy. Therefore, an algorithm based on 
the self-attention mechanism (Yin et al., 2021) is introduced to 
determine the weight relationships among elements within the HLCC
matrix, thereby enhancing data features. When solving for weight 
relationships with the self-attention mechanism, to better capture 
the correlations between any two elements in the matrix, the HLCC
matrix needs to be transformed into three matrices through linear 
mapping: the LCC data query vector matrix QLCC, the LCC data 
key vector matrix KLCC, and the LCC data value vector matrix
HLCC. Here, matrices QLCC and KLCC share the same dimensions 
and are used to calculate the weight coefficients between column 
vectors of matrix HLCC, while matrix VLCC is used to compute 
the output by combining them with the weight coefficients. At this 
point, the weight coefficients between QLCC and KLCC represent the 
weight coefficients between elements of the HLCC matrix, and these 
coefficients can also be obtained using a scoring function:

ALCC = Softmax(s(KLCC,QLCC)). (4)
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FIGURE 2
LCC sample data expansion model based on self-attention mechanism.

In this expression, ALCC represents the weight coefficient matrix 
of the existing sample data; Softmax is a normalization function, and 
s(·) is the attention scoring function. Since both matrices QLCC and
KLCC are also sequential data and involve calculating vector weight 
coefficients between matrices, the scaled dot-product formula is 
similarly used in Equation 4.

Since the weight coefficient matrix ALCC obtained from
Equation 4 only represents the correlations between matrix 
elements, to obtain a matrix with enhanced data features, it is 
necessary to perform matrix multiplication between ALCC and VLCC. 
This results in the data feature matrix:

Since the weight coefficient matrix ALCC obtained from
Equation 4 only represents the correlations between matrix 
elements, to obtain a matrix with enhanced data features, it is 
necessary to perform matrix multiplication between ALCC and VLCC, 
resulting in the data feature matrix:

H′LCC = VLCCALCC (5)

In this expression, HʹLCC is the data feature matrix, with the 
same rows and columns as matrix HLCC.

Furthermore, by substituting the enhanced data feature matrix
HʹLCC of Equation 5 into Equation 3 for calculation, the weight 
coefficient matrix αʹm between the m-th similar data sub-matrix 
and the data feature matrix can be obtained. On this basis, to 
reduce the impact of the partial inconsistency between the data 
features of matrices HʹLCC and Hm LC on prediction accuracy, 
matrix αʹm is multiplied by matrix Hm LCC. This yields the LCC 
data matrix for GIS equipment in substations after expanding the 
sample data in Equation 6.

YLCC = [α
′
1H

1
LCC,⋯,α

′
mH

m
LCC]. (6)

In this expression, YLCC represents the expanded sample 
data matrix.

Thus, the final LCC sample data expansion model based on the 
self-attention mechanism is constructed, as shown in Figure 2.

3.2 Data prediction based on GRU

Since there are anomalies in the LCC data, directly using the 
expanded sample data for prediction would still affect the accuracy 
of data predictions. Therefore, to fundamentally improve prediction 
accuracy, it is necessary to handle the anomalies in the LCC data. 
Given that anomalies in LCC data only appear at specific points in 
the time series, classifying them as point anomalies (Li et al., 2023), 
a weighted moving average method is employed to process the 
expanded sample data to mitigate the impact of point anomalies in 
the original time series:

{{{{
{{{{
{

Y t+1
LCC =
∑t

i=1
wiY

i
LCC

∑t
i=1

wi

Y ′LCC = [Y
1
LCC,⋯,Y

T
LCC]

T

. (7)

In this expression, Y i LCC represents the expanded sample data 
value for the i-th year; wi denotes the data weight for the i-th year.; 
i∈[1, T];t is the year for which the weighted moving average method 
is used for data processing; and Yʹ LCC is the expanded sample data 
matrix after processing.

On this basis, considering that the recurrent structure of 
the RNN algorithm can effectively capture the overall trend of 
time-series data, the RNN algorithm is introduced to predict the 
processed expanded sample data (Yang et al., 2023). Matrix Y ʹ LCC 
is used as the data input, and the RNN algorithm performs network 
training and prediction on the input data through its gradient 
calculation process.

∂Lt

∂V
=

t

∑
k=0

∂Lk

∂yk

∂yk

∂hk
(

t

∏
j=k−1

∂hj

∂hj−1
)

∂hk

∂V

=
t

∑
k=0

∂Lk

∂yk

∂yk

∂hk
(

t

∏
j=k−1

tan h′ ·U)
∂hk

∂V
.

(8)
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In this expression, Lt  represents the loss function of the RNN 
network at time t; yk is the output of the RNN network at time k; 
hj is the hidden state of the RNN network’s hidden layer at time j; 
tanh is the activation function of the RNN hidden layer; V is the 
weight parameter from the RNN hidden layer to other layers; and U
is the weight parameter between hidden layers of the RNN.

From the linear multiplicative relationship in Equation 8, it can 
be seen that if tanhʹ·U is less than 1, the gradient will converge 
exponentially to zero as the time span of the input LCC data 
increases. Conversely, if tanhʹ·U is greater than 1, the gradient will 
tend towards infinity as the time span increases. Therefore, during 
gradient calculations over long time spans, gradient vanishing 
or exploding issues may arise, resulting in decreased prediction 
accuracy. To address this issue, considering that the LCC data for 
GIS equipment in substations does not belong to a large dataset, 
and to facilitate computation, a GRU gating structure is added to 
the RNN algorithm’s architecture. This modification mitigates the 
gradient vanishing and exploding problems caused by the linear 
multiplicative relationship.

The network structure with the added GRU gating structure can 
be expressed as follows in Equation 9:

{{{{{{{
{{{{{{{
{

rt = σ(W rxt +U rht‐1 + br)

zt = σ(Wzxt +U zht‐1 + bz)

h′t = tanh(Whxt +Uh(ht‐1 ⊙ rt) + bh)

ht = (1‐zt) ⊙ ht‐1 + zt ⊙ h
′
t .

(9)

In this expression, rt  is the reset gate at the current time step; zt  is 
the update gate at the current time step; hʹ

t  represents the candidate 
state information at the current time step; xt  is the input information 
at the current time step; ht  is the hidden state information passed 
to the next time step; ht-1 is the hidden state information from 
the previous time step; σ is the sigmoid activation function; tanh is 
the activation function; ⊙ denotes the Hadamard product, which 
is the element-wise multiplication of matrices; W r, Wz, Wh, U r,
U z, Uh are the weight parameter matrices corresponding to the 
reset gate, update gate, and candidate state; br, bz, bh are the bias 
parameter matrices for the reset gate, update gate, and candidate 
state, respectively.

Thus, the multiplicative relationship expression for gradient 
calculation in the GRU structure becomes:

{{{{{{{{{{{{{{{{
{{{{{{{{{{{{{{{{
{

t

∏
j=k−1

∂hj

∂hj−1
=

t

∏
j=k−1
((1− zj) + (Uzδzj

+Uh(δhj
rj)) + (Urδrj

))

δzj
=

∂Lj

∂zj
=

∂Lj

∂hj
[hj − hj−1]zj (1− zj)

δrj
=

∂Lj

∂rj
= δhj
(Uhhj−1)rj (1− rj)

δhj
=

∂Lj

∂hj
=

∂Lj

∂hj
zj (1− hj

2)

(10)

In this expression: δzj is the partial derivative of the loss function 
concerning the update gate; δrj is the partial derivative of the loss 
function concerning the reset gate; δhj is the partial derivative of the 
loss function concerning the hidden state information.

By substituting the multiplicative terms in Equation 10 into 
Equation 8, it can be observed that the original linear multiplicative 

relationship in Equation 8 has been replaced by a nonlinear 
relationship. Consequently, the gradient vanishing and exploding 
issues in data prediction are resolved. At this point, the processed 
expanded sample data matrix can be used as input to the network, 
and data prediction is performed through the GRU network.

After obtaining the prediction values from the GRU network, the 
most commonly used metrics in time series prediction—Root Mean 
Square Error (RMSE) in Equation 11, Mean Absolute Error (MAE) 
in Equation 12, and R2 (R-Square) in Equation 13—are selected for 
error validation:

RMSE = √ 1
n

n

∑
i=1
(yi − ̂yi)

2, (11)

MAPE = 1
n

n

∑
i=1
|

yi − ̂yi

yi
| × 100%, (12)

R2 = 1−
∑n

i=1
(yi − ̂yi)

2

∑n
i=1
(yi − yi)

2
. (13)

In these expressions: yi represents the true value of the sample; 
̂yi denotes the predicted value;n is the number of true values in the 

sample, yi represents the mean of the predicted values. 

3.3 Data prediction process

Combining the above analyses of the self-attention mechanism 
and GRU, the process begins by applying weight processing to 
similar data based on the self-attention mechanism to obtain 
expanded sample data. Then, the expanded sample data is used 
to train model parameters with the GRU model. Finally, the 
LCC data prediction results are output, and the accuracy of the 
prediction results is validated. The complete LCC data prediction 
workflow in Figure 3 is as follows.

4 Example verification and analysis

4.1 Actual conditions of the substation

Taking the 110 kV GIS equipment of a substation in Henan 
Province as an example, this substation is selected as the sample 
substation, and the SA-GRU model proposed in this paper is applied 
to predict the LCC data of GIS equipment in this sample substation. 
The substation currently has two main transformers, and the 110 kV 
side distribution device uses outdoor GIS equipment. It is located in 
an E-grade pollution area. The basic information on the voltage level, 
environment, and scale of the sample substation is shown in Table 1.

To demonstrate that the SA-GRU model proposed in this 
paper is suitable for predicting the LCC data of GIS equipment 
in substations, three similar substations are introduced to expand 
the LCC data samples based on the basic conditions, such as the 
voltage level, electrical scale, and surrounding environment of the 
example substation. The basic information of the introduced similar 
substations is shown in Table 2.

Comparing the basic information of substations in Tables 1 and 2 
reveals that the three introduced substations have the same voltage 
level as the sample substation, with altitudes below 1,000 m, are 
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FIGURE 3
LCC data prediction flowchart.

TABLE 1  Basic information of the sample substation.

Item Numerical value Unit

Voltage level 220 kV

Number of main converters 2 Set number

Principal variable capacity 180 MVA

110 kV incoming and outgoing 
lines

12 Circuit number

GIS equipment layout Outdoors —

Altitude <1,000 m

Pollution grade E Level

located in an E-grade pollution area, and all GIS equipment is 
arranged outdoors. Substations 1 and 2 have one more main 
transformer than the sample substation, while Substation 3 has the 

same number of main transformers as the sample substation. In 
terms of incoming and outgoing line circuits, Substation 1 has the 
same number as the sample substation, Substation 2 has 4 more, 
and Substation 3 has 2 fewer circuits. Among these, Substation 3 
has the highest similarity to the sample substation in terms of basic 
information, while Substations 2 and 1 have lower similarity.

After identifying the sample substation and similar substations, 
raw LCC data were obtained through the PMS and ERP system 
platforms and multidimensional lean reports. This data collection 
primarily focused on cost-related data, including voltage level, 
service life, asset original value, routine maintenance and repair 
material costs, major repair material costs, maintenance fees, labor 
costs, and other expenses. As of 31 December 2023, a total of 886 
LCC sample data entries for GIS equipment were collected for the 
sample substation. Additionally, 4,101 LCC sample data entries were 
gathered for GIS equipment from the three similar substations, 
facilitating the expansion of LCC data samples.

A portion of the collected sample data on cost-related 
information for 110 kV GIS equipment is shown in Table 3.

To clearly present the data foundation of this study, Table 4 
lists representative samples of the LCC time-series data collected 
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TABLE 2  Basic information of similar substations.

Item Substation 1 Substation 2 Substation 3

Voltage level 220 kV 220 kV 220 kV

Number of main converters/unit 3 3 2

Main variable capacity/MVA 240 180 180

110 kV incoming/outgoing line/return 12 16 10

GIS equipment layout Outdoors Outdoors Outdoors

Altitude m <1,000 <1,000 <1,000

TABLE 3  Sample of cost-related data for 110 kV GIS equipment (partial).

Serial number Operation 
age limit

Original value 
of assets

Maintenance 
and repair 

materials cost

Cost of major 
repair 

materials

Repair charge Labor cost

1 38 143435.27 414.30 1 2959.91 2631.77

2 32 359302.77 2100.87 10676.74 588.70 35819.53

3 18 1557504.77 1515.03 1515.03 3680.27 15061.98

4 23 363904.65 222.28 0 4864.15 5059.33

5 4 171930.08 708.70 0 0 4484.22

6 12 873264.77 134.56 0 1139.65 2584.88

7 2 124368.33 7468.46 5193.79 7509.21 1856.92

8 9 645125.57 8415.71 9456.00 1180.20 53565.84

from a 110 kV GIS unit at a substation in Henan Province. The 
dataset contains cost records spanning the equipment’s entire life 
cycle, reflecting the continuity and complexity characteristic of time-
series data.

The GRU model was configured with the following 
hyperparameters: 64 hidden units, a look-back window (time steps) 
of 10, a dropout rate of 0.3, a batch size of 16, the Adam optimizer 
with an initial learning rate of 0.001, and 200 training epochs. These 
hyperparameters were selected through preliminary tuning based 
on validation performance, and early stopping was employed during 
training to prevent overfitting. 

4.2 Weight calculation results based on 
self-attention mechanism

Based on the LCC sample data expansion model using the self-
attention mechanism, the influence weights of LCC data for GIS 
equipment in different substations can be obtained. A comparison 
of these weights with those obtained using the direct attention 
mechanism is shown in Figure 4.

As shown in Figure 4, the influence weights based on the 
self-attention mechanism for the sample substation, Substation 1, 

Substation 2, and Substation 3 are 0.588, 0.115, 0.102, and 0.195, 
respectively. The weight results indicate that, apart from the sample 
substation, Substation 3 has the highest weight, likely due to the 
similarity of its main transformer count, main transformer capacity, 
and the number of incoming and outgoing circuits with those of the 
sample substation, differing only by 2 fewer circuits. The weights 
of Substation 1 and Substation 2 are nearly 50% lower than that 
of Substation 3, likely because Substation 1 has a higher main 
transformer count and capacity, and Substation 2 has a higher main 
transformer count and a larger number of incoming and outgoing 
circuits than the sample substation. These quantitative differences 
lead to higher LCC data values for Substations 1 and 2. Substation 
2 has the lowest weight, possibly because the number of incoming 
and outgoing circuits on the 110 kV side has a greater impact on the 
LCC data values.

Comparing the influence weights of the attention 
mechanism in Figure 5, it can be seen that the weight of the sample 
substation based on the self-attention mechanism is reduced by 
0.038 compared to the attention mechanism. This may be because 
the attention mechanism directly uses the raw sample data as sample 
features, whereas the self-attention mechanism extracts sample 
features from the raw data, leading to some differences between the 
two types of sample features. Except for Substation 3, the influence 
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TABLE 4  LCC time-series data collected from a 110 kV GIS unit at a substation in Henan Province.

Serial number LCC cost (Yuan) Serial number LCC cost (Yuan)

1 10253.92 11 21117.94

2 18594.72 12 22019.09

3 17078.66 13 18771.44

4 20873.63 14 24503.27

5 21922.14 15 25276.93

6 25626.14 16 28541.20

7 18292.75 17 28401.98

8 23898.47 18 30419.14

9 24465.10 19 30956.61

10 27341.49 20 25864.47

FIGURE 4
Influence weights obtained by different models.

weights of the other similar substations based on the self-attention 
mechanism are all reduced. This may be because the LCC data 
features of Substation 3 are closer to the features extracted by the 
self-attention mechanism. Additionally, Substation 2 still has the 
smallest weight result, while Substation 3 still has the largest.

4.3 Comparative analysis of training results 
from different models and methods

Based on the typical lifespan of GIS equipment in substations, 
40 years is selected as the overall time frame for LCC, with 
predictions made annually. Considering that the LCC data for 
substation GIS equipment, even after sample expansion, still 

constitutes a small dataset, no validation set is created. Instead, 
the sample data processed in Equation 7 is split into a training set 
and a test set in a traditional 7:3 ratio. The training set is used 
to train model parameters, and the test set is used to validate 
the model’s training results. To maintain continuity in the time-
series data during training, a segmented approach is adopted for 
dividing the dataset: the first 32 consecutive years of data are used 
for model parameter training, and the last 8 consecutive years of data 
are used for validation. The divided training set is fed as input to 
the GRU model, with only LCC values as the output. Considering 
the components of the model in this paper, the SA-GRU model, 
ATT-GRU model (Attention combined with GRU model), and 
GRU model are selected for a comparative analysis of the training 
results from different models. The training results of the different 
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FIGURE 5
Comparison of training results from different models.

models on the LCC data of substation GIS equipment are shown 
in Figure 5, and the evaluation metrics RMSE, MAE, and R2 are 
presented in Table 4.

As seen in Figure 5, from an overall training perspective, 
while the GRU model’s general trend aligns with the true values, 
the discrepancies between its predictions and the actual values 
are noticeably larger than those of the SA-GRU and ATT-
GRU models. The ATT-GRU model, which is an improved 
version of the GRU model with the inclusion of similar data 
during modeling, shows certain advantages in small-sample data 
prediction. Although its performance is not as accurate as the 
SA-GRU model, the overall prediction results are still better than 
the GRU model, closely approximating the true values, with only 
slight deviations at certain sample points and towards the end 
of the training. The SA-GRU model used in this paper provides 
results that are even closer to the true values compared to 
the ATT-GRU model. This improvement is due to the SA-GRU 
model’s use of a self-attention mechanism to enhance sample 
data features, which increases the weights assigned to similar 
substations that closely match the sample data features. This 
adjustment reduces the negative impact on prediction accuracy 
caused by inconsistencies between the features of similar data and 
sample data.

From Table 5, it can be observed that the RMSE of the SA-
GRU model is 715.93 yuan, the MAPE is 1.54%, and the R2 value 
is 94.86%; the RMSE of the ATT-GRU model is 1039.18 yuan, the 
MAPE is 2.35%, and the R2 value is 91.78%; while the GRU model’s 
RMSE is 1677.33 yuan, the MAPE is 3.83%, and the R2 value is 
83.32%. Compared to the ATT-GRU model, the SA-GRU model 
improves the RMSE accuracy by 31.11% and the MAPE accuracy 
by 34.47%, with the R2 value increasing from 91.78% to 94.86%.

To validate the accuracy of the proposed method for LCC 
data prediction, the proposed method was compared with the 
optimized partial least squares method and the fuzzy neural 
network method mentioned in the introduction. The training results 
are shown in Figure 6.

TABLE 5  RMSE, MAE, and R2 metrics results for different models and 
different methods.

Prediction model RMSE/元 MAPE R2

GRU model 1677.33 3.83% 83.32%

The ATT-GRU model 1039.18 2.35% 91.78%

Optimize partial least squares 1388.11 3.37% 87.31%

The fuzzy neural network method 1160.57 2.73% 85.68%

Textual method 715.93 1.54% 94.86%

FIGURE 6
Comparison of training results from different methods.

According to the evaluation index calculation formulas, the 
RMSE, MAE, and R2 results of different prediction methods are 
presented in Table 4. Combined with Figure 6, it is evident 
that among time-series prediction methods, the SA-GRU model 
demonstrates superior training performance and evaluation results 
compared to other methods. The optimized partial least squares 
(PLS) method is significantly influenced by numerical fluctuations 
during training, resulting in an inability to accurately capture data 
trends. Although the fuzzy neural network method mitigates the 
impact of numerical fluctuations on training, it shows weaker 
capability in capturing data features. These limitations cause 
both methods to yield less accurate prediction results than the 
proposed method in this paper. As shown in Table 4, compared 
to the optimized PLS method, the proposed method reduces 
the RMSE by 672.18 yuan, decreases the MAPE by 1.83%, 
and improves the R2 by 7.55%. Compared to the fuzzy neural 
network method, the proposed method reduces the RMSE by 
444.64 yuan, decreases the MAPE by 1.19%, and improves the 
R2 by 9.18%.

To visualize the predictive performance of the 
best model, Figure 7 plots observed versus predicted LCC on the 
held-out test set. The 45° bisector (y = x) is shown as the ideal 
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FIGURE 7
Observed vs. predicted LCC (Test Set, SA-GRU).

reference, together with an ordinary-least-squares (OLS) fit of 
predicted on observed values. The legend reports R2, RMSE, MAE, 
and MAPE to complement the visual assessment.

In Figure 7, points cluster around the bisector. The OLS fit 
̂y = − 2403+ 1.048x has a slope close to 1 and a small intercept, 

indicating limited systematic bias. Quantitatively, on the test set we 
obtain R2 = 0.764, RMSE = 1,549 yuan, MAE = 1,157 yuan, and 
MAPE = 3.30%, which is consistent with Table Y. The slope slightly 
above 1 suggests a mild overestimation at higher LCC levels (and 
slight underestimation for low-cost years), but the deviation is small 
relative to the overall range. Overall, SA-GRU provides accurate and 
decision-grade LCC forecasts.

In summary, the SA-GRU model proposed in this paper can 
effectively improve the accuracy of LCC data prediction for GIS 
equipment in substations. 

5 Conclusion

Considering the limited sample size and presence of outlier data 
in the GIS equipment LCC data of substations, this study proposes 
an SA-GRU-based prediction method for LCC data. Taking the 
110 kV GIS equipment of a substation in Henan Province as an 
example, the conclusions are as follows: 

1. The SA-GRU model outperforms the Attention-GRU 
model and the GRU model in terms of RMSE, MAPE, 
and R2 evaluation metrics. Models incorporating self-
attention mechanisms also demonstrate superior performance 
compared to those using only attention mechanisms, 
confirming the necessity of using self-attention to process 
data from similar substations.

2. Compared with traditional optimized partial least squares 
(PLS) and fuzzy neural network methods, the proposed 

method reduces the RMSE by 672.18 yuan and 444.64 yuan, 
decreases the MAPE by 1.83% and 1.19%, and increases the 
R2 by 7.55% and 9.18%, respectively. These results validate 
the effectiveness of the proposed method in improving 
the accuracy of GIS equipment LCC data prediction and 
addressing the challenges in accurately forecasting LCC data 
for substations.

3. The proposed method quantifies the influence weights of data 
from the sample substation and similar substations to obtain 
weighted data from similar substations, thereby expanding 
the sample size. However, the current approach to weight 
calculation does not consider the qualitative characteristics 
of individual substations. Future research could focus on 
quantifying the scale and environmental characteristics of 
substations and developing appropriate methods to further 
enhance the reliability of weight calculations for substation 
interactions.
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