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Abstract: Predicting the concentration of dissolved gases in transformer oil is a critical activity for
the early detection of potential faults. To address the prevalent issue of data leakage in current
prediction methods, this paper proposes a prediction method that completely avoids data leakage.
First, the Hodrick Prescott (HP) filter is used for stepwise decomposition to obtain the long-term
trend and high-frequency periodic component. The high-frequency periodic component is further
decomposed using singular spectrum analysis (SSA) to extract periodic features. Dispersion entropy
(DE) and fuzzy entropy (FE) are utilized alongside the HP and SSA methods to determine the optimal
decomposition windows during the process, enhancing the ability of the model to acquire time
series features. Then, variational mode decomposition (VMD) is applied to remove noise from the
high-frequency component. Finally, the long short-term memory network (LSTM) is employed to
predict each decomposed component, and the network parameters undergo optimization through
the sparrow search optimization algorithm (SSOA). The two case studies in this work verify that
the proposed model excels over other prediction means, providing strong support for subsequent
fault prediction.

Keywords: dissolved gas in transformer oil; data leakage; multi-window stepwise decomposition;
variational mode decomposition; long short-term memory

1. Introduction

Oil-immersed power transformers play a critical role in the power system, and their
uninterrupted operation holds significant economic and safety implications for both elec-
tric utilities and industrial power uses. Dissolved gas analysis (DGA) is a widely used
technique to evaluate the health of oil-filled electrical equipment [1,2]. When a transformer
experiences discharge faults or operates under overheating conditions, the oil and solid
insulation materials will decompose, producing various characteristic gases that dissolve
in the insulating oil [3]. As the equipment operates for longer periods of time, the content
of the dissolved gases gradually rises, leading to a decline in the insulation performance
and posing significant risks of serious failures. Through DGA, it is possible to assess the
state of the transformer and diagnose faults [4,5].

Online monitoring devices for dissolved gases in transformer oil can automatically
measure these gases in real time. These devices are now extensively used in substations,
providing support for the condition maintenance of transformers [6,7]. By analyzing histor-
ical data collected by these devices, the precise estimation of dissolved gas concentrations
in transformer oil can help service personnel anticipate changes in transformer conditions
and detect potential faults early [8–10]. This, in turn, contributes to an enhancement in the
reliability of power operations.
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Owing to the synergistic effects of operational conditions, environmental influences,
and intricate electromagnetic environments, the time series data of dissolved gases in trans-
former oil display pronounced nonlinearity and instability [11,12]. Traditional statistical
methods [13,14] have limited capability in fitting nonlinear time series and face challenges
in uncovering the underlying features of dissolved gas time series data in transformer
oil. The combination of sequence decomposition techniques and deep learning models
is a current research focus. Researchers employ techniques such as variational mode
decomposition (VMD), empirical mode decomposition (EMD), and ensemble empirical
mode decomposition (EEMD) [15–18] to disaggregate the original series into a set of sta-
ble, highly periodic modal components before prediction, thereby enhancing predictive
accuracy. However, these studies generally use the overall decomposition sampling (ODS)
technique, which first decomposes the time series as a whole and then splits it into training
and prediction sets. This method introduces future ‘unknown’ data during decomposition,
resulting in data leakage [19], which does not align with actual engineering scenarios.
In contrast, the stepwise decomposition sampling (SDS) technique avoids this issue [20],
making it more suitable for practical applications.

EMD suffers from severe mode mixing during decomposition, and the number of
modes is uncontrollable, making it unsuitable for SDS [21,22]. In EEMD, the modal com-
ponents change significantly as the time series boundary values are updated, resulting in
difficulty in controlling time series patterns during SDS [23]. Under current circumstances,
there is a lack of efficient decomposition methods specifically designed for SDS.

Transformers operating under high loads for extended periods experience continuous
aging of oil–paper insulation materials, which leads to a stable long-term trend in the
concentration of dissolved gases. Influenced by the ambient temperature, humidity, and
load levels of the transformer environment, the concentration of dissolved gases in the
oil exhibits periodic features over certain time scales. Additionally, sudden grid failures,
intrusion of external pollutants, or abrupt changes in transformer operation can cause
instantaneous strong fluctuations in the concentration of dissolved gases. Drawing from
traditional decomposition prediction approaches, in SDS, the data on dissolved gas content
in transformer oil is decomposed into long-term trends, periodic components, and fluctuat-
ing components. This reduces the complexity of the time series of gas concentrations in
the oil.

To extract long-term trends in time series data, this paper introduces the Hodrick
Prescott (HP) filter [24], which is a data analysis method commonly used in macroeco-
nomics. Compared to Kalman filters and wavelet smooth, the HP filter does not require
prior information and is simple to use. Reducing the volatility of time series data enhances
the long-term trend, allowing for better analysis of its changes and decreasing the impact
of data noise [25–27]. Therefore, it has received increasing attention in the field of data pre-
diction [28]. Singular spectrum analysis (SSA) can effectively extract periodic oscillations
in time series [29,30] and does not require the selection of prior basis functions, making it
suitable for SDS sampling.

Based on this, this paper proposes the HSV (HP-SSA-VMD) sequence decomposition
framework under SDS. First, the HP is used to obtain the long-term trend from the gas
concentration time series. Then, SSA is employed to extract the periodic features and
high-frequency components from the detrended data. Finally, VMD is applied to denoise
the high-frequency component [31]. Considering that the decomposition window affects
subsequent prediction accuracy, the dispersion entropy (DE) [32] is utilized to optimize the
HP decomposition window for the extraction of the long-term trend feature sequence most
similar to the original series trend [33]. The fuzzy entropy (FE) [34] is used to improve the
SSA decomposition window to obtain the most significant periodic component.

Finally, each component is predicted separately using a long short-term memory
(LSTM) network [35]. These predictions are then aggregated to achieve the prediction of
dissolved gases in transformer oil.
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Experimental results demonstrate that while avoiding the risk of data leakage, the
proposed method realizes higher accuracy compared to traditional methods and possesses
a greater practical engineering value.

2. Fundamental Principle
2.1. Stepwise Decomposition Sampling (SDS)

For the specified time series TS = {yt|t = 1, . . . , L + K}, select y1 to yL as the training
set, with the remaining part as the test set. The specific SDS steps are as follows:

Step 1: Decompose the time series y1:T into subsequences yi1
1:T . Here, T represents the

decomposition length, and i1 means the i-th subseries of the first decomposition execution.
Step 2: Decompose the time series y2:T+1 into subsequences yi2

2:T+1. The input and
output of the first sample of the i-th subsequence come from yi1

1:T and yi2
2:T+1, as shown in

Figure 1.
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Figure 1. Input and output samples.

Step 3: Decompose the next T-length time series step-by-step until the training dataset
is obtained.

Step 4: Build a prediction model for each subsequence.
Based on the above decomposition principle, this method does not introduce ‘un-

known’ data and is closer to practical application scenarios.

2.2. HSV Sequence Decomposition Framework

First, the raw series is stepwise decomposed using the HP filter. The variance of the
DE values of the trend components obtained under different decomposition windows is
calculated. The window with the smallest DE is selected as the decomposition window
T1. Then, the residual component after HP decomposition is stepwise decomposed using
SSA. The FE values of the periodic component under different decomposition windows
are computed. The window with the smallest FE is selected as the decomposition window
T2. Finally, VMD is applied to decompose the high-frequency component containing
noise, and the multiscale permutation entropy (MPE) [36] of each mode component is
calculated. Effective mode components are determined based on the MPE threshold values.
A genetic algorithm (GA) is adopted to optimize the entropy values to identify the optimal
decomposition window.

2.2.1. Hodrick Prescott Filter (HP)

Hodrick Prescott filter decomposition is designed to smooth the data by minimizing
the variance of fluctuations, using a symmetric data moving average method as an approxi-
mation of a high-pass filter [25]. DE is a dynamically changing metric that focuses on local
features in signals with significant fluctuations and nonlinear characteristics, measuring
the similarity between the long-term trend component and the original sequence.

The HP filter can decompose the time series X = {x1, x2, . . . , xT} into a long-term
trend series G = {g1, g2, . . . , gT} and a high-frequency periodic series S = {s1, s2, . . . , sT},
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in which, xi = gi + si, i = 1, 2, . . . , T. The long-term trend series {gi} is the solution that
minimizes the loss function:

min
gi

{
T

∑
i=1

(xi − gi)
2 + θ

T−1

∑
i=2

[(gi+1 − gi)− (gi − gi−1)]
2

}
(1)

In the equation, θ is a positive number, adjusted as a penalty factor to control the smoothness
by altering the weighting, known as the smoothing parameter. A larger value results in
a smoother long-term trend series {gi}. T represents the number of samples in the time
series {xi}.

Calculate the first derivatives of g1, g2, . . . , gT with respect to Equation (1) to further
obtain the long-term trend G:

G = [I + θF]−1X (2)

F =



1 −2 1 · · · 0 0
−2 4 + 1 −2 − 2 · · · 0 0
1 −2 − 2 1 + 4 + 1 · · · 0 0
· · · · · · · · · · · · · · · · · ·
0 0 0 · · · 1 + 4 −2
0 0 0 · · · −2 1

 (3)

In the equation, the sum of each column of the F matrix is 0, and I is the identity matrix.
Normalize the values of the long-term trend component under window T. Map

the sequence {gi} to {yi} using the cumulative normal distribution function, where
y = {y1, y2, . . . , yT}, so that the values of {yi} lie between [0, 1].

Divide the sequence {yi} into c classes:

zc
i = round(c.yi + 0.5) (4)

In the equation, c is the number of classes in the sequence zc; zc
i is the i-th data point in the

sequence zc.
Construct a sequence zm,c

j with delay d and dimension m:

zm,c
j =

{
zc

j , zc
j+d, . . . , zc

j+(m−1)d

}
, j = 1, . . . , N − (m − 1)d (5)

Map the sequence zm,c
j to the discrete pattern πv0∼vm−1 :

zc
i = v0

zc
i+d = v1

...
zc

i+(m−1)d = vm−1

(6)

In the equation, cm is the number of discrete patterns assigned to each sequence zm,c
j .

Calculate the relative frequency of each discrete mode of cm:

p
(
πv0∼vm−1

)
=

Number
{

t
∣∣∣t ≤ T − (m − 1)d, zm,c

j
(
πv0∼vm−1

)}
T − (m − 1)d

(7)

The DE of the sequence {gi} is:

DE(x, m, c, d) = −∑ p
(
πv0v1 ...vm−1

)
ln p

(
πv0v1 ...vm−1

)
(8)

2.2.2. Singular Spectrum Analysis (SSA)

As a method for handling nonlinear time series, singular spectrum analysis decom-
poses and reconstructs the trajectory matrix of the target time series, breaking the original
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series down into multiple independent and interpretable parts, such as slow-changing
trends, oscillatory components, and structureless noise [37]. FE is an improvement over
sample entropy, reflecting the probability of generating new patterns in a time series, which
can be used to measure the complexity of each component.

Transform the high-frequency periodic component into a trajectory matrix W.

WL×K =
(
wij
)L,K

i,j=1 =


s1 s2 · · · sn−L+1
s2 s3 · · · sn−L+2
...

...
. . .

...
sL sL+1 · · · sn

 (9)

In the equation, K = n − L + 1, and L is the embedding window length.
Suppose d represents the number of non-zero eigenvalues, then the singular value

decomposition of the trajectory matrix W can be expressed as:

W = W1 + W2 + · · ·Wd (10)

In the equation, Wi =
√

λiUiVT
i , Ui, and Vi correspond to the left and right singular vectors

of the i-th singular value of W, respectively. The contribution rate η of each matrix Wi to W
can be expressed as:

η = λi/∑ λ (11)

Suppose W is an L × K matrix, let K* = max (L, K) and L* = min (L, K). If L < K, then
wij

∗ = wij; otherwise, wij
∗ = wji. The formula for computing the reconstructed sequence

Zc = (zc1, zc2, . . . , zcn) is:

zcl =



1
l + 1

l+1
∑

m=1
w∗

m, l−m+2, 1 ≤ l ≤ L∗

1
L∗

L∗

∑
m=1

w∗
m, l−m+2, L∗ ≤ l ≤ K∗

1
n − l

l−K∗+1
∑

m=l−K∗+2
w∗

m, l−m+2, K∗ ≤ l ≤ n

(12)

Set a contribution rate threshold ηe, and construct sub-sequences according to the size
of the eigenvalues. When ∑λi/∑λ ≥ ηe, the sequence formed is the periodic component of
the original sequence after detrending, while the remaining sub-sequences are reconstructed
as high-frequency components containing noise.

Perform phase space reconstruction on the periodic sequence {si} under window:

Xm
i = {s(i), s(i + 1), · · · , s(i + m − 1)} − s0(i) (13)

s0(i) =
1
m

m−1

∑
j=0

s(i + j) (14)

In the equation, m is the embedding dimension, s0(i) is the mean value, and i = 1, 2, . . . ,
N − m + 1.

Calculate the distance d
[

Xm
i , Xm

j

]
:

dm
ij = d

[
Xm

i , Xm
j

]
= max

k∈(0,m−1)
{|(s(i + k)− s0(i))− (s(j + k)− s0(j))|} (15)



Electronics 2024, 13, 2881 6 of 18

Using the fuzzy function µ(dm
ij , n, r) to define the similarity Dm

ij between Xm
i and Xm

j :

Dm
ij = µ

(
dm

ij , n, r
)
= exp

−

(
dm

ij

)n

r

 (16)

In the equation, r is the similarity tolerance, and n is the gradient of the fuzzy function.
Define the function:

ψm(r) =
1

N − m

N−m

∑
i=1

(
1

N − m − 1

N−m

∑
j=1,i ̸=j

Dm
ij

)
(17)

The FE of the sequence {si} is:

FuzzyEn(m, r, N) = lnψm(r)− lnψm+1(r) (18)

2.2.3. Variational Mode Decomposition (VMD)

Variational mode decomposition can decompose highly complex and non-stationary
signals into multiple stationary IMF components with different central frequencies [38].

Construct a constrained variational optimization problem:
min
{uk}
{wk}

{
∑
k

∥∥∥∥∥∂t

[(
δ(t) +

j
πt

)
× uk(t)

]
e−jwkt

∥∥∥∥2

2

}

s.t ∑
k

uk(t) = f (t)

(19)

In the equation, {uk} is the set of K IMF components; {wk} is the set of K frequency centers;
δ(t) is the Dirac delta function; f (t) is the initial signal.

Utilizing the Lagrange multiplier λ and the quadratic penalty factor α, transform
Equation (19) into an unconstrained variational problem:

L({uk}, {wk}, λ ) = α∑
k

∥∥∥∥∂t

[(
δ(t) +

j
πt

)
× uk(t)

]
e−jwkt

∥∥∥∥2

2
+ ∥ f (t)− ∑

k
uk(t)

∥∥∥∥∥
2

2

+

〈
λ(t), f (t)− ∑

k
uk(t)

〉
(20)

For the multiple IMF components obtained after VMD, MPE is applied as a criterion
for distinguishing noise from signal. MPE represents an optimization technique based
on permutation entropy (PE), whose core idea involves computing PE over multiple time
scales, offering better stability and resistance to interference over PE alone. The calculation
process can be found in reference [39].

2.3. Long Short-Term Memory Network (LSTM)

The long short-term memory network structure, as shown in Figure 2, addresses issues
such as long-term dependencies and vanishing gradients in recurrent neural networks.

The input to the neuron at time t is the output of the neuron at the previous time step
ht−1, the state of the memory cell at the previous time step ct−1, and the neuron input xt.
After processing by the forget gate, input gate, and output gate of the LSTM neuron, the
current time step memory cell state ct and neuron output ht are outputted. The formulas
for calculating the three gates are as follows:

Forget gate:
ft = σ

(
W f · [ht−1, xt] + b f

)
(21)

Input gate:
it = σ(Wi · [ht−1, xt] + bi) (22)

c̃t = tanh(Wc · [ht−1, xt] + bc) (23)
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ct = ft ⊙ ct−1 + it ⊙ c̃t (24)

Output gate:
ot = σ(Wo · [ht−1, xt] + bo) (25)

ht = ot ⊙ tanh(ct) (26)

The learning rate, number of iterations, and number of neurons in the hidden layer of
LSTM will affect the prediction accuracy of the model. In this study, the sparrow search
optimization algorithm (SSOA) [40] is employed to optimize these parameters, where the
standard deviation between the predicted values of LSTM and the actual values is taken as
the fitness value of the sparrow individuals.
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3. Dissolved Gas Concentration Prediction Model in Oil

The proposed method for predicting dissolved gas concentrations in transformer oil
based on multi-window stepwise HSV decomposition and LSTM networks is exhibited in
Figure 3, where the primary steps are demonstrated as follows:

Step 1: Divide the dissolved gas raw time series in transformer oil into a training set
and a testing set.

Step 2: Using the HSV decomposition framework, sequentially perform HP filter
decomposition, SSA decomposition, and VMD decomposition to obtain the complete long-
term trend component, periodic features component, and low-frequency mode component
as training samples.

Step 3: Build LSTM network prediction models separately for the long-term trend
component, periodic features component, and low-frequency mode component. Utilize
the SSOA algorithm to optimize the hyperparameters of the LSTM network and select the
optimal parameter combinations for predicting each component.

Step 4: Sum the predicted values of each component to acquire the forecasted dissolved
gas concentration in the original transformer oil.

In this study, the root mean square error (RMSE) and mean absolute error (MAE) are
used as evaluation metrics for the model, as displayed in Table 1. Here, yi represents the
actual value, ŷi represents the predicted value, and n is the number of samples.

Table 1. Error index.

Metrics Definition Equations

RMSE Root mean square error RMSE =

√
1
n

n
∑

i=1
(yi − ŷi)

2

MAE Mean absolute error MAE = 1
n

n
∑

i=1
|yi − ŷi|
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4. Experimental Results and Analysis
4.1. Experiment I

The dissolved gas concentration data were collected from the online monitoring device
of the 500 kV transformer of Unit 1 at a power station in China from 11 April 2011, to
5 January 2014, for testing purposes. It includes data for five types of gases: CO2, CH4,
C2H4, CO, and H2. The sampling interval is 1 day, with a total of 1000 samples collected.
The data for the first 800 days are used as the training set, while the data for the remaining
200 days are the test set. Due to space limitations, this section will analyze the CO2 sequence
of the transformer as an example, as shown in Figure 4.
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4.1.1. HP Decomposition

First, the CO2 gas sequence was subjected to HP stepwise decomposition to obtain
the trend feature curve and high-frequency periodic component. DE was used to optimize
the HP decomposition window, extracting the long-term trend. The initial population size
for the GA optimization algorithm was set to 80, with 150 iterations. Through multiple
experiments, the minimum fitness value obtained was 0.6948, corresponding to the optimal
decomposition window of 102. The GA iteration curve is pictured in Figure 5. After the CO2
sequence undergoes HP stepwise decomposition based on the optimal value (smoothing
parameter θ = 14,600), the long-term trend and high-frequency periodic component are
acquired, as shown in Figure 6.
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4.1.2. SSA Decomposition

The high-frequency periodic components obtained from the HP decomposition are
further decomposed using the SSA stepwise method to derive the periodic features curve
and the high-frequency component that contains noise. FE is utilized to optimize the SSA
decomposition window, extracting the periodic features. Similarly, the initial population
size for the GA optimization algorithm was set to 80, with 150 iterations. Through multiple
experiments, the minimum fitness value gained for FE was 0.4763, with an optimal decom-
position window of 88. The GA iteration curve is plotted in Figure 7. After SSA stepwise
decomposition of the high-frequency periodic component based on the optimal values
(embedding window length L = 44, contribution rate threshold ηe = 0.65), the periodic
features and high-frequency component containing noise were captured, as displayed in
Figure 8.
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4.1.3. VMD Decomposition

As viewed in Figure 8, the high-frequency component containing noise exhibits
significant nonlinearity and instability. Using the optimal decomposition parameters
(K,α) = (7,1793), the high-frequency component, including noise, was decomposed using
VMD. The MPE values of each IMF component were calculated, with MPE values closer
to 1, indicating greater random fluctuation and higher irregularity in the time series. An
MPE threshold of 0.6 is typically used, where IMF components with MPE values greater
than 0.6 are considered noise components, and those with values less than 0.6 are regarded
as low-frequency signal components [36]. The VMD decomposition results and the MPE
values for each IMF component are shown in Figure 9 and Table 2, respectively. The figure
and table indicate that the low-frequency components are primarily concentrated in the first
two modes. The MPE values of IMF1 and IMF2 are less than 0.6, so the low-frequency sig-
nals IMF1 and IMF2 are reconstructed as low-frequency mode components for prediction.
IMF3 to IMF7 are treated as noise and filtered out.
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Table 2. The MPE mean value of each IMF component.

Modal components IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7

MPE 0.3758 0.4805 0.6755 0.6702 0.6817 0.6672 0.6901

4.1.4. LSTM Prediction

Then, the LSTM prediction model is established, and the SSOA is applied to optimize
the network hyperparameters. After multiple experiments, the SSOA population size was
set to 20, with the proportion of discoverers at 10% and the remaining individuals as joiners,
with a warning value set to 0.8. The activation function of the LSTM model was tanh,
the loss function was a mean squared error, and the optimizer was Adam. The batch size
was set to 32. The network model was built using the TensorFlow framework, with the
parameter settings displayed in Table 3.

Table 3. LSTM model parameters setting.

Model Parameters Long-Term Trend Periodic Feature Low-Frequency Mode Component

learning rate 0.01 0.01 0.02
iterations 143 35 124
neurons 50 60 52

The long-term trend, periodic features, and low-frequency mode component obtained
from the decomposition of the CO2 sequence were input into the LSTM for prediction.
The prediction results were then summed up to acquire the final prediction value. By
integrating the single-step prediction results with the historical monitoring sequence, a
new single-step prediction model input sequence can be constructed, enabling multi-step
rolling prediction.

4.1.5. Analysis of Results

To validate the effectiveness of the proposed model in this study, a comprehensive
comparative analysis is conducted among LSTM, SDS-EMD-LSTM, SDS-EEMD-LSTM,
SDS-HSV-LSTM, and the SDS-DE-FE-HSV-LSTM model proposed in this work.

Taking the one-step prediction of CO2 as an example, all prediction performance and
error indicators of each model are exhibited in Figure 10; the prediction results for the
remaining four gases are drawn in Appendix A. In Figure 10, compared with other models,
the prediction curve of the proposed one is closest to the actual data, and the prediction
error indicators are smaller, indicating that the model proposed in this study has better
predictive performance.

Table 4 shows error indicators for the test sets of the five gases. It can be observed
that in the SDS-EMD-LSTM and SDS-EEMD-LSTM models, compared to LSTM, the RMSE
indicators increased by 7.89% and 11.68%, respectively, and the MAE indicators by 9.82%
and 15.14%, respectively, in one-step prediction. This suggests that under SDS technol-
ogy, models based on EMD and EEMD can improve prediction accuracy, with EEMD
outperforming EMD, albeit with limited overall improvement. Compared to EEMD, the
HSV-based decomposition of the RMSE and MAE increased by 14.96% and 13.94%, respec-
tively, in one-step prediction, suggesting that the HSV decomposition framework proposed
in this paper is more suitable for SDS than traditional EMD and EEMD methods. The
prediction model based on entropy-optimized decomposition windows performed better
than HSV, with an increase of 4.34% in RMSE and 7.03% in MAE. This demonstrates that the
time window can affect the extraction of long-term trends and periodic components, and
using DE and FE to determine the optimal time window can improve the decomposition
of long-term trends and periodic components, thereby enhancing the accuracy of feature
extraction from the data time series. Compared to the LSTM model, the proposed model
in this paper showed an average reduction of 30.98% in RMSE and 36.11% in MAE in
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one-step prediction. In multi-step prediction, the RMSE and MAE indicators decrease by
33.82% and 39.59%, respectively, implying a more significant improvement in accuracy in
multi-step prediction, with a more pronounced advantage. In conclusion, the proposed
model manifests potential for application in the short-term prediction of transformer oil
gas sequences.
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Table 4. Error indicators of different prediction models.

Gases Models
One-Step Two-Step THREE-STEP

RMSE MAE RMSE MAE RMSE MAE

CO2

LSTM 5.233 3.993 6.784 5.505 8.446 7.041
SDS-EMD-LSTM 4.894 3.751 6.034 4.786 7.908 6.441

SDS-EEMD-LSTM 4.719 3.655 5.856 4.537 7.749 6.112
SDS-HSV-LSTM 4.012 3.205 5.098 3.753 7.175 5.686

SDS-DE-FE-HSV-LSTM 3.745 2.859 4.778 3.488 6.590 5.184

CH4

LSTM 0.418 0.365 0.422 0.368 0.429 0.375
SDS-EMD-LSTM 0.371 0.310 0.382 0.313 0.391 0.335

SDS-EEMD-LSTM 0.360 0.304 0.370 0.307 0.379 0.318
SDS-HSV-LSTM 0.321 0.266 0.330 0.268 0.348 0.278

SDS-DE-FE-HSV-LSTM 0.279 0.228 0.288 0.227 0.306 0.231
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Table 4. Cont.

Gases Models
One-Step Two-Step THREE-STEP

RMSE MAE RMSE MAE RMSE MAE

C2H4

LSTM 0.247 0.206 0.319 0.268 0.387 0.328
SDS-EMD-LSTM 0.232 0.189 0.295 0.243 0.336 0.270

SDS-EEMD-LSTM 0.222 0.174 0.283 0.236 0.319 0.259
SDS-HSV-LSTM 0.195 0.153 0.243 0.183 0.266 0.214

SDS-DE-FE-HSV-LSTM 0.173 0.129 0.211 0.159 0.243 0.188

CO

LSTM 3.970 3.036 6.715 5.819 9.357 8.270
SDS-EMD-LSTM 3.697 2.776 5.142 4.274 7.201 6.110

SDS-EEMD-LSTM 3.489 2.503 4.813 3.943 6.801 5.801
SDS-HSV-LSTM 2.949 2.147 4.489 3.553 6.127 5.148

SDS-DE-FE-HSV-LSTM 2.681 1.830 4.185 3.212 5.991 4.892

H2

LSTM 0.546 0.445 0.609 0.497 0.656 0.533
SDS-EMD-LSTM 0.498 0.394 0.553 0.443 0.647 0.520

SDS-EEMD-LSTM 0.478 0.373 0.537 0.426 0.613 0.497
SDS-HSV-LSTM 0.410 0.318 0.488 0.387 0.582 0.463

SDS-DE-FE-HSV-LSTM 0.378 0.278 0.441 0.349 0.509 0.385

4.2. Experiment II

Due to the specific working environment and intricate external conditions, the data
from faulty transformers display pronounced nonlinearity and instability alongside fre-
quent abrupt changes and abnormal trend variations. In this section, the dissolved gas
concentration data were collected from the online monitoring device of the 500 kV trans-
former of Unit 2 at a power station in China from 27 June 2015 to 23 March 2018. The
data include three types of gases: H2, CH4, and CO. Starting from 30 December 2017, the
transformer experienced an incipient high-temperature fault, resulting in the rapid internal
generation of H2, CH4, and CO. The analysis is conducted using the H2 sequence of this
transformer as an example, as shown in Figure 11.
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transformer of Unit 2 at a power station in China from 27 June 2015 to 23 March 2018. The 
data include three types of gases: H2, CH4, and CO. Starting from 30 December 2017, the 
transformer experienced an incipient high-temperature fault, resulting in the rapid 
internal generation of H2, CH4, and CO. The analysis is conducted using the H2 sequence 
of this transformer as an example, as shown in Figure 11. 
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Analysis of Results

To confirm the effectiveness of the proposed model in this study, a comparative
analysis was performed between the results obtained from the LSTM model and the
proposed model. Taking H2 prediction as an example, the prediction properties of the
models are illustrated in Figure 12.

From Figure 12, it can be viewed that around day 100, the actual values curve shows
an upward trend, which corresponds to the onset of an incipient high-temperature fault in
the transformer. Although the LSTM model is capable of capturing these abrupt trends, it
still faces problems with temporal offsets and has certain prediction accuracy deviations.
Compared to the LSTM model, the approach in this study more effectively extracts sudden
fluctuations in the sequence when addressing temporal offset issues, thereby understanding
the patterns of gas changes in oil more precisely and making more accurate predictions of
sequence anomalies during faults.
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Table 5 displays the error indicators for the three gases. As seen in Table 5, compared
to the LSTM model, the method proposed in this study achieves significant improvement
in overall prediction performance. Through experiment II, it has been demonstrated that
the proposed model can effectively identify potential trends in gas sequences before faults
occur. This aids maintenance personnel in diagnosing transformer faults and assessing
their condition.

Table 5. Error indicators of different prediction models.

Gases Models RMSE MAE

H2
LSTM 0.703 0.573

SDS-DE-FE-HSV-LSTM 0.408 0.303

CH4
LSTM 0.867 0.732

SDS-DE-FE-HSV-LSTM 0.367 0.301

CO
LSTM 6.213 4.951

SDS-DE-FE-HSV-LSTM 3.466 1.905

5. Conclusions

This research integrates multiple decomposition techniques and deep learning meth-
ods to propose a transformer oil-dissolved gas prediction model based on multi-window
stepwise decomposition. By combining it with subsequent fault detection and state evalu-
ation models, it can predict potential faults and abnormal conditions in transformers in
advance. The following conclusions are drawn:

(1) In the prediction of dissolved gases in transformer oil, the SDS strategy effectively
mitigates the data leakage issue inherent to the ODS technique. The proposed HSV
sequence decomposition framework in this study proves to be more compatible with
SDS than traditional modal decomposition methods.

(2) The selection of the decomposition window affects the extraction of long-term trends
and periodic components. DE can improve the decomposition of long-term trends,
while FE enhances the decomposition of periodic components. By utilizing DE
and FE, optimal windows for extracting long-term trends and periodic features can
be determined, thereby improving the accuracy of temporal feature extraction and
reducing overall prediction difficulty.

(3) Compared to traditional models, the predictive advantage of the proposed model in
multi-step forecasting is more significant than in one-step forecasting.
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