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Abstract - To ensure the stable operation of a smart grid, it is necessary to monitor fault
information and release timely warnings. In this paper, a monitoring algorithm based on a
convolutional neural network (CNN) was designed using the deep learning method to determine
the fault category of transformers and monitor them. An improved particle swarm optimizationlong short-term memory (IPSO-LSTM) model was established to realize early warning of faults
based on the prediction of dissolved gas concentration in oil. Experiments were conducted on the
data of a power company. It was found that the CNN model had higher fault monitoring accuracy
than the support vector machine (SVM) model and other methods; compared with the LSTM model,
the IPSO-LSTM model had a smaller error in gas concentration prediction. Taking H2 as an example,
the root-mean-square error (RMSE), mean absolute error (MAE), and mean absolute percentage
error (MAPE) of the IPSO-LSTM model was 0.0412, 0.0432, and 6.2145%, superior to the LSTM
model, so the IPSO-LSTM model could achieve the early warning of faults. The experimental results
prove the effectiveness of the proposed method. The method can be further applied to the actual
smart grid.
Keywords: Deep learning, Smart grid, Transformer, Fault, Monitoring, Early warning,
Convolutional neural network.

1. Introduction
With the wide application of big data technology,
smart grid technology has also been developed
rapidly [1]. The smart grid operates safely and
efficiently based on big data [2], which not only
improves the efficiency of the grid but also meets the
electricity demand of users. However, with the
development of the smart grid, the fault information
in it also becomes more complex and diversified, and
how to realize the monitoring and early warning of
the fault information has received wide attention
from researchers. Shafiullah et al. [3] designed an
intelligent fault diagnosis scheme to analyze the
faults of IEEE 13 node test distribution feeders and
proved the scheme’s effectiveness through
experiments. Dhend et al. [4] performed an
experiment on the Symlet mother wavelet functionbased method in an IEEE standard 15 bus system
and found that the method was applicable to realtime fault diagnosis. Kordestani et al. [5] designed an
ordered weighted average (OWA) operator-based
method and combined it with a radial basis function
(RBF) neural network and wavelet transform to
diagnose faults in an IEEE standard 14 bus system.
They found that the method performed well through
simulation experiments. Wang et al. [6] designed an

automatic analysis system to analyze 11 kV
distribution network data to identify and predict
potential abnormal circuit activities. This paper
mainly analyzed the fault information of transformer,
a key device in smart grids, and realized the
monitoring and early warning of transformer faults
by a deep learning method, which provides
theoretical support to realize the safe and stable
operation of transformers.

2. Transformer Fault Information in the
Smart Grid
A transformer is a key equipment in the smart grid
[7], and its main role is to regulate the voltage level,
related to the normal transportation of electricity [8].
Manual maintenance is time-consuming and
unsuitable for developing the current smart grid.
Monitoring and early warning of transformer fault
information play a very important role in the stable
operation of the grid.
Dissolved gas analysis (DGA) in oil is an important
method for analyzing and diagnosing transformer
fault information [9]. When the transformer is in an
abnormal condition, due to high temperature and
discharge, the internal oil and paper will produce
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gases with different characteristics in the process of
aging and decomposition, and the composition and
content of different gases represent the fault

Table 1. Types of faults represented by different gases [10]
Main gas
Secondary gas
CH4, C2H4
H2, C2H6
CH4, C2 H4, CO
H2, C2H6, CO2
H2, CH4, CO
C2H4, C2H6, C2H2
H2, C2H2
H2, C2H2, C2H4
CH4, C2H6
H2, C2H2, C2H4, CO
CH4, C2H6, CO2

Category
Oil overheating
Oil paper overheating
Partial discharge
Spark discharge in oil
Arc in oil
Arc in oil and paper

The transformer fault information studied in this
paper is derived from the data of a power company;
2,060 sets of DGA data were used in fault monitoring,
including five fault categories in addition to the
normal samples, and some of the data are shown in

Table 2.
The monitoring data of the power company from
October 2021 to March 2022 were used in early fault
warning, including 181 groups, as shown in Table 3.

Table 2. Gas concentrations for different failure categories (unit: μL/L)
H2
CH4
C2H2
C2H4
C2H6

Fault category
Low temperature
overheating
Medium temperature
overheating
High temperature
overheating
Low energy discharge

88

information of the transformer.
The fault degree of the transformer can be
understood through these gases, as shown in Table 1.
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High energy discharge 49.86

42.33

16.12

26.77

125.37

Normal

42.31

0.64

111.68

83.22

96.77

Table 3. Transformer fault information monitoring data
CH4
C2H2
C2H4
C2H6

Time

H2

2021.10.1

46.87

14.32

1.56

64.36

13.27

2021.10.2

47.64

14.33

1.57

64.55

13.55

2021.10.3

48.99

14.56

1.58

64.46

13.64

2021.10.4

49.36

14.61

1.59

64.88

13.77

2021.10.5

46.21

14.72

1.61

64.89

13.84

2021.10.6

47.36

14.98

1.58

65.21

14.01

2021.10.7

48.94

15.03

1.62

66.78

14.56

2021.10.8

49.55

15.16

1.57

67.32

14.33

2021.10.9

50.16

14.99

1.64

68.44

14.21

2021.10.10 48.44

14.67

1.55

66.77

15.07

......

......

......

......

......

......

2022.3.29

52.77

15.17

1.66

65.78

14.27

2022.3.30

53.08

15.18

1.65

65.84

14.56

2022.3.31

53.66

15.16

1.57

66.12

15.03
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Since there were gaps between the content of
different gases, they were normalized by the
following equation:
,

(1)

where is the original concentration of gas ,
is
the normalized value, and
and
are the
maximum and minimum values of the gas
concentration.

3. Fault
Monitoring
Algorithm

and

A convolutional neural network (CNN) is a
classical algorithm in deep learning [11]. Compared
with traditional network models, CNN uses local
connectivity, which greatly improves the training
efficiency, so it has very wide applications in image
recognition [12], data classification [13], etc.
The convolutional layer is the core of the CNN
model. Sample information can be effectively
extracted through the convolution kernel. It is
assumed that the -th neuron output after the
convolution of the -th layer is . The calculation
formula is written as:
,
is the activation function,

convolution kernel weight, and

(2)
is the

is the bias.

The next layer of the convolutional layer is the
pooling layer, which filters the sample information.
The corresponding calculation formula is:
,

(3)

where
is the pooling function. The pooling
operation is generally divided into two types, i.e.,
taking the maximum or average value of the feature
map as the output of the layer.
Finally, the features of the previous layers are
integrated by a fully connected layer, and the
corresponding equations are:
,

(4)
,

(5)

where
is the activation function,
is the weight,
and is the bias.
In the output layer of CNN, a softmax classifier is
generally used to classify samples:

(6)

where is the previous layer’s output and is the
number of categories.
In this paper, CNN was used to monitor
transformer fault information. According to the
experimental data, the input of CNN was five kinds of
gas content, and the output was six fault categories.
The designed CNN structure is shown in Table 4.
Table 4. CNN structure
Convolution kernel size

Warning

3.1 Convolutional Neural Network-based
Transformer Fault Monitoring

where

,

Input layer

-

Convolutional layer 1

96×1

Pooling layer 1

2×1

Convolutional layer 2

3×1

Pooling layer 2

2×1

Convolution layer 3

3×1

Pooling layer 3

2×1

Convolution layer 4

3×1

Pooling layer 4

2×1

Convolution layer 5

3×1

Pooling layer 5

2×1

Flattening layer

-

Fully connected layer 1

-

Fully connected layer 2

-

Output layer

-

3.2 Transformer Fault Warning based on
Long and Short-term Memory Neural
Network
Based on transformer fault monitoring, a
prediction method based on long short-term
memory (LSTM) was designed to predict the gas
concentration of transformers due to faults in order
to enable timely warning of faults. LSTM is a type of
neural network that can convey long-term timeseries information and solve the problem of gradient
dissipation in recurrent neural networks (RNN),
which has good applications in data prediction [14].
In the LSTM, let the input at time be , the state of
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the hidden layer at time
be
, and the state
of the gating unit be
. The computational process
of LSTM is written as:
forget gate:
,
input gate:
output gate:
gating

,
,
unit:

size. PSO is an algorithm based on the foraging
behavior of birds [16], which finds the optimal
solution by continuously updating the particle
positions. For particle , let its locally optimal
position be
and its globally optimal position be
. The update equations of the position and
velocity of are written as:

,
the final output of LSTM:
,
where is the sigmoid function,
is the tanh
function, and
and are the weight and bias,
respectively.
The learning process of LSTM is making the error
function optimal through a back-propagation
approach.
The Adam algorithm was used as an optimization
algorithm to speed up the training [15]. The Adam
algorithm can process high-dimensional data fast to
make the neural network converge quickly. It
adaptively adjusts the learning rate by calculating
the gradient first-order moment estimate and
second-order moment estimate, and the equations
are as follows:
,
(7)
,
where

and

,

and

are

exponential decay rates, and represents the current
calculated gradient. The corrected values of
and
are:
,

(9)

.

(10)

Finally, the update amount of the current parameter
in the training is:

where refers to the weight, [0.4,0.9], and
acceleration factors, [0.5,2.5], and
and
random numbers in [0,1]. The calculation
parameters , , and
were optimized by
improved algorithm:

,

90

(16)

is the maximum number of iterations.

4. Experimental Analysis
The experiment was performed on the Windows 10
operating system and Intel Core i7 CPU. The model
was established by the Tensorflow deep learning
framework in Python. The monitoring of transformer
faults was considered as a classification task. Fault
information was monitored to determine what kind
of faults have occurred in the transformer. The
monitoring was evaluated based on the confusion
matrix (Table 5).

(11)

where stands for the learning rate. According to the
empirical value, the setting of the other parameters is:
,
,
,
.
In order to further improve the performance of
the LSTM, an improved particle swarm optimization
algorithm (IPSO) was used to optimize the
parameters of the LSTM, including the learning rate,
number of neurons in the hidden layer, and batch

(15)
,

where

are
are
of
the

(14)

,

Actual category
,

(13)

(8)

are the gradient first-order moment

estimate and second-order estimate,

,(12)

Positive
Negative

Table 1. Confusion matrix
The output of CNN
Positive
Negative
TP
FP
FN
TN

The accuracy of the monitoring results of
transformer fault information is calculated:
.

(17)

The early warning of transformer faults was
realized by the IPSO-LSTM model, and its evaluation
was mainly based on the analysis of the deviation of
the predicted value from the actual value. The total
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number of samples was set as , the predicted value
of the model was set as , and the actual value was
set as . The evaluation indexes used are as follows.
(1) Root mean square error:
;

(18)

(2) mean absolute error:
;

(20)

In transformer fault monitoring, different fault
types were coded, as shown in Table 6.
Table 6. Transformer fault information code
Fault category
Code
100000

Medium temperature overheating 010000
High temperature overheating

001000

Low energy discharge

000100

High energy discharge

000010

Normal

000001

The input of CNN was the normalized gas
concentration in Table 2, and the output was the
probability value of the softmax classifier output ( ).
The result of fault monitoring was the fault category
with the highest probability value. Seventy percent
of the samples were used for training the model and
30% for testing. The five-fold cross test was used for
the training set. The training set was divided into
five parts, four for model training and one for model
verification. The sample distribution of different
fault categories is shown in Table 7.
Table 2. Sample transformer fault monitoring data
Fault Category
Low temperature
overheating
Medium
temperature
overheating
High temperature
overheating
Low energy
discharge
High energy
discharge
Normal

Table 8. Some output results of the CNN model
Sample The softmax output of Fault monitoring
number the CNN model
results
1

[0.9764,0.0003,0.0012, Low temperature
0.0005,0.0017,0.0034] overheating

2

[0.0001,0.0015,0.0026, Normal
0.0077,0.0036,0.9864]

3

[0.0023,.00045,0.0001, Low energy
0.9821,0.0056,0.0012] discharge

4

[0.0012,0.0036,0.0041, High energy
0.0002,0.9846,0.0074] discharge

5

[0.0001,0.0044,0.9789, High temperature
0.0033,0.0016,0.0007] overheating

(19)

(3) mean absolute percentage error:
.

Low temperature overheating

The fault categories were analyzed by the CNN
model, and some of the output results are shown in
Table 8.

Training set

Test set

127

87

101

64

137

97

156

121

144

103

777

146

To understand the advantages of the CNN model
for fault monitoring, it was compared with support
vector machine (SVM), decision tree (C4.5), and
random forest (RF). The results are shown in Figure
1.

Figure 1: Comparison of monitoring accuracy of
algorithms for different fault categories
It was seen from Figure 1 that among several
algorithms, the CNN model always obtained the
highest accuracy when monitoring different fault
categories. For example, when monitoring the fault
of low temperature overheating, the accuracy of SVM,
C4.5, and RF models was 79.64%, 82.33%, and
82.33%, respectively, while the accuracy of the CNN
model was 89.78%, which was improved by 10.14%
compared to the SVM model, 9.66% compared to the
C4.5 model, and 7.45% compared to the RF model,
verifying the effectiveness of the CNN model for
transformer fault monitoring. In addition, it was
found from the monitoring results of different fault
categories that all the algorithms had the highest
accuracy for normal samples, which might be
because that samples in this category adequately
trained the models.

International Journal of Mechatronics and Applied Mechanics, 2022, Issue 12

91

Monitoring and Warning of Smart Grid Fault Information using Deep Learning
The fault warning results of the transformer were
analyzed. Taking H2 gas as an example, the gas
concentration in April 2022 was predicted using the
LSTM model and the IPSO-LSTM model. Some of the
results are shown in Figure 2.

Figure 2: Predicted results of H2 concentration

It was seen from Figure 2 that the prediction
values obtained by the IPSO-LSTM model were more
consistent with the actual values in terms of the
concentration prediction of H2. The fluctuation of the
prediction values obtained by the LSTM was large,
and the gaps with the actual values were also large,
2.51 μL/L the maximum and 0.44 μL/L the minimum.
The maximum error of the IPSO-LSTM model was
0.42 μL/L, indicating that the IPSO-LSTM model had
more advantages in concentration prediction and
could make a more reliable prediction of future gas
concentrations to realize early fault warning.
To further understand the performance of the
IPSO-LSTM model, it was compared with the LSTM
model. The prediction performance for different
gases is shown in Table 9.

Table 9. Comparison of prediction performance of algorithms for different gases
H2
CH4
C 2H 2
C2H4
C2H6
LSTM
0.0637
0.0554
0.0327
0.0872
0.0312
IPSO-LSTM 0.0412
0.0307
0.0127
0.0432
0.0126

RMSE
MAE

LSTM
IPSO-LSTM

0.0677
0.0432

0.0601
0.0322

0.0386
0.0109

0.0468
0.0312

0.0369
0.0122

MAPE/%

LSTM
IPSO-LSTM

8.3677
6.2145

0.8872
0.5381

1.2648
0.8412

4.3251
2.9587

1.3648
1.0012

It was seen from Table 9 that compared with the
LSTM model, the IPSO-LSTM model had smaller
RMSE, MAE, and MAPE values for different gases.
Taking C2H6 as an example, the RMSE value of the
IPSO-LSTM model was 0.0126, which was 0.0186
less than the LSTM model, the MAE value was 0.0122,
which was 0.0247 less than the LSTM model, and the
MAPE value was 1.0012%, which was 0.3636% less
than the LSTM model. These results suggested the
reliability of the IPSO-LSTM model for early warning
of transformer faults and its good prediction
performance for the generated gases.

closer to the actual values in the prediction of faulty
gases;
(3) compared with the LSTM model, the IPSOLSTM model had smaller RMSE, MAE, and MAPE
values for predicting different gases.
The experimental results demonstrate the
effectiveness of the deep learning method for
transformer fault information monitoring and early
warning. The method can be further applied in the
actual smart grid to achieve stable operation of
transformers.

5. Conclusions

This study was supported by Research and
Development of New Smart Sensor Technology to
Promote the Development of Green Energy, China
(No. 202104BN050011).

This paper studied the fault information of
transformers in smart grids by a deep learning
algorithm and monitored fault information by the
CNN model. The early warning of fault information
was realized by the IPSO-LSTM model, and an
experiment was carried out on a power company. It
was found that:
(1) the CNN model classified different fault
categories accurately and had accuracy rates above
85%, which were higher than algorithms such as the
SVM algorithm;
(2) compared with the LSTM model, the
predicted values of the IPSO-LSTM model were
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