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Abstract: Magnetic field is one of the basic data for constructing a transformer digital twin. The
finite element transient simulation takes a long time and cannot meet the real-time requirements of
a digital twin. According to the nonlinear characteristics of the core and the timing characteristics
of the magnetic field, this paper proposes a fast calculation method of the spatial magnetic field of
the transformer, considering the nonlinear characteristics of the core. Firstly, based on the geometric
and electrical parameters of the single-phase double-winding test transformer, the corresponding
finite element simulation model is built. Secondly, the key parameters of the finite element model are
parametrically scanned to obtain the nonlinear working condition data set of the test transformer.
Finally, a deep learning network integrating a convolutional neural network (CNN) and a long
short-term memory network (LSTM) is built to train the mapping relationship between winding
voltage, current, and the spatial magnetic field so as to realize the rapid calculation of the transformer
magnetic field. The results show that the calculation time of the deep learning model is greatly
shortened compared with the finite element model, and the model calculation results are consistent
with the experimental measurement results.

Keywords: nonlinear; convolutional neural network; long short-term memory network; magnetic
field; rapid calculation

1. Introduction

A digital twin is an important way to build the digitalization of electric power equip-
ment and systems [1,2]. Transformers are one of the most significant pieces of equipment
in power systems; building the digital twin of a transformer is an important task for the
digitalization of power systems at the equipment level [3], which can achieve the real-time
perception and prediction of transformer operation status and provide real-time data for
state evaluation and rapid decision making.

The magnetic field distribution of a transformer is one of the key physical fields that
determine its performance and operating status. The distribution of the leakage magnetic
field during the normal operation of transformers has symmetry, and the characteristic
quantities of winding leakage magnetic field distribution can be used to study the early
faults of transformer [4]. Moreover, the online monitoring of transformer winding deforma-
tion and the determination of deformation type can also be achieved through magnetic field
measurement [5]. The main magnetic flux can reflect the operating status of the transformer
core. Grasping the distribution of the main magnetic flux can support the optimization of
the design of the shape and size of the core [6], reduce magnetic flux loss, and improve the
efficiency and technical economy of the transformer [7].
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At present, the main methods for obtaining transformer magnetic fields can be di-
vided into sensor measurement, finite element simulation, and algorithm inversion. Sensor
measurement is mainly based on principles such as magnetic flux gates, electromagnetic
induction coils, and the Hall effect to measure AC or DC magnetic fields [8]. However,
magnetic field sensors have limitations including low sensitivity, high cost, and inflex-
ibility in measurement positions [9], which can only obtain the magnetic field value of
the measurement point rather than the distribution of the entire magnetic field. Finite
element calculation can describe the complex magnetic field distribution characteristics
inside transformers. The simulation results using mature commercial software such as
ANSYS, Ansoft, COMSOL, and so on, which have high consistency with actual measure-
ment results, and their accuracy has been verified by actual measurements and theoretical
analysis [10]. However, power transformers are bulky, structurally complex, and have
multi-scale characteristics in their internal components, resulting in finite element simula-
tion taking hours [11], and with some 3D simulations taking days [12], making it difficult
to meet the requirements of real-time measurement distribution and fast and efficient
digital twins.

In recent years, with the increase in data, machine learning (ML) methods have been
used to analyze data, find patterns, and make predictions. ANSYS developed a fast simula-
tion module for multiple physical fields [13], which can train and obtain various transformer
magnetic field reduction modules based on Twin Builder [14]. The latest version released
by the COMSOL company has added a data-driven proxy model that provides strong
support for digital twin models [15]. The research on deep learning algorithms in the field
of transformers mainly focuses on magnetic field and temperature calculations [16–18]. For
example, based on deep belief networks (DBNs) and transformer leakage magnetic field
information, the fault type of transformers can be quickly identified [19]. Early faults can
be quickly identified and located in windings based on the difference between the leakage
magnetic field information output by the multi-state analytical model and the physically
measured information [20]. A Support Vector Machine (SVM) [5] can be used to achieve
the accurate classification of transformer winding deformation and to determine the defor-
mation severity. The intrinsic orthogonal decomposition (POD) method and a deep neural
network (DNN) can be used to accelerate finite element simulation. Deep neural networks
(DL) can be used to predict the field distribution in electromagnetic devices [21]. The naive
Bayesian algorithm can be used to evaluate the magnetic and electric fields for predicting
electrostatic discharge [22]. The fast calculation of physical fields can be achieved based
on U-net networks [23]. The above accelerated calculation and prediction methods can
be used for the fast calculation of magnetic fields, but the nonlinearity of ferromagnetic
materials and the differential distribution characteristics of spatial magnetic fields have
been ignored in the research.

In summary, the above magnetic field calculation of transformers mainly considers
the working conditions of the iron core working in the linear region. However, in actual
operation, common disturbances such as power frequency overvoltage, DC bias, and
excitation inrush current will increase the excitation current and saturate the iron core,
causing the transformer to work in the nonlinear region. Changes in the internal magnetic
field distribution characteristics of the transformer will cause the performance of existing
fast calculation methods to deteriorate. For specific nonlinear operating conditions, the
magnetic field distribution can usually only be obtained through finite element simulation
with hourly counts, and it is difficult to meet the requirements of the calculation speed
of building digital twins. Therefore, it is necessary to build a spatial magnetic field fast
calculation model that takes into account the nonlinear characteristics of the iron core to
meet the fast and accurate needs of digital twin research in the transformer equipment layer.

This paper proposes an accelerated computing model for the dual-branch training of a
CNN-LSTM network to address the nonlinearity of transformer cores and the distribution
characteristics of magnetic fields [24,25]. Firstly, the hysteresis model parameters of the
single-phase dual-winding transformer are obtained through experiments, and then a finite
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element simulation model of the experimental transformer is established by combining
other relevant parameters. Based on the finite element simulation model, parameterized
scanning is performed to obtain a multi-operating condition data set of the experimental
transformer, providing data support for the training of deep learning models. Finally, a
CNN-LSTM deep learning network is trained based on the data set to achieve the fast
calculation of the spatial magnetic field of transformers from hour level to second level,
supporting the construction of digital twin models for transformers and the near-real-time
visualization of spatial magnetic fields.

2. Construction and Verification of Finite Element Model for Single-Phase Transformer
2.1. Single-Phase Transformer Test Platform and J-A Model Parameter Extraction

In order to achieve the synchronous measurement of transformer winding voltage,
current, and spatial magnetic field, a magnetic field measurement test platform for a single-
phase dual-winding transformer with a capacity of 50 VA was built in the laboratory. The
instruments and equipment involved in the test are shown in Figure 1.
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Figure 1. Test platform.

An arbitrary waveform generator combined with a power amplifier is used as power
source excitation and is connected to the primary side of the transformer, with the secondary
side unloaded. The voltage probe measures the voltage on the primary and secondary
side, the current probe measures the current on the primary side, and the Gaussian meter
measures the leakage flux in space. The measurement signal is collected simultaneously
through a multi-channel high-speed acquisition card, and the waveform is displayed in
real-time on the display screen. During the experiment, by adjusting the signal amplitude
and bias of the arbitrary waveform generator to change its output waveform, the operating
conditions of the transformer can be changed. The Hall probe of the Gaussian meter
can be fixed at any position to measure the magnetic field at a spatial point. With the
collaborative work of these instruments and collection systems, the real-time monitoring
and recording of the voltage, current, and magnetic field data of transformers under
different working conditions can be achieved, providing reliable data for the subsequent
research and analysis of the magnetic field characteristics of single-phase transformer cores
working in the nonlinear region.

By gradually increasing the output voltage amplitude of the arbitrary waveform
generator, the data of transformers with iron cores operating at different saturation levels
can be obtained. In order to establish a finite element simulation model that is consistent
with the experimental transformer and analyze more operating conditions through finite
element simulation, it is necessary to obtain the hysteresis model parameters of the iron core.
This article uses the Jiles Atheron hysteresis model (J-A model) to describe the hysteresis
effect of the iron core. By processing the experimental data under the saturation condition
of the iron core, the BH curve of the test transformer can be obtained. The comparison
between the BH curve of the transformer solved using the Particle Swarm Optimization
(PSO) algorithm and the experimental BH curve is shown in Figure 2. The calculated J-A
model parameters are shown in Table 1.
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Table 1. Parameters of J-A model.

Parameters Value

Saturation intensity Ms (A/m) 1.2166 × 106

Nailing loss k (A/m) 68.626
Reversibility of magnetization c 0.0307

Interdomain coupling α 3.027 × 10−4

Domain wall density a (A/m) 134.7

2.2. Construction and Verification of Finite Element Model for Single-Phase Transformer

The geometric and electrical parameters of the test transformer are shown in Table 2.

Table 2. Test-transformer-related parameters.

Parameters Value Parameters Value

Nominal capacity/VA 50 Turns ratio 55:55
Nominal voltage/V 50 Iron core material DQ151-ϕ0.35

Width of center
leg/mm 60 Window height/mm 124

Iron core
thickness/mm 60 Window width/mm 36

Width of sideward
leg/mm 30 Winding height/mm 90

In order to reduce the computational complexity of the finite element simulation, some
factors are ignored based on the symmetry of the transformer, and the finite element model
is simplified as follows [26]:

1. Neglecting the influence of structural components such as iron core pull plates and
upper and lower clamps on transformers;

2. Neglecting the gaps between transformer winding pads, pressure plates, support bars,
and wire cakes;

3. Ignoring the iron-core-laminated structure does not affect calculation accuracy and can
reduce computational complexity; therefore, it is considered as a whole for modeling
and analysis.

A 3D finite element simulation model of the experimental transformer is established
based on the parameters in Tables 1 and 2, as shown in Figure 3.
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Figure 3. Test transformer for finite element simulation model.

An external circuit is built as an external excitation for joint simulation. The external
circuit connection is shown in Figure 4, and the expression for the power supply voltage is:

V =
√

2UNh sin(100πt + ϕ) (1)
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In this formula, UNh is the effective value of the AC power supply voltage and ϕ is its
initial phase angle.

As shown in Figure 5, the comparison between the voltage and current curves of the
primary winding obtained from experiments and simulations at rated voltage verifies the
accuracy of the finite element model.
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By configuring a transient solver to solve the spatial magnetic field and setting the
simulation duration and step size, the magnetic field solution of the test transformer can be
completed. Based on this model, changing the parameters can obtain multi-condition finite
element simulation data.

3. Sample Data Construction for the Fast Calculation Model of Magnetic Fields
3.1. Multi-Condition Simulation of Single-Phase Transformers

In power grid fault emergencies, transformers may withstand the effect of overvoltage.
For example, in the event of a line fault and the action of a single-sided circuit breaker, the
reverse power supply of distributed power sources can cause overvoltage at the neutral
point of the connected transformer, leading to the saturation of the transformer magnetic
circuit and putting it in a nonlinear working state. The transformer is affected by direct
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current during operation, and the excitation current is superimposed with a DC component.
At this time, the iron core is in a saturated abnormal working state, which affects the
performance and losses of the transformer. After the transformer is put into operation or
the transformer experiences a brief power outage, the instantaneous increase in excitation
current leads to magnetic circuit saturation, resulting in transient nonlinear effects that may
have a significant impact on the magnetic field distribution and electrical characteristics of
the transformer. Therefore, finite element simulation calculations were conducted for these
three working conditions.

Considering the insulation and safety performance of transformers, as well as labo-
ratory safety operation regulations, the maximum voltage for the safe operation of test
transformers should not exceed 1.1 to 1.2 times the rated voltage of the transformers.
Therefore, based on the finite element simulation of transformers under normal operating
conditions, the amplitude value Un of the excitation power supply is parameterized and
scanned from the rated voltage of 1.0 p.u. (50 V) to 1.3 p.u. (65 V) with a scanning step of
0.02 p.u., and 16 nonlinear magnetic field simulation results of power frequency overvolt-
age can be obtained. The amplitude of the no-load current of the test transformer is about
2.5 A. When the average current value in one cycle of the test is around 1.35 A, the majority
of the current waveform is already above 0 A. Therefore, when parameterizing the DC bias
condition based on the finite element simulation of the transformer under normal operating
conditions, a current bias Id is added to the excitation power supply for parameterization
scanning from 0 A to 2 A, with a scanning step of 0.1 A. The magnetic field simulation
results under 20 DC bias conditions can be obtained. In theory, 0◦ closing is the most severe
operating condition for excitation inrush current, while 90◦ closing is the phenomenon of
no excitation inrush current. Therefore, when conducting the parameterized scanning of
excitation inrush current conditions based on the finite element simulation of transformers
under normal operating conditions, the closing angle of the excitation source is measured.
ϕ is scanned from 0◦ to 90◦ with a scanning step of 5◦, and magnetic field simulation results
under 18 excitation inrush current conditions are obtained.

Based on the supercomputing platform, the finite element simulation results of the
magnetic field under the 90 working conditions shown in Table 3 are calculated. The
data derived from the simulation results can be used as a source of data for deep learning
network training. Below are some simulation results. For power frequency overvoltage
conditions, when the power supply increases the voltage beyond the nominal voltage at
equal intervals, the transformer core saturates and operates in the nonlinear region. The
higher the voltage, the more the corresponding current amplitude increases. For DC bias
working conditions, when the average current within a cycle is about the same as the rated
current, the waveform will show serious deviation, and the difference in voltage is not
significant at this time. For the excitation inrush current condition, there is a significant
difference in the first peak value of the excitation current when the initial phase angle of
the sine power supply is connected to the circuit changes. When the initial phase angle is
90◦, there is no excitation inrush current phenomenon. It can be seen in Figures 6–8 that the
simulation results conform to the principle analysis and actual objective laws, and can serve
as a data source for studying the operating characteristics of experimental transformers.

Table 3. Summary of simulation conditions in the database.

Working Condition Load Situation Parameterized Scanning Number of Operating
Conditions (Group)

Power frequency overvoltage Secondary side unload UN: 1.0–1.3 p.u.
Scanning step size 0.02 p.u.

16
Secondary side load 16

DC bias
Secondary side unload Is: 2 A–50 A,

Scanning step size 2 A
20

Secondary side load 20

Inrush current Secondary side unload ϕ: 0◦–120◦, Scanning step size 5◦ 18

Total operating conditions 90
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3.2. Sample Data Construction

Considering that voltage and current are fundamental physical quantities during
transformer operation and are easily measurable data, using these two physical quantities
as model inputs is practically feasible. Exporting finite element simulation results can be
used to construct a data set for training deep learning networks, which includes the time
series data U and I of winding port voltage and current, spatial coordinates X, Y, Z, and
matrix D, and corresponding magnetic field time series data B, where magnetic field data
B can be any direction component or modulus of x, y, or z. A time series matrix for port
input voltage and current is constructed as follows:

[U, I] =


u1,1 u2,1 · · · uk,1 i1,1 i2,1 · · · ik,1
u1,2 u2,2 · · · uk,2 i1,2 i2,2 · · · ik,2

...
...

. . .
...

...
...

. . .
...

u1,t u2,t · · · uk,t i1,t i2,t · · · ik,t

 (2)

In this formula, ui, ii (i = 1, 2, . . ., k) represent the winding voltage and current, k
represents the number of windings, and t represents the length of the sequence data.

Considering the significant difference between the main magnetic flux and leakage
magnetic flux in space, the spatial region is divided into two parts and a field point matrix
is constructed:

D =

[
DZ
DL

]
=



xZ1 yZ1 zZ1
...

...
...

xZm yZm zZm
xL1 yL1 zL1

...
...

...
xLn yLn zLn


(3)

The magnetic flux density corresponding to the field point as the main flux BZ and leakage
flux BL is derived, and the field matrix is constructed:

B =

[
BZ
BL

]
=



bZ1,1 bZ1,2 · · · bZ1,t
...

...
. . .

...
bZm,1 bZm,2 · · · bZm,t
bL1,1 bL1,2 · · · bL1,t

...
...

. . .
...

bLn,1 bLn,2 · · · bLn,t


(4)

In this formula, m and n, respectively, represent the number of corresponding coordi-
nate points derived from the main magnetic flux and leakage magnetic flux.

3.3. Data Preprocessing

In the data set constructed in the previous section, time series matrices U and I are
used as input data Xraw, and spatial flux matrices BZ and BL are used as output data Yraw.

Xraw = [U, I] = [x1, x2, · · · , xt−1, xt]
T (5)

Yraw = Bi =
[
y1, y2, . . . , yt−1, yt

]
(i = Z or L) (6)

For actual data measured using probes or sensors, the on-site environment may cause
random interference. To weaken the impact of noise in the measurement data, median
filtering is used to filter the data, as shown in Equation (7). Through filtering, isolated noise
points can be eliminated, resulting in data close to the original value.
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ci = Med{di−v, · · · , di, · · · , di+v}, i ∈ N, v =
m− 1

2
(7)

In this formula, ci is the i-th data point in the filtered sequence data, di is the i-th data
point in the prefiltered sequence data, and m is the length of the filtered window.

In order to eliminate the training weight bias caused by the order of magnitude of
the features in each dimension, we make it easier for the model to learn the relationships
between features, and improve the training effectiveness and generalization performance
of the model. This article uses the zero score normalization method to preprocess the raw
data. Xraw and Yraw are, respectively, calculated using Equations (8) and (9) to obtain XZ
and YZ.

xz =
x− µ1

σ1
(8)

yz =
y− µ2

σ2
(9)

In this formula, xz and yz are the normalized values, while x and y are the original
voltage, current, and magnetic field values, µ1 and µ2, respectively, represent the mean of
the input and output sample data; σ1 and σ2, respectively, represent the standard deviation
of the input and output sample data.

To ensure that there are sufficient data for learning during the model training process,
as well as sufficient data to validate the performance of the model and evaluate its general-
ization ability on unseen data, the total data sets XZ and YZ are divided into a training set
[Xtrain, Ytrain], a testing set [Xtest, Ytest], and a validation set [Xval, Yval] in a 7:2:1 ratio.

4. Training of CNN-LSTM Magnetic Field Fast Calculation Model

This simulation is based on the Python language implementation of the PyTorch
framework, with hardware platform settings as follows: (1) CPU: Intel i5-10400 2.90 GHz;
(2) GPU:NVIDIA GeForce GTX 1080 Ti 11 G; (3) RAM:16 GB.

4.1. Construction of CNN-LSTM Network Model

For single-phase dual-winding transformers, k = 2 in Equation (2), m = 1291 in
Equation (4), and n = 17,202. Each finite element simulation result exports 0.04 s of data
(with a time interval of 0.5 ms) for a total of 81 time steps. Based on the parameterized
scanning results, t = 11,097 in the input and output matrices.

Based on the voltage and current of the transformer winding, the magnetic field value
of the space is quickly calculated. Due to the nonlinear characteristics of the transformer
core, the voltage, current, and spatial magnetic field are nonlinear correspondences. There-
fore, the CNN network is selected. The three physical quantities have a back-to-back
dependence in time. Therefore, the LSTM network is selected. Considering the significant
differences in the distribution of main and leakage magnetic flux, this section constructed a
dual-branch deep learning model using the CNN and LSTM. The training network struc-
ture is shown in Figure 9. The size of the input data set is 11,097 × 4, the size of the output
data set is 11,097 × 18,493, and the input characteristic quantity is the voltage and current
of the primary and secondary side windings. The training set contains 7768 data points,
and the test set contains 2219 data points. The training set is used for model learning and
parameter adjustment, and the test set is used to verify the performance of the model, thus
ensuring the generalization ability and robustness of the model. The normalized voltage
and current matrix XZ is input into the training branches of the main flux and leakage flux,
respectively. At the same time, it is mapped to high-dimensional spatial features through
a CNN network. The output matrix of the CNN is transformed and directly input into
the LSTM network to extract its temporal dependencies. Finally, it is separated by a fully
connected layer, decoded, and linearly mapped to output spatial main flux and leakage
flux Y1 and Y2. The two results are concatenated to obtain the complete calculation result
of the accelerated simulation model. The specific methods are as follows.
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The input voltage and current matrix Xraw defined in Equation (5) is normalized by
Equation (8) to obtain the input matrix XZ. As shown in Equation (10), the data xt−1 at time
t−1 of XZ is convolved to extract features. The convolved outputs are weighted and biased
separately, and the sum is added to obtain ut. Then, the output xt of the fully connected
layer is obtained through the activation function ReLU.

xt = f (wtxt−1 + bt) (10)

In this formula, f represents the activation function, wt is the weight coefficient, and bt is
the bias.

The output xt of CNN and the hidden state ht−1 of the LSTM network at time t−1
are used as inputs for the LSTM network at time t. The LSTM processing input data
includes three steps. Firstly, there is the forget gate, where the input data is weighted and
biased before activating the function σ to obtain the forgotten information ft, expressed in
Equation (11), where the output of the activation function is any value between [0, 1].

ft = σ
(

w f [ht−1, xt] + b f

)
(11)

Next is the input gate, where the input data is calculated using new weighted biases
and then passed through a separate activation function σ and tanh layer to obtain the
intermediate input it and intermediate cell state C̃t. The calculation formula is as follows:

it = σ(Wi[ht−1, xt] + bi) (12)

C̃t = tanh(Wc[ht−1, xt] + bc) (13)

In this formula, Wi and Wc respectively correspond to ht−1 and xt to the weight matrix
of the input gate activation function σ and tanh, where bi and bc are the corresponding biases.

The forgetting information ft is multiplied by the corresponding element of the cell
state Ct−1 at time t−1, and the intermediate input it is multiplied by the corresponding
element of the intermediate cell state C̃t. After adding the two, the cell state Ct at time t is
obtained. The calculation formula is as follows:

Ct = ft ⊗ Ct−1 + it ⊗ C̃t (14)

In this formula, ⊗ is the Hadamard product operator, which represents the operation
of multiplying the corresponding elements of two matrices.

Finally, the output gate is used, and after the input is subjected to another weighted
bias calculation, the output information ot of the output gate is obtained via the activation
function σ, and the expression is calculated as in Equation (15). The cell state Ct at time t is
processed by the tanh layer and multiplied by the corresponding element ot to obtain the
output ht of the hidden layer at time t. The calculation formula is shown in Equation (16).

ot = σ(Wo[ht−1, xt] + bo) (15)
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ht = ot ⊗ tanh(Ct) (16)

In this formula, Wo is the weight of ht−1 and xt to the output gate activation function
σ, and bo is the corresponding bias.

The structural parameters of the CNN-LSTM are determined based on the network
structure and data characteristics, as shown in Table 4.

Table 4. CNN-LSTM training structure parameter table of spatial magnetic flux.

Training Layer Type Parameter Structure Training Layer Type Parameter Structure

Convolutional layer weights (32, 1, 3) LSTM layer bias2 (256)
Convolutional bias (32) Fully connected layer 1 weight (1291, 1024)

LSTM layer weight 1 (256, 32) Fully connected layer 1 bias (1291)
LSTM layer weight 2 (256, 64) Fully connected layer 2 weight (17,202, 1024)

LSTM layer bias 1 (256) Fully connected layer 2 bias (17,202)

4.2. Training of CNN-LSTM Network Model

This study uses mean absolute error (MAE), mean square error (MSE), and R-Square
(R2) as evaluation indicators to evaluate the accuracy of the model. The expressions for
each indicator are as follows:

MAE =
1
n

n

∑
i=1
|ŷi − yi| (17)

MSE =
1
n

n

∑
i=1

(ŷi − yi)
2

(18)

R2 = 1−

n
∑

i=1
(yi − ŷi)

2

n
∑

i=1
(yi − y)2

(19)

In the formula, n is the number of samples in the test set derived from finite element
simulation, ŷi is the i-th value calculated by the model, yi is the i-th true value of the test set,
which is the finite element calculation value, and y is the average of the i-th finite element
calculation value of the test set.

Batch size refers to the number of samples used during each iteration of training.
A larger batch size can accelerate the training process, but it will occupy more memory.
The learning rate is a hyperparameter used to control the step size or speed of model
parameter updates. A higher learning rate can lead to unstable training processes and may
not converge. The optimizer is an algorithm used to adjust model parameters to minimize
the loss function, which affects the convergence speed and performance of the model.
Therefore, the selection of batch size, learning rate, and optimizer affects the convergence
time and computational efficiency of deep learning networks. During network training,
three parameters are tested with different values, and the mean square error is used as the
loss function during the training process. By comparing the loss functions, the batch size
and learning rate were determined to be 64 and 0.01, respectively. When using the optimizer
Adam, the loss function value was minimized, which means the error was minimized.

Based on the MSE, the loss function diagram is drawn, as is shown in Figure 10.
In the first 500 iterations, the loss value rapidly decreases, and after 2000 iterations, it
tends to stabilize, with the loss value stabilizing at around 0.01. The trained model takes
approximately 0.04 s to calculate a single output time, achieving a fast calculation effect.
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Figure 10. Training and testing loss function curve.

4.3. LSTM/CNN/MLP Network Comparison

The grid search method is used to obtain the optimal hyperparameter combination of
different networks. The proposed model is compared with the calculation indexes of the
LSTM, CNN, and multi-layer perceptron (MLP). The performance is shown in Figure 11.
The MSE of the proposed model is the smallest, and R2 is the closest to 1. Therefore, the
CNN-LSTM model proposed in this paper has a better comprehensive effect.
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Under the condition that the learning rate, the iteration period, and the optimizer
are fixed, the scale of the training data set is adjusted by changing the scanning step size.
Five cases are set, as shown in Table 5. ∆u, ∆I, and ∆ϕ are the parametric scanning step sizes
of power frequency overvoltage, DC bias, and inrush current finite element simulation,
respectively. The larger the step size, the smaller the data set size.

Table 5. Different data set sizes.

Number 1 2 3 4 5

∆u/p.u. 0.02 0.04 0.06 0.08 0.1
∆I/A 2 4 6 8 10
∆ϕ/◦ 5 10 15 20 25

For the transformer model in this paper, different deep learning networks are used to
train the goodness of fit R2 of different data set sizes. As shown in Figure 12, in the case
of more data (such as Table 5 number 1), the R2 values of all networks are above 0.9, and
different networks have a different sensitivity to the change of data set size. In the case of
small data set size, this method still has certain advantages. Taking R2 above 0.95 as the
requirement of network calculation accuracy, parametric scanning according to the step
size number 2 in Table 5 can meet the requirements. Transformers of different sizes only
affect the number of points in the magnetic field data, and the same step size configuration
can be used to construct the data set.
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5. Comparison and Verification of Fast Calculation Models for Magnetic Fields
5.1. Methodology

The construction steps of the fast calculation model of magnetic fields are as follows:
(1) Construction of the finite element model: After obtaining the geometric parameters

and electrical parameters of the transformer, the geometric model is established in the finite
element simulation software according to the parameters. The external circuit excitation
is set, the transient solver is configured, and the finite element simulation model of the
three-dimensional magnetic field of the transformer under normal working conditions
is output.

(2) Parameterized scanning of the supercomputing platform to obtain data: Based
on the finite element simulation model in the previous step, the voltage amplitude, DC
component, and closing phase angle set by the external circuit in the model are parameter-
ized by the supercomputing platform to obtain a large number of simulation results under
nonlinear conditions. The time series winding voltage and current are derived as the input
data set and the magnetic field point cloud data as the target data set.

(3) Accelerate the training of the calculation model: The data set in the previous step
is preprocessed and divided as the data basis for accelerating the training of the calculation
model. The dual-branch training network is constructed by combining the CNN and LSTM
to determine the appropriate number of iterations, batch data size, learning rate, and
other network hyperparameters. The mapping relationship between the main and leakage
flux and the voltage and current is trained, and the model file containing the network
parameters is output.

(4) Application of the accelerated calculation model: The model file output is called
from the previous step, the spatial magnetic field output corresponding to the specified
winding voltage and current input is calculated, and the error between the output value of
the model and the finite element calculation value or the measured value on the time and
space scale are compared.

5.2. Comparison Validation

When constructing the sample data, the data set is divided into a training set, a testing
set, and a validation set. In the previous section, a single-phase transformer magnetic field
acceleration calculation model was trained based on the training set sample learning. In
this section, the trained magnetic field fast calculation model file is called, the space point
magnetic field data corresponding to the input data in the verification set are output, and
the magnetic field value output by the magnetic field acceleration calculation model is
compared with the magnetic field value measured in the test and the results of the finite
element simulation. The finite element simulation results are the label samples in the test
set, so as to further analyze and verify the accuracy of the output results of the magnetic
field acceleration calculation model.

In the experiment, the radial and axial components of the magnetic field at multiple
points were measured. The magnetic field data from 8 measurement points, as shown in
Figure 13a, were compared with the output values of the acceleration calculation model
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and finite element simulation values. Among them, the radial magnetic field components
were compared between the measurement points near the side column and between the
windings, numbered 1©– 4©. The axial magnetic field components were compared between
the measurement points parallel to the winding core column on the outer side of the
winding and four measurement points on the winding axis, numbered 5©– 8©. The variation
curves over time and the measured waveforms were compared, as shown in Figure 13b,c.
The root mean square errors of positions 1©– 4© were 0.0822 mT, 0.1038 mT, and 0.0979 mT,
respectively. The ratio of T and 0.0514 mT to the peak value is within 10%. The root
mean square errors of positions 5©– 8© are 0.0496 mT, 0.0468 mT, 0.0538 mT, and 0.0500 T,
respectively, and the ratio to the peak value is within 5%. The results indicate that the
fit of the three curves is high for different positions and directional components, and
the overall error of the axial component of the magnetic field is smaller than that of the
radial component.
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6. Conclusions

This paper proposes a fast calculation model for transformer spatial magnetic fields
based on finite element simulation and the CNN-LSTM. The model designs a dual output
structure based on the difference between the main and leakage magnetic fluxes, and
extracts the mapping relationship between voltage and current and spatial magnetic field
based on CNN multi-layer mapping encoding. Then, the bidirectional LSTM is used to
extract the temporal dependence relationship between the electric field and magnetic field.
Finally, after decoding, the linear mapping outputs the spatial main and leakage magnetic
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fluxes calculated by the model. Through matrix fusion, the complete spatial magnetic field
can be obtained. Through simulation analysis, algorithm comparison, and experimental
verification, the following conclusions have been drawn:

1. This model designs a dual-branch spatial dynamic magnetic field fast calculation
model based on the CNN-LSTM, which divides the spatial magnetic field solving task
into two subproblems, avoiding the fitting bias caused by the difference in main and
leakage magnetic flux, and has certain interpretability and accuracy.

2. This model is based on a multi-condition finite element simulation that takes into
account the nonlinear characteristics of the iron core, with a focus on learning and
mapping the behavior of the nonlinear effects of the iron core on magnetic field
distribution, in order to achieve a more efficient and accurate fast calculation of
magnetic field distribution within the framework of digital twins.

3. The calculated output time of the trained model at a single time step is about 0.04 s,
which greatly shortens the time compared to finite element simulation. The calculated
values of the model showed good consistency with the experimental measurements
at different locations and time periods.
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