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ABSTRACT
The sub/super-synchronous oscillation caused by the interaction between renewable energy generation and the power grid seriously
affects the stability of the power system. A data-driven rapidly predictive identification method for the dominant oscillation frequency
of sub/super-synchronous oscillation is proposed in this paper.  The proposed method collects short-term operational data within
the oscillation initiation process to predictively identify the dominant frequency when the oscillation presents a relatively stable periodic
trajectory, which provides an information basis for the rapid suppression of oscillation. To solve the problem that sub/super-syn-
chronous oscillation data is difficult to obtain, a transfer-learning based approach is developed to transfer knowledge learned in the
forced  oscillation  domain  to  the  sub/super-synchronous  oscillation  domain.  Additionally,  residual  connection  modules,  non-local
modules,  and channel  attention modules are introduced into the proposed model  architecture,  enhancing the model’s  predictive
identification accuracy. Moreover, a weight propagation process is implemented to obtain the weight distribution of electrical chan-
nels, enhancing the interpretability of the model. Finally, the proposed method is verified via simulations and measured oscillation
data. The results show that the method has high accuracy, strong interpretability, and generality.
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With the continuously increasing proportion of renewable
energy sources  being  integrated  into  the  grid,  a  sub-
stantial  number  of  power  electronic  converters  have

been connected to the power system, leading to increasingly com-
plex  dynamic  interactions  among  various  system  components.
This has resulted in frequent occurrences of sub/super-synchronous
oscillations,  posing  severe  challenges  to  the  stable  operation  of
power  system[1,2].  The  dominant  frequency  of  oscillation  is  highly
important  for  the  selection  of  oscillation  suppression  measures.
There  is  an  urgent  need  to  establish  a  fast  dominant  oscillation
frequency identification method to provide a  basis  for  the timely
implementation of oscillation control.

Currently,  two  main  types  of  methods  are  used  to  obtain  the
dominant  oscillation  frequency:  signal  processing-based  methods
and machine learning (ML)-based methods. The signal processing
method extracts the signal characteristics and obtains the oscillation
frequency  through the  mathematical  transformation  method.  All
these methods exhibit inherent limitations, including the require-
ment for a long sampling window, the demand for high modeling
precision, and the lack of desirable robustness. Specifically, the fast
Fourier transform (FFT) is affected by the picket fence effect[3], and
a window length of at least 2 s is required to accurately identify the
oscillation mode[1]. The robustness of the Prony algorithm[4] highly
relies  on  the  accurate  model  and  is  susceptible  to  noise.  The
empirical  mode  decomposition  (EMD)[5] and  the  Hilbert−Huang
transform  (HHT)[6] are  usually  used  in  combination,  but  their
effects on higher-frequency oscillation identification are limited.

Compared with the above methods, the ML-based methods can
effectively  identify  the  oscillation characteristics,  respond quickly,
and  does  not  need  to  accurately  model  the  power  grid.  In
Refs.[7, 8], neural networks are combined with the Prony and FFT
methods.  The  neural  network  part  is  used  to  replace  the  signal
processing process to directly solve the difficult links and improve
the accuracy of the algorithm[9].  Some scholars have directly used
deep learning algorithms for the extraction of oscillation parame-
ters,  such as multi-layer feedforward neural networks[10], convolu-
tion  neural  networks  (CNNs)[11,12],  long  short-term  memory
(LSTM)[13]，graph convolutional networks (GCNs)[14], etc.

Although the ML methods solve the problem of modeling dif-
ficulties,  the  length  of  the  data  sampling  window  of  these  ML
methods at this stage is  mostly a few seconds or even more than
ten seconds[7–9, 12, 14]and most of them need to identify the frequency
based on the oscillation waveform after the oscillation develops to
a steady periodic change state, which makes it difficult to meet the
needs of rapid identification. With the increasing degree of power
electronization  of  the  system,  this  time  lag  problem  leads  to  the
problem that the suppression measures cannot be put into opera-
tion  in  time,  which  can  easily  lead  to  serious  problems  such  as
large-scale unit tripping[15, 16].

In  this  paper,  a  fast  predictive  identification  method  for  the
dominant oscillation frequency based on transfer learning is pro-
posed.  Compared  with  the  FFT  method,  the  proposed  method
can effectively improve the timeliness of identification. The model
has high identification accuracy and can be applied to identify the 
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dominant oscillation frequency in other scenarios. The main con-
tributions of this paper include the following:
(1)      A  fast  predictive  identification  method  is  proposed.  The

method leverages the data during the “initial stage of oscil-
lation” to predict the dominant oscillation frequency in the
“steady-state  stage  of  oscillation” (when  the  oscillation
presents  a  relatively  stable  periodic  trajectory),  significantly
reducing the time required for identification.

(2)      A transfer learning method for dominant frequency predic-
tive  identification  is  proposed.  It  constructs  a  pre-training
process  using  forced  oscillation  samples  and  then  transfers
the  model  to  the  sub/super-synchronous  oscillation  do-
main,  which  effectively  solves  the  problem  of  the  lack  of
training samples.

(3)      An interpretable structure is proposed in this paper.Visual-
ization of the model’s internal parameters demonstrates that
the model assigns higher weights to key electrical quantities,
thereby enhancing its predictive credibility.

The rest of this paper is organized as follows. Section 1 introduces
the overall framework of the method proposed in this paper. Sec-
tions  2−4  introduce  the  three  parts  of  the  framework  in  detail,
including  the  transfer  learning  framework,  feature  extractor  for
oscillation parameter  identification,  and interpretability  structure.
Section 5 analyses the case study to demonstrate the performance
of the constructed model. Section 6 concludes this paper.

1    Overall framework for predictive identification
To  achieve  rapid  predictive  identification,  we  establish  a  fitting
regression model,  and the model  input and output  are  shown in
Figure 1. As shown in Figure 1, in this paper, we define the stage
where the amplitude of the initial oscillation increases as the “initial
stage of  oscillation”, which usually  lasts  for  hundreds of  millisec-
onds.  The  stage  where  the  amplitude  changes  relatively  little  is
defined as the “steady-state stage of oscillation”. The method pro-
posed  in  this  paper  identifies  the  dominant  frequency  of  the
“steady-state stage of oscillation” in advance by using the operation
data of the “initial stage of oscillation”. It can be regarded as a pre-
dictive identification, which has better timeliness.

Figure 2(a) shows the time-varying FFT results of Ia in Figure 1
during the “initial stage of oscillation”. Figure 2(b) shows the FFT
results of Ia in the “steady-state stage of oscillation”. The dominant
oscillation frequency described in this paper is the frequency com-
ponent with the largest amplitude in the FFT results of the “steady-
state  stage  of  oscillation”,  as  shown  in Figure  2(b).  As  shown  in

Figure 2(a), the FFT method cannot accurately obtain the dominant
frequency of oscillation in the “initial stage of oscillation”. There-
fore,  the  proposed  model  can  provide  more  timely  dominant
oscillation frequency identification than the FFT method.

The proposed method adopts an “offline training, online appli-
cation” approach. During the training phase, the intelligent model
is trained via time-series oscillation data and corresponding labels
(obtained via  FFT).  In the online application phase,  by inputting
the  oscillation  data  into  the  model,  the  predicted  value  of  the
dominant frequency can be obtained directly, which is earlier than
the  FFT  method.  The  proposed  method  in  this  paper  includes
three parts: a transfer learning framework, an oscillation predictive
identification neural network model, and interpretability analysis,
as shown in Figure 3.

2    Data augmentation based on transfer learning
The actual sub/super-synchronous oscillation data is scarce in the
field,  and  relying  only  on  a  small  amount  of  oscillation  data  for
model  training can easily  lead to  overfitting.  Thus,  we propose  a
transfer  learning  method[17,18] for oscillation  predictive  identifica-
tion. By constructing a large number of forced oscillation samples
and generalizing  the  knowledge  learned  from them to  the  actual
sub-/super-synchronous  oscillation  field,  the  model  performance
could be effectively improved.

2.1    Sample domain construction
This  paper  uses  a  model-based  transfer  learning  method[19,20] to
complete the predictive identification task. This method first uses

 

P

Q

Ua

Ia

t (s)
1.0 1.5 2.0 2.5 3.0 3.5 4.0

Oscillation
occurs

of oscillation
Initial stage

stage of oscillation

Sample
data

Dominant
frequency

Steady-state

Figure 1    Oscillation predictive identification input and output.

 

Fr
eq

 (H
z)

Freq (Hz)t (s)
1.1 1.2 1.3 1.4 1.5 1.6

25

50

75

100

0

0.005

0.010

0.015

0.020

0.025

0.005

0.010

0.015

0.020

0.025

20 40 60 80 90 100

Oscillation
occurs

FF
T 

re
su

lt

Dominant
oscillation
frequency

(a) Initial stage of oscillation (b) Steady-state stage of oscillation

Figure 2    FFT analysis results of Ia within the initial and steady-state stages.

ARTICLE A data-driven rapidly predictive identification method for the sub/super···

 

164 iEnergy | VOL 5 | June 2026 | 163–172



Dsource

Dtarget

Dtarget

a large number of source domain samples  = {XS, LS} for pre-
training.  The  training  goal  is  to  minimize  the  loss  function,  and
obtain  the  corresponding  network  parameters WS =  {θS, μS}  and
the mapping fS: XS →LS. Afterwards, a selective transfer is conducted
on  the  network.  Some  of  the  network  parameters μS remain
unchanged, and a small number of target domain samples  =
{XT, LT} are used to fine-tune and update the remaining parameters
θS to obtain the updated parameters. Ultimately, the final network
parameters are denoted as WT = {θT, μS}, and a mapping relationship
fT: XT →LT for  is obtained.

Dsource DtargetIn this  paper,  and  samples are constructed as  fol-
lows:

Dtarget1)  construction

Dtarget

In this work, the sub/super-synchronous oscillation of the new
energy power system is selected as . Referring to the data and
label selection method shown in Figure 1, the electrical measure-
ment data at the grid connection of new energy power generation
during the “initial  stage of  oscillation” are selected as the charac-
teristic  data XT,  and  the  dominant  oscillation  frequency  of  the
“steady-state stage of oscillation” (obtained via the FFT method) is
selected as the label LT. Specifically, this paper selects the electrical
data, including the active power, reactive power, A-phase voltage,
and A-phase current. The reason for this selection is shown in the
Appendix.

Dsource2)  construction

Dsource

Dsource

Dtarget

Compared with the actual oscillation scenario, the forced oscil-
lation  scene  is  easier  to  obtain,  so  this  paper  selects  the  forced
oscillation  sample  domain  as  the  transfer  learning .  In  this
paper,  a  wind farm grid-connection  model  is  constructed  within
the simulation system. By injecting small-signal harmonic current
disturbances at the bus of the wind farm outlet, forced oscillation
is  induced.  By  continuously  changing  the  frequency,  amplitude
and  other  parameters  of  the  injected  harmonic  current,  a  large
number  of  scenarios  can  be  obtained.  The  selections  of
input  features XS and label LS are  the  same as  those  in  the 
selection method.

Owing to the physical characteristic differences between actual
oscillation and forced oscillation, we need to use transfer learning.
To  further  improve  the  transfer  learning  effect,  it  is  necessary  to

improve the similarity between the forced oscillation and the sub/
super-synchronous oscillation.  Therefore,  when  injecting  har-
monics, we consider the increase in the oscillation amplitude and
multi-frequency coupling to make the forced oscillation closer to
the actual oscillation characteristics. The single-frequency harmonic
current can be expressed as

Ia = A(t)sin
(
2πft+φ+ 2

3
π
)

Ib = A(t)sin
(
2πft+φ− 2

3
π
)

Ic = A(t)sin(2πft+φ)

(1)

where f is  the set  harmonic frequency.  To stimulate the coupling
effect between more complex power grids, the initial phase angles
of the two phases of AC are interchanged, so that the three phases
present a negative sequence form. The phase angle φ and amplitude
A(t) can be expressed as

φ =
f2

180
× π

50
(2)

A(t) =


0, t < t0

AF
t− t0
t1− t0

, t0 ⩽ t⩽ t1
AF, t > t1

(3)

where AF is the set steady-state harmonic amplitude, t0 and t1 are
the  set  harmonic  injection  time  and  harmonic  stability  time,
respectively.

The multi-frequency coupled harmonic waveform used in this
paper is shown in Figure 4.

2.2    Data augmentation

Dsource

The neural network model for oscillation identification established
in this paper consists of two parts: a feature extractor and a fitting
output layer (as shown in Figure 3). First, the overall model is pre-
liminarily trained by using  samples, so that the model has a
certain  ability  to  mine  the  general  features  of  oscillation  data.
Then,  the weight  parameters  of  the feature extraction part  of  the
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Dsourcepre-trained  model  are  fine-tuned  by  using  the  samples  to
extract the features of the actual sub/super-synchronous oscillation
more effectively.

Dsource

Dtarget

Compared with training the model with only actual oscillation
data, the model can learn more generalized feature representations
in  the  oscillation  domain  by  fully  training  on  large-scale 
samples. This “prior knowledge” helps reduce the risk of overfitting
when training on , and improves the stability and generaliz-
ability  ability  of  the  model.  The  overall  transfer  learning  process
can  be  regarded  as  a  significant  enhancement  of  the  quality  of
sample data.

3    Oscillation  predictive  identification  neural
network model
In this  section,  the  proposed  neural  network  oscillation  identifi-
cation  model  is  introduced  in  detail.  Based  on  the  traditional
CNN-linear neural network, the proposed model introduces three
high-performance  modules,  namely,  residual  connection  modul-
es[21,22],  non-local  modules[23,24],  and  channel  attention  modules[25,26],
to improve the accuracy and interpretability of the model.

3.1    Establishing residual links to preserve complex features
In the oscillation predictive identification problem, the relationship
between  features  and  labels  is  relatively  weak.  Shallow  networks
have  difficulty  in  fully  exploiting  the  characteristics  of  oscillation
data. When  the  power  system  is  modeled  through  neural  net-
works,  an  increase  in  the  number  of  neural  network  layers  can
more fully extract complex electrical data features, but the increase
in the number of  network layers may lead to gradient vanishing,
resulting in the degradation of model performance[27]. The residual
module[21,22] can effectively solve this problem by introducing a skip
connection structure so that the gradient in backpropagation can
propagate across  one or  more layers  of  the network without dis-
appearing in the layer-by-layer operation. In this paper, the residual
connection module is used to replace the deep convolutional net-
work.  The  relationship  between  the  residual  connection  module
output feature Y and the input feature X can be expressed as

Y= fmain (X)+ws ∗X (4)

where fmain(X) represents the main road map and ws represents the
bypass convolution map.

3.2    Introducing a non-local module to achieve global element
interaction
The traditional CNN network is limited by the size of the convo-
lution kernel, so that only local adjacent elements can interact with
each  other  and  that  distant  elements  cannot  interact  with  each
other.  For  oscillation  problems,  the  electrical  characteristics
change  periodically.  Realizing  the  global  interaction  of  elements
can  further  explore  periodic  features.  To  realize  the  interaction
of  global  elements  and  better  mine  global  features,  a  non-local
module[23,24] is introduced into the model.

RCin×H×W

∗

For the input X∈ , where Cin, H, W are the number of
input channels,  the  height,  and  width  of  the  feature  data  respec-
tively,  three  independent  1 1  convolutional  layers  and  shape
change operations are carried out to obtain three different feature
matrices of θ, ϕ and g.  The three matrices go through a series of
multiplication  operations  to  achieve  global  element  interaction.
The output matrix Y can be expressed as

Y= ∑
∀i,j

S(θ (xi)ϕ (xj))g(xj) (5)

where S (*) denotes the softmax activation operation and xi and xj
denote the elements at different positions in the input matrix X.

The  output  matrix Y is  then  restored  to  its  original  shape
through  another  convolutional  layer  and  then  connected  by  a
residual  to  form  a  complete  non-local  module.  The  final  output
matrix Z of the non-local module can be expressed as

Z= wYC +X (6)

where w represents  the  last  layer  of  the  convolutional  mapping
and YC is the matrix after the shape of Y is changed.

3.3    Establishing an efficient channel attention module
RCe×LThe  input  of  the  proposed  network, X∈ ,  is  the  operation

data  of  different  electrical  variables.  Where Ce is  the  number  of
electrical channels and L is the length of the sampled data. From a
physical point of view, the degree of correlation between different
electrical data and research problems is different. Guiding the net-
work model  to pay more attention to the important information
in the channel dimension can further improve the performance of
the model.

The efficient channel attention (ECA) module[25,26] is introduced
to  improve  model  performance.  By  adaptively  assigning  weight
coefficients  to  the  features  of  each  channel,  the  channel  features
strongly correlated with the oscillation information are enhanced,
and the weak correlation features are suppressed. The ECA module
obtains the spatial dimensionality reduction characteristics of each
channel  through  the  global  average  pooling  (GAP)  operation  of
each channel. Then, a 1-dimensional (1D) convolution operation
is performed on the features to capture the interaction information
between channels. The original input of each channel is multiplied
by  the  corresponding  weights  to  obtain  the  final  output  of  the
module. The schematic diagram of the ECA module is shown in
Figure 5.

To reduce the computational cost while maintaining high per-
formance, the size of the 1D-convolution kernel is determined by
the number of input channels, as shown in Eq. (7):

kernel=
∣∣∣∣ log2 (Cin)+ 1

2

∣∣∣∣
odd

(7)

where |*|odd indicates an odd operation, and the specific method is
as follows:

kernel=
{

kernel, kernel is odd
kernel+ 1, kernel is even (8)
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Figure 4    Harmonic current waveform diagram.
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4    Interpretable method based on channel atten-
tion
At present, oscillation identification algorithms based on artificial
intelligence[7−14] do  not  consider  the  interpretability  of  the  model,
and the  credibility  of  the  model  is  limited.  The  problem of  poor
interpretability caused by black box features is a common defect of
deep  learning  algorithms.  The  attention  mechanism  has  the
advantages  of  adaptively  focusing  on  key  features,  revealing  the
decision-making process  of  the  model,  and  showing  good  inter-
pretability[28]. In recent years, mechanisms such as self-attention[29],
spatial attention[30], and channel attention[25] have been widely used
in  power-related  problems  such  as  system  transient  stability
assessment[28] and  wind power  prediction[31],  effectively  improving
the interpretability of the model.

The  ECA  module  allocation  channel  can  be  easily  presented
visually. However, it should be noted that in the proposed model,
the input feature of the ECA module represents a weighted com-
bination of the original electrical quantities, which has no practical
physical significance.  Obtaining  only  this  channel  weight  distri-
bution  does  not  provide  a  physically  intuitive  understanding.
Therefore,  to  explore  the  focusing  ability  of  specific  electrical
characteristics,  the  channel  attention  distribution  of  the  original
electrical quantity is obtained via the weight simplified backwards
propagation method. The method presents a more intuitive inter-
pretability. The specific method is as follows.

In  the  convolution  operation,  the  mapping  relationship
between the output feature Yi and the input feature Xi can be rep-
resented in the form of a matrix, as shown in Figure 6(b). T rep-
resents the transpose operation.  The coefficient wi∙j in the convo-
lution mapping  matrix  is  determined  by  the  corresponding  con-
volution kernel parameters. Referring to the forward propagation
formula of the feature data, when only the weight relationship of
each channel  is  considered  and  the  specific  value  is  not  consid-
ered, the channel weight propagation formula can be established,
as shown in Figure 6(c). The weight coefficient ki∙j is also determined
by the corresponding convolution kernel parameters. To facilitate

the  calculation,  the  average  value  of  the  9  positions  of  the  3  ×  3
convolution kernel is selected as the weight transfer coefficient ki∙j.
When  the  channel  weight  distribution  of  the  ECA  module  (the
output channel weight on the right in Figure 6(c)) is obtained, the
weight distribution for the original electrical input channel can be
extrapolated backwards via matrix operation.

5    Case analysis
In  this  section,  a  wind  farm  system  as  described  in Figure  7 is
established through PSCAD/EMTDC to generate data and verify
the effectiveness of the proposed method.

5.1    Sample construction
Dtarget1)  sample construction
Based  on  the  oscillation  mechanism,  sub/super-synchronous

oscillation is triggered. The operating conditions of the farms are
constantly  adjusted  to  obtain  more  oscillation  samples.  All
sub/super-synchronous oscillation  is  derived  from  natural  reso-
nance.  The  reason  for  the  oscillation  is  the  energy  exchange
between the  control  link  or  the  system  capacitance  and  induc-
tance. The frequency range is 10−26 Hz/74−90 Hz.

In accordance with the method described in Section 2.1, the {P,
Q, Ua, Ia} operation data of a single wind farm outlet is selected as
the input feature XT.  The sampling window length and sampling
frequency are 0.2 s and 2 kHz, respectively. The dominant oscilla-
tion frequency of Ia during the “steady-state stage of oscillation” is
selected as the label LT.

Dsource2)  sample construction
In  accordance  with  the  method  described  in  Section  2.1,  the

forced oscillation is triggered by injecting harmonics at the outlet
of  wind  farm  1.  The  dominant  harmonic  frequency  range  is  4−
99 Hz, and the additional coupling harmonics are randomly gen-
erated.

Dsource Dtarget

Dsource

The numbers of samples of the  and  are 8628 and
994, respectively. The dominant frequency ranges of the two types
of  samples  are  4−99  Hz  and  74−90  Hz,  respectively.  and
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Dtarget  samples are randomly divided into training sets and test sets
at a ratio of 4:1.

5.2    Model implementation details
1) Data pre-processing

To eliminate the influence of dimensionality between different
channels  of  different  samples,  the  maximum-minimum normal-
ization of each channel’s data is used. Then, we pre-transform the
time  series  data  into  a  [10,  40]  two-dimensional  matrix  format,
allowing interaction among more sampled data points at different
positions through subsequent convolution operations.

2) Model parameter setting
The  predictive  identification  model  is  established  on  the

PyTorch  framework. Table  1 lists  the  detailed  parameters  of  the
model. In the pre-training stage, the batch size, learning rate, and
training epochs are  200,  0.001,  and 500,  respectively.  In the fine-
tuning stage, the three values are 200, 1.8e−4, and 200. The model
loss function is MSEloss.

The  performance  of  the  model  is  given  by  the  mean  absolute
percentage error (MAPE) as follows:

MAPE=
1
N

N

∑
i=1

∣∣∣∣ yi− li
li

∣∣∣∣× 100% (9)

where yi and li are  the  corresponding  model  output  predictions
and labels, respectively.

5.3    Comparison with the FFT method
The proposed method only needs 0.2 s of data during the “initial
stage  of  oscillation” to  identify  the  dominant  frequency  of  the
oscillation. In Section 1, Figure 2(a) shows the FFT analysis results
during  the “initial  stage  of  oscillation”.  The  FFT  method  cannot
identify the dominant frequency within the initial 0.2 s. The pro-
posed method is timelier.

In  addition, Table  2 shows  the  differences  in  data  acquisition
and  online  application  time  between  the  proposed  method  and
the FFT method. The calculation program is based on the Python
language and the PyTorch framework. The computer processor is

an Intel  (R) Core (TM) i7-8700 CPU @ 3.20 GHz. Although the
proposed method needs to  collect  four  electrical  quantities,  these
electrical quantities are easy to collect in the system. Because these
data is collected locally, the cost of data collection and communi-
cation  is  not  significantly  increased.  The  calculation  time  in  this
paper is increased compared with that of the FFT method, but it is
still  within  15  ms.  Compared  with  those  of  the  FFT  method,
although the data acquisition and calculation times of the proposed
method increase, it can still be easily implemented in engineering.

In terms of total time (sampling window length and calculation
time), the time used by the proposed method is only approximately
10% that  of  the  FFT  method,  which  obviously  has  better  timeli-
ness.

5.4    Model performance analysis

Dsource

Dtarget Dtarget

After  the  model  pre-training  process,  the  MAPE  value  of  the
model on the  test set is 3.71%. After the pre-trained model
is fine-tuned by  sample, the MAPE value of  test sets is
4.62%.  The  above  results  show  that  the  predictive  identification
model  proposed  in  this  paper  has  high  accuracy  and  can  meet
actual needs.

Dtarget Dsource

To verify the effectiveness of the transfer learning process in the
proposed  method,  we  set  up  an  algorithm  that  undergoes  direct
training on the  without pre-training on  as a contrast
experiment.  The  results  of  the  two  experiments  are  shown  in
Table  3. The comparison of  the  MAPE values  reveals  that,  com-
pared with  the  non-transfer  learning algorithm,  the  performance
is  significantly  improved  by  approximately  3.85%.  This  result
could  prove  that  the  proposed  transfer  process  can  effectively
improve the accuracy of the model.

The  triggering  mechanism  and  data  characteristics  of  forced
oscillation and sub/super-synchronous oscillation are different. To
reveal  the  differences  between  the  two  domains,  this  paper  uses
the  t-SNE algorithm[32] to  visually  analyse  the  distributions  of  the
two domains before and after transfer learning. Figure 8(a) shows
the distribution of two domain samples of the original data, and it
can be seen that there is no obvious overlapping area. Figure 8(b)
shows  the  distribution  of  feature  extraction  results  after  transfer
learning, and the overlapping areas of the two domains are signif-
icantly increased. Therefore, the transfer learning process proposed
in  this  paper  can  effectively  reduce  the  distribution  difference
between the two types of oscillation samples.

Table 4 shows a comparison of the effects of fine-tuning different
parts of the network parameters during the transfer process. After
the  transfer  and  update  of  the  three  high-performance  modules
added in this paper, the feature extraction ability of the model for
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Table 1    Network parameter settings

Layer Parameter

Conv1 filter = 16, kernel size = 3, stride = 1

ECA module channel = 16

Dropout drop rate = 0.05

Residual module 1 filter = 8, kernel size = 3, stride = 1

Dropout drop rate = 0.05

Residual module 2 filter = 4, kernel size = 3, stride = 2

Non-local module channel = 2

Residual module 3 filter = 1, kernel size = 3, stride = 1

Linear output = 1

 

Table 2    Comparison of the proposed method and the FFT method

Method Collected data Sampling window
length (s)

Calculation
time (ms)

Total
time (s)

FFT Single electrical
quantity

2 4.56 2.00456

The proposed
method

Four electrical
quantities
(P, Q, Ua, Ia)

0.2 14.43 0.21443

 

Table 3    Comparison  of  model  accuracy  with  and  without  the  transfer
learning process

Training sample Dtarget  MAPE (%)

Pre-training Transfer fine-tuning

× Dtarget 8.47

Dsource Dtarget 4.62
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the  actual  oscillation  domain  can  be  better  enhanced.  Therefore,
the accuracy of the model is improved.

To  study  the  contributions  of  model  components  to  model
performance, ablation experiments are performed to remove spe-
cific  components.  The  results  of  the  ablation  experiments  (as
shown  in Table  5)  indicate  that  the  residual  module,  non-local
module,  and  ECA  module  added  in  this  paper  have  positive
effects  on model  accuracy  and that  the  combination of  the  three
can further improve model accuracy.

Dtarget

To demonstrate the performance of the proposed method, the
current network models commonly used in the field of power sys-
tem  oscillation  (GCN,  CNN-GRU,  and  CNN-LSTM) are  con-
structed as  comparative  experiments,  and the comparison results
of  the  models  are  shown  in Table  6.  The  results  show  that  the
proposed  model  is  superior  to  the  above  traditional  models  in
terms of the identification accuracy of .

5.5    Model interpretability analysis
The attention weight  distribution map visually  shows how much
attention  the  deep  learning  model  pays  to  different  parts  of  the
input data. In this section, the channel weight distribution is anal-
ysed,  and it  is  proven that the oscillation predictive identification
model can achieve automatic focusing on strongly correlated elec-
trical features.

Figure 9(a) shows the distribution of the weights of each channel
in  the  ECA  module  in  the  form  of  a  heatmap.  The  vertical  axis
corresponds to different samples, and the horizontal axis represents
different channels. As shown in the figure, among the 16 channels,
the ECA module assigns higher weight coefficients to the 4th, 7th,
8th,  11th,  and  16th  channels,  and  the  characteristics  of  these
channels have a higher decisive effect on the output results.

In the matrix relation in Figure 6(c), the output channel weight
on the right side of the equation is the channel weight of the ECA
module shown in Figure 9(a).  The weight matrix on the left  side
of  the equation can also be obtained by the network parameters,
so  the  weight  distribution  of  the  initial  input  channel  can  be
obtained  by  reversing  backwards  through  the  matrix  operation.
Figure  9(b) shows  the  weight  distribution  of  the  initial  electrical
input channel obtained from the backwards extrapolation of each
sample.  In  this  example,  the  forced  oscillation  is  excited  by  the
harmonic  current  injected  into  the  outlet  of  the  wind  farm,  and
the  system  oscillation  disappears  after  the  harmonic  injection
stops.  Therefore,  the  corresponding  electrical  quantity Ia has  the
highest  correlation  with  the  system  oscillation.  According  to
Figure 9(b), among the 4 channels of the original input, the attention
weight  of  the Ia channel  is  the highest.  The results  show that  the
proposed model can adaptively focus on the characteristics of the
strongly correlated electrical quantity of the oscillation.

5.6    Generalization analysis of the model

Dtarget

Dtest Dtest

Dtarget

Dtest

In practical engineering, the short-circuit ratio of the system may
change.  To  verify  the  applicability  of  the  proposed  model  for
unanticipated  conditions,  we  change  the  initial  value  of  the
impedance  of  the  grid  line  of  the  simulation  system  to  simulate
the  change  in  the  short-circuit  ratio.  Refer  to acquisition
method,  another  sub/super-synchronous  oscillation  sample  set  is
obtained,  which is  called the test  domain .  contains  494
samples. The frequency range is 5−22 Hz/78−95 Hz, and the fre-
quency  range  exceeds . Table  7 shows  the  identification
accuracy of different algorithms in . The proposed model still
has higher accuracy than the other models do.

In order to verify whether the proposed method is applicable to
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Figure 8    Distribution of forced oscillation and sub/super-synchronous oscillation before and after transfer learning.
 

Table 4    Performance comparison of fine-tuning different parts of the net-
work

Model transfer section Dtarget  MAPE (%)
Output layer 9.78

Feature extractor 4.62

 

Table 5    Performance of various models in ablation experiments

Model module
Dtarget  MAPE (%)

Conv Residual Non-local ECA

√ 6.31

√ √ 5.21

√ √ √ 5.10

√ √ √ 5.09

√ √ √ √ 4.62

 

Table 6    Comparison  of  the  identification  accuracies  of  different  network
models

Model Dtarget  MAPE (%)
GCN 7.70

CNN-GRU 6.75

CNN-LSTM 5.57

The proposed model 4.62
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different oscillation scenarinos, the measured oscillation data from
the outlet of a photovoltaic power converter in a distribution system
(as illustrated in Figure 10) in Shandong Province, China, are used
as the model input to verify the universality of the trained model
for  on-site  actual  oscillation.  The  oscillation  frequency  of  the
actual oscillation data is 28/72 Hz, and the sub-synchronous oscil-
lation component dominates. The oscillation initiation mechanism
is the change of the PV output. The oscillation frequency and the
generation mechanism are different from those of the above sim-
ulation oscillation data. After testing, the model correctly outputs
a  predicted  frequency  of  28  Hz.  This  demonstrates  that  method
proposed in this paper is universal for other scenarios.

6    Conclusions
To  accurately  and  quickly  identify  the  oscillation  frequency  in  a
short time and provide a basis for the rapid suppression of oscil-
lation,  this  paper  proposes  a  predictive  identification  method for
the  dominant  oscillation  frequency  and  introduces  the  transfer
learning  process  and  attention  mechanism,  which  improve  the
practicability and credibility of the proposed method. The experi-

mental results demonstrate that the proposed model achieves high
accuracy and is generalized for dominant frequency identification
of  oscillation  in  other  scenarios.  The  main  contributions  of  this
paper are as follows:
(1)      The  proposed  method  realizes  frequency  identification

based  on  early  oscillation  data  by  establishing  an  effective
feature  extractor  for  electrical  data.  Thus,  the  proposed
method significantly  reduces  the time required for  identifi-
cation.

(2)      The proposed framework reduces the problem of insufficient
ML  training  accuracy  caused  by  the  lack  of  sub/super-syn-
chronous oscillation data, establishing feature transfer learn-
ing between force and sub/super-synchronous oscillation.

(3)      Weight  backwards  extrapolation  is  used  to  visualize  the
parameter weight distribution, making the proposed method
interpretable. Therefore, the proposed model can adaptively
focus  on  correlated  electrical  channel  characteristics  that
trigger oscillation.

The proposed idea of predicting the dominant frequency of the
“steady-state stage of oscillation” during the “initial stage of oscil-
lation” can be further applied to predict other oscillation parame-
ters,  such  as  the  amplitude  and  damping  ratio,  to  achieve  more
comprehensive oscillation information acquisition.

Appendix
To select  effective  data  features,  it  is  necessary  to  study  the  rela-
tionship between the electrical quantity and the oscillation param-
eters and select the electrical features related to the oscillation fre-
quency.

The  whole  new  energy  generation  grid-connected  system  can
be considered to be composed of two parts:  the new energy gen-
eration subsystem and the remaining subsystem. The system state
space  equation  of  the  new  energy  generation  subsystem  can  be
expressed as 

d
dt

∆X1 =A1∆X1+B1∆Z1

∆Y1 = C1∆X1+D1∆Z1

(A1)

where ΔY1 = {ΔP1, ΔQ1} represents the output variable of the new
energy  generation  subsystem,  which  is  composed  of  the  power
sent  by  the  new  energy  generation;  ΔZ1 =  {ΔV1,  ΔI1}  represents
the  input  variable  of  this  subsystem,  which  is  composed  of  the
voltage  and  current  at  the  grid  connection  between  the  new
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Table 7    Comparison of the identification accuracies of different algorithms
in 

Model Dtest  MAPE (%)

GCN 8.62

CNN-GRU 8.18

CNN-LSTM 8.56

The proposed model 7.96
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Figure 10    Actual measurement data equipment diagram.
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energy generation subsystem and the remaining subsystem. ΔX1 is
the state variable of the new energy generation; A1, B1, C1 and D1
are the coefficient matrices.

The system state space equation for the remaining subsystems
is as follows: 

d
dt

∆X2 =A2∆X2 +B2∆Y1

∆Z1 = C2∆X2 +D2∆Y1

(A2)

where  ΔX2 is  the  remaining system state  variable. A2, B2, C2 and
D2 are the coefficient matrices.

The  equation  of  state  of  the  interconnected  system  can  be
deduced as follows:

d
dt

∆X1

d
dt

∆X2

=A
[

∆X1

∆X2

]
(A3)

where A is the characteristic matrix of the system. The oscillation
frequency can be further obtained by solving for the eigenvalues of
the A matrix.

The above formula shows that the system matrix A is related to
the  operating  state  of  the  new  energy  generation  ΔS1 =  {ΔY1,
ΔZ1} = {ΔP1, ΔQ1, ΔV1, ΔI1}. Therefore, the oscillation frequency is
related to the operating state of the new energy generation ΔS1 =
{ΔP1, ΔQ1, ΔV1, ΔI1}. Therefore, the active power, reactive power,
A-phase  voltage  and  A-phase  current  at  the  outlet  of  the  new
energy generation are selected as the input features.
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