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Abstract: Power quality is an important metric for the normal operation of a power system, and
the accurate identification of transient signals is of great significance for the improvement of power
quality. The diverse types of power system transient signals and strong characteristic coupling brings
new challenges to the analysis and identification of power system transient signals. In order to
enhance the identification accuracy of transient signals, one method of power system transient signal
identification is proposed based on a dynamic large convolution kernel and multilevel feature fusion
network. First, the more fine-grained and more informative features of the transient signals are
extracted by the dynamic large convolution kernel feature extraction module. Then, the multi-scale
local features are adaptively fused by the multilevel feature fusion module. Finally, the fused features
are reduced in dimension by the fully connected layer in the classification module and fed into the
SoftMax layer for transient signal type detection. The proposed method can effectively improve the
small receptive field problem of convolutional neural networks and the lack of ability of Transformer
network in extracting local context information. Compared with five other power quality transient
disturbance identification models, the experimental results show that the proposed method has better
diagnostic accuracy and anti-noise capability.

Keywords: power quality disturbance; transient signal; convolutional neural networks; transformer
network; feature fusion strategy

1. Introduction

The network structure of power systems is becoming more and more complex, and a
variety of non-linear loads are now widely used. This will bring some transient disturbance
signals to the power grid, which seriously affects power quality [1,2]. At the same time,
the presence of power quality disturbances (PQDs) reduces the lifetime of power semi-
conductor and solid-state switching devices. In order to ensure the normal operation of
various electrical equipment, it is necessary to take appropriate action to improve the
quality of electricity.

The effective detection of PQD types is a precondition for the dynamic compensation of
power quality. Research on PQD detection mainly focuses on the identification of transient
signal types. Transient signals have the characteristics of being non-stationary and having a
short duration. Moreover, due to the combined effect of the diversity of disturbance sources,
the complexity of the grid structure and other factors, transient signal disturbances in the
power grid are not always a single basic disturbance, and most of them are composite PQDs
mixed by a variety of basic disturbances. These single disturbances have different disturbance
types, different disturbance energies, and different starting and stopping moments. These
bring greater challenges to the accurate identification of transient disturbances.
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The problem of transient signal PQDs in power systems has become the focus of re-
search among many scholars [3]. Traditional transient disturbance analysis methods mainly
rely on signal processing techniques to extract the physical characteristics of transient
disturbance signals, and then achieve the classification of disturbance types by classifiers.
This approach requires an understanding of power systems and a specific analysis of the
equipment characteristics and operating conditions. Such signal processing methods in-
clude short time Fourier transform (STFT), wavelet transform (WT), S-transform, empirical
modal decomposition (EMD), and variational modal decomposition (VMD).

Today, traditional signal processing methods are well studied in the field of extracting
transient disturbance features. Carvalho et al. [4] obtained the time-domain maximum
magnitude vector of the disturbance signal by Blackman window STFT, and then input it as
a feature vector into the support vector machine to achieve the identification of PQD types.
While STFT has a fixed analysis window size, it is not suitable for analyzing the multi-scale
characteristics of the signal. WT is suitable for analyzing and identifying non-smooth
signals, but it is difficult to choose the wavelet basis function for WT; in addition, it causes
some signal distortion when the number of decomposition layers is large in [5]. S-transform
is a time-frequency analysis algorithm derived from the combination of STFT and WT. It
has good time-frequency characteristics, but the disturbed signal is highly informative after
the decomposition of S-transform, and there is no unified form of disturbed eigenvector
in [6]. EMD has been widely used in the field of identification of transient signals. Due to
the lack of rigorous mathematical proofs for EMD, it leads to the need for strong empirical
guidance in its practical application in [7]. VMD is applied as an adaptive and completely
non-recursive signal decomposition algorithm for the type detection of transient signals
in [8]. However, an inaccurate number of decompositions can easily lead to high noise
levels in the signal components, which affects the effectiveness of signal detection. The
above methods can effectively identify and classify a single disturbed signal. Due to
the feature coupling between the compound transient disturbed signals, it is difficult for
traditional signal processing techniques to extract distinguishable features. Therefore, such
methods are difficult to cope with composite disturbances in power systems.

The diagnosis of power quality transient disturbances based on artificial intelligence
technology is the focus of many scholars’ research. This approach does not require an
in-depth understanding of the physical operating processes of the power system, but relies
on data analysis and processing to identify the characteristics and patterns of PQDs. Shoryu
et al. [9] proposed a PQD identification model based on a convolutional network and long
short-term memory. The model can efficiently extract salient features from noisy signals
and classify them through a SoftMax layer. Hezuo et al. [10] used convolutional neural
networks to adaptively learn disturbance features to classify unknown instances. At first,
one-dimensional power quality waves are mapped into two-dimensional gray-scale images
and disturbance features in the form of quadratic Dgray scale; then, a CNN architecture
is constructed for PQD classification based on a LeNet-5 network under different noise
conditions. Compared with traditional signal processing techniques, the above methods
have achieved some satisfactory results based on the powerful feature extraction capability
of CNN. However, when a CNN performs feature extraction, the receptive field of the
CNN is limited by the smaller convolutional kernel, which causes it to focus mainly on
local regions in the input data, ignoring the global space of the input data.

Inspired by the significant success of the Transformer architecture [11] in the field
of natural language processing (NLP), the stacked multi-head attention mechanism cap-
tures global features among sequential data, which has great potential for intelligent fault
diagnosis. Liang et al. [12] used the STFT to transform a one-dimensional signal into a
two-dimensional time-frequency image, and then the time-frequency map was input as
a feature map into a ViT network to train for achieving the classification task. Although
the Transformer network has better performance in image classification tasks [13], the
Transformer lacks some of the inductive biases inherent in CNNSs, such as local connectivity,
parameter sharing, etc. [14], which makes it possibly unable to extract meaningful features
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from a dataset when the amount of training data is insufficient. On the other hand, stacked
attention mechanisms often limit the ability of Transformer networks to efficiently extract
local contextual information.

In this paper, a transient signal identification method is proposed for power systems
based on a dynamic large convolution kernel and multi-level feature fusion network by
integrating the advantages of a CNN to extract local features and the Transformer network
to capture global features. First, to solve the problem whereby a CNN small receptive
field cannot effectively capture the important local features in the time series data, a
dynamic large convolution kernel module is designed, which solves the small receptive
field problem caused by the small convolution kernel. Meanwhile, unlike the fixed large
convolution kernel, the module can make more efficient use of global context information
by dynamically adjusting the size of the large convolution kernel to suit features of different
sizes. Then, in order to solve the problem of the Transformer network’s lack of ability
in extracting local contextual information, a dynamic large convolution kernel module is
used to replace the multi-head attention mechanism in the transformer network. Finally, a
dynamic feature fusion module is designed, which can dynamically find important feature
information for adaptive fusion of multi-scale features. Our contributions are presented
as follows:

1. In order to increase the receptive field of the convolutional neural networks and
enhance the feature extraction capability of the network, a dynamic large convolution kernel
module is proposed, which can make more efficient use of global context information by
dynamically adjusting the size of the large convolution kernel to adapt to different sizes
of features.

2. A multilevel feature fusion module is proposed, which improves on the popular
fixed-weight feature fusion strategy by adaptively assigning different fusion weights to
different input sequence data.

3. To validate the network framework, experiments were conducted on single and
composite PQD datasets under different noise conditions.

The rest of the paper is structured as follows. The proposed dynamic large convolution
kernel structure and the multilevel feature fusion module are presented in Section 2.
The PQD diagnosis network framework is described in Section 3. Section 4 illustrates
the validity of the proposed method through extensive experiments. Finally, Section 5
concludes this paper.

2. Theoretical Background
2.1. Dynamic Large Convolution Kernel Module

To expand the receptive field of CNN, larger convolution kernels were introduced
and integrated into the CNN architecture. Ding et al. [15]. proposed a new network
architecture called RepLKNet. This network architecture makes some changes on the Swin
Transformer [16] architecture by replacing the multi-head self-attention with large deep
convolution. Experiments demonstrate that the large convolution kernel is designed to
perform well on classification tasks. Large convolution kernel structures have a larger
receptive field and are able to capture more discriminative features compared to small
convolution kernel structures. However, these networks mainly utilize large kernels of
fixed size for feature extraction, which remains slightly difficult for extracting fault features
of different sizes. The difficulties include the following:

e Inappropriate large convolution kernel positions may decrease the performance of
the network;

e  Itis difficult to determine the size of the large convolution kernels when the network
achieves optimal performance;

e Large convolution kernels will increase the number of parameters and the computa-
tional cost in the network.

In order to determine the optimal location and size of the large convolution kernel, a
dynamic large convolution kernel (DLCK) structure is proposed to maintain the diagnostic
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performance and reduce the number of parameters, as shown in Figure 1. Unlike the parallel
aggregation of convolution kernels [17], the dynamic large convolution kernel (DLCK)
structure sequentially aggregates multiple large kernels to expand the receptive field.

DWConv‘5 1)
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A4

1
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Figure 1. The DLCK structure.

Specifically, the depthwise separable convolution (DWConv) layer uses two large
convolution kernels DWConv s 1) and DWConvy 3), respectively. DWConvs ;) denotes a
5 x 1 kernel with an expansion rate of 1, and DWConv(; 3) denotes a 7 x 1 kernel with
an expansion rate of 3. DWConv(s 1) and DWConv (73 are used to convolute the input
features of the previous layer.

X} = DWConu sy, (Xl) (1)

Xy = DWConv 75 (X{) )

By cascading these large convolution kernels, the DLCK has the same receptive field
as the kernel size 23 x 1. The global spatial relationships of these local features are then

efficiently modeled by fusing the cascaded features {Xl ; Xﬂ through the concat operation
and by applying average pooling (AV P) and maximum pooling (MAP).

Wavg = AVG([X§ ;xﬂ) 3)

WOmap = MAP({X%;XQD 4)

Then, a convolutional layer (Conv) with kernel size of 7 is used to interact this infor-
mation [wavg ; Wmap }, and a Sigmoid activation function is used to obtain dynamic weight
values [w1; wy].

[w1; wy] = sigmoid (Conv([wavg ; Wmap |)) (5)

The features of the different large kernels are adaptively selected by utilizing these
weight values for alignment. Finally, a residual join is applied.

X' =((cnext)e (wexh))+X 6)

The DLCK module is constructed by integrating DLCK between two linear layers and
adding the GELU activation function, as shown in Figure 2. Residual connections are also
applied. Therefore, the output of the 1 layer in the DLCK module can be calculated as:

R = Conv(DLK(GELU(ConU (Xl>)>) + X! @)

In order to handle features of different scales, we construct DLCK block by replac-
ing the multi-head self-attention in hierarchical ViT networks with the proposed DLCK
modules. The constructed DLCK block consists of three parts, namely, the DLCK module,
the MLP module, and the normalization layer, as shown in Figure 3. DLCK blocks are



Energies 2024, 17, 3227 50f 15

constructed similarly to ViT blocks. As a result, two sequential DLCK blocks in Layer / and
Layer I — 1 can be computed as:

I
I

R = DLK (LN (XH)) 4+ x!-1 6)

X' = MLP(LN(X")) + X )
- - - ------------- - - - - -=== 1
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Figure 3. The DLCK block.

2.2. Multilevel Feature Fusion Module

Based on the adaptive fusion of multi-scale local features with global information,
we propose a multilevel feature fusion (MLFF) module, as shown in Figure 4. Most of the
current popular feature fusion methods use a fixed-weight fusion strategy, which enforces
different contexts in a time series to share the same weights, making the common weights
for all time series ignore their differences in different local contextual information [18]. To
address this problem, we propose a new dynamic feature fusion strategy that adaptively
assigns different fusion weights to different input sequence data and locations by a weights
learner. The dynamic feature fusion strategy takes into account the differences between
feature maps of different locations and help to classify the task more accurately.

Specifically, feature maps F1 and F2 are connected along the channels. To ensure that
subsequent blocks can utilize the fused features, the number of channels is reduced to
the original number by a channel reduction mechanism. Channel reduction in MLFF is
not simply a1 x 1 convolution but is guided by the global channel information weight
wep- Information is extracted to describe the significance of features by cascaded average
pooling (AV GPool), convolutional layers (Conv), and Sigmoid activation.

Fusion features are calibrated by global channel information weights w,y,. At the same
time, the use of w, helps the convolutional layer retain important features and discard
features with less information. Subsequently, the 1 x 1 convolutional layer (Conv) was
used to select the appropriate feature maps based on their importance.

Wy = sigmoid (Conv (AVGPool ( {F{; Fﬂ ) ) ) (10)

Fl = Conv (wch ® [F{ ; Fﬂ ) (11)
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Figure 4. The MLFF module.

To highlight the spatial regions of importance, the global spatial information ws), is
captured by a1 x 1 convolutional layer (Conv) and Sigmoid activation functions derived
from feature maps F1 and F2.

wsp = sigmoid (Conv (Fll) @ Conv (Fé)) (12)

2.3. Classification Module

The classification module is shown in Figure 5. After the multilevel feature fusion
layer, the fused features are input to the full connectivity layer for dimensionality reduction,
then into the SoftMax classifier for the detection and identification of transient signal faults
of power systems [19].

1
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Figure 5. The classification module.
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To measure the difference between the predicted and actual results of the model, the
cross entropy loss function is used as a metric [20].

n
loss = =) yilog(#:) (13)
i=1
where 1 denotes the number of fault categories, y; and #; denote the actual and predicted
probability of category i, respectively.

3. The Proposed Network

By using the designed DLCK module, MLFF module and classification module, a
framework is proposed for power system transient signal diagnosis and classification in
this section, as shown in Figure 6. The framework comprises four hierarchical structures
cascaded together, each hierarchy containing three parts: the downsampling layer, the
DLCK block, and the MLFF layer.
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Figure 6. The proposed network.

The downsampling layer is achieved by using convolutional layers with different
sized convolution kernels. The downsampling layer facilitates a reduction in the amount of
computation and the extraction of the main feature information. The DLCK block cascades
the growing kernel sizes and increasing expansion rates to increase the sensory field while
allowing dynamic adjustment of the convolutional kernel size, which facilitates the capture
of finer and more informative features. The MLFF layer can adaptively assign different
fusion weights to different input sequence data through the weights learner. A more
accurate classification task is achieved by effectively fusing the local features extracted by
the downsampling layer and the global features extracted by the DLCK block. Specific
parameter information is listed in Table 1. Finally, the classification module is used to
achieve transient signal classification.

Table 1. Specific parameter information of the proposed network.

Structure Layers Parameters Output Size
Input Input / 1024 x 1 x 1
Downsample layerl Convolutional layer kernel: 7, stride: 2 512 x 64 x 1
DLCK Block / / 512 x 64 x 1
MLEFF Block / / 512 x 64 x 1
Downsample layer2 Convolutional layer kernel: 2, stride: 2 256 x 128 x 1
DLCK Block / / 256 x 128 x 1
MLFF Block / / 256 x 128 x 1
Downsample layer3 Convolutional layer kernel: 2, stride: 2 128 x 256 x 1
DLCK Block / / 128 x 256 x 1
MLFF Block / / 128 x 256 x 1
Downsample layer4 Convolutional layer kernel: 2, stride: 2 64 x 512 x 1
DLCK Block / / 64 x 512 x 1
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Table 1. Cont.
Structure Layers Parameters Output Size
MLFF Block / / 64 x 512 x 1
Max Pool Max Pool kernel: 64, stride: 1 512 x 1
FClayerl Full Connected layer / 256 x 1
FClayer2 Full Connected layer / Class number

4. Experimental Validation and Analysis
4.1. Experimental Setup and Evaluation Metrics

In all the experiments, the corresponding parameters involved in the proposed model
are set as follows: adam optimizer is utilized; initial learning rate is set to 0.001 for stepplr
strategy update; batch size is set to 64; maximum epoch is set to 60. The network model is
run using PyTorch1.13 and on an Intel i7 and 16 GB GeForce GTX3060 GPU on a PC. In
order to qualitatively evaluate and compare the performance of the proposed model with
other network methods, a quantitative metric called accuracy was used in the experiments,
using classification accuracy [21] as an evaluation metric with the expression:

TP+ TN
A = T T FP T TN T EN (14)

where TP denotes the number of samples that were predicted to be positive and were
actually positive, TN denotes the number of samples that were predicted to be negative
and were actually negative, FP denotes the number of samples that were predicted to be
positive but were actually negative, and FN denotes the number of samples that were
predicted to be negative but were actually positive.

4.2. Dataset Description and Preprocessing

Due to the rich types of power quality transient disturbance signals and the random
change in disturbance time and location, it is difficult to obtain a large number of actual
power quality transient disturbance data. Therefore, in this paper, 15 kinds of transient
disturbance mathematical models are simulated by MATLAB 2021a according to the refer-
ence [22], which are 7 kinds of single disturbances and 8 kinds of hybrid disturbances. The
PQD signal includes harmonics voltage (S1), sag (52), swell (S3), interruption (54), flicker
(S5), transient oscillation (56), transient pulse (S7), sag + harmonics (S8), swell + harmonics
(59), interruption + harmonics (510), flicker + harmonics (S11), sag + transient oscillation
(512), swell + transient oscillation (S13), sag + transient pulse (514), and swell + transient
pulse (S15). The standard parameters of the signal model for the hybrid disturbance volt-
ages are shown in Table 2, and the waveforms of the 15 transient signals simulated based
on Table 2 are shown in Figure 7.

In order to eliminate the disturbance of abnormal data on the experimental results,
this paper performs the normalization operation on all the data so that the data values are
mapped in the range [0, 1], and the normalization formula is as follows:

p x — min(x)

e max(x) — min(x) (15)

where x” denotes normalized data.

Each transient signal generates 500 samples by overlapping samples, so the total
number of samples of 15 transient signals is 7500, and the sample data are divided into
training set, validation set, and test set according to the ratio of 7:2:1, and then inputted
into the model for training.
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Table 2. The standard parameters of the simulated signals model.

Signal Type Signal Models
S1 V(t) = sin(wt) 4 az sin(B3wt + @3) + as sin(5wt + @5) + a7 sin(7wt + ¢7)
S2 V()= (1 —a(u(t—t) —u(t—t))) sin(wt)
S3 V(t)= 1 +a(u(t—t) —u(t—t))) sin(wt)
S4 V(i) =1 —ag(u(t—t) —u(t — tp))) sin(wt)
S5 V(t) = (1 +af sin(ﬁwt)) sin(wt)
S6 V(1) = sin(wt) + ape  sinfewn(t — ta)}- {u(t — t5) — u(t — tg)}
S7 V() = sin(wt) +age = {u(t —t3) — u(t — t5)}
S8 Vi) =
(1—a(u(t—t) —u(t—t)))sin(wt) + sin(wt) + az sin(3wt + @3) + as sin(5wt + @s) + az sin(7wt + @y)
V(t) =
59 (I+a(u(t—t1) —u(t —t2))) sin(wt) + sin(wt) + az sin(3wt + @3) + as sin(5wt + ¢s5) + ay sin(7wt + @7)
510 v =
(1 —ay(u(t —t) —u(t —t2))) sin(wt) + sin(wt) + a3 sin(3wt + ¢3) + as sin(5wt + ¢s5) + az sin(7wt + ¢7)
511 V(t) = (1 +ay sm(ﬁwt)) sin(wt) + sin(wt) + a3 sin(3wt + ¢3) + as sin(5wt + @s) + ay sin(7wt + ¢7)
S12 V() =1 —a(u(t—1t)) —u(t- Q»ﬁmWQ+$Mw0+@f?ﬁﬂwﬂb%@}w0—@)—MLJU}
S13 V()= (1 +a(u(t—t1) —u(t —t))) sin(wt) + sin(wt) + me < sin{wy (t — t3) }-{u(t —t3) —u(t —tg)}
514 V() = (1—a(u(t—t1) —u(t —tp))) sin(wt) + sin(wt) + a4e?{u(t —t3) —u(t—ty)}
S15 V()= 1 +a(u(t—t1) —u(t— )»gmwﬂ+ﬁmwﬂ+a¢%ﬂyu—g)—ua—qﬂ
Parameters a=01~09,a;=09~1a,=01~08a3=a5=a7=0~015a,=1~10,¢3 = ¢5 = ¢7 =0~ 27,

af=03~051t —ty =4T ~ 9T, t4 — t3 = 0.05T ~ 3T, = 0.1 ~ 0.4, 7 = 0.008 ~ 0.04, f, = 300 ~ 900Hz,
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Figure 7. The waveforms of the 15 transient signals simulated.

4.3. Comparative Experimental Results
4.3.1. Experimental Results with Noise Data

To ensure that these simulated PQD signals are very close to the real data, white
Gaussian noise (WGN) is added to these simulated signals, and the noise simulation
environments with an SNR of 5 dB, 15 dB, 25 dB, 35 dB, and 45 dB are constructed. A total
of five groups of signals with noise are identified. For these 15 disturbance signals, we
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conducted validation experiments. In order to more clearly show the identification accuracy
of the proposed model for single disturbance and complex disturbance, we divided the
single disturbance and complex disturbance into two categories to show the diagnostic
effect respectively. The identification accuracy of various disturbance signals is shown in
Table 3. At the SNR of 5 dB, the effect of disturbance signal classification is visualized, as
shown in Figure 8.

Table 3. Classification accuracy under different noise conditions (%).

Signal Type 5dB 15 dB 25 dB 35dB 45 dB
Single disturbance 99.71 99.80 100 100 100
Compound disturbance 96.75 97.85 99.31 100 100

1.0
j¥4J 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

0.0p¥4 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
-0.0 0.0 %9} 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
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(a) Visualization of feature classification. (b) Confusion matrix.

Figure 8. Confusion matrix and feature classification visualization at SNR = 5 dB.

As can be seen from Table 3, the proposed model has high recognition accuracy under
different SNR values, and the disturbance recognition average accuracy is higher than 97%,
indicating that proposed model has good generalization ability. For a single disturbance,
when the SNR is greater than 25 dB, the accuracy is as high as 100%. For mixed disturbance,
when the SNR is greater than 35 dB, the accuracy rate is as high as 100%, indicating that
the model has high anti-noise ability to single disturbance and mixed disturbance.

4.3.2. Experimental Results with Different Models

In order to further verify the superiority of the proposed method, we compare and
analyze the proposed method with the existing feature extraction models. The five meth-
ods include CNN with small convolution kernels [23], Transformer network [24], CNN-
LSTM network [25], CNN-Transformer network [26], and CNN-GRU network [27]. When
SNR = 5 dB, the comparison results of each model are as shown in Table 4. Radar charts
provide a more visual representation of the performance, as shown in Figure 9.

Table 4. Comparison of different feature extraction methods (%).

Network 5dB 15 dB 25dB 35dB 45 dB Average
CNN [23] 95.45 95.52 96.82 97.34 97.37 96.50
Transformer [24] 95.57 96.07 96.34 97.86 98.04 96.78
CNN-LSTM [25] 96.61 96.81 97.43 98.41 99.82 97.82
CNN-Transformer [26] 96.27 97.51 97.66 99.32 99.67 98.09
CNN-GRU [27] 97.54 97.18 98.35 99.56 99.83 98.49

OUR 98.13 98.76 99.63 100 100 99.30
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Figure 9. Radar charts displaying the performance of each model.

From the data in Table 4, it can be seen that the CNN with a small convolution
kernel [24] has a better feature extraction ability under weak noise conditions; when the
noise disturbance is larger, the extracted features are less distinguishable. Compared
with the small convolution kernel, the Transformer network [24] with a stacked multi-
head attention mechanism can capture global features among the input sequence data,
which has great potential in intelligent fault diagnosis. However, it lacks local connectivity
and parameter sharing, and is highly dependent on the amount of training data. The
average accuracy of its disturbance identification reaches 96.78% under different SNR
values. The CNN-LSTM network [25] can achieve multi-level feature extraction, which
is helpful to improve the model’s expressiveness and generalization ability. However,
the CNN-LSTM model has more parameters and the training time may be longer. The
average accuracy of its disturbance identification reaches 97.82% under different SNR
values. The CNN-Transformer network [26] is achieved by combining the local connectivity
of CNN with the global connectivity of the Transformer network. Since it only utilizes a
simple concat operation of local and global features to achieve feature fusion, it can only
alleviate the feature extraction defects to a certain extent. Compared with the single CNN
and Transformer networks, the CNN-Transformer network achieves a higher recognition
accuracy of 98.09%. Comparing the CNN-GRU network [27] with the CNN-LSTM network,
the gating structure of GRU is relatively simple, and the model interpretation may be
slightly higher. Compared with the CNN-LSTM and CNN-Transformer networks, the
CNN-GRU network [27] is relatively efficient and has a stronger sequence modeling
capability, but the training cost may be higher. The average accuracy of its disturbance
identification reaches 98.49% under different SNR values. The proposed network uses a
dynamic large convolution kernel instead of a multi-head attention mechanism, which
can better meet the needs of different types of features. The use of the dynamic feature
fusion module instead of a normal connection fusion operation helps toward fusing better
discriminative features. Thus, the proposed network has the highest average accuracy of
99.30% for disturbance recognition.

4.4. Ablation Studies

To validate the reasonability of corresponding modules used in the proposed network,
some ablation studies are conducted in this section.
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4.4.1. Without DLCK or MLFF

To verify the ability of the proposed model in extracting features, three sets of ex-
periments (whether or not DLCK and MLFF are used) are conducted. For convenience,
the network without DLCK is denoted as W/O-DLCK and the network without DFF is
denoted as W/O-MLEFF. The corresponding experiment results are shown in Table 5.

Table 5. Performance of each module (%).

Network 5dB 15dB 25dB 35dB 45 dB
W/O-MLFF 96.45 96.57 97.03 98.11 98.50
W/O-DLCK 97.58 97.91 98.45 98.71 99.84

OUR 98.13 99.57 100 100 100

As seen in Table 5, the proposed network has the highest average accuracy, which indi-
cates that the DLCK block and MLFF module have good feature extraction capabilities. One
can conclude that the designed modules (DLCK and MLEFF) are reasonable and effective.

4.4.2. Network Depth

To further explore the optimal model depth. Six depths are chosen to determine the
optimal network depth in this experiment, where depth-1 indicates that the number of
hierarchical structures cascaded together is 1. The corresponding results are shown in
Figure 10.

100 B depth-1[] depth—2 depth-3E0 depth-4[_] depth-5___] depth—6|

98

96

Accurcy (%)

94

92 1

90 - T T . T
5dB 15dB 25dB 35dB 45dB
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Figure 10. Performance of network depth.

From Table 6, it can be seen that the network achieves the best results when the
network depth is set to 4 in the vast majority. In theory, the deeper the network depth is,
the better will be the results achieved in feature extraction. However, this is not always
true when the number of samples is not sufficient. In fact, it is a difficult task to collect
enough samples in practical engineering. This is the reason that the proposed network
obtains the best results at the depth of 4. Moreover, with the increase in network depth, the
computational cost will increase. Thus, the depth is set to 4 in the proposed network.
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Table 6. Performance under different network depths (%).

Depth 5dB 15 dB 25 dB 35dB 45 dB
depth-1 91.56 91.77 92.37 93.14 93.83
depth-2 94.36 95.12 95.88 96.18 96.84
depth-3 95.16 96.35 97.08 97.96 98.70
depth-4 98.13 99.57 100 100 100
depth-5 98.57 99.14 99.81 100 100
depth-6 98.12 98.87 99.91 100 100

4.5. Real Data Validation

To further validate the feasibility of the method, this paper validates the method using
a set of real data as input. The dataset is provided by the Kaggle public database and
consists of five major types of power quality signals, namely, harmonics (S1), sags (52),
transient impulses (57), sags + harmonics (S8), and sags + oscillations (S12). There are
600 samples for each signal type. The confusion matrix of the classification results is shown
in Figure 11.
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(a) Visualization of feature classification. (b) Confusion matrix.

Figure 11. Confusion matrix and feature classification visualization of real data.

As can be seen from the confusion matrix, there is still category confusion between S2,
58, and S12. This is because both S8 and S12 contain S2 components. As can be seen from
the classification feature visualization graph, the proposed method is still useful for real
data, further illustrating the effectiveness of the proposed method.

5. Conclusions

In this paper, a framework is proposed for power system transient signal recogni-
tion based on a dynamic large convolution kernel and multilevel feature fusion network.
The framework is composed of four parts: the downsampling layer, the dynamic large
convolution kernel module, the multilayer feature fusion module, and the classification
module. The downsampling layer is designed to reduce the computational effort and
extract the main feature information of transient signals. The dynamic large convolution
kernel module based on the advantage of dynamically adjusting the size of the convolution
kernel, which can effectively solve the difficulty of extracting different types of transient
features with a single fixed convolution kernel. The multilayer feature fusion network
adapts to the variability in different local contextual information by dynamically adjusting
the weights of the fusion strategy, which helps to fuse more discriminative feature informa-
tion. The SoftMax classification module first performs dimensionality reduction using the
fully connected layer, and then calculates the probability value to achieve the classification
goal by the SoftMax classifier. In order to verify the effectiveness and generalization of the
proposed method, comparative experiments were conducted in five different noise envi-
ronments. The experimental results show that the model can accurately identify 15 single
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and composite disturbance signal types with good noise immunity. It has good superiority
compared with five other existing network models. Meanwhile, validation experiments are
carried out using real data, and the proposed model still has a better diagnostic effect.
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