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Abstract: With the widespread integration of distributed power systems and renewable energy, power quality disturbance 
(PQD) problems are becoming increasingly serious. Most existing PQD classification methods rely on the extraction of single 
time-domain or frequency-domain features, lacking effective cross-domain information fusion, and their classification accuracy 
significantly decreases under noise interference. To address this issue, this paper proposes a power quality disturbance 
classification model (MCA-KAN) based on a multi-channel attention mechanism and a KAN network. This model employs 
parallel time-domain and frequency-domain feature extraction structures, utilizing 1D-CNN and BiLSTM to capture time- and 
frequency-domain features respectively, and introducing a cross-attention mechanism to achieve adaptive fusion of time-domain 
and frequency-domain features. Furthermore, the model uses a KANLinear layer for nonlinear mapping to enhance its 
classification ability and robustness in high-noise environments. To verify the model's robustness, this paper constructs a noisy 
dataset under three signal-to-noise ratios (SNR=20dB, 30dB, 50dB) and conducts comparative experiments. The results show 
that the proposed MCA-KAN achieves an accuracy of 97.82% at an SNR of 20dB, and maintains stable recognition performance 
at higher SNRs. Compared with existing methods, the proposed network outperforms existing methods in terms of classification 
accuracy and robustness.   
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1. Introduction 
With the increase in power load and the increasing 

complexity and diversity of electrical equipment, power 
quality (PQ) has become an important research topic in the 
operation of power systems [1]. Power quality disturbances 
(PQD) refer to abnormal fluctuations in voltage, current and 
frequency in power systems caused by various reasons. There 
are many types of disturbances, including voltage sags, 
voltage fluctuations, harmonics, frequency deviations, etc. 
These disturbances can seriously affect the operational 
stability of electrical equipment[2], and even lead to 
equipment damage, production interruption and system 
failure. Different types of disturbances have different effects 
on electrical equipment. Accurately identifying and 
classifying these disturbance types can help power operators 
take corresponding countermeasures quickly, thereby 
effectively reducing equipment damage and system 
failures[3]. Therefore, accurately identifying the types of 
power quality disturbances under different noise levels is of 
great significance for the governance of power quality 
problems and fault diagnosis[4], and has become a research 
direction of common concern to scholars at home and 
abroad[5]. The classification methods of power quality 
disturbances are mainly divided into two categories: 
traditional signal processing combined with machine learning 
methods and deep learning methods. (1) In the PQD 
classification method based on signal processing and machine 
learning, feature extraction usually adopts Fourier transform 
(FT)[6], wavelet transform (WT)[7], Stockwell transform 
(ST)[8], empirical mode decomposition (EMD)[9], Hilbert-
Huang transform (HHT)[10] and variational mode 
decomposition (VMD)[11] and other techniques; the 
classification stage mainly uses traditional machine learning 
classifiers, such as artificial neural network (ANN)[12], 
decision tree (DT)[13] and support vector machine 

(SVM)[14]. (2) In the PQD method based on deep learning, 
two main strategies are usually adopted: 1) convert one-
dimensional signals into two-dimensional images, and then 
use mature deep learning models for feature extraction and 
classification. Common conversion methods include: directly 
converting the signal into a two-dimensional grayscale image 
[15], using Wigner-Ville distribution [16] and Gramian 
Angular Sum Field [17], Trajectory Circle (TC) visualization 
method [18], and using Markov transition matrix to realize 
the mapping of signal to image [19]. Although such methods 
can improve classification accuracy by utilizing the powerful 
image feature extraction capabilities of deep learning, they 
may introduce feature information loss during signal 
reconstruction and require a high level of professional 
knowledge in the signal conversion process, making the 
process more complex. 2) Directly inputting the perturbation 
signal into a one-dimensional convolutional neural network 
(1DCNN) and a recurrent neural network (RNN) for feature 
extraction and classification, thereby avoiding the complex 
signal conversion process. 1DCNN can efficiently extract the 
spatial features of PQD, while RNN can capture the long and 
short-term dependency information of the sequence. 
Reference [20] compared the performance of various typical 
CNNs and RNNs in classification tasks of 6 classes of single 
perturbation and 5 classes of compound perturbation, but did 
not discuss their noise resistance performance. The WT-SFA 
LSTM, which integrates wavelet multiresolution analysis and 
attention mechanism, achieves an accuracy close to 100% 
under high signal-to-noise ratio, but only about 91.8% 
accuracy under 20dB noise [21]. Although deep learning has 
made significant progress in power quality disturbance 
classification tasks, many existing methods mainly rely on 
time-domain or frequency-domain features, and feature 
extraction from a single domain may not be able to fully 
capture the complexity of the disturbance signal. In addition, 
existing models lack effective mechanisms for handling 
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cross-domain feature fusion, fail to fully utilize the 
complementarity of time-domain and frequency-domain 
information, and the accuracy of power quality disturbance 
classification will be greatly reduced in high-noise 
environments. Kolmogorov–Arnold Network (KAN), as a 
novel network recently proposed, is characterized by using 
learnable activation functions (such as spline functions) on 
the edges instead of fixed activation of traditional neurons, 
thus theoretically approximating complex functions more 
efficiently. KAN has shown higher accuracy and 
interpretability than MLP of the same size in small-scale 
function fitting tasks. In the power field, KAN has been used 
in fault diagnosis and other directions, and has achieved 
higher accuracy than CNN, SVM, etc. [22]. To improve the 
classification performance of power quality disturbances in 
high-noise environments, this paper proposes a novel power 
quality disturbance classification model (MCA-KAN). This 
model extracts time-frequency domain features by fusing 
temporal and frequency-domain convolutional neural 
networks and uses a bidirectional long short-term memory 

(BiLSTM) network to capture the temporal dependencies of 
signals. Specifically, we introduce a cross-attention 
mechanism for efficient fusion of time-domain and 
frequency-domain features, using automatic weighting to 
enhance the model's focus on important features. KANLinear 
is introduced into the classification head, utilizing learnable 
B-spline basis functions to achieve stronger nonlinear 
mapping capabilities, improving the fitting effect on the 
boundaries of complex disturbance categories while 
maintaining controllable parameter quantities. A 25-class 
PQD synthetic dataset is constructed based on the disturbance 
definition in IEEE Std 1159-2019, and sufficient 
experimental validation is conducted under SNR conditions 
of 20/30/50 dB: the model achieves an accuracy of 97.82% at 
SNR=20 dB and maintains stable performance at higher 
SNRs. 

2. Theoretical Basis and Model Design 

 

 
Fig 1. Schematic diagram of MCA-KAN model 

 
This model combines the advantages of multi-branch 

feature extraction and KAN networks, enabling it to capture 
both local and global features of signals in the time and 
frequency domains, while also flexibly modeling complex 
nonlinear mappings. Specifically, the model first performs a 
Fast Fourier Transform (FFT) on the original power quality 
disturbance signal, constructing a one-dimensional 
Convolutional Neural Network (CNN) and a Bidirectional 
Long Short-Term Memory (BiLSTM) network in the time and 
frequency domains, respectively. Next, it efficiently fuses 
these two feature streams using a cross-attention mechanism 
and obtains a fixed-dimensional vector through adaptive 
average pooling. Finally, the classification result is output 
through a KAN module containing linear and B-spline 
branches. 

To eliminate the influence of dimensions and enhance 
convergence stability, the original sequence is standardized 
with zero mean and unit variance: 
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Subsequently, a Fast Fourier Transform (FFT) is performed 
on the frequency domain amplitude spectrum x̃. FFT converts 
the time-domain signal into a frequency-domain amplitude 
spectrum, thus revealing the signal's frequency components. 

This method is more computationally efficient than wavelet 
transform while preserving sufficient frequency information, 
making it suitable for extracting frequency domain features in 
power quality disturbance classification. The transformed 
result is: 

𝑋௞ ൌ ෍ 𝑥෤

்ିଵ

௧ୀ଴ ௧

 𝑒ି௝ଶగ௞௧/், 𝑥ො௞ ൌ |𝑋௞|, 𝑘 ൌ 0, … , 𝑇௙ െ 1.       

Considering the different saliency of transient and periodic 
distortions and harmonics/interharmonics in the two domains 
of PQD, this paper adopts VGG-style one-dimensional 
convolution stacking in the time and frequency domains 
respectively, sharing the same hierarchical rhythm 
(3×Conv+Pool+BN staged stacking), and adopting different 
channel configurations to match the complexity of the signals 
in the two domains. The one-dimensional convolution branch 
structure diagram of time/frequency is shown in Figure 2. 

The input to the temporal branch (Time-CNN) is (B, 1, 
1280). It uses three convolutional blocks with channels of 32, 
64, and 128 respectively; each block contains three Conv1d + 
ReLU operations with k=3 and p=1, followed by MaxPool1d 
(stride=2) and BatchNorm1d. After three pooling operations, 
the length changes from 1280→640→320→160, resulting in 
a tensor of (B, 128, 160), which is then transposed to obtain a 
sequence-first format (B, 160, 128). The input to the 
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frequency branch (Freq-CNN) is (B, 1, 640). It also uses three 
convolutional blocks, but with channels of 16, 32, and 64, 
with other settings identical to the temporal branch. The 
output size is (B, 64, 160), which is transposed to (B, 160, 64). 

This "parallel, synchronized, and heterogeneous" design 
aligns the two branches at the same time step L = 160, 
facilitating subsequent sequence-level alignment modeling 
and cross-domain attention interaction. 

 
Fig 2. Schematic diagram of time/frequency one-dimensional convolution branches 

 
To effectively capture the temporal dependencies of power 

quality disturbance signals, we employ a Bidirectional Long 
Short-Term Memory (BiLSTM) network. BiLSTM is used in 
this model to capture the temporal dependencies of the signal. 
Unlike traditional unidirectional LSTMs, BiLSTM utilizes 
both forward and backward temporal information, effectively 
integrating past and future contextual information. For 
transient disturbance signals, this bidirectional modeling 
provides more comprehensive time-series features, thereby 
improving classification accuracy. Figure 3 shows a 
schematic diagram of the BiLSTM structure. 

 
Fig 3. Schematic diagram of bidirectional LSTM structure 

 
Given an input sequence {x1, x2, ..., xT}, a standard LSTM 

is updated using gating and memory units. At time t, it is 
calculated as follows: 

𝑖௧ ൌ 𝜎ሺ𝑊௜𝑥௧ ൅ 𝑈௜ℎ௧ିଵ ൅ 𝑏௜ሻ       
𝑓௧ ൌ 𝜎ሺ𝑊௙𝑥௧ ൅ 𝑈௙ℎ௧ିଵ ൅ 𝑏௙ሻ     
𝑜௧ ൌ 𝜎ሺ𝑊௢𝑥௧ ൅ 𝑈௢ℎ௧ିଵ ൅ 𝑏௢ሻ    
𝑐̃௧ ൌ tanhሺ 𝑊௖𝑥௧ ൅ 𝑈௖ℎ௧ିଵ ൅ 𝑏௖ሻ  
𝑐௧ ൌ 𝑓௧ ⊙ 𝑐௧ିଵ ൅ 𝑖௧ ⊙ 𝑐̃௧                                                        
ℎ௧ ൌ 𝑜௧ ⊙ tanhሺ 𝑐௧ሻ       

Where 𝑖௧, 𝑓௧, and 𝑜௧ are the input gate, forget gate, and 
output gate, respectively; 𝑐௧ is the memory cell state, and ℎ௧ 

is the hidden state; σ(·) and tanh(·) are the Sigmoid and 
hyperbolic tangent functions, respectively, and ⊙ 
represents Hadamard element-wise multiplication. The 
BiLSTM contains two parameter-independent LSTMs: a 
forward LSTM generates  ℎ௧

ሬሬሬሬ⃗  , and a backward LSTM 

generates ℎ௧
ሬ⃖ሬሬ . The representations of these two LSTMs at 

time t are concatenated to obtain the final context vector. 
      ℎ௧ ൌ ሾ ℎ௧

ሬሬሬ⃗  ;  ℎ௧
ሬ⃖ሬሬ ሿ                

This simultaneously encodes past and future information, 
improving the ability to distinguish similar perturbation 
patterns and enhancing robustness to transient scenarios. 

To enable frequency domain cues to actively retrieve the 
most relevant time-series segments in the time domain, a 
cross-domain scaled dot product attention mechanism is used, 
with the frequency domain as the query (Q) and the time 
domain as the key (K, V). Let 

      𝐐 ൌ 𝐙୤୰ୣ୯𝐖ொ, 𝐊 ൌ 𝐙୲୧୫ୣ𝐖௄, 𝐕 ൌ 𝐙୲୧୫ୣ𝐖௏,        
Where 𝐖ொ, 𝐖௄, 𝐖௏ ∈ ℝଵଶ଼ൈௗare learnable projections (d 

= 128 in this paper). Attention is: 

  Attnሺ𝐐, 𝐊, 𝐕ሻ ൌ softmaxሺ
𝐐𝐊ୃ

√𝑑
ሻ𝐕.           

Focus on M-head splicing and channel-dimensional 
stitching: 

    𝐅 ൌ 𝐶𝑜𝑛𝑐𝑎𝑡ሺℎ𝑒𝑎𝑑ଵ, … , ℎ𝑒𝑎𝑑ெሻ𝐖ை.      
And linearly mapped back to 2𝐻ଶ ൌ 128  dimensions. 

This mechanism allows the spectral peaks, energy bandwidth, 
and amplitude/frequency modulation features in the 
frequency domain to align and "point" to the most 
discriminative transient segments or stable segments in the 
time domain, thereby achieving cross-domain 
complementarity. To further enhance channel discriminability, 
channel recalibration (SE form) is added after multi-head 
splicing: global average pooling in the time dimension is first 
performed on 𝐅 ∈ ℝ௅ൈଵଶ଼ to obtain 𝐬 ∈ ℝଵଶ଼. 
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   𝐬 ൌ 𝜎൫𝐖ଶ ReLUሺ𝐖ଵ 𝐺𝐴𝑃ሺ𝐅ሻሻ൯ ∈ ℝଶு        
Here, GAP is channel-dimensional global average pooling, 

followed by element-level recalibration F̃ = F⊙s. Finally, 
time-dimensional global average pooling (GAP) is performed 
on F̃ to obtain 

  𝐳 ൌ 𝐺𝐴𝑃௧௜௠௘ሺ𝐅෨ሻ ∈ ℝଶு.   
Furthermore, a KANLinear (B-spline kernelized linear 

layer) is used instead of a conventional fully connected layer. 
The KANLinear layer is one of the key innovations in the 
MCA-KAN model. Traditional fully connected layers 
typically use a fixed activation function (such as ReLU), 
while the KANLinear layer performs nonlinear 
transformations using B-spline kernelization. This method 
can more effectively approximate complex functions, 
especially suitable for nonlinear features in power quality 
disturbance classification. In addition, the KANLinear layer 
optimizes feature transformations through residual 
connections, enhancing the model's interpretability and 
adaptability. A KAN classification head is constructed from 
128 to 64 to 25, enhancing nonlinear discrimination and 
interpretability while maintaining controllable parameter 
counts. For each input ሾ𝑎, 𝑏ሿ ൌ ሾെ1,1ሿ B-spline basis 
ሼ𝐵௜,௠ሺ𝑧௜ሻሽ௠ୀଵ

ெ  in this paper, 𝑀 ൌ grid_size ൅
spline_order ൌ 5 ൅ 3 ൌ 8of degree k is constructed on the 
grid [a,b]=[-1,1] with a step size h, and is stably computed 
using Cox-de Boor recursion. The c-th output (category logits) 
is represented as 

   𝑦௖ ൌ ෍ 𝑤௖௜
ୠୟୱୣ

ଵଶ଼
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Where ϕ(·) adopts SiLU, 𝐛௜ሺ𝑧௜ሻ ൌ
ሾ𝐵௜,ଵሺ𝑧௜ሻ, … , 𝐵௜,ெሺ𝑧௜ሻሿୃTo enhance the scale adaptation of 
the spline response of each channel, a learnable channel 
scale coefficient 𝛼௖,௜: 𝐰௖,௜

ୱ୮୪୧୬ୣ ← 𝛼௖,௜ 𝐰௖,௜
ୱ୮୪୧୬ୣ. KAN followed 

by Softmax obtains the class probability 𝐩 ∈ ℝଶହ. Figure 4 is 

a schematic diagram of the KAN classification head structure. 
 

 
Fig 4. Schematic diagram of the KAN classification head structure 

3. Experiments and Analysis 

3.1. Dataset Construction 
This study constructed the PQD dataset in accordance with 

IEEE Std1159-2019 standards. All disturbance parameters 
were randomly generated as specified in the standard. Using 
Python, disturbance signals were generated with a 
fundamental frequency of 50 Hz and a sampling rate of 6400 
Hz, with a sampling interval of 10 cycles (0.2 s), resulting in 
a total of 1280 sampling points. A total of 25 different types 
of PQD signals (C1-C25) were generated, including 10 single 
disturbances and 15 composite disturbances. Each 
disturbance category was sampled 1000 times, totaling 
25,000 samples. Since real PQDs typically contain noise, 
Gaussian white noise with signal-to-noise ratios (SNRs) of 20 
dB, 30 dB, and 50 dB was added to enhance data authenticity, 
thereby testing the model's noise resistance and generalization 
capabilities. The SNR refers to the ratio of signal to noise in 
an electronic device or system. 

 
Table 1. The mathematical models and related parameters for each disturbance category 

Number Categories Mathematical model Parameters 

C1 Normal 1 2( ) [ { ( ) ( )}]1 ( )2y t u t t u t t sin ft       2 10.1, 9T t t T      

C2 Swell 1 2( ) [ { ( ) ( )}]1 ( )2y t u t t u t t sin ft       2 10.1 0.8, 9T t t T      
C3 Sag 1 2( ) [ { ( ) ( )}]1 ( )2y t u t t u t t sin ft       2 10.1 0.9, 9T t t T      
C4 Interruption 1 2( ) [ { ( ) ( )}]1 ( )2y t u t t u t t sin ft       2 10.9 1, 9T t t T      

C5 Harmonics 1 5 73
( ) ( ) ( ) ( ) ( )2 6 10 14y t sin ft sin ft sin ft sin ft            3 5 7

20.05 , , 0.15, 1i        

C6 Flicker )1 2( ) [ ( ] (2)fy t sin t sin ft     0.1 0.2,5 20f Hz Hz      

C7 Pulse 
 

1( )

1 2

( ) sin(2 )

sign(sin(2 )) ( ) ( ) sin(2 )
t t

y t ft

ft ae u t t u t t ft



 




 

   
 2 10.2 1.0,1 5 / 20 / 10ms msT t t T         

C8 
Oscillation 
transients  

1( )

1 2( ) sin(2 ) sin(2 ) ( ) ( )
t t

ny t ft ae f t u t t u t t 



      

2 10.1 0.8,0.5 3 ,8 40 ,

300 900n

T t t T ms ms

Hz f Hz

       
 

 

C9 Periodic notch  
9

1 2
0

( ) sin( )

sign(sin(2 )) ( ( 0.02 )) ( ( 0.02 ))
n

y t t

ft k u t t n u t t n






 

       
 


 

1 2 2 10.1 0.4,0 , 0.5 ,0.01 0.05k t t T T t t T        

C10 Spikes  
9

*
1 2

0

( ) sin( )

sign(sin(2 )) ( ( 0.02 )) ( ( 0.02 ))
n

y t t

ft k u t t n u t t n






 

      
 


 

1 2 2 10.1 0.4,0 , 0.5 ,0.01 0.05k t t T T t t T        

Under normal conditions, a higher SNR indicates better 
voltage signal quality, meaning the signal is clearer relative to 

noise, while a lower SNR suggests poorer signal quality and 
greater noise interference. After generating the dataset, the 
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training set, validation set, and test set were divided in a 
14:3:3 ratio. Three fixed-noise datasets with SNRs of 20 dB, 
30 dB, and 50 dB were generated. The mathematical models 
and related parameters for each disturbance category are 
detailed in Table 1. 

The simulation platform environment is configured with 
Windows 10 operating system (13th Gen Intel® Core™ i5-
13600KF (3.50 GHz) and NVIDIA GeForce RTX 4070 
SUPER-12GB GPU), utilizing the PyTorch deep learning 
framework. During training, Adam was selected as the 
optimizer with an initial learning rate of 0.0003, batch size of 
128, and 50 iterations, with classification accuracy serving as 
the evaluation metric. 

Throughout the experiment, the hyperparameters used in 
this model are shown in Table 2. 

 
Table 2. Hyperparameter Configuration 

hyperparameter Set value 
Convolutional layer 

channel count 
timeconv: 32, 64, 128, spaceconv: 16, 

32, 64 
Convolution kernel size 3 

LSTM hidden layer size 128, 64 

Learning Rate 0.0003 
batch size (BatchSize) 128 

3.2. Model Performance Comparison 
Figure 5, 6, and 7 present the confusion matrices of the 

proposed model under varying noise levels. The matrices 
demonstrate that as the signal-to-noise ratio (SNR) increases, 
the model's classification accuracy progressively improves, 
consistently maintaining above 97.00%, indicating strong 
noise resistance. However, the model's performance shows 
slight deterioration at lower SNRs. Specifically, the 
classification accuracy reaches 99.39% at 30dB and 99.56% 
at 50dB, but drops to 97.82% at 20dB. The matrices reveal 
that partial noise interference reduces accuracy. This occurs 
because photonic quantum dots (PQDs) may blur or mask 
useful signal features at low SNRs, hindering accurate feature 
extraction. The resulting feature obscuration ultimately leads 
to lower classification accuracy. 

 

 
Fig 5. 20dB 

 
Table 3 presents the classification accuracy of the MCA-

KAN model under varying noise levels, with comparisons to 
other mainstream models. To validate the proposed model's 
superiority, we selected several representative models for 
comparison, including CNN, LSTM, TCN+LSTM, and 

CNN-Transformer. 
 

  
Fig 6. 30dB 

 

 
Fig 7. 50dB 

 
Table 3. Accuracy of each comparative model under three signal-

to-noise ratio conditions 

Model name Classification accuracy/% 

 20 dB 30 dB 50 dB 

CNN 87.74 89.88 92.46 

LSTM 86.23 91.82 93.36 

TCN+LSTM 93.67 96.12 98.34 

CNN-Transformer 91.82 93.76 95.58 

MCA-KAN 97.82 99.39 99.56 

 
In a 20dB noise environment, the model achieves a 

recognition accuracy of 97.82%, outperforming CNN, LSTM, 
TCN+LSTM, and CNN-Transformer by 10.84%, 11.99%, 
4.55%, and 6.4% respectively under identical conditions. 

The table demonstrates the exceptional robustness of the 
MCA-KAN model. When noise levels are high (e.g., 20 dB 
SNR), while other models show a significant drop in 
classification accuracy, MCA-KAN maintains high accuracy. 
Moreover, under 30 dB and 50 dB noise conditions, the 
proposed model continues to outperform other classification 
models. By incorporating cross-attention mechanisms and 
KANLinear layers, MCA-KAN enables adaptive integration 
of time-domain and frequency-domain features, effectively 
enhancing its noise resistance. 
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4. Conclusion 
This study proposes a Multi-Channel Attention Mechanism 

and KAN Network-based Power Quality Disturbance 
Classification Model (MCA-KAN) to improve the accuracy 
and robustness of power quality disturbance classification in 
high-noise environments. By integrating time-domain 
convolutional neural networks, frequency-domain 
convolutional neural networks, bidirectional Long Short-
Term Memory (LSTM) networks, and cross-attention 
mechanisms, MCA-KAN efficiently extracts critical 
information from time-frequency domain features. The 
nonlinear mapping through the KAN Linear layer 
significantly enhances the model's classification performance. 

Experimental results demonstrate that MCA-KAN 
achieves outstanding performance across various signal-to-
noise ratio (SNR) conditions. Notably, it achieves 97.82% 
accuracy at 20dB noise level, significantly outperforming 
traditional models including CNN, LSTM, and TCN+LSTM. 
Confusion matrix analysis further reveals that the model 
exhibits near-perfect classification performance under high 
SNR conditions while maintaining robustness even at low 
SNR levels. 

While the MCA-KAN model has demonstrated strong 
performance in current experiments, there remains room for 
improvement. Future research could explore incorporating 
additional data augmentation techniques to enhance its 
adaptability to complex perturbation signals. Furthermore, 
integrating other deep learning models (such as graph neural 
networks) may further improve the model's performance, 
particularly when processing real-time data in large-scale 
power systems. 
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