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Abstract: The increasing integration of renewable energy sources and widespread use of nonlinear 

power-electronic devices have amplified the occurrence of power quality disturbances (PQDs), which 

can disrupt sensitive equipment and jeopardize the safe and efficient operation of smart grids. Existing 

approaches for PQD classification, including traditional signal processing methods and deep learning 

models, often face limitations in accurately handling the nonlinear and non-stationary nature of PQDs. 

This study proposes a novel two-step approach that combines the smoothed pseudo Wigner-Ville 

distribution (SPWVD) with a vision transformer (ViT) model for effective PQD detection and 

classification. In the proposed method, synthetic PQD signals were generated using MATLAB in 

accordance with IEEE 1159 standards, and 1-D signals were transformed into 2-D time-frequency 

images using SPWVD to enhance feature representation. These images were then classified using a 

ViT model, leveraging the self-attention mechanism to capture global relationships in the data. 

Experimental results demonstrated that the proposed ViT-SPWVD approach achieved a high 

classification accuracy of 98.94%, indicating its capability and promise for accurate PQD detection. 

This work represents the first application of a vision transformer for PQD analysis, offering a new 

direction for transformer-based models in power system monitoring. 

Keywords: convolutional neural networks; deep learning; power delivery; power quality disturbances; 

smoothed pseudo Wigner-Ville distribution; vision transformer 
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1. Introduction 

Rising energy demand is compelling a shift toward renewable energy. In response, the extensive 

adoption of clean energy, pervasive usage of nonlinear loads, and integration of distributed generation 

networks in power grids introduce numerous challenges, particularly, in maintaining power quality [1]. 

The international standards encompass a diverse range of PQDs, including voltage sag, voltage swell, 

harmonics, interruptions, flickers, and many other waveform anomalies, highlighting the importance 

of firm initiatives to address them [2–5]. 

PQDs have profound consequences, impacting both power grids and consumers [6,7]. 

Voltage-related PQDs such as swell, sag, and harmonics are common causes of overheating and 

equipment failure. Transients in the voltage level can lead to insulation failure of connected equipment. 

Harmonics are also known for adversely affecting the performance of protective systems and 

measuring instruments [8,9]. Therefore, the development of an intelligent technique with the skills to 

automatically detect and classify PQDs is crucial. 

1.1. Background 

The detection and classification of PQDs conventionally follow a two-step procedure involving 

feature extraction and classification. Numerous researchers extensively employed a combination of 

signal-processing techniques and intelligent classifiers to detect and classify PQDs. Signal-processing 

techniques for features extraction such as the S-transform (ST), Fourier transform (FT) [10], 

short-time Fourier transform (STFT) [11,12], wavelet transform (WT) [13–15], Wigner-Ville 

distribution (WVD) [16], and empirical mode decomposition (EMD) [17] have been widely adopted. 

The FT is straightforward to implement but lacks time resolution, making it unsuitable for 

analyzing localized disturbances. The STFT addresses this with a sliding window, but the fixed 

window size imposes a trade-off between time and frequency resolution—leading to low accuracy for 

fast-changing or short-lived events. The WT provides multi-resolution capabilities and improved 

localization, but its performance is highly dependent on the choice of mother wavelet and is often 

sensitive to noise. The S-transform (ST) offers better noise robustness but at higher computational cost, 

making it less suitable for real-time systems. EMD, though adaptive, suffers from mode-mixing, where 

overlapping signal modes lead to unreliable spectral separation [18].  

The Wigner-Ville distribution (WVD) offers excellent resolution but is affected by severe 

cross-term interference. To mitigate this, we adopt the smoothed pseudo Wigner-Ville 

distribution (SPWVD) in our study. The SPWVD applies separate smoothing windows in both the 

time and frequency domains, significantly reducing cross-terms while preserving the high-resolution 

characteristics of the WVD. Among various time-frequency methods, the SPWVD has been shown to 

outperform the STFT and even advanced transforms like the Gabor-Wigner in analyzing harmonics 

and transient disturbances in power signals. Thus, it is particularly well-suited for analyzing nonlinear, 

non-stationary signals such as PQDs. 

Recent comparative studies in biomedical and electrical systems have validated the effectiveness 

of the SPWVD over other time-frequency techniques. In PQD applications, the SPWVD has been 

shown to outperform the WT and ST in terms of localization and classification accuracy—especially 

when used with advanced classifiers like CNNs and transformers [19]. Table 1 shows a comprehensive 

comparison of the SPWVD and other methods. 
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Table 1. Comparison of the SPWVD with others. 

Feature Time-Frequency Resolution Cross-Term Suppression Noise Robustness 

STFT [20] Moderate Good Low 

WT [21,22] High Good Moderate 

S-Transform [23] Moderate Good Moderate  

WVD [20] Very High Poor Low 

SPWVD [24] Very High Excellent High 

Several intelligent classifiers, such as support vector machines (SVMs), decision trees (DTs), 

k-nearest neighbors (KNNs), and artificial neural networks (ANNs) have been employed for the 

classification of PQDs. The classification of PQDs by utilizing a combined approach of the WT and 

SVM (WSVM) is explored in [25]. This WSVM technique involves a pre-processing approach and 

can handle PQDs in the presence of noise. This method aims to detect and classify 100 cases of nine 

distinct PQDs by extracting six dimensional features from the wavelet transform and SVM. The 

experimental evaluation shows a maximum classification accuracy of 98.85% for 50 dB noisy PQDs. 

In [26], a pre-processing method of the fast discrete S-transform (FDST) algorithm and a simple 

decision tree classifier-based approach has been implemented for PQD classification. The method’s 

performance has been evaluated on 13 PQDs at 40 dB noise and achieved accuracy of 98.85%. In [27], 

PQDs using an S-transform, ANN classifier, and rule-based decision tree algorithm evaluated 13 PQDs 

and yielded 99.9% accuracy. Khokhar S et al. in [28] applied a discrete wavelet transform (DWT) and 

artificial bee colony optimized probabilistic neural network (ABC-PNN) for the classification of PQDs. 

This method resulted in accuracy of 99.8% on 16 noiseless PQDs and 98.6% on 40 dB noise PQD cases. 

Nevertheless, in the case of SVMs, with an increase in the input size, the training time increases, 

resulting in high computational complexities which persist even after applying the kernel trick 

corrections [29]. Another drawback of SVMs is their sensitivity to noisy data, making them ineffective 

when noise is high [30] and having higher cumulative errors [18]. In contrast to SVMs, ANNs do not 

have cumulative error issues in PQD classification [18]. Therefore, deep learning methods have now 

become preferred choices. Moreover, deep neural networks (DNNs) can simultaneously deal with the 

nonlinear and non-stationary behavior of real-world signals [18].  

Convolutional neural networks (CNNs) and long short-term memory (LSTM) networks are the 

deep learning methods that have ruled over the decade, specially CNNs [31]. Deep learning approaches 

successfully detect and classify PQDs with or without pre-processing techniques [18,32,33]. In [32], a 

deep convolutional neural network on a 1-D approach was used without any pre-processing stage. The 

method classified 16 PQDs with an accuracy of 99.96%. In [18], a Wigner-Ville distribution (WVD) and 

CNN-based two-step approach was employed. This method was used to investigate nine PQDs and 

achieved an accuracy of 99.67%. Sindi H et al. [33] used the combination of 1-D and 2-D CNN 

architectures, which resulted in 99.97% accuracy on 13 PQDs. In [34], a comparison of the CNN, 

LSTM, and a hybrid approach of using CNN-LSTM for PQD problems led to the classification 

accuracy of 79.14% for LSTM, 84.58% for CNN, and 84.76% for CNN-LSTM networks. 
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(a)                                               (b) 

Figure 1. (a) Actual face image and (b) shuffled face image. 

LSTM and CNNs have shortcomings, too. First, CNNs are unable to capture long-distance 

dependency among the input elements [35]. Second, common CNN architectures consist of 

convolutional, pooling, and fully connected layers. The pooling layer helps CNNs to achieve 

translational invariance, but it may also lead to wrong prediction [36]. The problem is exemplified in 

Figure 1, highlighting the shuffling in an image of a face. CNNs may classify Figure 1(b) as a face 

because of the loss of spatial information. To overcome these drawbacks, the Google Brain team 

introduced another competitive deep learning method, the transformer [37], which works on the global 

relationship among input elements with positional encoding. 

The transformer has resulted in astonishing results in natural language processing (NLP). 

Moreover, the vision transformer (ViT), developed for image recognition in 2020, outperformed the 

state-of-the-art CNNs while requiring substantially fewer computations [38]. ViTs exhibit higher 

robustness toward occlusion, perturbation, and domain shifts than CNNs. Furthermore, their shape bias 

is nearly as high as a human’s ability to recognize shapes. 

All of the above-mentioned intriguing properties and outstanding performance of the ViT model 

have urged researchers to apply this approach in the power system field. Hence, it is reasonable to 

believe that a new ViT-based intelligent technique would overcome the drawbacks of previously 

applied methods, and detect and classify PQDs accurately. To the best of our knowledge, this is the 

first time a ViT model is being employed for PQD problems. The rest of the research work is divided 

into proposed methodology, classification methods, results, and discussions.  

1.2. Methodology 

The two-dimensional (2-D) method is superior at providing distinct and diverse features helping 

with classifying disturbances that do not show abrupt waveform discontinuities, such as sag, flicker, 

and swell. Therefore, the 2-D approach exemplified in Figure 2 has been adopted in this work. A 1-D 

raw voltage data sequence is provided to the SPWVD to transform it into a 2-D (time-frequency) image. 

In the following sub-section, fundamentals of the SPWVD will be discussed. 
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1-D Signal 2-D Image

SPWVD

 

Figure 2. Transformation of 1-D raw data to a 2-D image. 

2. Methodology 

2.1. The smoothed pseudo Wigner-Ville distribution (SPWVD) 

The Wigner-Ville distribution [24] is a tool to generate high-resolution time-frequency 

information out of a 1-D signal. The WVD faces a cross-term interference drawback which is overcome 

by introducing a window. Therefore, the smoothed pseudo Wigner-Ville distribution (SPWVD), a 

variant of the WVD, is implemented in this work. The SPWVD utilizes an independent window to 

smooth the transformation result in the time and frequency domains. In this study, a Kaiser window 

has been used as both the time and frequency smoothing windows. The SPWVD and Kaiser [39,40] 

expressions are given here: 

 𝑆𝑃𝑊𝑉𝐷𝑠 (𝑡, 𝑓)  =  ∫ 𝑘 ∫ (𝑙 ×  𝑚)𝑑𝑡′. 𝑒−𝑗2𝜋𝑓𝜏 𝑑𝜏
∞

−∞

∞

−∞
 (1) 

 𝑠̂  =  
1

𝜋
∫

𝑠(𝜏)

𝑡−𝜏
 𝑑𝜏

∞

−∞
 (2) 

 𝑤(𝑛)  =  
𝐼𝑜(𝛽√1−(

𝑛−0.5𝑁

0.5𝑁
))

𝐼𝑜(𝛽)
 (3) 

where,  

𝑘 =  ℎ (
𝜏

2
) ℎ∗ (

𝜏

2
) 

𝑙 =  𝑔(𝑡 − 𝑡′) 𝑠 (𝑡′ +
𝜏

2
) 

𝑚 =  𝑠∗ (𝑡′ −
𝜏

2
) 

β: the shape factor, which controls side lobe suppression and main lobe width (β has been set at 8) 

N: total number of samples in the window 

n: sample index ranging from 0 to N - 1 

Io: modified Bessel function of zeroth order 

h(t): window reducing crossterms in the time domain 

g(t): window reducing crossterms in the frequency domain 

s(t): investigated signal processed with the help of Hilbert transformation (2) [39]  
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Once the 2-D images are generated for every PQD, the ViT model is trained for PQD 

classification. The following well-established steps were adopted to implement the SPWVD in the 

time-frequency domain [19]:  

i) In the time domain, the autocorrelation function (ACF) of the signal is computed. 

ii) A Fourier transform is applied to the ACF to achieve frequency-domain representation. 

iii) Typically, a Fourier-transformed ACF is multiplied by the smoothing window function in the 

time domain. 

iv) The inverse Fourier transform of the smoothed result is calculated to achieve the SPWVD in the 

time-frequency domain. 

2.2. Vision transformer (ViT) 

The architecture of the ViT is illustrated in Figure 3 and explained below:  

Vision Transformer

Patch + Position

Embedding
*Extra learnable 

[class] embedding
Linear Projection of Flattened Patches

3 4 5 6 7 8 90 * 1 2

Transformer Encoder

MLP Head

Transformer Encoder

+

Embedded

Patches

Norm

Multi-Head

Attention

Norm

MLP

+L x

Class 01, 02, 03, 04 ...

 

Figure 3. Vision transformer architecture. 

2.2.1. Number of patches 

The input image is broken into patches to leverage the self-attention mechanism through 

positional information. The input image of height H, width W, and channel C is cut into N number 

of 2-D patches of height P, width P, and channel C as expressed in Eq (4). 

 𝑁 =
𝐻𝑊

𝑃2  (4) 

2.2.2. Patch and positional embedding 

Each patch 𝒙  is flattened, unrolled into a 1-D vector with length 𝐶𝑃2,  and mapped to D 

dimensions with the trainable linear projection embedding matrix 𝑬 (Figure 3). With 𝑚 number of 

flattened patches, an extra learnable embedding (a special class token) is then fed to the 𝑚 + 1 vector 

sequence by adding positional encoding to retain the original position of each patch, as presented 
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in Eq (5). A class token (𝑧0
0 = 𝑥𝑐𝑙𝑎𝑠𝑠) is randomly initialized at the encoder’s input state with the patch 

embedding [38]. It will be used at the final classification stage as 𝑧𝐿
0 in the multilayer perceptron (MLP) 

to represent image 𝑦 in (6). 

 𝑧0 = [𝑥𝑐𝑙𝑎𝑠𝑠;  𝑥𝑝
1𝑬; 𝑥𝑝

2𝑬; … ; 𝑥𝑝
𝑁𝑬] + 𝑬𝑝𝑜𝑠 (5) 

where,  

𝑬 ∈ ℝ(𝑃2.𝐶)×𝐷, 𝑬𝑝𝑜𝑠 ∈ ℝ(𝑁+1)×𝐷 

 𝑦 = 𝐿𝑁(𝑧𝐿
0) (6) 

2.2.3. Vision transformer encoder 

The vision transformer encoder [38], depicted in Figure 4, contains blocks of multi-head 

self-attention (MHSA) and multilayer perceptron (MLP) along with a normalization layer (LN). After 

each block, a residual connection [41] is implemented. The output of combined embedding with a 

dimension of ((𝑁 + 1) × 𝑃2 × 𝐶) is fed to the encoder. First, inputs are passed to the LN and then 

fed to the MHSA block. Query, Key, and Value matrices are obtained from the converted input 

matrix with a dimension of ((𝑁 + 1) × (𝑃2𝐶 × 3)) using a linear layer. Each QKV matrix of 

dimension ((𝑁 + 1) × 𝑃2𝐶) is reshaped into a new dimension of ((𝑁 + 1) × 3 × 𝑃2𝐶). The final 

shape of the QKV matrix with a dimension of (ℎ × (𝑁 + 1) × (
𝑃2𝐶

ℎ
)) is achieved by utilizing h heads 

for multilayer self-attention. 

Vision Transformer 

Encoder

+

Embedded

Patches

Norm

Multi-Head

Attention

Norm

MLP

+
L x

 

MatMul

Softmax

Mask (opt.)

Scale

MatMul

Q K V  

Figure 4. Vision transformer encoder. Figure 5. Self-attention mechanism. 

After achieving the QKV matrix, the MHSA block performs attention concatenated by Eqs (7) 

and (8) [37]. The output from the MHSA block is passed through a skip connection, and then the input 

goes through a normalization layer before feeding to the MLP block. The scaled-dot product attention, 

Figure 5, has an input of queries and keys with a dimension of 𝑑𝑘 and values with a dimension of 𝑑𝑣. 

The dot product is computed on queries with all keys and scaled by a factor of 1/√𝑑𝑘. Then, to have 

weights on the values, a softmax function is applied. Therefore, queries, keys, and values are packed 
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together into matrices Q, K, and V, respectively. The output matrix is computed as: 

 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
) . 𝑉 (7) 

In MHSA, the attention function is performed in parallel by h times linearly projecting the queries, 

keys, and values with learned and different linear projections to 𝑑𝑞, 𝑑𝑘,  and 𝑑𝑣  dimensions, 

respectively, as shown in Eq (7) and Figure 6. 

 𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝑄, 𝐾, 𝑉 ) =  𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, … , ℎ𝑒𝑎𝑑ℎ)𝑊𝑂 (8) 

The projections are parameter matrices: 

𝑊𝑖
𝑄 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑘 , 

𝑊𝑖
𝐾 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑘 , 

𝑊𝑖
𝑉 ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑣 . 

In the MLP block, two layers with Gaussian error linear unit (GELU) nonlinearity are 

implemented as defined in Eqs (9–12) [38]. 

 𝑧𝑙
′ = 𝑀𝑆𝐴(𝐿𝑁(𝑧𝑙−1)) + 𝑧𝑙−1 (9) 

 𝑧𝑙 = 𝑀𝐿𝑃(𝐿𝑁(𝑧𝑙
′)) + 𝑧𝑙

′ (10) 

 𝐺𝐸𝐿𝑈(𝑥) = 𝑥 𝑃(𝑋 ≤ 𝑥) = 𝑥 Φ(𝑥) (11) 

 𝐺𝐸𝐿𝑈(𝑥) ≈ 0.5𝑥(1 + tanh (√
2

𝜋
(𝑥 + 0.044715𝑥3)) (12) 

Linear

Concat

Scale Dot-Product Attention 

Linear Linear Linear

V K Q

MatMul

Softmax

Mask (opt.)

Scale

MatMul

Q K V  

Figure 6. Multi-head self-attention. 

The output of the MLP block in the encoder is then passed to a skip connection. This process 

repeats for multiple transformer layers of a deep ViT structure. To reduce training duration, 

normalization of neurons’ activities is applied. For this purpose, the layer normalization (LN) 

technique is used in the encoder around each sublayer. 
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2.3. Convolutional neural networks (CNNs) 

CNNs are primarily utilized for pattern recognition tasks within an image and address the problem 

of computational complexity which ANNs show while computing image data. Typically, CNN 

frameworks contain fundamental components, involving an input layer, convolutional layer, pooling 

layer, fully connected layer, and output layer [18]. CNN architectures are well-known and may be 

found in multiple books and research articles. 

The low-level local input features of images are first transferred to high-level global features by 

employing a mathematical 2-D convolutional operation. The convolutional layer also contributes in 

reduction of the model’s complexity by utilizing three hyperparameters, involving depth, stride, and 

setting zero-padding. Further, to achieve the desired outcome, an elementwise activation function 

rectified linear unit (ReLu) is employed, outputted by the preceding layer [18]. This is a crucial and 

completely connected layer in CNNs to process global information extracted from the feature map. 

3. Proposed classification method 

3.1. Numerical models of PQDs 

Table 2. Numerical model of the simulated PQDs. 

Continued on next page 

  

Label PQDs Numerical Model Parameters 

Sag Sag 𝑦(𝑡) = [1 − 𝛼(𝑢(𝑡 − 𝑡1) − 𝑢(𝑡 − 𝑡2))] × sin (𝜔𝑡 − 𝜑) 0.1 ≤ 𝛼 ≤ 0.9, 

𝑇 ≤ 𝑡2 − 𝑡1

≤ (𝑁 − 1)𝑇, 

−𝜋 ≤ 𝜑 ≤ 𝜋 

Swell Swell 𝑦(𝑡) = [1 + 𝛽(𝑢(𝑡 − 𝑡1) − 𝑢(𝑡 − 𝑡2))] × sin (𝜔𝑡 − 𝜑) 0.1 ≤ 𝛽 ≤ 0.8, 

𝑇 ≤ 𝑡2 − 𝑡1

≤ (𝑁 − 1)𝑇, 

−𝜋 ≤ 𝜑 ≤ 𝜋 

Inter Interruption 𝑦(𝑡) = [1 − 𝜌(𝑢(𝑡 − 𝑡1) − 𝑢(𝑡 − 𝑡2))] × sin (𝜔𝑡 − 𝜑) 0.9 ≤ 𝜌 ≤ 1.0, 

𝑇 ≤ 𝑡2 − 𝑡1

≤ (𝑁 − 1)𝑇, 

−𝜋 ≤ 𝜑 ≤ 𝜋 

Spike Spike 𝑦(𝑡) = [sin(𝜔𝑡 − 𝜑) − 𝜓(𝑒−750(𝑡−𝑡𝑎) − 𝑒−344(𝑡−𝑡𝑎)) × (𝑢(𝑡 − 𝑡𝑎) − 𝑢(𝑡 − 𝑡𝑏))] 0.222 ≤ 𝜓

≤ 1.11, 

−𝜋 ≤ 𝜑 ≤ 𝜋, 

𝑡𝑏 = 𝑡𝑎 + 1𝑚𝑠 
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Label PQDs Numerical Model Parameters 

Osc Oscillatory 

Transient 

𝑦(𝑡) = [sin(𝜔𝑡 − 𝜑) 

+𝛽𝑒
−(

𝑡−𝑡𝐼
𝜏

)
sin(𝜔𝑛(𝑡 − 𝑡𝐼) − 𝜐) × (𝑢(𝑡 − 𝑡𝐼𝐼) − 𝑢(𝑡 − 𝑡𝐼))] 

0.1 ≤ 𝛽 ≤ 0.8, 

−𝜋 ≤ 𝜑 ≤ 𝜋, 

𝜔𝑛 = 2𝜋𝑓𝑛, 

300 𝐻𝑧 ≤ 𝑓𝑛

≤ 900 𝐻𝑧, 

8𝑚𝑠 ≤ 𝜏 ≤ 40𝑚𝑠, 

−𝜋 ≤ 𝜐 ≤ 𝜋, 

0.5𝑇 ≤ 𝑡𝐼𝐼 − 𝑡𝐼

≤
𝑁

3.33
, 

Har Harmonics 𝑦(𝑡) = 𝛼1 sin(𝜔𝑡 − 𝜑) + 𝛼3 sin(3𝜔𝑡 − 𝜗3) +  𝛼5𝑠𝑖𝑛5(5𝜔𝑡 − 𝜗5) 0.05 ≤ 𝛼𝑛 ≤ 0.15, 

−𝜋 ≤ 𝜑 ≤ 𝜋, 

−𝜋 ≤ 𝜗3, 𝜗5 ≤ 𝜋 

Har with 

Sag 

Harmonics 

with Sag 

𝑦(𝑡) = [1 − 𝛼(𝑢(𝑡 − 𝑡1) − 𝑢(𝑡 − 𝑡2))] × (𝛼1 sin(𝜔𝑡 − 𝜑) 

+𝛼3 sin(3𝜔𝑡 − 𝜗3) + 𝛼5𝑠𝑖𝑛5(5𝜔𝑡 − 𝜗5)) 

0.1 ≤ 𝛼 ≤ 0.9, 

𝑇 ≤ 𝑡2 − 𝑡1

≤ (𝑁 − 1)𝑇, 

0.05 ≤ 𝛼𝑛 ≤ 0.15, 

𝑤ℎ𝑒𝑟𝑒 𝑛

= 3, 5, 𝑎𝑛𝑑 7, 

−𝜋 ≤ 𝜑 ≤ 𝜋, 

−𝜋 ≤ 𝜗3, 𝜗5 ≤ 𝜋 

Har with 

Swell 

Harmonics 

with Swell 

𝑦(𝑡) = [1 + 𝛽(𝑢(𝑡 − 𝑡1) − 𝑢(𝑡 − 𝑡2))] × (𝛼1 sin(𝜔𝑡 − 𝜑) 

+𝛼3𝑠𝑖𝑛(3𝜔𝑡 − 𝜗3) + 𝛼5𝑠𝑖𝑛5(5𝜔𝑡 − 𝜗5)) 

0.1 ≤ 𝛽 ≤ 0.8, 

𝑇 ≤ 𝑡2 − 𝑡1

≤ (𝑁 − 1)𝑇, 

0.05 ≤ 𝛼3, 𝛼5

≤ 0.15, 

−𝜋 ≤ 𝜑 ≤ 𝜋, 

−𝜋 ≤ 𝜗3, 𝜗5 ≤ 𝜋 

Flicker Flicker 𝑦(𝑡) = [1 + 𝛼𝑓 sin(𝛽𝜔𝑡)] sin (𝜔𝑡 − 𝜑) 0.05 ≤ 𝛼𝑓 ≤ 0.1, 

8 ≤ 𝛽 ≤ 25 𝐻𝑧, 

−𝜋 ≤ 𝜑 ≤ 𝜋 

Flicker 

with Sag 

Flicker with 

Sag 

𝑦(𝑡) = [1 + 𝛼𝑓 sin(𝛽𝜔𝑡) − 𝛼(𝑢(𝑡 − 𝑡1) − 𝑢(𝑡 − 𝑡2))] × sin (𝜔𝑡 − 𝜑) 0.1 ≤ 𝛼 ≤ 0.9, 

𝑇 ≤ 𝑡2 − 𝑡1

≤ (𝑁 − 1)𝑇, 

0.05 ≤ 𝛼𝑓 ≤ 0.1, 

8 ≤ 𝛽 ≤ 25 𝐻𝑧, 

−𝜋 ≤ 𝜑 ≤ 𝜋 

Flicker 

with Swell 

Flicker with 

Swell [45–47]  

𝑦(𝑡) = [1 + 𝛼𝑓 sin(𝛽𝜔𝑡) + 𝛽(𝑢(𝑡 − 𝑡1) − 𝑢(𝑡 − 𝑡2))] × sin (𝜔𝑡 − 𝜑) 0.1 ≤ 𝛽 ≤ 0.8, 

𝑇 ≤ 𝑡2 − 𝑡1

≤ (𝑁 − 1)𝑇, 

0.05 ≤ 𝛼𝑓 ≤ 0.1, 

8 ≤ 𝛽 ≤ 25 𝐻𝑧, 

−𝜋 ≤ 𝜑 ≤ 𝜋 
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A comprehensive set of 11 PQDs have been synthesized with the help of a numerical model of 

PQDs listed in Table 2 by utilizing MATLAB, in compliance with IEEE 1159 standards [2]. Sag, swell, 

interruption, spike, oscillatory transient, harmonics, harmonics with sag, harmonics with swell, flicker, 

flicker with sag, and flicker with swell PQDs were selected for this research work. The selection of 

these PQDs for the classification task is a preferred and widely adopted choice among researchers. 

These PQDs are constructed with an amplitude of 1 p.u. and cover seven single and four combined 

PQDs. The fundamental frequency is set at 50 Hz, while PQDs are sampled at the most common 

sampling rate of 6.4 kHz as used by several researchers [18,42–44]. Each PQD contains 10 cycles, 

resulting in 128 sampling points in each cycle. Figure 2 visually presents the 1-D signal and its 

corresponding converted 2-D image obtained using the SPWVD method. Each image is of 

dimension 781×625 pixels, which serves as the input. 

3.2. Vision transformer model of the proposed method 

In this work, the ViT model is trained on 2-D RGB images of PQDs from scratch. Self-attention 

is implemented on patches, so it makes the ViT capable of using high-resolution images. To reduce 

computational cost, each image is resized from its original dimensions of 781×625 to a size 

of 224×224, while retaining 3 channels. The square of patch size is inversely proportional to the 

transformer’s sequence length, therefore a patch size value of 32×32 is chosen in this work, resulting 

in a total of 49 patches (Eq (4)). To ensure consistency in information encoded by the patches, the 

latent vector D with a constant length of 128 is employed across all layers of the model. 

After flattening the patches, the trainable linear projection of Eq (5) is utilized to map them to the 

D vector. To ensure the preservation of spatial information, the position embedding is integrated into 

the patch embedding. In addition, an extra learnable embedding (𝑧0
0 = 𝑥𝑐𝑙𝑎𝑠𝑠) is introduced alongside 

the patches to enrich image representation, denoted as y, illustrated in Eq (5). This fusion makes the 

ViT model capable of effectively classifying PQDs based on extracted features. 

The input matrix is processed in the transformer encoder through MHSA and MLP blocks. 

With 8 heads, MHSA performs multi-dimensional attention and capture diverse information of the 

input data. The captured information is forwarded to the MLP block, which utilizes nonlinear 

transformation to acquire complex patterns and relationships within the data. To ensure consistent flow 

of information, each block is accompanied by layer normalization (LN) and a residual connection. This 

process is iterated for 8 layers for the encoder to facilitate comprehensive and hierarchal handling of 

the input matrix. 

The final output obtained from the ViT encoder is subsequently fed to the MLP head, which plays 

a key role in classifying PQDs. To address the overfitting issue in network, a residual dropout of 0.1 

is employed throughout the process [48]. The value of the learning rate is set at a constant value 

of 0.0001 and an Adam optimizer is used. 

3.3. Convolutional neural network model 

A CNN model is also developed in this work to make a comparison with the proposed method. 

The model contains key components, including an input layer, three convolutional layers,  three 

max-pooling layers, a fully connected layer, and an output layer. The model utilizes 32, 64, and 64 

convolutional layers, respectively, each with a fixed kernel size of 3×3. To ensure comprehensive 
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feature extraction, a zero-padding approach is implemented using the ‘same’ setting to cover all input 

elements. Each convolutional layer is employed with the rectified linear unit (ReLU) activation 

function to capture the nonlinear property of the input. Pooling layers are introduced to reduce the 

parameter count and prevent overfitting in the network. A fully connected layer implements the 

softmax function for the classification task and the resulting output is then fed to the output layer. 

In this work, tests have been conducted on two datasets as listed in Table 2. The first set contained 

eight PQDs including six single and two combined PQDs, while the second dataset is comprised of 11 

PQDs with seven single and four combined PQDs, as explained previously. A two-step method 

combining the smoothed pseudo Wigner-Ville distribution with a vision transformer is proposed to 

detect and classify PQDs in this work. First, 1-D raw data is converted into a 2-D image file and then 

the ViT model classifies the PQDs. The performance of the proposed method is evaluated on 11 types 

of synthetic PQDs based on international standards IEEE 1159 [2], IEC 61000 [3], and EN 50160 [4]. 

3.4. Deployment architecture for real-time PQs classification 

The conceptual architecture for real-time integration into the power system can be deployed via 

cloud-edge coordination. A phasor measurement unit or intelligent electronic devices can be used to 

capture the power quality signal and then, with the help of FPGA or an embedded system, the SPWVD 

will transform the signal into a 2-D image. The 2-D image data will be sent on a cloud-based system 

where the ViT will perform real-time classification of the PQDs. This setup allows long-term storage 

of the classification results for further analysis eventually leading to enhanced reliability of power systems. 

4. Results and discussion 

The results of the convolutional neural network and vision transformer models are illustrated with 

utmost clarity by utilizing confusion matrices and a comprehensive comparison table. 

4.1. CNN model results 

4.1.1. Confusion matrix of eight PQDs’ test data 

In the first phase, a comparison of the CNN-SPWVD and CNN-WVD methods has been made. 

For better comparative study, the eight PQDs listed in Table 3 are the same as in [18]. Table 4 illustrates 

that each PQD was evaluated with 5000 images. The CNN-SPWVD method demonstrated outstanding 

performance in detecting four PQDs: swell, oscillatory transient, harmonics, and flicker with 100% 

accuracy. However, the remaining four PQDs, namely sag, interruption, harmonics with sag, and 

harmonics with swell, could not achieved 100% accuracy individually. Nevertheless, they were 

identified with accuracy surpassing 99%, which is highly satisfactory. Notably, sag and interruption 

are the only two PQDs that exhibited great confusion with each other in this dataset. The 

comprehensive analysis in Table 5 revealed that the CNN-SPWVD demonstrated remarkable overall 

test accuracy of 99.86%, outperforming the CNN-WVD [18]. The SPWVD is a superior version of the 

WVD as it effectively overcomes the problem of cross-term interference, which in many cases occurs 

in the WVD yielding distorted results. 
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Table 3. The datasets. 

PQDs Total Images/PQD  

(Train + Valid) 

Training Validation Test 

(where 

applicable) 1st set 2nd set 1st set 2nd set 1st set 2nd set 

Sag 20,000 155,000 Randomly 

selected 92% 

of total 

images 

Randomly 

selected 

95% of total 

images 

Randomly 

selected 8% 

of total 

images 

Randomly 

selected 5% 

of total 

images 

5000 

Swell 20,000 155,000 5000 

Interruption 20,000 151,667 5000 

Spike - 155,000 5000 

Oscillatory Transient 20,000 155,000 5000 

Harmonics 20,000 155,000 5000 

Harmonics with Sag 20,000 155,000 5000 

Harmonics with Swell 20,000 155,000 5000 

Flicker 20,000 155,000 5000 

Flicker with Sag - 155,000 5000 

Flicker with Swell - 155,000 5000 

Total Images 160,000 1,701,667 147,200 1,616,584 12,800 85,083 55,000 

Table 4. CNN model confusion matrix on eight PQDs’ test data. 

Sag 4970 
 

30 
     

Swell 
 

5000 
      

Inter 22 
 

4978 
     

Osc 
   

5000 
    

Har 
    

5000 
   

Har with Sag 1 
    

4997 2 
 

Har with Swell 
    

1 1 4998 
 

Flicker 
       

5000 
 

Sag Swell Inter Osc Har Har with Sag Har with Swell Flicker 

Table 5. Comparison of this work with others. 

Model No. of PQDs Table/Ref. Test Acc. Training Acc. No. of Samples 

Total Training Validation Test 

CNN-SPWVD 8 IV 99.86% 99.94% 200,000 147,200 12,800 40,000 

CNN-SPWVD 11 V 99.26% 98.89% 1,741,667 1,616,584 85,083 40,000 

ViT-SPWVD 11 VI 98.94% 98.73% 1,741,667 1,616,584 85,083 40,000 

EMD + Balanced 

Neural Tree 

8 [49] 97.90% - - - - - 

Hybrid ST + DT 11 [26] 94.36% - - - - - 

ST + NN + DT 13 [27] 99.90% - - - - - 

ADALINE + FNN 12 [50] 90.58 - 2400 1200 - 1200 

Continued on next page 
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Model No. of PQDs Table/Ref. Test Acc. Training Acc. No. of Samples 

Total Training Validation Test 

CNN-WVD 9 [18] 99.67% - 400 240 60 100 

Deep CNN-1-D 16 [32] 99.96% - 860,800 768,000 76,800 16,000 

CNN + PSR 10 [42] 99.80% 100% 400 320 80 - 

IPCA-1-D CNN 12 [51] 99.92% - 2400 200 - 200 

STBOACNN 14 [52] 99.20% - 7000 3500 - 3500 

Regulated 2-D-DCNN 14 [53] 99.97% 99.25% 11,000 9000 1000 1000 

CNN-GRU-P 12 [54] 99.60% - 36,000 28,800 3600 3600 

Table 6 presents the confusion matrix of the CNN model on 11 PQDs, which displays remarkable 

performance in detecting six PQDs—swell, harmonics, harmonics with sag, harmonics with swell, 

flicker, and flicker with swell—with 100% accuracy. Further, the accuracy for the remaining PQDs, 

namely, sag, interruption, and flicker with sag, were classified with accuracy beyond 99.5%, except 

spike and oscillatory transient, which were classified with accuracies up to 94.4% and 98.14%, respectively. 

Evidently from Table 6, the CNN could not detect spike and oscillatory transient PQDs accurately. 

The CNN model detected 280 occurrences of spike incorrectly and labeling them as oscillatory 

transient. Conversely, 93 oscillatory transient instances were mislabeled as spike. The CNN model 

achieved overall test accuracy of 99.26%. 

Table 6. CNN model confusion matrix on 11 PQDs’ test data. 

  

Sag 4979 

 

21 

     

      

Swell   5000                   

Inter 2   4998                 

Spike       4720 280             

Osc       93 4907             

Har           5000           

Har with Sag             5000         

Har with Swell               5000       

Flicker                 5000     

Flicker with Sag 1   2             4988 9 

Flicker with 

Swell 

                    5000 

 

Sag Swell Inter Spike Osc Har Har with 

Sag 

Har with 

Swell 

Flicker Flicker 

with Sag 

Flicker 

with 

Swell 
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4.2. ViT model results 

A further study was undertaken to assess the ViT model with the CNN model in classifying PQDs. 

The accuracies of the ViT model are presented in Table 7 and Figure 7. As the number of classes were 

incrementally raised, it became evident that the ViT required more data and a more complex model, 

as reflected in the increasing hyperparameters. Consequently, a second dataset containing a substantial 

amount of PQD images was employed. 

In the initial phase, we evaluated a lightweight ViT model on a dataset containing 20,000 images 

per class for four PQDs—swell, flicker, harmonics with swell, and flicker with sag. Using a 

configuration with a hidden size of 16, MLP dimension of 16, and 12 encoder layers, the model 

achieved a high-test accuracy of 99.73%. However, when a fifth PQD class was added and the MLP 

dimension increased to 32 (to accommodate the added complexity), accuracy dropped to 92.81%, 

indicating that even a modest increase in class diversity could significantly affect model performance. 

When this same architecture was extended to the full set of 11 PQDs, accuracy dropped further  

to 85.61%, confirming that the lightweight model (hidden size = 16) was underpowered for more 

complex classification tasks, as shown in Table 7. To explore further, we also tested a much larger ViT 

model with hidden size = 768 and MLP dimension = 3072 using a significantly larger dataset (160,000 

images per PQD). This configuration improved accuracy to 90.94%, but still underperformed 

compared to the final optimized configuration (hidden size = 128), indicating that model depth alone 

was not sufficient. 

The work in [38] established a fact that to outperform a CNN, the ViT needs to be trained on an 

extensive amount of data such as the JFT-300M [55] dataset. Therefore, a second set of 11 PQDs, as 

listed in Table 3, was employed on the base variant of the ViT [38] with hyperparameters presented in 

Table 7. With the bigger size of the hyperparameters, a slower training rate, and a much higher volume 

of training data, the accuracy of 90.94% was achieved, revealing this as an underfit model. It is evident 

that the ViT with lower hyperparameters as compared to the base variant will be the best fit for this. 

So multiple combinations were tried and finally reached to correct combination of hyperparameters, 

listed in Table 8, that achieved significant improvement in accuracy. The iteration-wise accuracies for 

both hyperparameter sets are given in Table 8 and Figure 8. 

Table 7. Initial test accuracies at different hyperparameters. 

PQDs Accuracy No. of Heads Hidden Layer MLP Dim Encoder Layer No. of Images per PQD 

4 99.73% 12 16 16 12 20,000 

5 92.81% 12 16 32 12 20,000 

11 85.61% 12 16 32 12 20,000 

11 90.94% 12 768 3072 12 160,000 
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Figure 7. Initial test accuracies at different hyperparameters. 

Table 8. Epoch-wise accuracy based on two different hyperparameters. 

No. of PQDs No. of 

Epoch 

Training Acc. Validation Acc. No. of 

Heads 

Hidden 

Layer 

MLP Dim Encoder 

Layer 

11 

(160,000 images per PQD) 

1 50.39% 85.55% 12 768 3072 12 

2 86.53% 88.69% 

3 87.89% 88.90% 

4 89.07% 89.93% 

5 89.81% 90.51% 

6 90.36% 90.70% 

7 90.85% 90.94% 

1 78.14% 95.14% 8 128 512 8 

2 95.89% 96.69% 

3 96.99% 97.05% 

4 97.73% 97.94% 

5 98.07% 98.30% 

6 98.31% 98.33% 

7 98.57% 98.81% 
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4.2.1. Confusion matrix of 11 PQDs’ test data 

Table 9. Hyperparameters for ViT model training. 

PQDs Accuracy No. of Heads Hidden Layer MLP Dim Encoder Layer No. of Images per PQD 

11 98.94% 8 128 512 8 160,000 

Table 10. ViT model confusion matrix of test data. 

Sag 4954   44        1      1   

Swell   5000                   

Inter 26 1  4971       1      1    

Spike       4760 240             

Osc       254 4746             

Har           5000           

Har with Sag             4997 1    2    

Har with Swell              2 4998       

Flicker                 5000     

Flicker with Sag 1   1       3      4992 3 

Flicker with 

Swell 
                   1 4999 

 
Sag Swell Inter Spike Osc Har 

Har with 

Sag 

Har with 

Swell 
Flicker 

Flicker 

with 

Sag 

Flicker 

with 

Swell 

 

  

 

Figure 8. Epoch-wise accuracy based on two different hyperparameters. 
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The performance of the ViT model, based on the hyperparameters listed in Table 9, was evaluated 

by putting it through the same set of 11 PQDs leading to the generation of a confusion matrix, presented 

in Table 10. The ViT model showed remarkable performance in detecting three PQDs, that is, swell, 

harmonics, and flicker, which were detected with flawless 100% accuracy. The accuracy for the 

remaining eight PQDs could not attain perfection but remained at a satisfactory level, with the 

exception of spike and oscillatory transient. Notably, the ViT model could also not succeed in 

accurately labeling spike and oscillatory transient events and confused them. The overall test accuracy 

attained by the ViT model was 98.94%. 

4.3. Comparison of the proposed method with other works 

The comparative analysis of the CNN-SPWVD was made with various existing techniques, 

involving the CNN as the main classifier, presented in Table 5. The CNN-SPWVD exhibited overall 

higher test accuracy against a few approaches, namely, ViT-SPWVD, EMD–balanced neural tree, 

hybrid ST-DT, CNN-WVD, STBOACNN, and CNN-GRU-P. It displayed slightly lower accuracy than 

other methods including ST-NN-DT, deep CNN-1-D, IPCA 1-D CNN, and regulated 2-D-DCNN. This 

disparity is due to the distinctive nature of the compared methods and the size of the data per PQD 

class. In this study, the size is almost 2 million samples for 11 PQD classes, which is the greatest 

amongst all. 

Moreover, traditional methods that depend on manually crafted feature extraction processes are 

primarily tailored for processing 1-D data with constrained dataset sizes. Their drawback lies in their 

susceptibility to accurately detect PQDs with diverse characteristics. In contrast, the model in this study 

employs automatic feature extraction on diverse 2-D data, as opposed to the limited scope of 1-D data. 

This innovative approach demonstrates remarkable proficiency in detecting a broader spectrum of 

PQDs when compared to alternative methods, listed in Table 5, emphasizing its superior capabilities. 

The performance of deep learning models is based on different factors such as the architecture of 

the model, complexities of the data, optimal values of the hyperparameters, and quality and quantity 

of the data for the training model. The vision transformer model implementation in the PQD domain 

has demonstrated its immense potential for various image classification tasks. Additionally, the CNN 

has been the state-of-the-art technique for image classification tasks and is still ruling. The CNN 

requires low computational resources and less data, and works on locally acquire features. It is a 

well-known fact that the ViT performs outstandingly on larger datasets while the CNN performs 

remarkably when the dataset is smaller. This happens because the CNN has strong inductive bias [56] 

and captures local patterns and spatial hierarchies in images effectively. The ViT possesses weak 

image specific inductive bias as it works on globally acquired features. In this study, rigorous 

experiments have shown that the ViT requires a lengthier duration for training and evaluating PQDs 

as compared to the CNN. In this work, the ViT achieved the results in a time span which was 28-times 

more than the CNN for the same data size. Therefore, the findings of this work empirically establish 

the superiority of convolutional neural networks (CNNs) over vision transformer (ViT) methods for 

the classification of PQDs. 

Moreover, while working on smaller datasets, locally capturing features is crucial for better 

performance while globally learned patterns may be difficult to find from scratch. Therefore, inductive 

bias of the CNN is beneficial when the dataset is smaller, but when the dataset increases, a direct 

learning approach is useful and utilizes weak inductive bias. It was observed that when the ViT-Large 
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model was pre-trained on the ImageNet dataset, a small dataset in the context of a ViT, it 

underperformed as compared to the ViT-Base model [38]. The same observation was also made while 

carrying out the experiments in this work. Therefore, the hyperparameters used in this work are of 

lower value as compare to the ViT-Base model because, with a smaller dataset, the model does not 

generalize well and tends to overfit. Tables 7 and 9 clearly present this fact that the model achieved 

90.94% accuracy when it was trained on the ViT-Base model and showed significant improvement by 

achieving 98.94% with the hyperparameters listed in Table 9. Epoch-wise training and validation 

accuracy are also presented in Table 8 and Figure 8. The hyperparameters used in this work were 

achieved after trying multiple combinations and reached a final hyperparameter set by reducing the 

hidden layer and MLP dimension to one-sixth while the number of heads and encoder layer were 

reduced to two-thirds. The model achieved remarkable test accuracy of 98.94%. 

5. Conclusions 

This study introduces a novel ViT-SPWVD framework for classifying power quality 

disturbances (PQDs), combining the high-resolution, time-frequency analysis capabilities of the 

smoothed pseudo Wigner-Ville distribution (SPWVD) with the global feature learning power of vision 

transformers (ViTs). Synthetic PQD signals were generated in compliance with the IEEE 1159 standard 

and transformed into 2-D time-frequency images for classification. 

To the best of our knowledge, this is the first application of a ViT in PQD image classification. 

The proposed model achieved a test accuracy of 98.94%, demonstrating strong performance and 

competitive results compared to a CNN baseline (99.26%). The ViT’s ability to model long-range 

dependencies and global features presents a promising direction for intelligent monitoring in 

power systems. 

This work establishes a foundation for further exploration of transformer-based architectures in 

the PQD domain. Although the current study used synthetic, noiseless data and focused on base model 

comparisons, a concrete cloud-edge deployment framework has been proposed to illustrate practical 

integration. Future extensions will focus on robustness under low signal-to-noise ratio (SNR) and noise 

conditions, testing on public and field-acquired datasets, and exploring temporal transformers (e.g., 

informer, autoformer) for raw signal classification. Additionally, optimized ViT variants such as the DeiT and 

Swin transformers will be considered to enhance computational efficiency and edge-device compatibility. 

Overall, this research opens new opportunities for deploying deep transformer models in  

smart-grid environments and lays the groundwork for advancing real-time, data-driven power 

quality assessment. 
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