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Industrial end-users always demand for better power quality to retain grid’s efficiency
and maintain machinery health. However, increasing complexity of multiple energy systems
increase the risk of deterioration in the quality of power supplies. An effective power qual-
ity disturbances detection tool is highly needed to automatically detect the unusual event
exhibiting inside the systems. Power quality disturbances can be categorised into two cate-
gory, i.e. (a) short and fast transient disturbances and (b) long and slow disturbances, which
complicates the process of classification using similar model. In this paper, a hybrid deep
learning model consisting of multi-resolution transformation and deep neural network is
proposed for power quality disturbances detection. Transformer network has been proposed
to improve the classification and computation performance with its multi-head attention
mechanism and parallel computing characteristics. The proposed hybrid model first trans-
forms input signal into multiple frequency components using multi-level signal decompo-
sition signal via wavelet transform. A layer of convolutional kernel is used to obtain the
spatial and temporal features from the wavelet components. The process is followed by
higher order latent feature extraction using transformer network which includes a layer of
transformer encoder and a pooling mechanism. The proposed model is able to outperform
other deep neural network models with better accuracy despite of the noisy condition.

Keywords: attention mechanism, convolutional transformer, multi-resolution signal trans-
formation, power quality disturbance classification, deep neural networks

1. INTRODUCTION

The widely use of renewable energy generators and advanced electronics controllers
[1, 2] in modern power grid have greatly improved the energy sharing and increased the
complexity of network transmission. To further reduce network complexity, microgrid is
formed to perform local power quality monitoring and control on multiple power sources
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and loads. However, the monitoring of power quality disturbances (PQDs) becomes te-
dious when there are multiple intermittent DC/AC resources such as renewable energy
sources and plugged-in hybrid electric vehicles connected in the microgrid [3]. The oc-
currence of single or multiple disturbance at one short instance is not easily observed
using human intervention. Some common examples of PQDs [4, 5] includes sag, swell,
interrupt, harmonics, transients, spike, notch, oscillatory transient, flicker, combined Sag
with harmonics, flicker with harmonics, and flicker with swell. Therefore, a real-time
PQD identification and classification system is required in guiding the decision-making
of the power management systems for instant mitigation of any PQ issues arises .

Classification of PQDs can generally be divided into three stages [6], i.e. signal pro-
cessing, feature extraction, and classification. Signals are first segmented into specific
signal cycles. As time-domain features are generally insufficient in providing discrimina-
tive features, signal transformations into frequency-domain features [7, 8] are applied to
increase signal resolution. Wavelet transform has been proven to have better performance
for hybrid network by decomposing original signals into time-frequency domain [9]. Fea-
ture extraction process is subsequently performed to extract the discriminate information
from the transformed signals. Statistical feature extraction is normally performed on the
transformed signals [10]. The extracted features are then being passed into a classifier
for classification process. Commonly used classifiers include decision tree [11], extreme
learning machine [12], and artificial neural networks [13]. On the other hand, optimal
feature selection techniques are applied to select prominent features for the classifica-
tion process [10]. Deep neural networks (DNN) automatic feature extraction methods
are introduced to reduce the network complexity [5]. DNN methods do not require the
computation of statistical features and simplify the process of optimal feature selection.
DNN methods can extract feature automatically through the end-to-end learning process
of neural networks from data augmentation [14].

In this paper, a hybrid model of multi-resolution signal transformation incorporated
with a DNN method, convolutional Transformer network (ConvT) is proposed to tackle
multiple combined PQDs with time-frequency information. Multi-resolution wavelet
transform is used to transform time domain signal into time-frequency wavelet domain.
Five coefficients representing five frequency components of the signals are encoded into
latent feature via a dense layer and stacked into a matrix with five dimensions. Global
and local spatial relationship of the latent feature is then extracted using 1D-convolutional
layer. Transformer encoder with the aid of multi-head attention (MHA) mechanism is then
being used to further encode the extracted feature. A pooling mechanism using MHA is
used to relates the relationship between the features into classes of PQDs. Accuracy of
the classifiers are used to measure the performance of the network.

2. WAVELET DOMAIN DNN CLASSIFIER

Signal transformations are used to transform signals into different domain for better
analysis. The use of wavelet transform shows marvelous performance in real-time PQD
classification [4, 15]. In this paper, a hybrid model composing of multi-level wavelet de-
composition with a layer of convolutional kernel and transformer mechanism is proposed
as shown in Fig. 1. Details of the mechanism are explained in the following subsections.
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Fig. 1. Proposed hybrid model incorporating of multi-resolution signal transformation and convo-
lutional transformer. The proposed model is named as WT-ConvT.

2.1 Multi-Resolution Signal Transformation via Wavelet Transform

Time-frequency domain conversion is carried out using wavelet transform (WT).
Daubechies 4 (DB4) is chosen as mother wavelet as it can better recognize the short and
fast transient [16]. The use of multi-level signal decomposition (MSD) at higher levels
allows the detection of slow transients using the same mother wavelet [16]. Four level of
decomposition is proposed which results in five decomposition coefficients, i.e. four detail
coefficients and one approximate coefficients. Each decomposition coefficients represents
different frequencies, i.e. global features ,and each frequency bands contain time domain
components, i.e. local features.

WT decomposes signals into local representations in time-frequency domain. A dis-
crete wavelet transform (DWT) can be achieved by dilating the translating mother wavelet
discretely over the input signal. A generic mother wavelet can be expressed as,

ψa,b(t) = |a|−1/2
ψ(

t −b
a

). (1)

A discretized mother wavelet can be achieved by setting a = am
0 and b = nb0am

0 , where
a0 > 1 and b0 > 0 are constants, m and n are positive integers which represents the scaling
and shifting parameters. The discretized mother wavelet ψm,n(t) is defined as,

ψm,n(t) = a−m/2
0 ψ(

t −nb0am
0

am
0

). (2)

A dyadic-orthonormal wavelet transform can be obtained by selecting proper constant
pair a0 and b0. An example would be a0 = 2 and b0 = 1. Dyadic orthonormal WT
does not have redundant information among the decomposed signals, and allows signal
decomposition into multiple scales or bands of time-frequency representations.

Daubechies’ with four filter coefficients or DB4 mother wavelet is used for the de-
composition as DB4 is good at detecting short and fast transient [16]. Higher decom-
position level or MSD, i.e., four decomposition level is used which allows the detection
of slow transient disturbances. A multi-level wavelet transform decomposes signals into
approximate coefficients and detailed coefficients. Approximate coefficients represents
the smoothed signal, while detailed coefficients representing the detailed signal contain-
ing sharper edges or sharper magnitude transition. As a result, fast and short transient
disturbances will be detected as lower level decomposition, i.e., level 1; whereas long
and slow transient disturbances will be detected at level 4 decomposition. Subsequently,
MSD allows the use of single type of mother wavelet while covering different types of
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Fig. 2. Temporal aligned layer.

transients. The output of MSD can be noted as M and the Ith level can then be mapped
as,

M = [cAI ,cDI ,cDI−1, ...,cD1], (3)

where M ∈RZ , Z = [zk]
K
k=0, zk is the dimension of individual vector in M and K = I+1.

2.2 Temporal Aligned Layer

Temporal aligned layer is introduced to align the different length output coeffi-
cients of MSD. Functional block diagram of the temporal aligned layer is shown in
Fig. 2. Temporal aligned layer is a collection of multiple single perceptron layers
noted as [ fk]

K
k=0 : RZ 7→ RK×d , where the single perceptron layer is a mapping function

fk :Rzk 7→Rd , and K represent the total number of output coefficients from MSD such that
K = I + 1. In this experiment I = 4-level of MSD is used, the total number of coefficients
output K = 4+1 = 5. The temporal aligned MSD output, M̂ is obtained as follows,

M̂ = [ fk(Mk)]
K
k=0, (4)

where M̂ ∈ RK×d and fixed embedding output d = 256 is used.

2.3 Temporal-Spatial Embedding Layer

Temporal-Spatial Embedding Layer is designed in a mechanism of extracting tem-
poral-spatial information using temporal aligned layer and a layer of 1D convolutional
kernel. Temporal aligned layer is used to align the unequal length data retrieved from
MSD output. The convolutional kernel used in this experiment includes kernel size = 5,
stride = 1, input dimension = 5, and output dimension = 8. The small kernel size of 5
allows capturing of fine detail on the signals, while stride step of 1 ensures highest reso-
lution of information being captured for the feature extraction step. The convolutional
kernel used extracts temporal-spatial features from the aligned MSD features. The output
feature matrix representing temporal-spatial features of the MSD are then being fed into
transformer network for classification using multi-head attention on its salient features.

2.4 Transformer Encoder

Transformer network is introduced by Vaswani et al. [17] to allow parallel computa-
tion for time-dependent data. Transformer network follows encoder-decoder framework
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Fig. 3. Transformer encoder block.

[18] with the unique attention mechanism namely as multi-head attention (MHA). The
input features are first normalised, then being projects into three three vectors, query Q,
key K, and value V . A single head attention mechanism can be expressed as,

Attn(Q,K,V ) = So f tmax(
A√
dk

)V, (5)

where 1√
dk

is the scaling function to prevent gradient vanishing and exploding problem.

A = QKT is the dot product between Q and K. KT represents the transpose of K. Softmax
function is the exponent of every single element of the input, yi normalised with the sum
of Z exponent element and can be depicted as follows,

So f tmax(yi) =
eyi

∑
Z
j=0 ey j

. (6)

MHA can be achieved by multiple sets of trainable matrices, W (i)
q , W (i)

k , W (i)
v as [18],

Q(i),K(i),V (i) = IW (i)
q , IW (i)

k , IW (i)
v , (7)

Head(i) = Attn(Q(i),K(i),V (i)), (8)

MultiHead(Q,K,V ) =Concat(Head(1), ...,Head(n))WO, (9)

where i indexes the number of heads n and WO represents the trainable parameter with size
Rdk×d . In Fig. 3, transformer encoder takes in input signals and embed it with positional
embedding. A data normalisation is done before passing into the MHA. Output data from
the MHA is normalised and processed before outputting as encoded latent feature.

2.5 Pooling Multi-head Attention

Pooling multi-head attention (PMA) mechanism [19] is introduced as alternative for
averaging or max-pooling in aggregating feature vectors. MHA is applied on a learnable
set of k seed vectors, S ∈ Rk×d . Let transformer encoder output be Z ∈ Rn×d , k seed
vectors PMA can be represented as follows,

yk(Z) = MultiHead(S,Z,Z). (10)

The output of PMA is the predicted result of each class based on their time-series pattern.
So f tmax(yk) is implemented to confine the M classes into probability.
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3. RESULT AND DISCUSSION

All experiments are conducted using Pytorch. There are 76.8k 10-periods PQD sam-
ples with 3.2 kHz sampling rate randomly generated based on mathematical modelling
equations [8, 20]. A total of 4800 10-periods PQD samples are generated for each dis-
turbance classes as shown in Table 1. Random generated additive white Gaussian noise
(AWGN) with signal-to-noise ration (SNR) of 20-50dB and noiseless condition are ran-
domly added into the generated data to further improve the generalisation of the models
towards random noise conditions. The samples are then partitioned into 90% training
samples and 10% validation data. Additional five sets of 16k samples comprising of 20dB,
30dB, 40dB, 50dB, and noiseless signals are generated for the testing process. These 16k
samples consist of 1000 samples per disturbance class. All models in this experiment are
trained with 200 epochs under Pytorch environment.

This research consists of three experiments. Experiment #1 studies on the classifica-
tion performance of transformer encoder network as compared to Deep LSTM network.
The transformer network is optimized using temporal-spatial embedding layer in Experi-
ment #2. Finally, The computation complexity of the proposed models are compared and
analysed with several literature models in Experiment #3. Average classification accuracy
is used as the main evaluation matrix as follows,

Accn =
T Pn

∑
m
j=0 S j

, (11)

where the classification accuracy for each disturbance class, Accn can be attained from
the true positive, T Pn divided by the total number of samples for m classes of PQD, S j.

3.1 Experiment #1: Transformer Encoder Network

Transformer encoder network is proposed to substitute the use of Long Short Term
Model (LSTM) [?] for parallel computation in time-dependent series. Instead of using
Deep LSTM, the input signal is fed into two layers of transformer encoder network for
automatic sequential feature extraction. The output from transformer encoder network is
used for classification via a dense layer with softmax activation function. Transformer en-
coder network achieve better overall classification performance when compared to Deep
LSTM model as shown in Table 2. Transformer encoder network gives advantage es-
pecially in classifying fast disturbance class P8-Notch under high noise condition. The

Table 1. 16 classes PQDs generated using mathematical equations [5, 20].
Label Class Description Label Class Description

P0 Normal P8 Notch
P1 Sag P9 Flicker
P2 Swell P10 Sag+Harmonics
P3 Interrupt P11 Swell+Harmonics
P4 Impulse Transient P12 Interrupt+Harmonics
P5 Spike P13 Flicker+Harmonics
P6 Harmonics P14 Flicker+Sag
P7 Oscillatory Transient P15 Flicker+Swell
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classification performance of transformer encoder maintains at 100% on P8 when 20dB
AWGN is introduced. However, it can be noticed that Deep LSTM is severely impacted
with performance drop to 66.67%. This shows that Deep LSTM model is less effective in
extracting distinct features of fast disturbance under high noise condition. Besides that,
It can be noticed that both networks perform worse in class P10-Sag+Harmonics on high
noise 20dB SNR test. The classification performance of Deep LSTM network on class
P10 is notably weak regardless of the level of noise introduced. Confusion matrix shows
that the P10 in transformer encoder network is confused with class P9-Flicker. This can
be explained with high level of AWGN distorted the magnitude of the input signal with
flicker effect. Deep LSTM on the other hand shows mutual confusion between P10 with
P0-Normal. The confusion of disturbance class with normal signal also presents for class
P11 and P12. These confusions are more critical as it classify disturbance signals as nor-
mal signal. This also shows that LSTM model struggle to identify the characteristics of
combined disturbance.

3.2 Experiment #2: Hybrid Multi-Resolution Convolutional Transformer Versus
Deep CNN [6]

The use of multi-level signal decomposition using wavelet transform is introduced in
this experiment to increase the resolution of input signal with wavelet domain represen-
tations. The input PQD signal is transformed into five wavelet coefficients using 4-level
signal decomposition wavelet transform. Temporal-spatial embedding layer is used to
extract spatial and temporal relationship between frequency bands. The five wavelet co-
efficients with different length are then pass through individual dense layers to produce
five equal-length latent encoding, which are then stacked vertically to form a 5×256 fea-
ture matrix. An 1D convolutional kernel is used to extract spatial and temporal features

Table 2. Performance comparison of Deep LSTM with the transformer encoder
model tested with 20-50dB AWGN and noiseless conditions.

(a) Deep LSTM

Class
SNR

20dB 30dB 40dB 50dB noiseless

P0 85.40 99.80 99.60 99.70 99.63
P1 93.30 97.00 96.60 96.80 96.80
P2 97.20 97.10 98.40 98.60 97.90
P3 98.20 99.70 99.90 99.90 100.0
P4 99.90 100.0 100.0 100.0 100.0
P5 98.90 99.50 99.30 99.30 99.90
P6 98.60 99.60 99.30 99.70 99.50
P7 97.80 99.80 99.10 99.50 99.80
P8 66.70 95.90 100.0 100.0 100.0
P9 94.50 99.20 99.90 99.90 99.70

P10 56.50 74.80 85.80 88.40 90.53
P11 83.30 96.30 98.00 97.00 99.49
P12 74.00 93.00 95.80 96.50 98.87
P13 89.50 100.0 100.0 100.0 100.0
P14 94.10 97.50 96.60 97.00 96.20
P15 87.80 97.00 96.90 98.20 98.10
Acc 88.48 96.64 97.83 98.16 98.54

(b) Transformer Encoder

Class
SNR

20dB 30dB 40dB 50dB noiseless

P0 71.30 89.50 94.90 97.90 98.03
P1 93.70 96.20 96.40 94.70 95.60
P2 95.90 98.00 98.50 98.60 98.90
P3 99.00 99.50 99.30 99.10 99.70
P4 99.90 100.0 100.0 100.0 100.0
P5 96.60 97.20 97.00 96.20 97.90
P6 99.90 100.0 100.0 100.0 100.0
P7 98.50 99.30 98.60 98.70 98.60
P8 100.0 100.0 100.0 100.0 100.0
P9 83.00 92.70 95.40 94.20 94.30
P10 62.40 93.40 96.40 97.40 99.08
P11 80.20 96.30 98.10 97.20 100.0
P12 83.80 95.50 96.80 97.40 100.0
P13 100.0 100.0 100.0 100.0 100.0
P14 98.90 98.90 99.50 99.30 98.70
P15 99.80 99.40 99.30 99.30 99.20
Acc 91.43 97.24 98.14 98.13 98.74
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from the feature matrix. The settings of 1D convolutional kernel are kernel size = 5, stride
= 1, input dimension = 5, output dimension = 8. The output features are then passed into
a layer of transformer encoder which highlights the important information through MHA
mechanism. Finally, a pooling mechanism using MHA is applied to aggregate the features
before passing through softmax activation function for classification.

The proposed WT-ConvT is compared with deep CNN [5] to demonstrate the streng-
th of the model in classifying PQDs under 20-50dB SNR AWGN and noiseless conditions.
From Table 3 (b), it is noticed that WT-ConvT attained higher classification accuracy
of 94.03% under 20dB SNR AWGN test. Overall, deep CNN model can only acquire
classification accuracy of 90.56%. This shows that WT-ConvT is able to classify signals
despite of higher noise condition. However, it can be noticed in Table 3b that WT-ConvT
perform slightly poor for P0-Normal under high noise condition of 20dB and 30dB SNR
AWGN. In Fig. 4 (b), it can be noticed that WT-ConvT has confusion on P0 with P10-
Sag+harmonics. This is due to the additive noise characteristics has amplified the normal
signal into higher noise level after signal normalization.

On the other hand, it can be noticed that Deep CNN obtained lower accuracy on
class P8-Notch on high noise 20dB AWGN test. From Fig. 4 (a), it can be noticed that
the confusions are between P8 with P14-Flicker+Sag and P15-Flicker+Swell. As for
analysis, notch is categorised as a fast transient disturbance, while flicker with sag or swell
are from slow disturbance, and can only be detected from multiple periods of signals.
This confusion shows that deep CNN performance can be seriously impacted with higher
noise levels, where the confusion happened across different frequencies signals. WT-
ConvT model uses MSD to decompose input signal into multiple frequency components.
It allows lower and higher frequency components to be separated from the time-series
data. As a result, Fig. 4 (b) shows that WT-ConvT model suffers less impact from P8-
Notch due to wavelet component could help in splitting the low and high frequency noise

Table 3. Performance comparison of Deep CNN [5] with the WT-ConvT tested with
20-50dB AWGN and noiseless conditions.

(a) Deep CNN

Class
SNR

20dB 30dB 40dB 50dB noiseless

P0 86.00 96.30 99.30 100.0 100.0
P1 93.80 98.30 98.40 97.80 98.10
P2 97.80 97.60 98.70 98.90 98.80
P3 100.0 99.80 99.80 100.0 100.0
P4 100.0 100.0 100.0 100.0 100.0
P5 95.80 98.70 98.70 99.10 99.20
P6 99.40 99.90 100.0 100.0 100.0
P7 100.0 100.0 100.0 99.90 100.0
P8 39.80 89.10 100.0 100.0 100.0
P9 95.50 100.0 100.0 100.0 100.0

P10 82.10 91.80 96.40 97.00 99.59
P11 88.70 97.50 98.20 97.20 100.0
P12 91.00 96.40 96.50 96.60 99.59
P13 88.50 100.0 100.0 100.0 100.0
P14 92.90 98.40 99.20 98.40 98.90
P15 97.70 99.20 98.30 99.20 98.90
Acc 90.56 97.69 98.97 99.01 99.57

(b) WT-ConvT

Class
SNR

20dB 30dB 40dB 50dB noiseless

P0 73.40 82.10 92.40 97.80 98.97
P1 93.00 96.60 97.10 96.40 97.10
P2 94.90 96.50 98.60 98.50 98.40
P3 99.30 98.90 99.30 99.20 99.00
P4 100.0 100.0 100.0 100.0 100.0
P5 97.70 98.50 97.70 98.20 98.30
P6 99.40 99.80 99.70 100.0 99.90
P7 98.80 99.50 99.40 99.40 99.40
P8 96.20 100.0 100.0 100.0 100.0
P9 85.50 98.50 99.90 99.90 99.90
P10 87.30 95.00 95.60 93.60 95.11
P11 92.90 97.60 98.20 97.20 100.0
P12 95.90 97.00 96.80 97.40 100.0
P13 99.10 100.0 100.0 100.0 100.0
P14 96.90 98.00 98.00 98.00 97.60
P15 94.20 96.20 95.00 97.40 95.00
Acc 94.03 97.14 97.98 98.31 98.67
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Fig. 4. Detail confusion matrix comparison on 20dB SNR AWGN test for (a) Deep CNN and (b)
WT-ConvT.



1040 DAR HUNG CHIAM, KING HANN LIM, KAH HAW LAW

to improve the generalization of feature extraction.

3.3 Experiment #3: Comparative Analysis with DNN Methods

The complexity of the proposed transformer encoder network and WT-ConvT are
compared with two literature DNNs methods as shown in Table 4. The comparison pa-
rameters a the best 20dB accuracy, time taken per epoch (TTPE) of the training on 76.8k
samples, number of parameters and models size. As a result, the proposed WT-ConvT
achieved the highest classification performance of 94.03%. The proposed model can
achieve better performance with the slight increase in the number of parameters or model
size while maintaining the TTPE similar to deep CNN method. Although Deep LSTM
model requires least parameters, it requires double TTPE to train the network as com-
pared to WT-ConvT. Deep LSTM also perform worse under high noise condition due to
less distinct features extracted for combined disturbance classes. Transformer encoder
network has the least TTPE, however, it requires more computation resources.

Table 4. Model accuracy and complexity comparisons.
Model 20dB 30dB 40dB 50dB noiseless TTPE Parameters Model Size
Deep LSTM [22] 88.48 96.64 97.83 98.16 98.54 68s 33936 0.136 MB
Deep CNN [5] 90.56 97.69 98.97 99.01 99.57 32s 164464 0.657 MB
Transformer 91.43 97.24 98.14 98.13 98.74 22s 835344 3.269 MB
WT-ConvT 94.03 97.14 97.98 98.31 98.67 32s 182928 0.725 MB

4. CONCLUSION

A hybrid model of multi-resolution signal transformation incorporating with a con-
volutional transformer network is proposed to retrieve generalized features in PQDs under
noisy condition. First, wavelet coefficients are decomposed from time-series signal and
subsequently converted into latent feature using a perceptron layer. Spatial and tempo-
ral relationship between multiple frequency components are extracted using single layer
of multi-dimension 1D convolutional kernel. These features are then passed to trans-
former encoder for higher-order latent features aggregation using MHA pooling mech-
anism. Simulation experiments shows that the use of transformer encoder network has
better distinct feature extraction compared to Deep LSTM network especially under high
noise condition. Transformer encoder network achieves better classification accuracy of
91.43% under 20dB SNR AWGN test, which is higher when compared to Deep LSTM
network with 88.48%. Besides that, transformer network allows fast parallel processing
and significantly reduces the training time. The drawback of transformer encoder network
is its high requirement on computation resources. WT-ConvT is thus proposed with re-
duced parameters and better classification performance of 94.03% on 20dB SNR AWGN
condition as compared to the benchmark Deep CNN and Deep LSTM method. The pro-
posed WT-ConvT model is able to highlight the salient difference between fast transient
and slow disturbance via multi-level wavelet coefficients. As for future work, an improve-
ment should be focused on optimizing the model size and reducing the required training
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time. Improvements should also be given on the detection of high noise slow disturbance,
in which the additive noise causes huge deterioration to the signal condition.
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