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Abstract— Power transformer is an important equipment of
power system. The inner high voltage will cause transformer
insulation deterioration fault, which can cause large-scale power
outage. Partial discharge (PD) is an important phenomenon of
transformer insulation degradation, so the research, diagnosis
and identification of transformer partial discharge is very
necessary. In this paper, recognition of partial discharge based
on a time domain feature extraction is proposed. We collected PD
signals through a high-voltage partial discharge device, using
high-frequency current sensors. The discharge types include four
kinds of defects: oil gap defect, floating defect, tip defect and
surface defect. Wavelet transform was used to remove noise
interference, and convolutional Neural Network was utilized to
extract and identify signal features.

Keywords— Partial discharge recognition, high frequency, time
domain, CNN

I. INTRODUCTION
High voltage and informatization is the main research

points of the strong smart power grid, and the power
transformer is the most basic and core equipment of the power
system. With the gradual increase of the voltage level, the
transformers insulation degradation will rapidly develop into a
fault, cause a large-scale blackout and a serious damage of the
production and life. Therefore, it is very important to monitor
the insulation status of the transformer, and partial discharge
is an important reference for the insulation performance of the
transformer. The recognition of the partial discharge types
helps to assess the form and degree of transformer insulation
deterioration, find hidden dangers in time, and avoid
transformer failures.
The types of transformer partial discharge monitoring

mainly include: ultrasonic, ultra-high frequency (UHF),
Electrochemical, and high frequency (HF).
Ultrasonic comes from partial discharge pulse. Due to the

expansion and contraction of the discharge area within a short
period of time, the surrounding matter vibrates
instantaneously. The frequency band of the ultrasonic peak
frequency generated by partial discharge is 50KHz ～
200KHz[1]. The ultrasonic is sensitive to PD signal, but the
interference of mechanical vibration and the noise in the
environment will serious.

Ultra-high Frequency electromagnetic is also generated in
the process of partial discharge, and bandwidth of the obtained
UHF electromagnetic wave is usually 300MHz-3000MHz[2].
According to the characteristics of the partial discharge, Hikita
[3] et al used the ultra-high frequency method to measure the
partial discharge signal of GIS for the first time. Gao Hongwu
et al [4] found that the oil-paper barrier has a certain influence
on UHF detection. Different layers of insulating paper have an
influence on the measured waveform amplitude and the power
spectrum of a specific section.
Electrochemical is based on the chemical reaction of

insulating organic matter after the partial discharge. This
process produces new chemical substances, like hydrocarbons,
CO2 and other substances, and the composition ratios of the
new chemical substances is useful to detects the PD types.
These characteristic gases constitute the dissolved gas analysis
(DGA) method [5], which can be used to diagnose some
common faults in transformers. This kind of method is usually
used as detection due to the stability of serious discharge, but
it also has the disadvantage of low sensitivity, and it is not
sensitive to low-energy discharge.
High-frequency electromagnetic is the only partial

discharge measurement method with specific standards
IEC60270-2000, which can be tested both offline and online.
This advantage makes it the most widely used. Generally, the
pulse current method is calibrated first, and then the
parameters are measured. The narrow-band pulse current
measurement and the frequency band width is 9～30kHz, and
it has better anti-interference performance. However, this
method can only measure low-frequency component pulse
signals, and the signal feature is also insufficient. Wide pulse
current is a measurement bandwidth of several MHz to tens of
MHz. By using a sensor to expand the bandwidth, a signal
characteristic with more discharge details can be obtained.
Researchers have studied in the field of partial discharge

recognition for many years, and have proposed many methods
[6], including Support vector machine (SVM), Artificial
neural network (ANN), Random forest (RF), Deep learning,
and so on.
SVM is a two-classification model, and its basic model is a

linear classifier with the largest interval defined in the feature
space. The significant factor of the performance is the kernels
of SVM, which include linear-kernel, polynomial kernel,
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Gaussian or radial basis function (RBF) kernel and so on.
Firuzi et al combined SVM with local binary pattern (LBP)
and histogram of oriented gradient (HOG) features of PRPD
in transformer applications [7]. Raymond et al extracted
PRPD features by PCA, then recognised the PD using SVM.
The result shows high noise tolerance capability and better
diagnosis accuracy [8]. Ying Lin et al present a feasible
algorithm to reconstruct signals in a GIS partial discharge
graph through image processing[9]
ANN is a classical PD diagnostics method which is inspired

by biological neural networks. Lumba et al investigated the
BPNN for PD recognition using statistical features of PRPD
[10]. Sukma et al proposed an comprehensive BPNN PD
classification method, using waveform parameters and PRPD
of different types of sensors as input [11]. Soltani et al
proposed an ANN denoising algorithm to remove the
influence of noise in applications. This kind of method does
not require prior knowledge of the signals and can achieve
better performance[12].
RF is proposed by Leo Breiman using multiple trees to train

and predict samples. Iorkyase et al utilized WPD to extract
location features from PD signals using three R-F sensors and
RF regression to localize PD [13]. Wang et al used isolation
forest (IF), linear prediction cepstrum and PCA to separate
multisource PD signals in GIS and transformer [14]. Peng et al
proposed an RF based optimal feature selection for PD
classification in HV cables [15].
Deep learning is a further development of neural networks,

learning the internal laws and representation levels of sample
data. Duan et al developed an end-to-end stacked sparse auto-
encoder (AE) method for PD classification, the PD current
signal captured by high frequency circuit transform (HFCT).
The experimental results shows that single sparse AE
combined with a soft-max classifier is sufficient to achieve
satisfactory performance [16]. Adam et al [17] invented a
transformer PD classification using raw data of PD pulse
waveforms and the LSTM model. Song [18] proposed a CNN
method to recognise PD using UHF PRPS raw data as input,
The initial parameters of CNN are from unsupervised learning
of an AE model. The experimental results shows a improve
classification accuracy compared to conventional ML based
methods based on SVM and BPNN.
Above all, high frequency PD recognition using deep

learning method has wide prospect. This work focus on the
partial discharge recognition based on a time domain feature
extraction and CNN. Wavelet transform was used to remove
noise interference, and convolutional Neural Network was
utilized to extract and identify signal features.

II. TECHNOLOGY AND IMPLEMENTATION

A. PD signal acquisition system
Transformer PD signal is collected using the system shown

in Figure 1. The PD devices are deployed inside the
transformer, and the structures of four types of PD are shown
in Figure 2. The high-frequency sensors are employed at the
transformers ground wire to couple the high-frequency pulse
current signal. The real-time waveform and synchronous

voltage signal are collected by the oscilloscope. The high-
frequency partial discharge sensor adopts TWHCT-7850 with
the 3MHz-30MHz frequency band, and the oscilloscope is
R&S RTO-2044.

Figure 1. The PD simulation device, high frequency
sensors and oscilloscope.

(a)oil gap (b)tip (c)floating (d)surface
Figure 2. The four type PD defect

B. Method and Approach
The signal collected by the oscilloscope is shown in Figure

3. It can be seen from the figure that the noise has a great
influence. In order to reduce the noise influence, the wavelet
transform is used. Wavelet transform is an effective transform
analysis method, which can refine the high frequency and low
frequency of the signal through the expansion and translation
operation. The Daubechies5 wavelet with orthogonality and
tight support is used here. As a sparse base, this wavelet is not
easy to produce large smoothing errors, that is, the
reconstructed signal is smoother.

Figure 3. The raw PD signal
Use wavelet transform to perform a wavelet decomposition

on the difference of the received signal to obtain low-
frequency and high-frequency components, and then threshold
the high-frequency components to reconstruct the processed
low-frequency and high-frequency components. The
reconstructed signal eliminates the influence of fluctuation
and noise, and keeps the original basic waveform of the signal
unchanged. Then the corresponding fragments of the different
parts of signals are spliced into one-dimensional signal.
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After the signal pre-processing, a deep learning network is
built for PD recognition. Using supervised learning methods,
using convolutional neural networks to extract signal features.
First, the input data needs to be enhanced. In order to

reduce the sampling workload and the over-fitting of the CNN
model, the training set data can be appropriately expanded.
Data enhancement is a technique often used in the field of
image deep learning, including colour, scale, translation,
flipping, and so on. The signal enhancement method in this
system uses the sliding of the signal interception window. The
clipping window is appropriately slid on the time axis, and the
information of different time windows can be used as input
data to achieve the purpose of data enhancement. The data
enhancement method can also avoid the influence of some
irrelevant features on classification to a certain extent.
The first layer is convolutional layer, and the convolutional

kernel is a 1×3 array, step length is 1, channels is
64. The bias is a 1×64 array. The input is pre-processed
and enhanced signal, then the output after passing through the
first convolutional layer is:

, (1)

where is the convolutional calculation, and is
activation function. The dimension of output and input is
consistent using padding, and the purpose of the activation
function is to perform a nonlinear combination in a linear
network to generate a nonlinear decision boundary. The
activation function used is the ReLu (Rectified Linear Units)
function:

. (2)

The second layer is pooling layer, using the maximum
pooling method. The pooling window size is 1×3, and the step
size is 2, that is, the maximum value within the window size
range is selected as the input feature of the latter layer. By
partitioning and sampling the data, the pooling layer can
reduce the large matrix to a small matrix while maintaining
the basic characteristics, to reduce the amount of calculation
and prevent over-fitting.

The third layer is the local response normalization layer
(local response normalization), using the concept of lateral
inhibition in neurobiology. This introduces a competition
mechanism into local neurons, that is, activated neurons will
inhibit neighbouring neurons. The result is the large value
larger, and has benefits to improve the generalization ability
of the model. The calculation method of local response
normalization is:

, (3)

where x is input and N is amount of kernels, n, k, and are
hyperparameters, n is the number of neighbouring kernel
mappings, and k is the offset. In this structure, n is set to 4, k is
set to 1, is set to 0.001, and is set to 0.75. The output at
this layer is expressed as:

, (4)

Then the next connect layers is the second set of
convolutional layer, pooling layer and local normalization
layer, the output can be expressed as:

(5)
Through these convolutional layers and related layers,

the features in the original data can be extracted. The two fully
connected layers are then connected to achieve a linear
transformation from one feature space to another feature space.
By weighted combination of the previously extracted features,
the hidden features extracted from the original data are
mapped to the sample label space. The number of hidden units
in the first fully connected layer is 384, and the number of
hidden units in the second fully connected layer is 192. The
output of the final network structure is expressed as:

(6)
where and is the weight and bias of first fully
connected layers, and is the weight and bias of
second fully connected layers. The last part of the network
structure is the fully connected layer and the soft-max layer.
The fully connected layer further restricts the features to the
order of the number of classifications, that is, the number of
hidden units is the number of classifications C, and the output
is expressed as:

(7)

The soft-max layer uses a multi-class logistic regression
method, which can convert the input to a probability of 0-1,
that is, to achieve the conversion of features and probabilities.
The calculation formula is expressed as:

(8)

where is a C×1 vector，and indicates the category the
input sample belongs to. The index with the largest value in
the vector is the predicted label of the sample. The fully
connected weights and bias parameters are trained to make the
output of the fully connected layer have the highest
probability of corresponding to the real label after passing
through the soft-max layer.
After the construction of the entire network, a cost function

needs to be defined to measure the difference between the
predicted classification and the true classification. Cross
entropy is used as a method to measure this difference, which
can be expressed as:

(9)
where the label is the one-hot code corresponding to the real
label value. For a batch, the above formula needs to be
summed or averaged. In order to increase the generalization
ability of the network and prevent over-fitting, on the basis of
formula (9), an L2 regularization term is added, and the cost
function is finally expressed as:
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(10)

Where is the weight parameter of the neural network and is
the coefficient. The L2 norm regularization can limit the
parameters to be too large or too large. By minimizing the
entire cost function, model weight parameters and bias
parameters can be learned.
The stochastic gradient descent method is adopted as

training method. Each iteration of the stochastic gradient
descent method uses a set of samples, and then updates the
parameters according to the gradient. The batch size of each
training set here is 128 samples. In addition, the learning rate
is an important hyperparameter. Generally, it is hoped that the
learning rate in the early stage of training will be larger, so
that it can converge faster, and the learning rate will be
reduced in the later stage of training, which can easily achieve
the best advantage. Therefore, the learning that decays with
the number of iterations is used in the system. Rate. The initial
learning rate is 0.1, and it decays to 10% every 1000 iterations.
Before learning, the network parameters need to be initialized.
Initialization has a certain impact on the convergence speed of
the model and the final performance. In order to minimize the
disappearance of the gradient or the explosion of the gradient,
the truncated normal initialization is used in the data
initialization. This initialization can be randomly selected
from the normal distribution of the specified mean and
variance, and reselect if the difference between the value and
the mean is outside the range of two times the variance.
Through the above processing and settings, the entire

network can be trained to a suitable state on the training set,
and feature extraction and classification recognition can be
realized. There are four types of partial discharge to recognize,
oil gap defect, floating defect, tip defect and surface defect.
For each type, 200 samples are sampled to form the training
set, and 50 samples are sampled to form the test set. Therefore,
the total training set has 800 samples and the test set has 200
samples. Network training is carried out through the training
set, and the results are verified on the test set. The accuracy of
item recognition reaches 91.8%. Compared with BP neural
network[19] and OS-ELM algorithms, which the accuracy are
87.8% and 91.4% respectively, our methods get higher
accuracy.

C. Conclusion
A partial discharge recognition method was introduced in

this paper. Four kinds of PD signals were collected through a
high-voltage partial discharge device and high-frequency
current sensors. We use the wavelet transform to remove
interference of the time-domain signal, and CNN was used to
extract features and recognition. The accuracy of recognition
is 91.8%.
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