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Abstract: The correct classification of defects originating from partial discharges (PD) in medium-
voltage (MV) switchgears with air insulation (AIS) remains a challenging research topic for scien-
tists worldwide. In this article, the authors simulated four possible defects occurring in the power
industry, including one that is a simultaneous combination of two commonly ones. In addition, the
correctness of the algorithm was checked by adding a classification class without any fault. The
measurement signals were recorded with TEV sensors. The effectiveness of various hybrid-con-
nected neural networks was tested and discussed: GoogleNet and SqueezeNet based on spectro-
grams, SAE with FNN, 2D-CNN with LSTM, and hybrid AE combined with CNN and LSTM. The
highest effectiveness — approximately 97% — was demonstrated by the GoogleNet and SqueezeNet
networks. The research results are expected to form the basis for the development of a universal and
wireless capacitive sensor for monitoring the level of PD in switchgears.

Keywords: deep learning; partial discharge; convolutional neural network; medium voltage switch-
gear; air-insulated switchgear; autoencoder; long short-term memory

1. Introduction

Correct detection of partial discharge problems in MV switchgear is the foundation
of its safe usage. Early recognition of the type of fault inside the switchgear can signifi-
cantly reduce financial losses and, at an early stage of operation, save lives. Incorrect ex-
ploitation, environmental conditions (temperature, humidity, etc.), natural ageing of the
insulation, as well as human mistake, have a huge impact on the possibility of unwanted
PD occurring.[1,2].

The dynamic development of Artificial Intelligence (AI) has significantly improved
the effectiveness of the safe operation of electrical power equipment. The use of convolu-
tional and deep neural networks, together with additional development of the architec-
ture (the addition of different modules, depending on the type of measurement data),
gives a satisfactory level of effectiveness in classifying faults caused by PD [3]. The con-
tinuous technological progress allows for the use of increasingly practical and cheaper
methods of detecting disturbances from the point of view of switchgear manufacturers.
In the industry, the classical electrical method using capacitive TEV sensors, High-Fre-
quency Current Transformers (HFCT) or Ultra-High-Frequency (UHF) sensors still finds
wide application. After a thorough review of the literature, a Transient Earth Voltage
(TEV) sensor was used for signal measurement due to its reliability, simplicity of con-
struction, ease of installation, and low cost [4-7]. These sensors are mounted on the outer
surface of the metal housing of the switchgear. When PD occurs, the electromagnetic
waves propagate away from the discharge point as a transient voltage. The transient volt-
age inside the metal shell cannot be detected directly from the external surface by the skin
effect, However, the EM wave can propagate to any space where there is an electrical
discontinuity in the metal shell, which can generate a series of transient voltage peaks at
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the surface. These peaks are called TEVs and were first proposed by Dr John Reeves in
1974 [8-10].

In the process of the research, the last fault, which is a series of many different signals
superimposed on each other simultaneously - mainly signals from the partial discharges
of faults one and two - was simulated artificially. Detection of single PDs from multi-
source is still a challenge for individual differentiation and effective evaluation by differ-
ent types of classifiers [11-13].

During the research process, it was decided to investigate the effectiveness of Goog-
leNet and SqueezeNet in classification based on the researchers' publications [14-16].
GoogleNet was checked, for example, during the recording of images of the corona
around power transmission lines [17]. The authors decided to check the effectiveness of
the aforementioned networks by creating spectrograms before the learning process [18-
20]. The article continues with a study of the use of a hybrid combination of networks
Stacked Autoencoder (SAE) with Feedforward Neural Network (FNN) [21-24], Convolu-
tional Neural Network (CNN) combined with Autoencoder (AE) and Long Short-Term
Memory network [25-31].

The first section of the article describes how the previous measurement and classifi-
cation processes were carried out, presents how the MV switchgear defects were simu-
lated, and then describes the test methods used during the research.

The next section briefly characterises the deep neural networks used for classifica-
tion. The hybrid combinations of CNN, LSTM, SAE and GoogleNet and SqueezeNet used
are described, and the classification results are then presented.

At the end, the last part of the article summarises the results of the research and in-
dicates the next possible research steps.

2. Measurements and Methods
2.1. Previous research

During previous research [32], the authors carried out experiments to simulate, "ar-
tificially", the various possible faults in MV switchgear. TEV sensors were placed on a
metal plate. The measured insulation defects originated from electrodes placed behind
the metal housing. First, a de-noising process was carried out, then normalisation and
finally extraction of the relevant signal features. The complexity of the method is shown
in Figure 1.
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Figure 1. Block diagram of signal measurement and processing during previous research, where
SVM - Support Vector Machine; KNN — K-Nearest Neighbors; CNN — Convolutional Neural Net-
work.

2.2. Current research and measuring system with TEV sensors

The authors carried out the research at the High Voltage Hall at the Faculty of Elec-
trical Engineering, Warsaw University of Technology. The following measurement equip-
ment was used to carry out the research: a 220/100,000V, 10 kVA test transformer, a
NorthStar VD-100 voltage divider and a brushless voltage regulator. The electrical sche-
matic of the measurement system is shown in Figure 2.
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Figure 2. The measuring system used during the research, where: VR - voltage regulator, T - trans-
former, RI - limiting resistor, D - voltage divider, MVS — MV Switchgear

2.2.1. Simulation of possible switchgear failures

The authors decided to use a three-phase, single-pole air-insulated MV switchgear as
the research object. The measurements were recorded by a Tektronix MSO56B oscillo-
scope. An internal 100 Hz high-pass filter was used for more precise recording.

It was determined to simulate four types of faults and one additional algorithm val-
idation (five class):

e  The first one (Class 1) - a copper wire was attached to one phase of the switchgear,
which was at high potential;

e  The second (Class 2) - a copper wire was attached to a grounded metal switchgear
enclosure;

e Third (Class 3) - surface partial discharges were artificially induced inside the switch-
gear;

e  The fourth (Class 4) - contained a confusion of multiple defects, including: leaving a
wrench in the switchgear along with fault one, surface discharge with fault from high
potential and surface discharge with fault from low potential;

e  The last one (Class 5) - an additional class to validate the algorithm, which was actu-
ally the measured noise level.
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Figure 3. Simulated faults from partial discharges: (a) Partial discharge from high potential; (b) Par-
tial discharge from low potential; (c) Surface partial discharge; (d) Mounting error - spanner left in
switchgear.

2.2.2. Placement of TEV sensors

Firstly, the effect of the placement of the HVPD TEV sensors (15 - 70 MHz frequency
response) on the quality of the measured signal was checked during the research. Three
TEV sensors were placed at three different locations on the switchgear:

e  Close to the power supply;
e On the front door of the switchgear;
e At the point furthest from the PD source.

No differences were observed during the signal measurement. Placing the sensors at
different distances from the discharge source did not affect the quality of the measured
signal.

This time it was decided to use the raw signal waveform for the classification process,
without manual feature extraction and de-noising process. The number of signals was
2000: 360 for fault 1, 480 for Class 2, 420 for fault 3, 600 for fault 4 and 140 for last Class 5.
The length of each signal was 62494. Three examples (for Class 1, 2 and 3) of signals used
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during the conducted research are shown in Figure 4. In the given waveforms it can be
observed a high background level and the individual pins come from the PD.
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Figure 4. Partial discharge on raw signal waveforms for Class 1, 2 and 3.

2.3. GoogleNet and SqueezeNet + Spectrograms

GoogleNet is a convolutional neural network (CNN) model developed in 2014. It
consists of 22 neural network layers, including convolutional layers, dimension reduction
layers, batch normalisation layers, ReLU activation layers and softmax output layers. A
distinguishing feature of the GoogleNet architecture is the use of a so-called 'Inception
module', which allows objects of different sizes and orientations to be detected in a single
network laye [33].

SqueezeNet is a deep neural network model characterised by a smaller size than tra-
ditional models. This allows it to be used on devices with limited computing power, such
as mobile devices or embedded systems. The main feature of SqueezeNet is the use of 1x1
convolutional layers instead of the traditional 3x3 or 5x5. These layers use fewer parame-
ters, leading to a smaller model size, while still providing similar classification perfor-
mance. Squee-zeNet also includes so-called 'fire modules', which are blocks that combine
1x1 convolution layers and 3x3 or 5x5 [34].

First, a spectrogram was created for each signal. These were then passed through the
two networks mentioned above - GoogleNet and SqueezeNet - the process is shown in
Figure 5.
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Figure 5. Block diagram of signal measurement and processing during current research.

2.4. Hybrid Neural Network
2.4.1. SAE+FNN

A hybrid model was used to train the neural networks: Stacked Autoencoder consist-
ing of two hidden layers of 100 and 50 neurons each. The layers were trained in an unsu-
pervised manner to extract features from the training data. Testing was carried out in
MatLab - in the Deep Learning Toolbox environment. Network parameters: Epochs: 100;
L2WeightRegularisation: 0.001; SparsityRegularisation: 4; Sparsity-Proportion: 0.1. The
FNN was trained using the Adam optimisation algorithm with the following parameters:
Learning Rate: 0.001; Epochs: 100 Batch size: 32.

Encoder 1 Decoder 1

Encoder coder 2

Bottleneck

Input layer Output layer
Figure 6. Stacked autoencoder structure.

2.4.2.2D-CNN+LSTM
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For the hybrid combination of CNN and LSTM, the Keras [35] and Tensorflow [36]
libraries were used. Network learning was carried out on an RTX 3070 graphics card, us-
ing mainly Conv2D layers with 64 filters, BatchNormalisation, Re-Lu activation, drop-out,
as well as an LSTM recursion layer with 200 units and a sequence return option. The net-
work model was compiled with the Adam optimiser taking on the following parameters:
Learning Rate: 0.001; Epochs: 50 Batch size: 32.
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Figure 7. 2D CNN + LSTM architecture.

2.4.3. AE+1D-CNN+LSTM

The last hybrid combination investigated,

also using the Keras and Tensorflow library, was a combination of SA, CNN and
LSTM networks. This time an autoencoder with a hidden layer of size 1984 was used.
Learning parameters: Epochs: 150; Batch size: 32; Validation split: 0.2. The created CNN
and LSTM network model consisted of Conv1D layers with 64 filters, batch normalisation,
MaxPooling, as well as LSTM(256 and 128 respectively) and Drop-out. The optima-lizer
Adam was used, with paramters: Learning Rate: 0.0005; Epochs: 1200 Batch size: 32.
The full architecture of the layers of the networks mentioned above is shown in Table 1.

Table 1. Architecture of used neural networks

SAE+FNN 2D-CNN + LSTM AE +1D-CNN + LSTM
Encoder(100) 2DConv(64) Encoder(1984)
Decoder BatchNormalization Dense(RELU)
Encoder(50) Activation(RELU) Dense(Sigmoid)
Decoder 2DConv(64) Decoder
fullyConnectedLayer(256) BatchNormalization 1DConv(128-RELU)
RELULayer Activation(RELU) BatchNormalization
fullyConnectedLayer(128)  GlobalAveragePooling2D MaxPooling
RELULayer Drop-out 1DConv(64-RELU)
fullyConnectedLayer(64) LSTM(200) BatchNormalization
RELULayer Flatten MaxPooling
fullyConnectedLayer(4) Dense(4)(SoftMax) Drop-out
SoftMaxLayer LSTM(256)
ClassificationLayer Drop-out
LSTM(128)
Drop-out
Dense(4)(SoftMax)

3. Results and Discussion

Based on the collected measurement data during operation of the MV switchgear, a
number of experiments were carried out to illustrate the effectiveness of the developed
and used algorithms in PD detection and classification in the switchgear. The highest ac-
curacy was obtained for the SqueezeNet and GoogleNet convolutional networks.
MatLab's Deep Learning Toolbox environment allowed easy access to both networks. The
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modelled algorithm first created a spectrogram for each signal to be analysed, then the
completed images were subjected to learning. Unfortunately, the time to create the spec-
trograms was quite long. The results for both cases are shown in Figure 8 and Figure 9.

Training progress

Training (smoothed)
Training
Validation =g

Accuracy (%)

1 1 1 [ [
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Iteration
3.5-
37
25
g 2
o Training (smoothed)
— 1.5F Training
13 Validation —@—
0.5 R : _ s
0 1000 2000 3000 4000 5000 6000 7000 8000 _ 9000 10000

Iteration

Figure 8. Training progress by GoogleNet.
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Figure 9. Training progress by SqueezeNet.

The classification results for each classification method are summarised in Table 2
and Table 3. Based on Table 2, it can be determined that the classification of fault 1 - PD
from high potential - caused the most problems. This may be due to the least amount of
measurement data for this class. It is noteworthy that the classification of Class four was
successful, despite the combination of signals resulting from multiple disturbances occur-
ring simultaneously in the switchgear or human errors of the assemblers. The results of
the last Class confirm that the algorithm performs well with basic PD detection.


https://doi.org/10.20944/preprints202306.0942.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 June 2023 d0i:10.20944/preprints202306.0942.v1

Table 2. Classification result for each class.

Neural Network Class Recall Precision F1-Score
1 90.42% 93.91% 92.09%
2 97.15% 96.42% 98.97%
GoogleNet 3 97.18% 98.88% 97.92%
4 93.57% 94.47% 95.34%
5 100% 100% 100%
1 94.64% 97.65% 96.15%
2 99.78% 98.43% 99.53%
SqueezeNet 3 98.48% 99.91% 99.04%
4 99.98% 99.49% 98.19%
5 100% 100% 100%
1 54.72% 48.12% 56.16%
2 51.98% 49.78% 55.65%
SAE + FNN 3 83.84% 83.65% 84.11%
4 79.12% 83.21% 85.24%
5 100% 100% 100%
1 68.12% 73.44% 70.68%
2 83.33% 79.44% 81.35%
CNN + LSTM 3 55.17% 94.12% 69.57%
4 97.39% 74.12% 84.21%
5 100% 100% 100%
1 52.72% 56.72% 54.29%
2 67.37% 65.31% 66.32%
AE+CNN+LSTM 3 81.25% 90.28% 85.53%
4 89.52% 89.52% 85.71%
5 100% 100% 100%

The combination of SAE+FNN, CNN+LSTM and AE+CNN+LSTM networks
achieved an accuracy of approximately 82%. The best result was achieved by the networks
SqueezeNet and GoogleNet — 98.39% and 97.31%.

Table 3. The result of the classification of the neural networks used

Neural Network Accuracy
GoogleNet 97.31%.
SqueezeNet 98.39%
SAE+FNN 80.98%
CNN+LSTM 83.91%.
AE+CNN+LSTM 81.21%.

4. Conclusions

In the presented article, different methods were used to classify partial discharges
occurring in MV switchgear in air insulation. The results obtained show that it was possi-
ble to significantly speed up the processing of the signal measured by the TEV sensors by
using hybrid classification algorithms. Both GoogleNet and SqueezeNet achieved satis-
factory classification results — 98% - on the basis of the created spectrograms, despite the
addition of an ambiguous fourth fault. The other results obtained show the effectiveness
of the adopted classification methods to be around 82%.

The result of the research prompts the creation of a universal capacitive sensor that
continuously measures the possibility of partial discharge in MV switchgear. For this pur-
pose, the authors will consider how to accelerate the creation of the spectrogram, as well
as how to create an even more universal hybrid neural network.

In addition, the authors plan to investigate the effects of EMC disturbances, such as
Burst - which simulates sparking at the contacts of electrical apparatuses in MV
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switchgear - and Surge, on the correct operation of a universal sensor placed on the exter-
nal enclosure of an MV switchgear.
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