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Abstract. In today’s power system, distributed generation (DG) penetration level has increased to
match the ever-increasing demand for energy. DG integration introduces peculiar challenges to the
entire power system. Due to the increased DG penetration, these challenges have become
technically and economically very important. Effective and fast islanding detection is necessary to
prevent power quality degradation, equipment loss, and human life loss. In this study, an islanding
detection model based on convolutional neural network (CNN) is proposed. The method utilizes
the ability of CNN to perform accurate image classification. It identifies islanding by classifying
scalogram images obtained by applying wavelet transform to the concatenated voltage waveforms
for each event. The islanding detection model is trained with well-processed images to improve
classification accuracy. Noise is incorporated into the data to investigate the susceptibility of the
method to noise. The results obtained prove that the proposed islanding detection model can handle
the problem of islanding detection.

Keywords: Scalogram, distributed generation (DG), unintentional islanding, convolutional neural
network (CNN), islanding detection.

1. Introduction

The lack of a stable supply of electricity is still a significant source of concern around the globe [1]. 1.5
billion people are without any form of electrification. This absence of stable electricity is a significant
challenge that has been known to hamper sustainable development and economic growth [2].

The centralized type structure of power systems has been used over the years to generate, transmit, and
distribute electricity to end-users. This centralized structure has led to operational disadvantages such as
losses experienced on transmission lines and the high cost of transmission. This, coupled with the ever-
increasing demand for electricity and the need for increased renewable energy utilization, has given rise to
a different perception ofelectrical power systems structure[3].
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Distributed generation (DG) refers to decentralized power generation in which generation is carried out
close to the local load at the distribution level [4]. This structure mitigates most of the issues that pertain
to centralized generation [5,6]. With numerous advantages like environmental benefit, increase in power
system reliability, deferral of transmission investment, increased capacity, and reduction in losses, DG
integration with the grid has been on the rise [7].Despite these, technical challengeshave to be accounted
for when integrating DG into the grid. An important one of such challenges is islanding detection.

Islanding refers to when a part of the power system is still actively connected to one or more DG(S)
while severed from the grid [8]. During islanding the part of the distribution network is isolated from the
grid while still connected to one or more DG.This can be premeditated (intentional) or unintentional. The
former is a deliberate action that mostly occurs during maintenance.On the other hand,the unregulated
nature of unintentional islanding can lead to operational issues and instability. These issues occur because,
during unintentional islanding,essential system parameters at the point of common coupling (PCC) such as
frequency and voltage go beyond permissible limits [9,10]. These operational issues include customer
equipment damage, utility damage, power quality degradation, and loss of lives. Thereforeislanding
should be detected quickly when it occurs. According to the IEEE standard 1547, when islanding occurs,
it must be quickly detected, and the DG should trip within 2 seconds when stability cannot be restricted
automatically. This has given rise to different islanding detection models to detect islanding when it
occurs, enabling protection and control devices to take appropriate actions.

Islanding detection methods range from active [11] to passive [12] to intelligence-based methods [13-
15]. Active methods are fast-acting and possess a lot of significant advantages but then degrade power
quality. Passive methods do not degrade power quality but are not as accurate and efficient as active
methods. Active and passive methods, like all other islanding detection methods monitor and measure
system parameters like voltage, current and frequency at the point of common coupling. In recent studies,
researchers have introduced the use of machine learning techniques in islanding detection. These learning
techniques have shown promise.They are fast, accurate, and do not degrade power quality.

This paper presents an Image Classification-based approach for Islanding Detection in an Inverter-
based Grid-Connected DG system using a convolutional neural network (CNN). The rest of this article is
organized thus; Section 2 presents a theoretical basis and literature review pertaining to islanding
detection. Section 3, 4, and 5 present the power system under study, data generation, and the proposed
islanding detection method, respectively, making up the adopted methodology. In section 6, the results
obtained are presented and discussed. Section 7 concludes the paper, highlighting the conclusion drawn
from the study, limitations of the study, and possible future research that can be done to improve the
present work.

2. Theoretical Background/ Review

When the grid and one or more DG(s) supply power in synchronism to end-users, the DG is in non-
islanded (grid-connected) mode, while when the DG is disengaged from the grid and still actively
supplying consumers, the DG is in islanded mode [16].1slanding (unintentional islanding) is a significant
problem that power engineers are faced with. Islanding can severely impact power quality and can lead to
an unsafe working environment [17]. Islanding also hurts protection device coordination. Islanding
detection is a critical part of modern power system engineering.

Researchers have put in a lot of work in creating and proposing islanding detection methods (IDMs). In
islanding detection, the non-detection zone (NDZ) refers to the imbalance in reactive and active power for
which islanding is not identified by the IDM[18]. This happens when there is insufficient power mismatch
to disruptively vary critical parameters at the PCC when islanding occurs.



5th International Conference on Science and Sustainable Development (ICSSD 2021) IOP Publishing
IOP Conf. Series: Earth and Environmental Science 993 (2022) 012021  doi:10.1088/1755-1315/993/1/012021

Passive IDMs are the oldest form of IDMs. They measure the variations in key system parameters at
the PCC to determine if islanding has occurred [7]. These types of IDMs possess large NDZ and have a
slow detection speed.Active IDMs were introduced to solve the issue of large NDZ in passive IDMs. The
operation of these IDMs iscentered on the addition of an external disturbance. This perturbation is
amplified when islanding occurs; therefore, even small mismatches are detected. Due to the injection of
external perturbation, this type of IDMs lead to power quality degradation. One advantage, however, is
that they are fast-acting. These IDMs do not function well in multiple DG environment and non-inverter
based DG power systems [19,20].Communication-based IDMs detect islanding by carrying out direct
communication with the DG using links between the utility and the DG. These IDMs do not degrade
power quality, have no NDZ, and work well with multiple DGs but are very expensive, possess a high
computational burden, and are susceptible to cyber-attacks. Signal processing (SP) based IDMs utilize SP
techniques like wavelet transform [21], Fourier transform, s-transform [22], amongst others,to monitor
key parameters at the PCC to acquirevital features that would aid in detecting islanding [23].

Researchers have proposed the use of intelligence-based models due to the advantages that they
possess when compared to other IDMs. Intelligence-based IDMs make use of artificial intelligence(Al)
techniques to carry out islanding detection. In these IDMS, feature extraction is done by SP techniques,
and Al techniques are used to classify features. These IDMs possess almost no NDZ, are fast-acting, and
perform better with increased complexity, although some suffer from a high computational burden. Types
of Intelligence-based IDMs include artificial neural network model based models [14,24-26], support
vector machine-based models [27-30],probabilistic neural network-based models [31], fuzzy-logic based
models [32,33] and deep learning-based models [13,15].

When it comes to islanding detection, deep learning is still a relatively new technique. In most
problems type with appropriate data, deep learning outperforms regular neural networks [13]. CNN is a
class of deep learning that works with images and is being utilized to analyzeintricate image-based
problems. In [15], the authors made use of CNN to carry out islanding detection and achieved a detection
accuracy of 98.78%. The authors used a very small dataset, and did not consider a wide range of events. In
this paper, islanding detection is carried out using CNN with a farmore extensive data set, with changes in
model structure, and considering a wide variety of eventsthat were not explored in [15]. All this is done to
improve accuracy and lead to a more robust islanding detection model.

3. Power System Under Study

The grid-connected DG power system used in this study is based on the IEEE 13 standard bus system. A
three-phase inverter is utilized as the lone DG in this power system. This inverter system is used to serve
an RLC load, which represents the local load. This load is variable to simulate the power system at
different load demands and obtain several levels of mismatch when islanding is simulated. Figure 1 shows
the power system’s single line diagram.An inverter-based DG is utilized in this study due to the fact that
they are easily coupled to renewable energy sources practically, which is desirable due to the numerous
advantages of renewable energy sources. This is also in line with the sustainable development goals 7 and
13 set in 2015 by the United Nations. An inverter is used to transform direct current to alternating current.
The power system is modeled using the Simulink environment on MATLAB software, and the developed
model is shown in Figure 2.

The inverter-based DG has a capacity of 155kW. The inverter, grid, and local-load are tied together at
what is known as the (PCC), where the DG and local-load are coupled to the grid via a circuit
breaker,whichcan be tripped to simulate islanding. LC filter is used to carry out ripple reduction at the
output of the inverter to mitigate possible harmonics in the output voltage.The PCC is where key
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parameters that tell the current status of the power system can be measured. In an islanding detection
study [30], the authors concluded that the best parameters to consider are the voltage and current at the
PCC when carrying out islanding detection.In this study,the voltage at the PCC is utilized as the detection
parameter. CNN is used to analyze the voltage data, and determineislanding occurred or not.
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Figure 1. Line diagram for power system model

IEEE 13 Bus Test System

Figure 2. Power system model in Simulink
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4. Data Generation

When utilizing any supervised learning algorithm to solve a problem, there is a need for appropriately
labeled data to train and test the model. For islanding detection, there is a need for the developed detection
model to differentiate islanding from grid-connected disturbances so as to avoid nuisance tripping. The
model should be robust enough to account for faults and switching events and classify them as grid-
connected events when they occur. Therefore, in this study, islanding event is classified as islanding.
Motor switching, load switching, and faults, are classified as non-islanding. To train and test the
developed model, the following events, as shown in Table 1, are simulated on the power system on
MATLAB/Simulink, and the three-phase voltage data at the PCC is obtained. For each simulation,
switching occurs at 0.05s and the entire simulation lasts for 0.1s. In the category section islanding is
represented by I and Il represents non-islanding.

Table 1. Summary of simulated power system events

Event Category No of simulation Description
. Ap = +50%
Islanding I 750 Aq=+10%
Motor Switching 150 Different Motor Configurations
Load Switching 150 Several Re5|st|v_e & C_apacmve Load
Configurations
Three-Phase Faults I 150
Single Phase Faults 150 0.1-10Q
Line-Line Fault 150

For islanding, the following possible scenarios were considered:a shortfall of real and reactive power, a
surplus of both real and reactive power, a surplus of real and shortfall of reactive power, and vice versa.
Noise is added to each simulation event, and the data is stored separatelyto test the developed model and
investigate its susceptibility to noise.

Given the fact that the CNN-based islanding detection model to be developed is image-based, there is a
need to convert the time series data for every event simulated to an image. To convert the time series
voltage data obtained from the PCC to images,continuous wavelet transform (CWT)was used to carry out
scalogram computation on each event data. This depicts the absolute value of theCWT of the initial series
of data in a pictorial form[34].

In this study,the PCC voltage for each event is recorded. Then CWT is applied using the morse wavelet
to convert the voltage data to scalogram image representation. The image dataset is then preprocessed and
labeled appropriately to be used as training and testing data for the CNN-based model to be developed.The
laptop utilized in this research work is a Dell XPS 15 2018 edition with 8gb ram, 256gb SSD and NVIDIA
GTX 1050 card.

5. The proposed islanding detection model and CNN design.

5.1 The Islanding Detection Model

The voltage at the PCC contains vital features that portray the operating mode of the DG[35]. This is used
in this study to detect islanding. In other to develop the islanding detection model, time-series data for 750
islanding and 750 non-islanding events are acquired from the power system. The Non-Islanding events
considered are faults, motor switching, and load switching. For every event, voltage data is acquired and
transformed into a scalogram image representation. The image dataset is then pre-processed and labeled
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appropriately to serve as input to train and validate the CNN model. Noise-laden dataset is also created to
test the vulnerability of the developed model to noise. This is done by adding white noise to the existing
data to create two sets of 300 islanding events and 300 non-islanding events at 25dB and 30dB SNR.

60% of the original image dataset is used to train, and 40% is used to validate the CNN model. This
process of training and validating is repeated until we arrive at the architecture and set of hyper-
parameters that gives the best validation accuracy.

Figure 3 shows the flowchart for the proposed islanding detection model.
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Figure 3. Proposed islanding detection model’s flowchart
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Figure 4 shows the proposed IDM’s operational block diagram.

Islanding
Data C&r;c giﬁx\ije Compute CWT CNN
Generation P —»  and obtain S

series dala Classifler
Va, Vb, Ve arrays Scalogram
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Figure 4. Block diagram for the proposed IDM

I

5.2 The Proposed CNN Design

The developed Convolutional Neural Network model carries out the selection of features, extraction of
features, and classification. The basic architecture of the CNN model has three convolutional blocks. This
structure was decided upon by virtue of preliminary testing and review of literature. The structure of the
CNN model is depicted graphically in figure 5.
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Figure 5. Basic structure CNN structure for the proposed model

Images layer supplied to the input layer should have equal dimensions. After a preliminary testing
input image size of 64 x 64 was adopted.

The convolutional layer carries out convolution during a set of filters known as kernels. For any image
I [x, y] and filter f [x, y] the convolution operation is given as:

fIxy] % 1[x,y] = X3 =0 Xty =—co f[01, N2 ]I [x =111,y — 715 ] 1)

The batch normalization layer speeds up training and reduces sensitivity, thereby optimizing the
model. It is not compulsory, but it helps the model converge faster and improves validation accuracy.
The rectified linear unit layer is an activation layer, which is the layer that contains the activation function.
The operation of the layer is given as follows

o= 758 ®

It returns zero for negative input values and returns the input value itself when it is positive.
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The max-pooling layer uses a window to partition images and pull the maximum value from each
partition. In essence, it downsamples the input images and performs dimensionality reduction. It
multiplies the input by weight in addition to a bias factor.

Z=f( ﬁvzlxi+wi+b) 3

The fully connected layer generates a vector that is used to carry out classification. This vector is
centered on the yield of other layers. Classification begins at this layer.

The softmax layer converts the vector representation from the previous layer into a set of probabilities
for all possible classes. The operation of this layer is given as:

Z:

Xi =~ @)

n Zj
j=1¢"’

The classification output layer gives the final classification. For the developed model, this layer has
only two possible output classes (islanding and non-islanding).

To arrive at an optimum design, the hyper-parameters of the CNN model needs to be carefully selected
to give the best detection accuracy. These hyper-parameters include the number of filters, type of solver
(learning algorithm), learning rate, filter size, pooling window size, pooling window stride, and the
maximum number of epoch. In this study, SGDM is the selected solver. It has advantages over other
solvers, and it is often selected ahead of even more complex learning algorithms. The other hyper-
parameters are selected using the design value approach. The approach involves testing several possible
values to see which one gives the best result. The selected hyper-parameter values for the optimum CNN-
based islanding detection model are presented in this article's result and discussion section.

6. Results and Discussion
In this study, the voltage at the PCC is used to classify islanding and non-islanding events. For every event
simulated, voltage data obtained was converted to scalogram images using CWT. For an event, the whole

simulation takes 0.1s, and the switching that triggers the event type occurs at 0.05s.Figure6 shows the
voltage waveform at the PCC and the corresponding scalogram image for a sample motor switching event.

H

Magnitude Scalogram
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Figure 6. Generated data for sample motor switching event
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Pre-processing is carried out for each event image data generated to ensure the training and testing
processes run without errors. This process involves resizing, normalization, and variation. The CNN
islanding detection model was developed using MATLAB. The model is made up of an input layer, three
blocks of convolution (a convolutional layer, a batch normalization layer, an activation layer, and a
pooling layer), a fully connected layer, a softmax layer, and a classification layer. The classification output
layer has two possible output classes (islanding and non-islanding). The data set used to train and validate
the CNN islanding detection model is made up of 1500 images; 750 islanding and non-islanding events
each, as seen in Table 1. 60% of the data for each class is used to train while 40% was used to validate the
model. To arrive at the optimum CNN architecture, design value approach is adopted in updating the
hyper-parameters. Figure 7 shows the correlation between the validation and the maximum number of
epoch, and figure 8 shows the correlation between validation accuracy and learning rate for different sizes
of filter.
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Figure 9 shows the architecture design summary and the values of hyperparameters that led to the
optimum model.

Stride: 1

Zero Padding:
[1111]

Size/ Number of

Fliters
Loss Function: At of
o = Ix3x3/8
Cross-entopy
Conv. Layers: 3 Ix3x3/12
Relu Layers: 3 3x3x3/16
BN layers: 3
Pooling Layers: 3
SoftMax Layer: 1
FC Layer: 1
Maximum Learning Rate:
Epoch: 12 0.01

Solver: SGDM

Figure 9. CNN design Summary

To assess the developed model’s performance, the confusion matrix for the model is generated and
analyzed. Figure10 shows the confusion matrix for the developed islanding detection model

299 0 100%
49.8% 0.0% 0.0%
[%2]
8
@) 1 300 99.7%
a 0.2% 50.0% 0.3%
5
O
99.7% 100% 99.8%
0.3% 0.0% 0.2%

Target Class
Figure 10. Confusion matrix for the proposed IDM

From the confusion matrix, itis seen that out of the 300 islanding events used to validate the model,
only one was misclassified as non-islanding. The detection accuracy is calculatedas follows:

10
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Figure 11. Final structure for the proposedCNN islanding detection model.

To investigate the model's noise susceptibility, the model is tested directly with noise laden test data
comprising 300 islanding and 300 non-islanding events at SNR of 25dB and with another set at SNR of
30dB. Figures 12 & 13 show the confusion matrix for the islanding detection model when tested with
noisy datasets of 25db SNR and 30dB SNR.

296 2 99.3%
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5
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Figure 12. Confusion matrix with 25db SNR test data
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Figure 13. Confusion matrix with 30db SNR test data
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Accuracy of the proposed IDM with 25dB SNR test data is given as:

A _ 2964298 00 =99.00%
CUracy =596 + 298 + 4 + 2 - U

Accuracy of the proposed IDM with 30dB SNR test data is given as:
296 + 299

A - X 100 = 99.189
Uy = 596+ 299+ 4 + 1 %

Compared to [15], where the CNN-based islanding detection model developed achieved a detection
accuracy of 98.78, a noticeable performance improvement is observed. This could be attributed to the
increase in dataset size and change in CNN architecture.

In [13], where deep learning was used, and [29], where SVM and neural network were used to carry
out islanding detection, the models show significantly lower performance levels of 98.3% and 97%,
respectively, compared to the model proposed in this study. This demonstrates the viability of the
proposed model for islanding detection in power systems.

7. Conclusion

In this paper, a convolutional neural network model was proposed to detect islanding. The three-phase
voltage signal at PCC was used as the detection parameter. In this method, the three-phase voltage signals
are converted to a scalogram image for each event by applying CWT. A total of 1500 simulated events
were used to create the data set. 750 islanding and 750 non-islanding events. 60% of the dataset was used
to train the CNN model, and 40% was used to test. The model achieved a detection accuracy of 99.83%.
This shows the efficacy of the model in handling islanding detection. Furthermore, the vulnerability of
the model to noise was examined as the model was tested with 25dB and 30dB noise-laden datasets, and
the model achieved a detection accuracy of 99.00% and 99.17%, respectively. This shows the great
potential of CNN for islanding detection.

This innovative and intuitive solution would go along way in assisting protection engineers in keeping
tabs on the power system. This method does not require any form of feature extraction, giving it some
leverage over other intelligent-based methods.

For future consideration, it is recommended that the proposed method is tested on a power system
containingmore than one DG. Also, the possible occurrence of multiple events simultaneously can be
investigated to see its effect on the system.
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