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Abstract: In this paper a machine learning technique-based method is presented for identifying faults in a microgrid.
The machine learning method considered is multilayer neural network. The microgrid model includes renewable energy
sources such as solar photovoltaic and wind generator. Both normal and fault situations for the microgrid are simulated
when operating in grid-connected and islanded modes. The fault conditions include various faults experienced on a power
distribution line. The fault currents and voltages are used for training a neural network with Levenberg-Marquardt
method. The trained neural network is effective in identifying and classifying faults using trained and untrained data for
both grid-connected and islanded modes of operation.

Keywords: Machine Learning, Microgrid, Neural Network, Protective Relaying, Fault Detection.
I INTRODUCTION

The traditional electric power grid is struggling with operational constraints. An approach to overcome these challenges
is to integrate renewable energy sources such as solar and wind. The integration of renewable and distributed energy
sources has resulted in the development of microgrids by utilizing power electronics, control and protection devices that
can operate in both grid-connected and islanded modes [1]. One of the challenges with the microgrid is designing a
reliable protection system that can work in both modes of operation [2]. The traditional protection schemes may not work
successfully for the microgrid because of low fault currents in islanded mode and bi-directional current flows due to
distributed sources [3-8].

At present, several techniques are implemented for the microgrid fault diagnosis in digital relays that include adaptive
protection [9,10], differential protection [11,12], voltage-based protection [13], current-based protection [14-16],
impedance-based (distance) protection [17,18], differential energy-based protection [19], multiagent protection [20], and
transient-based protection [21] schemes. Artificial Intelligence (Al) techniques are also explored for the microgrid
protection in recent years by some researchers [22]. These include Artificial Neural Networks (ANN) [23-25], support
vector machines and other classification methods [26-28], fuzzy logic [29] and data mining [30,31]. However, the method
in [25] applied ANN to identify faults in only islanded mode operation of the microgrid. This paper extends these
concepts and applies the neural network to identify faults in both grid-connected and islanded mode of operation of the
microgrid.

This paper presents a Machine Learning (ML) technique-based method to identify faults in the microgrid that operates
in both grid-connected and islanded modes. An introductory review of ML and neural networks is presented in Section
I1. The microgrid operation in grid-connected and islanded modes, and different types of faults experienced by it are then
explained in Section I11. Both the normal operation and fault situations for the microgrid are simulated in Simulink [32]
when operating in both modes for a microgrid test system. Details of these simulations are given in Section III.
Application of ML to the microgrid protection is outlined in Section IV. MATLAB [32] is used for training the neural
network with the simulated data. The trained neural network is successful in identifying faults using trained and untrained
data for both grid-connected and islanded modes of operations. These test results are discussed in Section IV. Concluding
remarks are offered in Section V.

1. MACHINE LEARNING

Machine learning is a branch of artificial intelligence that enables machines to perform tasks by learning from data [33].
There are several machine learning techniques such as neural networks and support vector machines. The neural networks
are popular because of their capability to recognize patterns in complex and large data. The machine learning area has
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received significant attention from researchers in recent years because of deep learning techniques that showed promising
real-life applications in vision and autonomous vehicles.

Neural networks have perceptrons (neurons) in layers that have weighted connections to successive layers [33]. These
neural networks have input layer, hidden layers, and output layer as shown in Figure 1. A mathematical model of a
perceptron (neuron) is given by Equation (1).

o = f(X;2; wjij + ©) 1)

A weighted (w) sum of inputs (i) with a bias (c) is calculated using Equation (1) and sent to an activation function. The
popular activation functions are linear, sign, step and sigmoid functions. Equation (2) is the sigmoid function used in
several applications.

f(x) = — )
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Input layer
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Figure 1. Neural network

The number of neurons in the input and the output layers is determined by the input and output data sizes. The number
of hidden layers and neurons in these is usually determined by heuristic methods [33]. For a neural network, there is an
optimum number of hidden layers and neurons in them, above which may result in overfitting results. Learning methods
are used to train and adjust the weights of the neural network to recognize a pattern of the given data. The Levenberg-
Marquardt and backpropagation are some of the training methods. The Levenberg-Marquardt method for adjusting
weights, w, at p-th iteration is given in Equation (3):

wp+ 1) =wp)—[JE)"TE) +u ] ) Telp) 3

where W is the damping factor adjusted at every iteration until the sum of the square error is reduced. J is the Jacobian
matrix with first derivatives of the errors (e).

The neural network-based machine learning method for microgrid faults identification uses the following steps: i)
selection of inputs and outputs, ii) selection of neural network structure, and iii) training and testing of the neural network.
The RMS values of three-phase currents and voltages are selected as inputs. The outputs denote no-fault and various
fault conditions. The output is 1 if that condition occurs, otherwise the output is 0. Figure 2 shows these inputs and
outputs selection of the neural network. The network contains six input neurons and five output neurons. The input
neurons use RMS values of three-phase currents and voltages. The five output neurons corresponding to one case of
normal operation or no-fault and four categories of shunt-faults [34]. The hidden layers number and the neurons in each
layer is selected to assist the training.
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Figure 2. Inputs and outputs of neural network for microgrid faults identification

1. MICROGRID TEST SYSTEM

In this paper a modified IEEE 13 bus test feeder is used to integrate microgrid sources and loads shown in Figure 3 [25].
Some of the characteristics of the feeder are given in [35] and it operates at 4.16 kV. The following renewable and other
energy sources are connected to this feeder and are used in Simulink [36] simulation:

1. The solar Photo Voltaic (PV) system model used is rated at 250 V, 250 KW. The generated voltage is stepped
to 4.16 KV. It connects to the test feeder at bus 635 with a 0.15km, 4.16 kV line.
2. The wind generator model used contain the wind turbine, Doubly Fed Induction Generator (DFIG), AC/DC/AC

converter, and a control system. The wind generator is rated at 575 V and 1.5MW. The generated voltage is stepped to
4.16 kV. It connects to the test feeder at bus 682 with a 0.24km, 4.16 kV line.

3. The synchronous generator model is used to study the diesel generator performance. The diesel engine is
modeled by a transfer function. The synchronous generator is modeled in the usual DQ reference frame. The system is
rated at 2.4 kV and 3.125 MVA. This generated voltage is stepped to 4.16 kV. It is then connected to the test feeder at
bus 680 with a 0.2km 4.16 kV line.

The system has a total load of about 3 MVVA comprising real and reactive powers. The main loads are connected at buses
632, 634, 671, 675 and 692.

Load 1 Load 2

Main grid o [ ]

Solar PV system

632-633 632-1

Wind generator

682-1

i
]
=N
i
-

Relay [
N Load 4
692-675

671-680
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Figure 3. Microgrid test system
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During the islanded and the grid-connected mode operations of the microgrid, the wind generator and solar PV system
run simultaneously supplying power within their installed capacity. The main grid provides the remaining load power
that is not supplied by renewable energy sources in the grid-connected mode. In grid-connected mode the diesel generator
is off-line but in the islanded mode supplies the load not met by the wind generator and the solar PV system.

The simulation of the modeled microgrid is done with a computation step size of 5x10¢ sec. However, for this application,
only 36 samples per 60 Hz cycle are used. In this paper the total simulation for each fault/normal operation case is done
for 0.09 seconds representing 5.4 cycles of operation. This results in 195 samples for 5.4 cycles of the simulation.

A FAULTS SIMULATION ON MICROGRID

Faults are simulated on the distribution line connecting buses 671 and 680 of the system shown in Figure 3. Data is
collected at bus 671 representing the relay location. The faults are simulated at 10% distance increments from the relay
location to the other end of the line representing 100%. These faults consist of four types: single-phase-to-ground, phase-
to-phase-to-ground, phase-to-phase and three phase-to-ground faults [37]. The data corresponding to these faults are
collected and used for training the neural network. Faults are also created at other distances, for instance, 25% and 55%,
to test the trained neural network. Both grid-connected mode and islanded mode of operations are considered, and the
data for these are given in the following sub-sections.

The collected data consists of instantaneous values. The fundamental frequency RMS values are computed using these
with one cycle of data samples. The Discrete Fourier Transform (DFT) given in Equation (4) [37] is used:

2 _ i
X = 23w eI )

where, x, is the sample value of the signal, X is RMS value and N is the number of samples per cycle. As indicated
before, N=36 samples per cycle are used. These three-phase current and voltage RMS values are used for training and
testing the proposed neural network faults identification method.

1. Grid-connected mode:

Figure 4 shows three-phase currents and voltages at the relay location for phase-to-ground fault at 50% distance of the
line from the relay location. These currents and voltages show transients once the fault is applied after 2.4 cycles. A
three-cycle fault data is shown in these figures. These transients include high-frequency components and decaying DC
components. Similar characteristics are observed for other fault distances data.

Voltage

Current

0 0.01 0.02 003 0.04 005 0.06 007 0.08 0.09

Figure 4. Currents and voltages at relay location for phase-to-ground fault in grid-connected mode

The DFT method described before is used to calculate the RMS values from the sampled instantaneous currents and
voltages. For the three phase voltages and currents shown in Figure 6, the RMS values of voltages are shown in Figure
5, while Figure 6 shows the RMS values for three-phase currents. The first RMS value sample calculations in these
figures use the previous 36 samples (one cycle) of instantaneous values. The plot shows the remaining 4.4 cycles of RMS
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values representing 159 samples. These currents and voltages at the relay location are used for training and testing of the
neural network.

RMS voltages
3000 T T T -_‘“”n_(l_i — T T
2500 — ,&__/ -
2000 1
e
17}
& 1500 r
=
S
=
1000 1
Va
=—=\Vb
500 — V¢ i
0 1 1 L 1 1 1
0 20 40 60 80 100 120 140 160
Samples

Figure 5. RMS values of voltages at relay location for phase-to-ground fault in grid-connected mode
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Figure 6. RMS values of currents at relay location for phase-to-ground fault in grid-connected mode
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2. ISLANDED MODE:

Figure 7 shows three-phase currents and voltages at the relay location for single-phase-to-ground fault at 50% distance
of the line from the relay location [25]. These currents and voltages show transients consisting of high-frequency
components and decaying DC components after fault is applied. It also shows some initial transients from simulation.
Similar characteristics are observed for other fault distances data. It can also be observed that the steady state fault
currents for islanded mode are lower than the grid-connected mode. This suggests that the traditional overcurrent relays
may not perform appropriately with the same settings for both modes of operation. This transpires the need to explore
machine learning techniques for protection of microgrids to work for both modes of operation. These currents and
voltages at the relay location are used for training and testing of the neural network.
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Figure 7. Currents and voltages at relay location for phase-to-ground fault in islanded mode

V. TRAINING AND TESTING RESULTS FOR DETECTING MICROGRID FAULTS

Simulated data representing various faults from the microgrid test system described in the previous section are used for
training and testing of the neural network-based faults identification method. These results are presented in this section.

A NEURAL NETWORK TRAINING RESULTS

The RMS values of voltages and currents are used to train the neural network. The data corresponding to different faults
created at 10% increment distances from the relay location of the line, in addition to no fault case, are arranged in the
required format as input for the neural network training in MATLAB. The output for training is also created in the
MATLAB. Examples of partial input and output files data are shown in Tables | and Il. In Table I, the voltages are
divided by 1,000 and currents are divided by 10,000 to scale the data for training.

Table I Inputs for neural network training.

Va Vb Ve la Ib Ic

2.4117 2.4666 2.4061 0.0138 0.0128 0.0139
0.6029 2.916 2.7909 0.5683 0.0151 0.0161
2.3902 1.2768 1.3003 0.0137 0.7363 0.7235
2.8927 0.5563 0.5824 0.0166 0.7823 0.7376
0.5344 0.543 0.5393 0.9618 0.9603 0.8276
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Table 11 Outputs for ANN training.

NF PG PP PPG | 3PG
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For the combined grid-connected and islanded mode data, the total trained data consisted of 4,788 samples from grid-
connected operation and 4,446 samples from islanded operation. Two hidden layer neural network with nine neurons in
the first hidden layer and eight neurons in the second hidden layer shown in Figure 8 is used. The network is trained
using the Levenberg Marquardt method. The network trained in 53 iterations with error histogram shown in Figure 9.

4\ Neural Network Training (nntraintool) -— X

Neural Network
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Figure 8. A screenshot of the MATLAB neural network-based fault identification method
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Figure 9. Error histogram of training with combined grid-connected and islanded data
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B. TESTING OF NEURAL NETWORK FAULT IDENTIFICATION METHOD

The trained neural network from the previous section is tested using trained and untrained data. Testing with trained data
validates the efficacy of the training, untrained data test confirms the appropriateness of the proposed neural network
method for identification of microgrid faults.

The same trained data is used to test the neural network first. This data has a total of 9,234 samples consisting of 4,788
for the grid-connected mode and 4,446 for the islanded operation mentioned in the previous section. The neural network
output is near to 1 if the input currents and voltages are for that fault otherwise the output is near to 0. Figure 10 shows
neural network output for a phase-to-ground fault. It can be seen, the output is near to 1 for 10 periods corresponding to
10 fault distances of grid-connected mode, and 10 periods corresponding to 10 fault distances of islanded mode. The
output is near to 0 for the remaining periods. Similar results are obtained for phase-to-phase-to-ground fault, phase-to-
phase fault, and three-phase fault.

Phase-to-ground fault

08T 1

061 ]

04r 1

ANN output

0.2 . -
] mrHL'w LL I’LrLI-L J »J ’u’H r‘ L " l L b --‘f :

0 2000 4000 6000 8000 10000
Samples

Figure 10. Neural network output for phase-to-ground fault trained grid-connected and islanded modes data

The neural network is also tested with the untrained data for four types of faults for both grid-connected and islanded
modes. For the grid-connected mode, fault at 25% distance of the line from the relay location mentioned in the previous
section is considered, while for the islanded mode, fault at 55% distance is considered in addition to other distances. The
neural network output is near to 1 if the input currents and voltages are for that fault otherwise the output is near to 0.
For phase-to-ground fault, Figure 11 shows neural network output for grid-connected data while Figure 12 shows output
for islanded data. This data contains a total of 108 samples indicating three-cycles of fault for each condition. For phase-
to-phase-to-ground fault, phase-to-phase fault and three-phase fault also the neural network output for grid-connected
data and islanded data showed similar test results with untrained data. Table 11l summarizes this untrained data results of
the neural network for one case of each fault and no-fault conditions. As it can be observed from this data, the neural
network output is near to 1 when the RMS values of currents and voltages are for that condition otherwise it is near to 0.

As indicated before, it is expected that fault identification systems work for both grid-connected and islanded modes of
operation without changing protective relay settings. Therefore, the successful identification of faults by the neural
network trained with combined data in this section ascertains possibility of accomplishing this using machine learning
techniques.
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Figure 11. Neural network output for phase-to-ground fault untrained grid-connected mode data
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Figure 12. Neural network output for phase-to-ground fault untrained islanded mode data
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Table I11 Input currents and voltages, and corresponding neural network outputs for grid-connected and islanded data.

Inputs Outputs

Va Vb Vc la Ib Ic NF PG PP PPG 3PG
Grid-connected data
2411.7 | 2466.6 | 2406.1 | 138 128 139 0.9015 | 0.0615 | 0.0245 | 0.0113 | 0.0012
358.7 | 2993.6 | 2843.8 | 6460 155 164 -0.0002 | 0.9997 | 0O 0.0001 0.0003
2386.6 | 1221.1 | 1232 137 8280 | 8151 | -0.0009 | 0.0003 | 1.0012 | -0.0002 | -0.0004
2960 306.3 351.5 170 8828 8297 0.0003 | -0.0018 | 0.0011 | 1.0003 0.0001
302.7 | 304.6 | 305.9 10803 | 10790 | 9313 | 0.0035 | -0.0027 | -0.0021 | 0.0017 | 0.9995

Islanded data

24175 | 24615 | 2388.9 | 391.9 | 438 405.7 | 0.9088 | 0.0686 | 0.0307 | 0.0696 -0.0777

174 2540.2 | 2759.7 | 1128.7 | 501.5 | 4052 |O 09995 |0 0.0001 0.0004
2084.3 | 1032.8 | 1077.8 | 42.7 1176.9 | 1139.2 | 0.0014 | -0.0032 | 1.0101 | -0.0055 | -0.0029
2576.2 | 122.1 | 1413 271.8 | 1261.1 | 1288.5 | -0.0034 | 0.0046 | -0.0054 | 1.005 -0.0008

83.4 86.8 92.4 1341.7 | 1335.2 | 1327.9 | 0.0037 | -0.0027 | -0.002 | 0.0017 0.9994

V. CONCLUSION

The neural network-based machine learning technique is applied for identifying faults in a microgrid in this paper. The
microgrid model used integrated renewable sources into a modified IEEE 13 node test feeder system. The simulations
included four types of shunt faults at different distances and normal operation of a distribution line. Comparing the
simulation of grid-connected mode of operation to islanded mode, the grid-connected mode steady-state fault currents
are higher than the islanded mode. The RMS voltages and currents obtained with DFT are used to train and test the neural
network. Two hidden layer neural network trained well with the microgrid data while single hidden layer network could
not. The trained neural network detected four types of faults and the no-fault condition by the relay located at bus 671.
It is expected that fault identification systems work for both grid-connected and islanded modes of operation without
changing protective relay settings. Therefore, the successful identification of faults by the neural network trained with
combined data in this paper ascertains possibility of accomplishing this using machine learning techniques.
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