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Abstract: In this paper, a signal processing method based on Mathematical Morphology (MM) is
developed, designed to extract representative characteristics of signals that allow the identification
and detection of various types of faults in distribution network feeders that incorporate distributed
generation with inverter interfaces (IIDG). The goal is to improve the performance of the fault
protection system, ensuring rapid, sensitive, and reliable detection. The fault detection method
presented in this article employs a well-known signal processing filter, called the morphological
median filter (MMF), applied to the current measured at the current transformer (CT) associated with
the relay located at the head of a feeder in a medium-voltage distribution network with IIDG. The
extracted characteristics will be used in future research to detect and classify events, such as short-
circuit faults or operational manoeuvres, thus facilitating the implementation of protection strategies.

Keywords: distributed generation based on inverter interface; distribution networks; fault detection;
mathematical morphology; structuring element

1. Introduction

In recent years, growing concerns about sustainability and environmental issues,
coupled with the need to exploit unconventional renewable energy sources and increased
demand, have driven more significant distributed generation (DG) integration, especially
in distribution networks [1]. Traditionally, the protection systems of these networks were
not designed to handle a high penetration of DG, particularly renewable ones. Instead, they
were intended for a passive unidirectional current flow, typical of synchronous machines,
with which traditional overcurrent relays function effectively [2,3].

The algorithms of feeder overcurrent relays primarily rely on integral transforms,
such as the Fourier transform, to determine the characteristic feature of a fault, namely,
the current magnitude. However, the accuracy and speed of these algorithms can be
compromised by the DC component and harmonic distortions introduced by renewable
sources [3,4].

Although alternative signal processing techniques such as the Wavelet transform,
Hilbert Huang transform, Stockwell transform, and principal component analysis have been
widely explored in the literature for fault characteristic extraction, these techniques face
significant limitations. They fail to accurately extract fault characteristics in the presence
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of noise, harmonics, and decaying DC components, which affects their effectiveness and
precision. Additionally, most of these techniques’ high computational load and complexity
can cause further delays in the initial fault detection stage: feature extraction [3].

To overcome the inherent limitations of conventional signal processing methods,
a feature extraction tool is needed that is effective without being affected by harmonic
components, DC components, or noise, and that also avoids the issues of temporal delay
and computational complexity associated with traditional methods. In this context, MM
has established itself as a promising technique in signal processing due to its operational
simplicity and robustness.

This tool modifies the shape of signals through morphological operations, the goal
of which is to reveal waveform details that allow the detection of hard-to-detect faults;
moreover, these operations also serve to eliminate noise and enhance the signal for detect-
ing any anomalies. The application of MM for extracting transient features, using basic
mathematical operations such as addition, subtraction, and calculating maximum and
minimum values, facilitates faster processing of the signal. This contributes to reducing
waiting times in feature extraction and decreases the computational load [5-7].

This paper describes the development of a morphological tool designed to precisely
extract characteristics that represent faults. These characteristics will be used in future
research to detect and classify events such as short circuits and operational manoeuvrers,
thereby facilitating the implementation of protection strategies. The proposed method
employs an MMF, a well-established technique in signal processing, to identify a charac-
teristic index of faults that allows for effective detection. This method is applied to the
current signal measured at the CT associated with the relay at the head of a feeder in a
medium-voltage distribution network with IIDG. In this regard, the contribution of this
paper focuses on two important aspects:

e It provides a detailed methodological guide on applying the application of MM to
electrical signals, specifically to fault currents.

e It demonstrates the impact of the interaction of the structuring element with the signal
and provides a method for extracting fault characteristics based on the MMEF, which
researchers in the field of electrical protections can easily replicate.

The structure of the rest of the article is as follows: Section 2 offers a description of the
fundamentals of MM, including the structuring element and fundamental morphological
operations; Section 3 details the method of feature extraction based on the MMF; Section 4
presents the findings along with their respective analysis; and Section 5 concludes the study.

2. Fundamentals of Mathematical Morphology

Mathematical Morphology is a signal processing method that effectively extracts
fault-representative characteristics by applying a structuring element (SE) to the test signal
through various morphological operations. These characteristics are crucial for detecting
the presence or absence of a fault. During processing, MM extracts fault characteristics by
moving and interacting the SE with each sample of the signal and its neighbouring samples.
The structuring element is fundamental in signal processing, and its selection depends
specifically on the application and the data being analysed. It is vital to appropriately
select the length and shape of the SE for applications in electrical systems, as the extracted
characteristics will reflect its shape [8]. There are a variety of shapes used in protection
schemes, including flat, triangular, or combinations of these [9], as illustrated in Figure 1.
Research has shown that flat-shaped SEs are less effective at extracting characteristics from
signals affected by interferences such as noise or harmonics. In these cases, more suitable
shapes would be triangular, or those that better fit the signal being processed [10,11]. Signal
processing using this method relies on the fundamental operators of MM: erosion and
dilation. The combination of these operations allows the development of advanced methods
for extracting fault characteristics. Each of these operations is described below. Weighted
dilation, represented by the mathematical operator “®”, is an operator that induces an
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expansion in each sample of the signal, depending on the selected structuring element. The
weighted dilation of a signal f(n) using a structuring element g(m) is defined by (1).
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Figure 1. Types of structuring elements applied to signal processing: (a) flat; (b) straight lines;
(c) semicircular.

To comprehend the operation of weighted dilation and how the SE moves through
each sample of the signal, refer to (1) and Figure 1. This figure displays a signal f(n) =
[2.90,3.83,4.71,5.56,6.34,7.07] of length N = 6, which is dilated by an SE g(m) = [0.99,1,0.99]

of length M = 3. The domains of g and f are Do = {—(#—1),...,0,...,(%—1)}

and ® F = {0,1,2,...,N—1}, respectively, where N is the length of the signal under
analysis, and M is the length of the structuring element, with the condition M < N.

By performing the respective operations on each sample of the signal with the corre-
sponding samples of the structuring element, it is possible to observe that the origin of the
SE, designated as the element g(0), acts as a pivot. This pivot moves along each sample
of the signal, and at each position, the maximum value is calculated by dividing each
sample of the signal by the corresponding sample of the SE. Thus, the dilation operation is
performed with adjacent samples at each position occupied by the pivot of the structuring
element. During the dilation operation, the SE moves to the right of the signal f (1), starting
with g(—1), followed by ¢(0), and finally g(1). It is important to note that the dilation of
the initial sample, f(0), cannot be calculated, as shown in Figure 2, because the SE does
not reach its neighbouring samples. A similar case occurs with the final sample of the

signal, f(5).

f(n) | 290 | 3.83 | 471 | 556 | 6.34 | 7.07

Shifting of
g(m)

fédg | NaN | 475 | 5.61 | 640 | 7.14 | NaN

Figure 2. Weighted dilation of the signal.
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The result of the weighted dilation of a sample f(1), on a portion of the signal with a
positive slope, is the next sample f(n + 1), as seen in Figure 2. Conversely, when dilating
a portion of a sinusoidal signal with a negative slope, the result is the previous sample
f(n —1). These characteristics will be used in the following section to implement the
morphological filter in fault detection.

On the other hand, the erosion operation, represented by ©, is a technique that
contracts each sample of the signal depending on the chosen SE. Thus, the weighted erosion
of a signal f(n) by an SE g(m) is defined through (2).

f(n+m)

20m) },Og(nm)gn (2)

f & g(n) = min {

The interaction of the SE with the signal during the weighted erosion operation is

illustrated in Figure 3. Unlike weighted dilation, here the SE moves through each sample

of the signal in the order of g(—1), g(0), and g(1), moving to the right of the signal f(n).

Each movement of the SE shows that for a portion of the signal with a positive edge, the

erosion of f(n) results in the previous sample, namely f(n — 1). Conversely, for a signal
with a negative edge, the erosion of f(n) results in the next sample, f(n +1).

f(n) 290 | 383 | 4.71 | 5,56 | 634 | 7.07

0.99 1 | 0.99
} 0.99 1 | 0.99 |
‘ 0.99 | 1 | 099|
‘0.99 | 1 | o.99|
Shifting of
g(m) |099| 1 |099|
|o99| 1 |o.99|

fosg NaN | 292 | 3.86 | 4.75 | 5.61 | NaN

Figure 3. Weighted erosion of the signal.

3. Application of the Morphological Median Filter in Fault Characteristic Extraction

The combination of basic morphological operations, such as dilation and weighted
erosion, leads to the development of morphological filters that facilitate the extraction of
fault characteristics. Various morphological filters applied to fault characteristic extraction
are mentioned in the literature as part of the detection process, including top-hat, morpho-
logical gradient algorithms, and the multiresolution morphological gradient, among others.
In this context, the fault detection method presented in this article utilises the morphologi-
cal median filter, a well-established signal processing approach based on calculating the
average between dilation and weighted erosion. The logic implemented for fault detection
is explained in detail below.

3.1. Stage 1: Selection of the Structuring Element

The SE was selected based on prior knowledge of the signal waveform. Given the
sinusoidal characteristics of current signals, the SE is defined as specified in (3).

g1 = [cosle,...,cos2¢,cosp,1,cos @,cos2¢,...,coslp) (3)

In this equation, ¢ = w x AT, where w is the fundamental angular frequency and
AT represents the sampling interval. The term [ denotes the /-th SE used in the signal
processing, and the length of the SE is expressed as 21 +- 1. For the design of the fault detector,
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two levels of SEs are selected: one with /| = 1 and another with | = 2, corresponding to
lengths of m = 3 and m = 5, respectively, as detailed in (4) and (5).

g1 = [cos ¢,1, cos @] 4)
Q2 = [c0s2¢, cos ¢,1, cos @,cos 2¢) 5)

3.2. Stage 2: Calculation of Basic Dilation and Weighted Erosion Operations

Fault characteristics are derived by applying dilation and weighted erosion operators,
as previously detailed in (1) and (2). These operations are performed on the same signal
using two different levels, corresponding to the SEs g1 and g2. Figure 4 illustrates the
process of moving these SEs during the erosion operation of the signal.

fn) = - = = - - = = — — - _
=
Lssssssssnsssnsnnnnnnn
Shifting of
0.98 | 0.99 1 I 0.99 I 0.98 +
’ g(m1) & g(m2)
o] [oaa
| 0.98 | 0.99 | 1 | 0.99 [ 0.98 |
f(n) © g(m2) | NaN | NaN | - - - - - - - - | NaN | NaN

Figure 4. Calculation of basic weighted erosion operation.

3.3. Stage 3: Calculation of the Morphological Median Filter

The MME, detailed in (6), calculates the average between dilation and weighted erosion.
This calculation is performed using two SEs: the first is indexed as 1, with a length of three
elements, and the second is indexed as 2, with five elements.

MMFZ(H) _ f@gl(n> ;f@gl<n) (6)

The MMEF becomes critically important because, as mentioned in the previous section,
the operations of dilation and weighted erosion of the signal f(n) with SE g(n), defined ac-
cording to Stage 1, result in either the previous sample f(n — 1) or the next sample f(n + 1)
relative to f(n). Therefore, under the normal operating conditions of the system, the sum of
f(n—1)and f(n + 1) should be equal to twice f(n), a fact that is mathematically demon-
strated in reference [12]. This property is expressed morphologically as the arithmetic mean
of the dilation and erosion of f (1), which under normal operating conditions would result
in f(n) itself. However, in the presence of a fault, this premise does not hold, serving as a
primary indicator of a potential anomaly.

3.4. Stage 4: Calculation of the Average of the MIMFs for the Two Levels

Depending on the levels considered for the development of the fault detector—in this
case there are two—the average of the outputs from the MMFs corresponding to each level,
identified as Level 1 and Level 2, is calculated. This procedure is described in (7).

_ MMF; + MMF,

mean pypr(n) = 7 (7)

3.5. Stage 5: Calculation of the Difference between the Average MMF(n) and the Signal f(n)

The difference calculated in this stage results from subtracting the current signal
f(n) from the average of the MMF outputs calculated in Stage 4. According to (8), it is
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anticipated that the difference Af(n) will be approximately zero under normal operating
conditions, while in a fault situation, A f (1) will deviate from zero, thus serving as an initial
indicator of an anomalous event in the system.

Af(n) = |f(n) — meanpypr(n)| 8)

3.6. Stage 6: Obtaining the Fault Detection Characteristic

The fault detection characteristic of the MMEF-based filter is determined by calculating
the absolute difference between Af of the current sample and Af of the previous sample,
as specified in (9). Under normal operating conditions, this characteristic value tends to be
close to zero. However, this characteristic will increase significantly in the presence of a
fault, providing a clear indication of an anomaly.

Ifault(n) = |Af(7’l) - Af(n - 1)' (9)

4. Simulation and Results

The distribution network selected for testing is a typical American network, as shown
in Figure 5, characterized by two three-phase feeders in a radial configuration. The
total length of the feeder is 20 km, so a short-line model was used for each line seg-
ment, with positive and zero sequence impedances of z(1) = 0.1153 + j0.53 (2/km and
z(0) = 0.413 + j1.043 () /km, respectively. The nominal voltage of the network is 25 kV
RMS line to line, operating at a frequency of 60 Hz. The feeder’s total apparent power is
17 MVA, and it is connected to a 110 kV system through a step-down transformer from
110 kV to 25 kV. The IIDG is modelled using a three-level, three-phase Voltage Source Con-
verter (VSC) with an LC output filter [13,14], which includes a fault response model with
both negative and positive sequence injection for balanced and unbalanced faults [15,16].
The connection between the IIDG and the AC network is made through a delta-star step-up
transformer, supplying the system with 8 MW, which represents a penetration level of
47.24%. The IIDG model implemented in MATLAB/Simulink is illustrated in Figure 6,
while Table 1 provides details on its specific parameters.

DG
B1 B2 . B3
\
__ /‘) lipg
HE :
Grid
Load Load
A 4

A g
Feeder 2

Figure 5. Network diagram under consideration.

Inverter

Step up
| Transformer

Solar Panel

DC link
||

Filter

Figure 6. IIDG model.



Eng. Proc. 2024,77,5 70of9

Table 1. Main data of the test system.

Parameter Value Unit

Rated active power 8.0 MW
Rated DC voltage 6000 \%
Rated AC grid voltage 25 kv
Rated AC grid frequency 60 Hz

Filter inductance, L 0.485 mH
Filter resistance, R 1.8 mQ)
Filter Capacitance, C 95 uF

To verify the functioning of the morphological extraction tool, different types of faults—
three-phase, two-phase, and single-phase—were simulated at 0.2 s on bus 3, as shown in
Figure 5. The signals taken at the CT of the feeder’s head relay were sampled at a frequency
of 3840 Hz, which corresponds to 64 samples per cycle of the fundamental frequency.

Figure 7 shows the phase A of a current during a simulated three-phase ABC fault at
0.2 s. The currents of phases A, B, and C were processed using the designed morphological
tool, resulting in the Af characteristic illustrated in Figure 8. The index appears at the onset
of the fault with a maximum magnitude of approximately 50, compared to an average
value of 2.3 before the event, which represents an increase of 21.74 times compared to the
pre-fault current. This indicates that a high magnitude is a clear indicator of a fault. The
tool has been successfully evaluated for detecting single-phase to ground, two-phase to
ground, and three-phase faults.

Current Signal - ABC Fault - Phase A

2000 it i

1000 - A1kt i il i fitkII it -
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E 0 T I \ " \ | \ |
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! ¥ \ ! { v1 \
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Figure 7. Current signal.

60 Fault Detector - ABC Fault - Phase A
D T T T T T T

Index I - Phase A
fault

50 F

40 + \ -
30 F -
20+ -

l“ﬁhw ot msalas

10

Fault Detector Index

0 Aodasnd, ‘F.M‘Jl T ,.L,‘

_ 10 1 | 1 1 1 1 1
650 700 750 800 850 900 950 1000 1050
Number of Samples

Figure 8. Fault detector index.

Regarding future work and based on reference [12], the magnitude of the index in
each sample can be compared with a pre-established threshold based on the characteristic
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magnitude under normal conditions. If, under normal operation, the characteristic is of a
specific value, it will be considered a fault when the index reaches 1.5 times that value. This
method is independent of variations in the IIDG as it relies on comparisons with samples
prior to the fault and will adjust based on the IIDG penetration.

Additionally, changes in the current signal due to variations in IIDG penetration
can lead to false alarms, causing the algorithm to mistake these changes for faults and
incorrectly activate the relay. To mitigate this problem, a counter could be implemented
to record how often the fault characteristic exceeds the established threshold, helping to
distinguish between a true fault and normal system variations.

5. Conclusions

The purpose of this scientific paper is to provide a detailed methodological guide
on the effects of MM applied to electrical signals, specifically to fault currents. It also
aims to demonstrate the impact of the interaction of the SE with the signal and to offer a
replicable method for extracting fault characteristics based on the morphological median
filter, intended for new researchers in the field of electrical protections.

It has been observed that there is no specific guide for selecting the geometry and
appropriate size of the SE for specific applications; instead, this selection typically relies
on an empirical trial-and-error approach using various SEs of different shapes and sizes.
This methodology can alter important signal characteristics, such as edge displacement
and signal distortion, leading to losses of crucial information and, as a result, a decrease
in the accuracy of the feature extraction algorithm and, consequently, in fault detection.
Therefore, it is recommended to specifically research a structuring element to optimize
its application.

The approach described in this article employs the MMEF to extract a representative
fault index, enabling effective fault detection. The results have demonstrated that the
method is effective in extracting relevant characteristics from fault signals, which can be
used to identify faults in real time in distribution networks with inverter-based distributed
generation. The reliability and exact timing of the detection will depend on the com-
parison method used, whether it is through predefined thresholds or advanced artificial
intelligence techniques.
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